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Abstract

Always-on personal intelligence demands more than episodic, task-driven agents. To remain always-on,
it requires a continuing loop that sustains assistance between requests, retains personal context, and
carries unfinished commitments forward. To grow more personal over time, this loop can also become
self-evolving, revising how it works based on past experience. Yet sustaining and improving this loop as
a whole remains an open challenge. We therefore organize the assistant into three functional modules,
Sensing, Memory, and Action, connected by six directed channels that pass information between them.
These modules operate under real-world limits, from battery life to privacy and user permissions,
and run on models and the scaffolding around them. We review each module’s capabilities, policies,
and evaluation methods, and then trace cross-module dependencies across integrated systems to
identify bottlenecks. To assess the loop completeness of existing systems, we introduce the Harness for
Always-On Loop Owversight (HALO), combining literature and code reviews with executable tests. Our
synthesis reveals the thinnest support for two channels: Memory guiding Sensing, and Action outcomes
returning to Memory. These gaps motivate two research priorities: keeping sensing open to unexpected
change for reliable operation, and attributing outcomes to earlier decisions for self-evolution. By
identifying missing interfaces and evidence requirements, this roadmap offers the research community
an actionable blueprint for building future always-on personal intelligence systems.
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Figure 1 Overview of the roadmap. This roadmap is organized into five parts. We first define always-on
personal intelligence as a continuing loop that connects Sensing, Memory, and Action through six directed
channels (§2). We then review each module by its space, conditions, policy, coupling, and evaluation (§§3-5).
Building on these reviews, we examine integrated systems, their bottlenecks, and their levels of loop closure

(§6), and audit existing systems with HALO in read and run modes (§7). Finally, we discuss the open
problems in always-on personal intelligence (§8).
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1 Introduction

The most profound technologies are those that disappear. They weave themselves into
the fabric of everyday life until they are indistinguishable from it.

Weiser [1]

Personal intelligence is moving from answering isolated requests to providing sustained assistance. Research
toward this goal spans physical assistants in everyday tasks [2, 3, 4, 5, 6], wearable assistants with live
egocentric context [7, 8, 9, 10], and digital assistants across applications [11, 12, 13, 14, 15, 16, 17]. Across
these devices and settings, useful assistance connects current situations with earlier interactions [18, 19, 20],
continues after an interaction ends, and adapts to the individual user over time.

What must continue when an interaction ends? Suppose a user asks the assistant to remind them to send a
report after a meeting. Although the conversation has ended, the assistant must follow up in the background,
detect when the meeting ends, and deliver the reminder at an appropriate time. Sustaining this assistance
across interactions requires a continuing loop. Within this loop, the assistant remains operational after the
user stops interacting, senses changes through events or timed checks, and acts when appropriate. The
assistant also preserves relevant personal state across interactions, including personal context, task progress,
and commitments, defined as pending tasks the assistant has agreed to carry out for the user. Together,
these two properties, operational continuity and state durability, form the foundation of always-on personal
intelligence.

Building on this continuing loop, the long-term goal is a self-evolving loop, in which the assistant revises how it
works based on operating experience to serve the user better. In the always-on setting, this experience comes
naturally from repeated daily use by the same user, but the outcomes of the assistant’s decisions are often
delayed, sparse, or even implicit. Returning to the report reminder, suppose that the user usually dismisses
such reminders right after meetings and sends the report only once they are back at their workstation. The
assistant attributes each dismissal to the decision to send the reminder as soon as the meeting ends, and
to the timing rule behind that decision. Based on this attribution, the assistant can revise the timing rule
to wait until the user is back at their workstation, instead of simply sending fewer reminders. Throughout
this process, the user never has to tell the assistant when to send reminders, yet the assistant becomes more
effective the more it is used. This example points toward the end state we envision: the user steers the
loop instead of running it, setting only its direction and boundaries, while the assistant decides when to
act, revises how it works, and asks for confirmation whenever an action needs authorization from the user.

Progress toward these goals spans several research areas. Memory-management research examines how
personal context is retained and updated [18, 19, 20], proactive assistance studies how observations inform
response decisions [12, 21, 22|, and multi-session evaluations investigate how retained experience supports
later actions [23, 24]. These studies analyze individual methods and selected interactions, but the open
challenge is how these advances work together to support a continuing loop and enable reliable self-evolution.
Understanding why an assistant fails and what should change requires tracing dependencies across the loop.

As shown in Figure 1, we organize this roadmap around three functional modules, Sensing, Memory, and
Action, and the coupling channels between them. Within each module, we distinguish its space, what the
module can do and represent, from the local policy that chooses among these options. Across modules, six
possible coupling channels each carry information from one module to another for the receiving module to
use. We define shared conditions as the limits set by the user and the world, including privacy, user authority,
safety, and resource budgets. Within these limits, every module and channel runs on an implementation,
which keeps and passes the information, makes each module’s decisions, and carries them out. We define the
implementation as the models and the scaffolding around them, such as prompts, tools, memory stores, and
the harness that runs the loop. In the reminder example, the user’s calendar permission and the phone’s
battery are shared conditions. The language model, the calendar tool, and the store that keeps the pending
reminder form the implementation. Using this framework, §6 analyzes existing systems as a whole, tracing
dependencies across modules, and §7 introduces the Harness for Always-On Loop Owversight (HALO) to
assess their loop completeness. Finally, §8 groups the open problems that remain into four parts: sustaining



Always-On Personal Intelligence: A Roadmap

Perception & Streaming Memory & Personalization
Multimodal & video [48, 49, 50] Agent memory [33, 34]
Egocentric vision [51, 52] Retrieval & personalization [35, 36]
Streaming models [53] Current Persistent Memory governance [37]
context state

Deployment & Efficiency / Resource- THIS ROADMAP Whether Interaction & Initiative

constrained Sensing - Memory - Action and when

operation to engage
Continuing, self-evolving loop

On-device models [45]
Lifelogging & wearables [46, 47]

Proactive dialogue [38, 39, 40]
Abstention [41]

Policy Action
adaptation selection and
execution Tool & GUI agents [25, 26]
General & multimodal agents [28, 29, 30]
Embodied & world-model agents [31, 32]

Planning & E ti
Learning & Adaptation S xecution

Self-improving agents [42, 43]
Evolving skills [44]

Auto-research agents [27]

Figure 2 Topical overlap with capability-focused surveys. Outer groups show survey themes, and
inner labels mark topics shared with this roadmap. Table 1 compares concurrent system-level surveys.

the continuing loop; authority, privacy, and safety; self-evolution and recursive revision; and longitudinal
evaluation in real deployment.

Our synthesis reveals the thinnest support for two channels: Memory guiding Sensing (M — S), and action
outcomes returning to Memory (A —M). Both are hard because their errors can hide the evidence that would
correct them. An outdated memory can steer the assistant’s next observation away from the change that
would correct it, so wrong suggestions or actions follow. Feedback tied to the wrong decision can likewise
change the wrong rule. These gaps motivate two research priorities. First, keeping sensing open to unexpected
change makes the loop reliable even when retained state is outdated. Second, attributing each outcome to
the decision and rule behind it lets the loop evolve correctly, even when outcomes arrive late, sparsely, or
only implicitly.

1.1 Positioning and Related Surveys

This roadmap examines always-on personal intelligence systems and applications across physical, wearable, and
digital settings, where personal assistance centers on a particular user’s state, goals, and preferences. We ask
how the Sensing, Memory, and Action modules work together as an assistant continues to assist the same user:
what information each needs from the others, and how missing or unreliable information affects later assistance.

Capability-focused surveys. Figure 2 shows the topics this roadmap shares with capability-focused surveys.
These surveys cover perception across modalities and deployment settings [48, 49, 51, 52, 47, 53, 46, 45],
and how information is retained, used, and governed [33, 37, 35, 36]. Other surveys examine proactive
assistance [38, 39, 40, 54] and agent decision and execution methods [28, 29, 30, 25, 26, 31, 32], while surveys
of self-improving agents address changes to models and control logic [42, 55, 43, 44, 56]. Each of them studies
one capability in depth, and several also discuss integration. Yet an improvement in one capability does not by
itself yield a better assistant. For example, retaining a user’s preferences accurately does not make a reminder



Always-On Personal Intelligence: A Roadmap

timely: Action must also combine those preferences with fresh evidence from Sensing about the user’s current
situation. Our framework makes such dependencies explicit, so it can show when an improvement within one
module helps the assistant and when another module limits its benefit. A detailed taxonomy of any single
capability, such as visual recognition or robot control, is not included in the scope of this roadmap.

Concurrent system-level surveys. Table 1 compares this roadmap to concurrent surveys, which organize
the field from different perspectives. ComBodied Agents [57] proposes a human-centric paradigm of agents that
act on a person’s own state, from physiology to cognition, and are judged by the person’s long-term benefit. AT
Smart Glasses [58] and From Seeing to Acting [59] center on the device, from its hardware and capabilities to
interaction and applications. Long-Horizon Agents [60] focuses on tasks with many dependent steps and orga-
nizes the field by implementation, from the training of the model to the scaffolding around the model. Proactive
AT [61] organizes proactiveness, acting without a new request within a delegated task, into six capacities across
13 domains. Proactiveness resembles operational continuity, yet an assistant that helps within one conversation
and keeps nothing afterward also has it, so proactiveness alone does not make assistance always-on.

The closest is Always-On Agents [62], which follows what an agent keeps across sessions, like preferences and
unfinished tasks, over its lifecycle from creation to deletion. The survey covers in depth how retained state is
governed, including deletion propagation, rollback, and memory shared across agents, but this lifecycle view
does not show how Sensing, Memory, and Action depend on one another. Because it follows stored items, it
does not cover the decisions made between requests, such as whether to act now or stay silent, so an agent
that acts only when the user opens a session still counts as always-on. This roadmap instead centers on the
loop that connects the three modules and on the information flow between them. Following these flows shows
where an error starts: a reminder that arrives late, for example, can start with Sensing missing the end of the
meeting, not with Action. The same flows show what the assistant does between requests, and when one of
them fails, they point to the mechanism a self-evolving assistant should revise, here the rule that decides
when Sensing checks again.

Table 1 Concurrent surveys: scope and organizing frameworks. Icons indicate deployment coverage:
& physical, we wearable, and Il digital.

Survey Domain Research focus Organizing framework URL
AI Smart Glasses [58] e ‘Wearable intelligence Qo—des1gn of hardwar.e, 1r.1telhgence, Z/0
interaction, and applications
. Human-centric longitudinal Closed loop of human-centric perception, 2
4vd -
ComBodied Agents [57] 'El"- support memory, world models, and intervention &/
. . Capabilities of first-person Capability levels from perception to action
5C ’ e
From Seeing to Acting [59] hd intelligence and hardware conditions @/o
. . Tasks with tightly coupled Coupled model-harness co-evolution across 2
Long-Horizon Agents [60] l! steps three task levels @/e
Proactive AI [61] *! Self-initiated action Six capacities, from awareness to adaptation [4/—
Always-On Agents [62] |!|"! State kept across sessions Lifecycle of an agent’s persistent state /-
This roadmap III"! Alvyays-on personal .Sensmgf'MemoryfActlon modeling with
" assistance information flows

1.2 Contributions
This roadmap makes three contributions:

e A unified framework for always-on personal intelligence. We define the continuing loop as the
foundation of always-on personal intelligence and specify the requirements for its self-evolving extension.
We then decompose the loop into three functional modules, Sensing, Memory, and Action, and identify
the six possible directed coupling channels between them. For each module, we analyze its space and
local policy. We also examine the shared conditions that apply to every module and channel, and the
implementation that passes information and carries out the assistant’s decisions. This decomposition helps
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locate failures of the continuing loop in specific modules or channels and identify what a self-evolving
assistant should revise.

¢ A system-level synthesis and roadmap. We map existing always-on and related work onto our
framework to provide an integrated view of current systems. To compare their capabilities and guide further
development, we introduce an LO-L5 classification of loop closure. We also analyze the implementation
challenges of all six coupling channels and identify M— S and A — M as the most challenging, making
them priorities for reliable operation and self-evolution.

e HALO for reproducible system analysis. We introduce HALO with read and run modes to analyze
individual systems through their coupling channels and the chain of evidence for self-evolution. In read
mode, a panel of three independent oversight agents reads each system’s paper or blog and any released
code. A majority vote then decides which channels each system reports and which steps of that chain its
sources state. In run mode, HALO runs executable systems in controlled tests, blocks channels or evidence
steps singly or together, and checks how their behavior changes. HALO thus gives researchers and teams
deploying always-on assistants an executable prototype for analyzing and comparing their systems.

1.3 Main Takeaways at a Glance

Definitions and framework (§2)

« Always-on assistance rests on a continuing loop. The assistant needs two properties. Operational
continuity lets it decide by itself whether and when to act, without waiting for a new request. State
durability lets it keep usable personal state, such as preferences and pending tasks, across interactions.
A loop of sensing, remembering, and acting that keeps running between requests provides both, while
an assistant that remembers but waits for every request has only the second.

§2.1 Continuing and Self-Evolving Loops

e Self-evolution extends the loop, and it needs evidence. To serve the user better, the assistant
learns from its own trace and the user’s feedback to change how it works, such as a rule, a prompt,
or its model weights, while it keeps running. Self-evolution is optional for an always-on assistant,
but it is the path to a more personal system. A claim of self-evolution needs evidence that the
assistant recorded what it did, observed the outcome, linked it to the decision behind it, changed the
responsible rule, and used that rule later, all within the user’s limits.  §2.1.2 Self-Evolving Extension

e Three modules connected by six channels. Sensing observes, Memory retains what later decisions
need, and Action decides whether, when, and how to help. Six coupling channels are the information
flows between them, and each module separates what it can do from how it chooses. Shared limits, such
as privacy, permissions, and budgets, constrain this information, and the same models and software
process it. Modeling the flows shows where a failure starts, which can be in another module, and
which part a self-evolving assistant should revise.  §2.2 Functional Modules: Spaces and Local Policies

Sensing, Memory, Action, and how they connect (§§3-5)

e Sensing: misses go unnoticed. Missing an event can do more harm than misreading it: the
assistant does not know what it missed, so nothing prompts it to correct its state or its sensing policy.
Power limits keep always-on capture at low frame rates, so brief actions can fall between frames,
yet most evaluations test recognition or timing on prerecorded streams and do not count what was
missed. §3.5 Ewvaluation

e Memory: errors get reused and can reinforce themselves. A wrong record can be reused
before the user notices it, so a correction has to reach every summary and commitment built on it.
Faulty memory can also bias how later feedback is read, so each revision keeps or even amplifies the
error. We call this a memory trap, and no reviewed always-on system yet shows lasting protection
against it. §4.5, §4.4.3
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e Action: outcomes come late, and help can become a burden. A message that an action was
sent does not show that it worked, and the real outcome often arrives late and rarely. The assistant also
has to keep commitments, the tasks it has promised to do, after the session or device that created them
is gone, yet a reminder that helps today can become a nuisance when it is repeated. §5.5 Evaluation

e Memory rarely guides observation, and outcomes rarely return to Memory. Assistants
rarely use memory to decide what to observe next (M —S), and when they do, an outdated memory
can keep them from the evidence that would correct it. Many works record their actions, but fewer
keep the outcomes (A — M), which arrive late or partial and must first be matched to their decision.
Keeping sensing open to unexpected change and linking each outcome to the decision and rule behind
it are therefore the two research priorities. §3.4.2, §4.4.3

What current systems show (§6)

« Bottlenecks and shared limits span modules. On wearables, what is captured now limits what
can be recalled later, and in digital assistance, background checks compete with responses for the
same computation. In physical assistance, a wrong action costs more, and judging whether help
worked needs Memory to keep the user’s response. A shared limit must also hold in every module at
once: in a confidential meeting, the assistant may listen but must not store or repeat what it hears,
yet no reported system controls all three modules. §6.1, §6.2.1

e Most assistants stop short of the full loop. Of the 119 systems we place, 52 are not yet
always-on: they keep nothing across sessions, or they keep state but wait for requests or act only
on a fixed schedule. Of the 67 that decide by themselves when to act, about half link an outcome
to the decision behind it, mostly through explicit responses such as ratings or dismissals. Only five
research works keep every change to how they work within the user’s limits, each only under a stated
condition. §6.3 Lewvels of Loop Closure

o Changing itself is harder inside a running assistant. A change cannot be tried cheaply, tasks
promised under the old rule are still pending, and a revised rule also changes what the assistant
observes next. No reported system shows in full how a changed rule performs later, and none changes
the rules that decide when it wakes. §6.4 Self-Evolution in Deployed Loops

How HALO tests systems (§7)

e HALO reads and runs. In read mode, three language-model reviewers read the paper or blog
and any released code of each of 40 works and vote on which channels and evidence steps it reports.
No work that reports all channels also changes how it works, so the two must be judged separately.
In run mode, HALO reruns executable systems with a channel or step removed. In a smart-glasses
assistant we tested, the user profile reached the suggestions by two paths, so channels must be cut
alone and together. §7 HALO: Harness for Always-On Loop Oversight

What remains open, and the goal (§3)

e The goal: the user steers, and the assistant runs the loop. The user sets only the loop’s
direction and limits, while the assistant decides when to act, revises how it works, and asks for
confirmation whenever an action needs the user’s permission. Reaching this goal requires solving four
groups of open problems: keeping the loop running between requests, protecting authority, privacy,
and safety while the user is away, checking self-evolution and keeping it within the user’s limits, and
evaluating assistants over months of real use. §8 Trends and Open Problems
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2 Definitions and Foundations

In this section, we introduce the framework of always-on personal intelligence, as shown in Figure 3. We first
define the continuing loop and its self-evolving extension. We then decompose the assistant into Sensing,
Memory, and Action, describe each module through its space and local policy, and identify six possible
directed coupling channels. The environment, which includes the user and the world, lies outside these
modules: the Sensing module takes in observations and feedback from the environment, and the Action
module returns executions and assistance to it. In addition, every module and channel is subject to shared
conditions, limits such as privacy, user permissions, and battery life. Next, we describe these conditions and
the implementation that passes information and carries out the assistant’s decisions.

Physical
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Figure 3 A framework for always-on personal intelligence. Top: the continuing loop is defined by
operational continuity and state durability. Its self-evolving extension adds durable mechanism revision
from operating experience. Middle: the assistant is decomposed into functional modules linked by directed
information flows. Shared conditions constrain their operation, while models and scaffolding provide the
implementation. Bottom: wearable, digital, and physical cases illustrate how the framework abstracts common
functions and dependencies from different always-on applications. The user and the world are modeled
separately from the functional modules: they provide observations and feedback, receive executions and
assistance, and set the shared conditions.
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2.1 Continuing and Self-Evolving Loops

Definition: Always-on personal intelligence

Always-on personal intelligence is personal assistance that maintains two core properties for the same
user: operational continuity and state durability. Operational continuity is the ability to keep operating
between explicit requests and to decide when to act or wait. State durability is the ability to preserve
user-specific state for later use and to carry unresolved commitments across interaction boundaries. We
define the continuing loop as the foundation of always-on personal intelligence. The loop provides both
properties through the recurring operation of Sensing, Memory, and Action.

Symbol Meaning

Continuing loop

teT Step of the assistant: one runtime event or decision, and 7T is the set of all steps.

R Steps that carry out an explicit request as asked.

B Steps ending an interaction.

Tt Input or event at step t.

at Action chosen at step t, including waiting.

2t Running state: all information the assistant carries into step ¢, except the mechanism 6;.
20 Initial running state.

Tt Trajectory: the assistant’s inputs and actions up to step ¢, with feedback on them.
STEP One assistant step: ACT and UPDATE together.

ACT Chooses the assistant’s current action.

UPDATE Chooses the information kept for later steps.

REVISE Revises the mechanism 6;, changing how the assistant works.

Modules and channels

0 Local policy of module ¢ € {S, M, A}.

I Decision context of module i: external input, local state, and input from other modules.
yij Information delivered from module i to module j.

Conditions and implementation

Ct Shared conditions: privacy, authority, safety, resources, availability, and uncertainty.

O, we, 3t Mechanism 6; implementing the local policies: model parameters w; and scaffolding >;.

2.1.1 Continuing Loop

The continuing loop repeats Sensing, Memory, and Action both when the user makes a request and between
requests. Each runtime event or decision is a step, indexed by ¢t. At each step, the assistant as a whole
produces two outputs: an action a;, which can be to wait, and the next state z;11. We write this operation
of an always-on assistant as (241, a;) = STEP(2, 24; 0, ¢;). Here z; is the input or event that the assistant
receives at step ¢, and z; is its running state, the information kept from earlier steps. The mechanism 0; is
the implementation written as a parameter of STEP, and it processes z; and z; to produce both outputs.
It consists of the model parameters w;, the model’s learned weights, and the scaffolding ¥;, the software
around the model. The mechanism also implements each module’s local policy, written wf t. The shared
conditions ¢; are the limits that the user and the world set, and they constrain both outputs. STEP has two
parts: a; = ACT(z, x4; 04, ¢t) returns the chosen action, and z;41 = UPDATE(z, 4; 04, ¢;) returns the state
to carry into the next step. ACT and UPDATE correspond to the two core properties of the continuing loop:
ACT to operational continuity, and UPDATE to state durability.
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Operational continuity. The assistant can decide whether and when to act without a new explicit request.
Let 7 denote all steps and R those that carry out an explicit request as asked. In a request-only assistant,
every step lies in R, while operational continuity requires steps outside R at which ACT decides whether to
act:

R C T operational continuity,

(1)

wft ( | Li 4; ct) selects an operation at every t € T, {R — T request-only

At each step, each module ¢ among Sensing, Memory, and Action chooses an operation through its local
policy m;. ACT returns the operation that Action’s policy m4 chooses. The policy uses a decision context I; ;
that combines external input, relevant local state, and information from incoming channels, under the shared
conditions ¢;. Steps outside R include the assistant’s own checks and events that no request covers, such as
an inbox scan for urgent mail or a notice that a flight is delayed. A daily alarm, by contrast, runs around the
clock but only follows the user’s setting, so all of its steps lie inside R.

The reminder assistant of §1 shows where a step outside R arises. The conversation has ended, but the
reminder remains a pending commitment that the user requested. Later, the assistant detects the end of the
meeting, for example from a calendar event. This detection only tests the condition the user set, so it stays
inside R. The user, however, left the timing to the assistant, so choosing when to send the reminder happens
at steps outside R. At each of these steps, Sensing checks whether the user is free, Memory supplies the
pending reminder, and Action decides whether to remind now or wait. Doing nothing is also a valid choice
for each module: Sensing can skip an observation, Memory can leave the records unchanged, and Action can
stay silent.

State durability. Relevant information remains available after an interaction ends. Let B denote the steps
that end an interaction, such as closing a conversation or fulfilling a commitment. At these boundaries, the
assistant updates its running state instead of automatically resetting it to the initial state z:

state durability: z;4+1 = UPDATE(z, 24; 0, ¢t), t € B,

session-local:  zp41 = 2o, tebB. 2)
State durability requires UPDATE to keep the part of z; that is still valid. The running state z; holds current
context, retained content, task progress, and pending commitments. The mechanism 6; determines which
of these parts remain valid and stores them, and the shared conditions ¢; limit what it is allowed to store.
A pending commitment, for example, remains in 2,41 after the conversation that created it ends, while a
privacy requirement can forbid storing that conversation’s transcript.

2.1.2 Self-Evolving Extension

A continuing loop can retain information across interactions while its mechanism stays fixed. A self-evolving
extension goes a step further and uses operating experience to make durable revisions to this mechanism,
which later steps then use. Following the definition of a self-evolving strategy by Gao et al. [12], we write
each revision as

9t+1 = REVISE(Ht, Tt), (3)

where the trajectory 7 holds the assistant’s inputs, actions, and feedback up to step ¢, which form its
operating experience. Two features set self-evolution in an always-on assistant apart from this task-based
definition. Revisions can happen at any runtime step, including between requests, instead of after each task.
The running state z; also stays outside 6;, whereas the agent system in that definition includes its memory.
In a self-evolving loop, REVISE changes 6, as this experience accumulates over the user’s long-term use,
through the user’s feedback, the assistant’s interactions with the user, and the outcomes of its actions. A
revised mechanism then stays in effect across interaction boundaries until a later revision replaces it. These
revisions aim to improve later assistance. We count a change as a mechanism revision when it edits a part of
0, such as a rule, a prompt, a skill file, or model weights, and so changes how the assistant decides. A change
that only adds or corrects content in the running state z;, such as storing that the user prefers reminders at
their workstation, is a state update. Editing the timing rule to wait until the user is back there is instead
a mechanism revision, although both changes delay the next reminder. The two differ in the evidence and
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controls they need. A state update is a record that the unchanged mechanism reads, and the user can inspect,
correct, or delete it. A mechanism revision changes how every later input is handled, so it has to be traced to
the evidence behind it, checked before it takes effect, and kept reversible.

A claim of self-evolution therefore requires evidence both that the mechanism changed durably and that
later steps used the revised mechanism. When a revision uses outcome feedback, the claim rests on a chain
of evidence beginning with retained action records. By the definition of REVISE, this chain has five steps:
record, outcome, attribution, revision, and later use. In Eq. (3), the trajectory 7z must hold the record of an
action and its outcome, REVISE must attribute that outcome to the decision behind it and change 6;, and
later steps must use the revised 6;11. In an always-on assistant, the record must survive until the outcome
arrives, often after the interaction has ended, and the outcome must be tied to one of several earlier decisions.
The change must also reach 6; instead of only the running state, and the revised mechanism must carry
across interaction boundaries into later decisions. In the reminder example, the assistant records that it sent
a reminder when the meeting ended, and the outcome is that the user dismissed it. Attribution ties the
dismissal to the timing rule behind that reminder, the revision changes the rule to wait until the user is back
at the workstation, and later use is the next reminder sent under the revised rule.

An always-on assistant continues to use a revised mechanism across interactions, so the shared conditions
¢¢ should constrain both its ongoing operation and the revisions that shape its later behavior. We call
self-evolution governed when these conditions also constrain REVISE, as in 6;11 = REVISE(6;; 7%, ¢:). A
governed revision must work within the limits these conditions set without changing those limits itself. Privacy
requirements therefore restrict which records it is allowed to learn from, while the user’s authority determines
what it is allowed to change and when it takes effect. Within these limits, the assistant can attempt revisions
when new operating experience warrants a change or at scheduled times. Revisions can also reinforce a
mistake. We call this the memory trap: faulty memory biases how feedback is interpreted, so later revisions
preserve or amplify the original error (§4.4.3).

In general, our formulation of the continuing loop and its self-evolving extension draws on reinforcement
learning: z; corresponds to the agent state and 6, to the policy parameters. Context-driven mobile-health
interventions illustrate operational continuity by deciding whether to offer support without requiring a new
user request [63]. These decisions can also depend on earlier interactions. For example, a policy learned from
mobile-health data uses past notifications to decide whether to send another [64]. This past information is
what state durability keeps available. Beyond retaining information, reset-free learning [65] studies agents
that keep learning during ongoing operation. This provides a precedent for our self-evolving extension, in
which REVISE changes 6; for use in later decisions. This continuing perspective also motivates evaluation
over time. Long-run average reward provides a basis for evaluating sustained net utility [64]. Long-horizon
recommendation considers how recommendations affect engagement in later sessions [66, 67], the kind of
delayed outcome that always-on assistants also face.

2.2 Functional Modules: Spaces and Local Policies

We then decompose the assistant into three functional modules: Sensing, Memory, and Action. Several
prior studies inform this decomposition. Soar [68] distinguishes perception, memory, and action selection,
and CoALA [69] organizes agents built on language models around memory, internal and external actions,
and decision-making. Active perception [70] treats information acquisition as a controlled choice, and
internal-model accounts [71, 72], in which an agent keeps a model of the world, explain anticipation. In our
formulation, each module has a local policy that keeps running between requests, and we study the directed
channels between modules. Prediction is not a fourth module in this decomposition, because each local policy
already predicts. Sensing anticipates when an event will occur, Memory anticipates what a later decision
will need, and Action anticipates what follows from acting now or waiting. A predictive or world model that
supports these anticipations belongs to the implementation (§2.4) and can serve all three policies, as a shared
language model does. Keeping prediction inside each policy also shows which module’s decision a wrong
prediction misleads, and the channels trace exactly this dependency.

Sensing. Sensing acquires and interprets current information to provide context about the user, environment,
and execution progress. We classify sensing by how it starts (§3). Continuous sensing stays active, triggered
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sensing starts on a cue, timer, or event, and on-demand sensing starts when a user request or pending decision
needs fresh information. All three draw on sensors, user input, application events, and tool responses within
and between requests, and they preserve the time, source, and uncertainty of what they observe.

Memory. Memory maintains information about the user and their tasks across interactions and makes it
available for later decisions. We classify records by the time they describe (§4). Retrospective memory records
the past: events, interactions, and the assistant’s actions and outcomes. Profile memory describes current
facts, preferences, goals, plans, and task progress. Prospective memory looks ahead and retains unfulfilled
commitments.

Action. Action decides whether, when, and how the assistant helps. We classify actions by what starts them
(§5). Reactive action responds to a current request, and deferred action carries out an earlier commitment
without a new request. Proactive action addresses a need not covered by an existing request or commitment.
Across all three classes, Action can remain silent or act, using planning and anticipated consequences to guide
multi-step decisions [32]. Action context encompasses the assistant’s intent, the rationale behind its choice,
its execution trace, pending commitments, and resulting outcomes.

Spaces and local policies. A module’s space defines what the module can do and represent, that is, the
options it has. It has two parts: the classes, as introduced above, and their format. The format describes
each class concretely: what an observation carries, how a record is represented and stored, or through which
interface an action takes effect. The local policy selects among these options under the shared conditions.
Acting and staying silent, for example, are both options in the action space, and the rule that chooses between
them is the policy.

2.3 Six Coupling Channels

Definition: Coupling channel

A coupling channel is a directed information flow at the functional level: one module supplies information
as context for another module’s decisions or state updates. It identifies the source, the supplied context,
and how the receiving module uses it. Three modules give six possible directed channels.

We model these channels to trace how information from one module supports decisions in another. This
lets us compare systems by their information dependencies and locate gaps that can disrupt later assistance.
These flows can then be tested separately or together to assess their contribution. To describe these flows,
we write y, ? for the information that module i supplies to module j at step ¢, which becomes part of the
receiver’s decision context I;; in Eq. (1). Table 2 summarizes the three modules, the six directed channels,
and their main challenges.

Running example: a reminder after a meeting. Consider a user who asks for a reminder after a
meeting. Sensing passes the interpreted request to Memory through S— M, where the pending reminder
is retained. During the meeting, retained meeting information guides Sensing through M — S, helping it
decide when to check whether the meeting has ended. Around the expected end time, Action requests a
fresh check of the user’s availability through A —S. Sensing returns the current context through S— A,
while Memory supplies the reminder and relevant preferences through M — A. Together, these inputs help
Action decide whether to remind the user or wait. Action then sends the decision and execution context to
Memory through A — M, so that the task and its history reflect what happened. If the user later reports that
the reminder came too soon, the feedback reaches Memory through S— M, and once it is attributed to the
reminder decision, it can revise when Action sends later reminders.

2.4 Shared Conditions and Implementation

Shared conditions. Shared conditions ¢; are the limits set by the user and the world, and they span privacy
requirements, user authority, safety, resource budgets, availability, and uncertainty. Privacy requirements
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Table 2 The framework: three modules and six directed channels. Space entries summarize the classes
introduced in §2.2, and local policies describe what each module decides. Channel entries identify the information
supplied and how the receiving module uses it. Miniature loops locate the modules and channels.

A. Functional modules

Module Space Local policy Core challenges

Sensing Continuous, triggered, Chooses when and what to observe, and Missed events are hard to check. Resource
™) and on-demand how to process observations into and privacy limits also make policy

) @ observations useful context. improvements hard to verify.

Memory Retrospective, profile, Chooses what information to keep, how  Wrong or outdated records are hard to
™) and prospective records  to keep it current, and when to detect. Even after correction, their effects

@ make it available. on decisions and policy revisions need

checking.

Action Reactive, deferred, and Chooses whether, when, and how to act. Repeated help burdens the user, while
(™M) proactive actions service pauses risk missed or repeated

m work. Late or limited feedback makes

lasting benefits and policy improvements
hard to judge.

B. Coupling channels

Channel Information flow Difficulty” Core challenges

S—A Current context and observed execution Basic Context must reach Action in time and remain
(™) state that inform Action’s decisions. current when used.

)

S—M Observations that Memory uses to create =~ Moderate Future needs are hard to predict. Losing the
(™M) or update records. original evidence also makes records harder to

@{ @) check and correct.

M—A Retained personal information and Moderate Records must be relevant and up to date. Their use

pending commitments that inform Action’s must also respect current permissions.

) decisions.

A—S Action plans and execution state that Moderate Delayed or partly visible effects are hard to check.
(M) guide what Sensing observes and checks. Checks must also follow plan changes.
S)=—A)
M—S Retained information that guides what High When outdated records guide Sensing, evidence
Sensing observes and how it interprets new needed to correct them is harder to collect.

GJ ) observations.

A—M Action context and immediate results that High When several actions affect an outcome, linking
(™) Memory uses to maintain task history. late feedback to the right one requires earlier
) %} decision records.

* Ratings reflect our qualitative assessment of channel difficulty (§§3-5). High indicates errors that are hard to detect and correct.

limit the use of personal information: a confidential meeting can permit transient speech processing while
prohibiting transcript retention or disclosure through tools. User authority means the permissions that the
user has granted and that are still in force, as when a calendar grant permits reading but not editing. Safety
rules out harms that no grant can make acceptable, such as a robot arm moving while a person is within reach
or health advice that could injure the user. Resource budgets limit the battery, computation, storage, and
user attention that the assistant can spend. Availability concerns whether the devices, stores, and interfaces
a decision needs can be reached at that moment. Uncertainty concerns how far the assistant can trust its
current evidence, such as whether the meeting has really ended.

Implementation: models and scaffolding. The implementation consists of the model parameters w; and
the scaffolding ¥; around the model. The model, typically a large language or multimodal model, interprets
the input and makes decisions, while the scaffolding orchestrates it and carries its outputs through interfaces
to the user’s devices, applications, and databases. Both act on every module: they take in the information
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Figure 4 Three dimensions of application scope: interaction domain (where observations and actions
occur), participant scope (who is involved or affected), and outcome horizon (when consequences become
observable). Each cell shows selected examples within that setting.

that a module receives and process it into a form that the next module can use. The modules are therefore
functional divisions, not separate models or tools, and this survey organizes the literature by function. The
details of implementation engineering, such as context engineering [73] and the design of self-improving [43]
and long-horizon agents [60], are outside the scope of this survey.

2.5 Application Scope and Adjacent Concepts

As shown in Figure 4, we describe the application scope of an assistant by three coordinates. The interaction
domain denotes where observations and actions occur: physical, wearable, or digital, though an assistant can
span several. The participant scope denotes who is involved or affected: an individual, a bounded group, or
the public. The outcome horizon marks when the evaluated consequence becomes observable: immediately,
within a session, across sessions, or over a longitudinal study that follows the same participants for a long
period. Missing measurements are marked unmeasured.

Adjacent concepts. Table 3 compares adjacent kinds of agent by operational continuity, state durability,
and mechanism revision. The three questions below clarify these relationships.

Q1: How does always-on assistance differ from long-horizon agency?

Long-horizon agents coordinate dependent steps toward given tasks, across sessions or even an open-ended
stream of tasks [60]. Always-on personal intelligence concerns how assistance continues as a user’s goals
change or new ones arise, including periods without requests.

Q2: Why require both operational continuity and state durability?

Operational continuity lets the assistant observe and act after an interaction ends, and state durability lets it
carry what it has learned and promised into the next one. With durability alone, an assistant remembers
the user but only reacts to requests [18, 19], while with continuity alone, it can act proactively but only
within one interaction [12, 74]. When both are present, they depend on each other: retained state guides
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decisions made between requests, while new observations and action outcomes determine what remains in
that state. This mutual dependence makes continuing assistance a distinct unit of analysis and evaluation:
assessments must look beyond single turns to track missed commitments, unnecessary interruptions, and
cumulative resource costs across extended interactions.

Q3: How does self-evolution relate to always-on assistance?

Self-evolution extends the always-on assistance loop toward the user’s needs, the direction in which the
assistance grows more personal. Research on self-improvement studies how experience can refine models or
their scaffolding to improve future performance [42, 55], using feedback such as environment rewards or model
critiques [43]. The challenge is to turn the experience of daily use into durable adjustments, establish whether
they improve future assistance, and preserve ongoing commitments and user authority while adapting. In its
strong sense, recursive self-improvement goes a step further: it also revises the process that produces these
revisions, so that each round can change how the next round improves [75]. In an always-on assistant, such
recursion is hard to implement and to evaluate, and few of the works we review attempt it. We therefore
leave it to future work and state it only as an open problem in §8.3.

Table 3 Always-on assistants and adjacent kinds of agent. The first two properties define a continuing loop.
The third, durable mechanism revision from operating experience, yields a self-evolving loop only on top of both
(§2.1). v = yes; X = no; o = not required. Rows describe typical designs, and a system can combine them.

System type ()C?)ii?ﬁfi?;l State durability Mechanism revision
Session-local conversational assistant X X X
Request-only assistant with durable memory X v X
Long-horizon agent o o o
Self-improving agent o o v
Streaming assistant without durable user state 4 X X
Scheduled or background assistant acting as set X o X
Always-On Personal Intelligence

Continuing loop v v o
Self-evolving loop v v v

2.6 Mapping the Literature

Figure 5 maps software and hardware developments onto the framework, and both show the same shift: from
single capabilities, to systems that connect Sensing, Memory, and Action, and then toward systems that
revise themselves. Early software systems built each function separately around a hand-designed source of
context. Cyberguide [76], StartleCam [77], and SenseCam [78] captured context for Sensing, Memex [79],
the Remembrance Agent [80], and Stuff I’'ve Seen [81] organized personal information for Memory, and
Lumiére [11], CALO [82], and BusyBody [83] used context to decide when to assist. More recently, learned
models made each module general across inputs and tasks, and research advanced the modules on separate
tracks that expand their options, choose among them, or evaluate them. Screen parsing and streaming speech
models let Sensing read app and web screens and follow continuous sound [84, 85, 86, 87, 88, 89, 90, 91],
external memory let Memory outgrow the model’s context [19, 92], and work on computer use and response
timing extended Action to open software and to the choice of when to respond [93, 21]. Most recently,
systems connect the three modules in wearable, digital, and physical applications [8, 94, 95, 96, 2, 97], and
the information that passes between modules becomes a difficulty of its own. Each module’s capability
still limits the loop, since streaming video models, for example, struggle with the order of events and with
fine-grained actions (§3.5.2). An emerging trend is that systems also revise their own mechanism, for example
by editing their own code [98, 99], which moves the target of improvement from the records about the user to
the assistant itself.

Hardware has followed a similar path, moving sensing and computation closer to the user. Early sensor-driven
devices added observation sources such as depth and low-power motion sensing [100, 101], while wearable



Always-On Personal Intelligence: A Roadmap

prototypes carried capture and display into daily activity [78, 7, 102]. More recently, handheld and extended-
reality devices, which mix digital content into what the user sees, pair perception with large language and
vision models, so the device itself can interpret a scene and assist [103, 104, 105]. Most recently, humanoid
robots connect onboard models to manipulation, extending the loop from advice to physical action [106, 107].

Requirements and Evidence for Always-On Assistants

Core requirements. An always-on assistant must satisfy two properties, (1) operational continuity and
(2) state durability. Under the first, it uses current context to decide whether and when to act without a
new user request, with waiting as a valid choice. The second requires it to retain usable personal state
across interactions for later assistance.

Implementation and evidence. Developers of an always-on assistant should describe its intended use,
shared conditions, and implemented coupling channels. Not every assistant needs all coupling channels,
but for each implemented channel, developers can show what information it carries and how the receiving
module uses it. Tracking user outcomes over time then shows the benefits and costs of these design choices.

Self-evolution as an advanced extension. Self-evolution extends the continuing loop toward the
user’s needs, revising the mechanism from operating experience so that the assistance grows more
personal. A claim of self-evolution should show that the revision persists and is used in later steps,
and it should separate mechanism revisions from updates to personal content. When a revision uses
outcome feedback, the evidence traces the five steps: record, outcome, attribution, revision, and later
use. Governed self-evolution also requires the shared conditions to constrain revisions, and a claim of
improvement should show greater benefit to the user than the earlier version under comparable conditions
and over the relevant horizon.
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Figure 5 From module development to system convergence. We show the convergence trend of
always-on systems. In both software and hardware, development moves from single capabilities to integrated
systems that connect Sensing, Memory, and Action, and then toward self-evolving systems.
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3 Sensing

Sensing takes in observations and feedback from the user and the world, forming the current context and the
state of ongoing tasks. In an always-on assistant, sensing continues between requests, so the assistant decides
for itself when to switch observation on and what to look at. It has to choose because three limits keep it
from observing everything all the time. First, energy: on a battery-powered device, observation shares one
budget with memory and action. Second, privacy: a camera or microphone also records people who have not
agreed to it. Third, time: interpreting what is captured takes processing, so evidence can arrive too late
for the decision that needs it. Sensing that stays on sees the most but spends the most energy and records
the most bystanders. Waking it only on a cue saves energy but misses events that give no cue, and starting
it only on request costs the least but makes a decision wait for capture and interpretation. Beyond these
trade-offs, Memory tells sensing what to look for and how to read it, and Action asks it to check what an
action changed. As shown in Figure 6, we describe the sensing space, then cover shared conditions, the local
policy, coupling, and evaluation, and finally discuss the challenges that remain for sensing.
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Figure 6 Sensing section structure and taxonomy.

3.1 Sensing Space

The sensing space covers the current information available to the assistant, from observations to the current
state built from them. Selecting and interpreting observations provides evidence for later decisions [108, 70,
109]. Following the two parts of a module’s space, §3.1.1 classifies sensing by what starts it, into continuous,
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triggered, and on-demand sensing, and §3.1.2 describes the format of observations: the forms their content
takes and the source, time, uncertainty, and permissions they carry.

3.1.1 What Starts Observation

Continuous sensing. Table 4 lists the different classes of sensing. Continuous sensing keeps observing
whenever the device can sense, without waiting for a cue or a request. We divide it into three groups by
what it supplies. First, cue detection is the cheapest: voice-activity and keyword chips run at nanowatt to
microwatt power [110, 111]. Personal VAD [112] narrows voice detection to the enrolled user, whose voice was
registered in advance, and runs on the device. EgoCHARM [113] uses movement instead, recognizing activity
from motion sensors on a low-power coprocessor. Sensor foundation models are trained on large and varied
sensor data, and they address how such cues transfer across users, devices, and contexts [47]. Second, record
keeping stores what is observed: ChainStream [114] treats sensor readings, screen captures, and messages
as streams processed as they arrive. Activity Frames [115] gives such records more structure, organizing
passively captured desktop activity into timed episodes linked to the original evidence. EgoLife [94] widens
their coverage, extending egocentric recording to multi-day, multi-person activity, following earlier personal
archives [116]. Third, running interpretation keeps a model interpreting video or speech. VideoLLM-
online [74], StreamingVLM [117], and Mage-VL [118] process video frames as they arrive. For speech,
VibeVoice-ASR-Streaming [119] delivers speaker-attributed text while audio continues, and Moshi [91] keeps
receiving speech while it replies. For video, this running interpretation assumes a camera that stays on, which
current glasses sustain only for short periods [120]." The three groups thus trade cost against detail: cue
detection is cheap but coarse, while record keeping and running interpretation give richer evidence at a higher
cost. Overall, this class keeps the context current for the decisions made between requests, and triggered
sensing, described next, starts richer capture only when a cue calls for it.

Triggered sensing. Triggered sensing wakes richer capture or interpretation when a cue, timer, or event
occurs, and its three groups differ in what raises the cue: a sensor or timer, a small model reading captured data,
or a condition that another module registers. First, wake-up triggers act before capture or computation,
and timers are the simplest: SenseCam [78] took photographs on a timer and when its light and infrared
sensors changed. On current wearables, the cue is often another sensor: EgoTrigger [121] classifies hand—object
interaction sounds to trigger image capture, a design aimed at all-day smart glasses. OpenGlass [122] applies
the same idea to computation, using low-power wake-up sensing to activate an inference processor that is
powered down between inferences. Second, model gates filter data after it is captured, using a small, fast
model to decide whether to wake a larger, more expensive one. For instance, an audio detector can spot
likely actions so that a vision-language model runs only on those moments [123]. Similarly, PRPF [124]
uses a small multimodal model to filter incoming streams before it calls a larger reasoning model, and
the same filter decides when its assistant intervenes. StreamMind [125] and Event-VStream [126] move
this filter inside the model. Their video encoders process every frame, but the language model runs only
when StreamMind’s learned event gate opens or when Event-VStream detects a transition between events.
Cambrian-S [127] uses prediction error as the cue instead and interprets accumulated video when the observed
frames diverge from its predictions. Third, registered triggers are set by another module from a pending
request: Em-Garde [128] and the agent in IPIBench [129], for example, keep a user’s pending monitoring
request, such as a notification when the water boils, and check each new stretch of video against it. Triggered
sensing keeps observation going between requests at lower cost, and its trigger rules are among the parts of
the mechanism a self-evolving loop could revise. However, a trigger misses changes that give no monitored
cue, so a silent booking cancellation remains undetected until a scheduled or on-demand check.

On-demand sensing. On-demand sensing starts when a user’s request, or a pending decision that needs
fresh state, calls for it, and its three groups differ in what is read: the state a decision needs, the user’s
answer, or an action’s effect. First, targeted reads are the most common and can follow a predicted
need, a task that needs more detail, or a user’s request. ProAgent [130], for instance, combines low-cost
contextual cues with richer perception on demand and reads agendas, weather, or transit information once it

1Aria Gen 1 hardware specifications: https://facebookresearch.github.io/projectaria_tools/docs/tech_spec/hardwa
re_spec
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predicts that help is needed. ContextAgent [96] likewise calls tools for the context that a predicted need
still lacks. Alpha-Service [131] invokes a streaming video model only when a task needs finer visual detail.
PULSE [132] lets agents choose which smartphone-sensing modalities and time windows to inspect instead of
receiving a fixed summary. In the home, SAGE [133] reads device information as part of the actions that
answer a request. Some decisions also need to know that retained state has gone stale. SpeechLess [134],
for example, refreshes remembered answers about live content such as weather or transit before reusing
them. Second, answer interpretation reads the user’s responses or feedback to the assistant. PrISM [135],
for instance, refines its step estimate from a reply. Third, effect checks read what an action changed, as
when Mobile-Agent-E [136] compares screens before and after each action. On-demand sensing supplies fresh
state to user requests and also to decisions that no request starts, and its checks after execution return the
outcomes that feedback-driven revisions need.

3.1.2 Observation Formats and Metadata

Each class of sensing above delivers its result as observations, and their format decides what Memory and
Action can later do with them. An observation reaches the rest of the assistant in one of five forms, which
differ in how much detail they keep and in which models or modules can read them. Which form to keep is a
policy choice that we discuss in §3.3.5.

Raw signals and learned features. Raw signals keep every captured audio sample and video frame. Any
model can interpret them again later, but they cost the most to store and expose the most private content.
Learned features are the vectors that a trained model computes from each frame or stretch of audio. They
take less space, but only the model that computed them can read them. The KV cache [159] is one such
store, and systems such as StreamingLLM [160] and Cartridges [161] differ in how long they keep it. Stored
features, however, must be computed again from the raw signal once the assistant switches to another model,
and that signal may no longer be kept.

Compressed video. Compressed video, which lies between raw signals and learned features, suits always-on
sensing. A phone or camera produces it anyway whenever it records, it is far smaller than the raw frames,
and any decoder can turn it back into frames, so unlike learned features it is not tied to one model. An
emerging line of codec-based models reads this stream directly. The standard H.264 and HEVC codecs store
most frames as motion vectors, which record how each block of the image moved from a reference frame,
and residuals, which record what that movement does not explain. These models use the two signals in two
ways. The first uses them as they are, at almost no extra cost. Each patch, a small block of the frame, is
scored by its motion and residual, and between key frames, which the codec stores in full, only the patches
that changed most are encoded [162, 163, 118]. The second trains an encoder to read these signals directly,
so the frames between key frames enter the model as compact features instead of full images [164, 165].
CoPE-VideoLM [165], for example, uses about a fifth of the tokens of a 64-frame baseline at comparable
accuracy and cuts the time to the first output token from 2.39s to 0.33s. Other frame selection and token
pruning methods also save tokens, but they work on decoded frames without the codec’s signals, so we discuss
them in §3.3.2.

Text and structured items. Text and structured items differ from these three forms in that other modules
can read them directly. A transcript or a caption puts what was heard or seen into words, and an interface
element or a timed event arrives with named fields. In exchange, both keep only what was selected when they
were produced, and a detail left out at that point cannot be recovered from them later. This trade-off becomes
visible when one source is observed in two forms. For example, a web page on screen can be captured as a
screenshot or read through its structured items. These include the document structure and the accessibility
metadata, the element labels and roles that the page provides for screen readers. The screenshot supplies
visual information that this structure lacks. However, the structure can go stale when the page changes after
it was read, so the two forms disagree. Zhang et al. [166] find that models then often follow the structure,
even though they read the same screenshot accurately when it is shown alone. Such disagreements matter for
recurring observation, which checks the same source again and again. Each check relies on compact inputs to
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Table 4 Representative sensing methods by what starts observation.

‘Work Group Key feature Input URL
Continuous sensing

VibeVoice-ASR [119] Running interpretation Incremental attributed text Streaming audio /0
StreamingVLM [117] Running interpretation Short visual, long text spans Streaming video 2/0
Mage-VL [118] Running interpretation Reads compressed video Streaming video Z/0
&3Personal VAD [112] Cue detection Target-speaker conditioning Audio + voiceprint /-

&BEgoCHARM [113] Cue detection Activity from motion, low power Egocentric IMU /-

E3ChainStream [114] Record keeping Process arriving events Sensor + app streams 2/0
“EgoLife [94] Record keeping Multi-day, multi-person recording Glasses video + audio E/O
&LightMem-Ego [137] Record keeping Background capture, later recall Phones and glasses 2/0
&30mi [138] Record keeping Action items from conversations Wearable audio /-

&3VideoLLM-online 74] Running interpretation Frames processed on arrival Streaming video 2/0
&Moshi [91] Running interpretation Listens while it replies Full-duplex speech /0
EIM3-Agent [95] Running interpretation Faces and voices to identities Video + audio stream 2/0
Eproactive Agent [12] Cue detection Activity events signal a need Computer event streams [4/€)
S Activity Frames [115] Record keeping Timed episodes + sources Desktop screen frames & /O
SWindows Recall [139] Record keeping Searchable screen history Desktop screen /-

BKirigami [140] Cue detection Remove speech segments Ambient audio 4/~

BEN-TWAM [141] Cue detection Contact events mark task phases Tactile + vision 2/0
BDomusFM [142] Cue detection Pretrained on home sensor events Smart-home sensors 2/0
@ReMEmbR [143] Record keeping Captions stored with pose, time Robot video + pose 2/0
Triggered sensing

Cambrian-S [127] Model gate Prediction error as cue Streaming video /0
Dispider [144] Model gate Decision module apart from replies  Streaming video Z/0
63SenseCam (78] Wake-up trigger Capture on sensor change Timer / light / infrared [4/—

BEgoTrigger [121] Wake-up trigger Audio-triggered capture Audio + camera /0
&0penClass [122] Wake-up trigger Sleeps between inferences Wake sensor 4 camera /-

63Pro2 Assist [145] ‘Wake-up trigger Head motion selects key moments AR glasses r_,’/f

&3StreamMind [125] Model gate Learned gate before LLM Streaming video /-

&Acoustic Triage [123] Model gate Audio selects moments for VLM Audio + video Z/0
&Event-VStream [126] Model gate Transitions resume generation Streaming video /-

EQazeAgent [146] Model gate Behavior cues gate recalibration Gaze + IMU + video /-

8Em-Garde [128] Registered trigger Query compiled to proposals Streaming video 2/0
&[PIBench [129] Registered trigger Checks stream against requests Streaming video /-

SpRPF [124] Model gate Light perceptor gates reasoner Multimodal stream /-

BTGL controller [147) Model gate Graph model decides when to wake User activity events /-

“'HomeEmergency [148] Wake-up trigger Emergency sound starts search Audio + robot camera /-

®Event-Driven Assist [149] Model gate State change invokes VLM Tabletop RGB-D /-

®(Code-as-Monitor [150] Registered trigger Constraints as visual checks Robot cameras /-

On-demand sensing

&Context Agent [96] Targeted read Tools for a predicted need Sensors + tools Z/0
&3proAgent [130] Targeted read Reads apps on predicted need Phone sensors + apps L."/f

&9Alpha-Service [131] Targeted read Calls video model as needed Glasses video /-

EPULSE [132) Targeted read Picks modalities + windows Phone sensing logs 2/

6‘aSpeechLess [134] Targeted read Refreshes live content Spatial memory + web @ /-

63prISM [135] Answer interpretation  Step estimate from replies Smartwatch + dialogue [4/—

E'aEgocentric Co-Pilot [151]  Answer interpretation  Asks a short clarifying question Smart glasses 2/0
EproAct [152] Targeted read Checks memory before searching Text chat 2/0
6B FgoAsk [153] Answer interpretation  Asks about the user’s objects Glasses + robot 2/-

EMobile-Agent-E [136] Effect check Compare before/after screens Phone screenshots Z/0
EWeriGUI [154] Effect check Verifies each action’s effect GUI screens 4/~

EDot tasks [16] Effect check Checks results of created tasks Cloud computer 4/~

®EyeRobot 2.0 [155] Targeted read Gaze moves to what the task needs Robot stereo eyes /-

ESAGE [133] Targeted read Reads device state for a request Smart home /-

®Vision in Action [156] Targeted read Head camera looks past occlusions ~ Robot head camera 2/0
BExplore-EQA [157] Targeted read Explores until confident Robot RGB-D /0
®\MoveCare [158] Answer interpretation  Confirms alarms before alerting Robot + smart objects /-

®Hobbit, [3] Effect check Checks each grasp after acting Home robot /-

& AssistantX [2] Effect check Checks each step’s outcome signals ~ Office robot 2/0
& A Bot-Claw [6] Effect check Critic checks progress online Robots /0
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stay cheap, and these inputs must still keep the details needed to notice a change and to settle a conflict with
earlier context.

Source, time, uncertainty, and permissions. Besides its content, an observation needs to carry its
source, its time, how certain its interpretation is, and who is allowed to use it. Source, time, and certainty
matter because the current state combines observations from several sources. A calendar entry, the status of
a call application, and speech activity, for example, can each indicate whether the user is free. If the calendar
indicates an ongoing meeting while the call application has closed, the state needs to keep both readings with
their source, time, and uncertainty, so later decisions can handle the discrepancy. Source and time also let
Memory reinterpret a record later. The source also matters for trust, since tool responses can carry untrusted
content [167], and external text can redirect the assistant [168]. Who is allowed to use an observation matters
because screens and documents opened under the user’s login can also contain collaborators’ or correspondents’
information alongside the user’s own content. For such screens, region-level privacy judgments examine which
parts a task permits the assistant to use or disclose [169]. Keeping who supplied the information and who is
allowed to receive it lets later storage and actions follow those permissions.

3.2 Shared Conditions for Sensing

Whose information is the assistant allowed to observe? Continuous and triggered sensing record
whoever is present, not only the user. On wearables, studies of data glasses document context-dependent
attitudes toward recording [170, 171] and wearers’ difficulty managing bystander privacy [172]. In smart
homes, owners and visitors can differ in their preferences about collection, storage, and sharing [173]. Some
systems therefore limit what is captured or answered. Kirigami [140] filters speech locally when only non-
speech activity cues are needed, and Selective Hearing [174] trains audio models to refuse queries about
incidental bystander speech. Limiting capture is not enough on its own, because what the data reveal also
depends on the inference. Motion data recorded for activity recognition can reveal the wearer’s identity [175],
and even a model’s internal features can leak it. Tests recover a speaker’s identity from the hidden states
of two full-duplex speech models, which listen and speak at the same time: Moshi and a SALM-Duplex
implementation [176]. The same study measures how anonymizing the waveform or these features affects
response quality and latency, so privacy assessment also covers the representations used during processing.
Knowing who is speaking also keeps the assistant’s own records correct: Personal VAD [112] and online
diarization [177], which labels who is speaking as audio arrives, help separate a promise the user makes from
another person’s remark. As people enter or leave, the assistant reassesses which signals and inferences it
captures, processes, or retains.

How long can sensing continue? An always-on assistant needs enough energy to sustain observation
under its declared operating schedule, alongside memory access and action [178]. For example, Aria Gen 1 [120]
lists 1.5h of continuous recording, with other sensor settings optimized for 54+h and 154 h.! Lower sampling
can extend recording time but miss short events. On phones, the operating system also limits sensing between
requests. Since Android 9, an app in the background cannot use the microphone or camera, and its sensors
stop delivering events unless it runs as a foreground service, which keeps a notification visible to the user.” We
compile reported power measurements and estimates for representative sensing and processing configurations
in Figure 7. Wake-up chips consume nanowatt- to microwatt-scale power, while wearable visual processing
and phone-based model inference reach milliwatt and watt scales, respectively [110, 111, 122, 179]. The
gap between these scales motivates keeping low-cost detection active between requests and starting heavier
processing when relevant cues appear.

Can observations reach decisions in time? Continued inference is limited by sustained processing
capacity and heat [179]. Throughput is the amount processed per second. For example, in a test of sustained
Qwen2.5-1.5B inference on an iPhone 16 Pro, throughput settles 41.5% below its peak [182]. When throughput
falls below the rate at which inputs arrive, a backlog can leave Memory and Action using old context even

1Aria Gen 1 recording profiles: https://facebookresearch.github.io/projectaria_tools/docs/tech_spec/recording_pr
ofiles
2Android background sensor limits: https://developer.android.com/about/versions/pie/android-9.0-changes-all
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Voice-activity detection
whole chip, 10dB SNR [110] ® 142nW

Keyword-spotting wake-up chip
whole chip, near-threshold supply [180] ® 510nW

Keyword spotting and speaker verification ® 10.6 W

whole SoC, microphone to decision [111]

Always-on image sensor 70 LW
sensor only, QQVGA at 30 fps [181] ® 670 w

Event-camera visual pipeline
whole wearable, steady state [122] ® 67.4mW

Whole-glasses ceiling for 15h
modelled, entire system [178] ® ~200mwW

Phone-class language-model inference
instrumented at the battery [179] ® 138w

3.8 orders of magnitude
100 nW 1uW 10 W 100 W ImW 10mW 100 mW 1w oW

power, logarithmic scale

Figure 7 Power costs of always-on processing. Across the reported configurations, audio wake-up uses
the least power, always-on visual sensing and processing use more, and LLM-powered processing uses the
most, with gaps spanning orders of magnitude. Labels specify the measurement scope; the approximately
200 mW value is a modelled whole-system budget. The configurations illustrate power scales across different
tasks and hardware, rather than a controlled comparison of sensing methods.

though capture continues. Acceptable delay also depends on the task: Chen et al. [183] derive target latency
ranges of 95-105 ms for continuous billiards guidance and 600 ms—2.7s for step-by-step assistance. Checking
whether the user is free now needs a timely result, whereas a record intended for later review can tolerate
more delay.

What does remote processing cost? Offloading sends work to another device and trades local computa-
tion for communication: DeepWear [184] shows that transfer overhead can offset faster remote computation.
This communication depends on a network, whose delay and disconnection affect when observations be-
come usable. Privacy also constrains what can leave the device, and local filtering is one way to reduce
disclosed content [140]. An always-on assistant therefore weighs remote compute against communication cost,
connectivity, and permission to transmit evidence.

3.3 Sensing Policy

Whether an event reaches Memory and Action depends not only on the model that interprets it but also on
runtime choices about what to capture, keep, and pass on. Table 5 summarizes eight such decisions made
by the local sensing policy 7g, from acquisition to delivery. We compare which events each choice captures,
what information survives processing, and whether it reaches Memory and Action in time. The policy can
combine these choices or reconsider them as new evidence arrives, as when a fixed rule varies the sampling
rate with current activity. In §3.3.9, we then discuss how these policies are learned and what revision during
deployment would require.

3.3.1 Whether to Observe: Triggering and Wake-Up

Timers and cues. Scheduled capture builds background context without repeated user intervention, while
manual control lets the user select a moment but requires their attention. SenseCam [78] supports both,
with timer-based photographs, a manual shutter, and start/stop recording. Cues can also set a sampling
rate instead of waking a sensor: ProAgent [130] raises its visual sampling rate on motion, location, and
conversation cues, and finds that low rates matter little in stationary settings but can miss critical events in
dynamic scenes. Across trigger designs, savings depend on the checking cost and activation frequency [123].
False triggers waste capture or computation, and missed triggers can leave decisions using outdated context
when no other source records the change.
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Table 5 Local Sensing decisions and representative works.

Decision Main choices Trade-off Representative works
Triggering Timer/cue/surprise/request Misses/checking cost  EgoTrigger [121], Cambrian-S [127], ProAct [152]
Allocation Rate/resolution/modality /region Coverage/frame detail VisualClaw [185], STC [186], Ego-METAS [187]
Windowing Size/compaction/refresh Context/processing StreamingVLM [117], JoyAI-VL [188],
StreamChat [189]

Segmentation Onset/offset/overlap/change Stability /delay StartNet [190], ActionSwitch [191], On-GEBD [192]
Compression Select/summarize/extract/filler  Detail/disclosure Imprint [193], Kirigami [140]
Readiness Ready / wait / observe more /  Premature use/wait  StreamReady [194], PrISM [135]

flag missing information
Placement Sensor/device/edge/cloud Compute/offload cost EgoCHARM [113], DeepWear [184], Shredder [195]
Routing Decisions/records/background Delivery/coordination Dispider [144], MIRIX [20], Thinking Machines [196]

Requests and pending decisions. Some observations start because a decision needs fresh state. The
simplest rule refreshes a class of content every time, as SpeechLess [134] does for live content. Other rules first
consult memory, as ProAct [152] does before it searches. A rule can also act on uncertainty in the assistant’s
belief, meaning its current understanding of the user’s situation. CAPTURE [197] keeps this belief as a
probability distribution over the user’s hidden state. When its uncertainty about how to update memory
passes a calibrated threshold, Action asks the user a clarifying question instead of guessing. Evaluations show
that such checks and questions are often skipped. In MCB [198], models verify changing facts more reliably
than they ask users to resolve ambiguity. For example, Qwen3.5-9B, given only the action definitions, asks
on none of 12 clarification items while verifying 12 of 18 freshness items. In VibeLifeBench [199], all seven
evaluated frontier models score low on multi-week tasks in which the world changes without announcement.
The reviewed evaluations do not demonstrate multi-week learning of when a fresh check justifies its cost.

3.3.2 How Much to Observe: Allocating the Perception Budget

Sampling rate and representation. For a fixed representation, visual tokens per second equal fps
multiplied by tokens per frame. Spending more tokens on each frame therefore leaves room for fewer frames
under the same budget. Some systems spend a single token per frame: VideoLLM-online [74] pools each
frame into one token, and StreamMind [125] combines spatial and temporal features in one perception token
per frame. The frame rate matters because many actions are brief. Our calculation from HD-EPIC’s [200]
released annotations finds that 40.6% of action intervals are shorter than one second, so at a uniform 1 fps
such events can fall entirely between successive frames.

Frames, regions, and reuse. General video models choose moments and resolution according to the
query [201, 202] or request higher resolution only when needed [203, 204], while on a wearable or phone the
device fixes the budget in advance. VisualClaw [185] passes streaming frames through a multi-stage filter
before its main model reads them. Compared with sampling eight frames uniformly, with the same skills
available, it lowers the cost per question, and at a matched eight-frame budget it still answers more accurately
on short-clip benchmarks. Beyond choosing frames, STC [186] reuses and prunes similar visual information
during streaming encoding, reducing repeated processing of received observations.

Modalities and task requirements. Across modalities, sensor choice at each step depends on task
requirements. Ego-METAS [187] evaluates per-step modality selection under hardware-based energy budgets
on continuous egocentric streams. It finds that useful sensor combinations depend on the scenario: learned
routing struggles on untrimmed streams, recordings not cut around the events of interest, while simple dynamic
fusion offers useful accuracy—energy trade-offs. Between requests, sensor selection balances acquisition cost
against the evidence each sensor provides.

3.3.3 How Much History to Use: Observation Windows

Recent context and compacted history. Observation windows bound the history available to interpret
the current situation. Window limits discard history, while compaction preserves a less detailed version.
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These limits differ in what they keep: StreamingL.LLM [160] retains initial and recent tokens in a bounded
cache, while StreamingVLM [117] uses shorter visual and longer text windows. Flash-VStream [205] preserves
detailed recent frames and compacts older observations into temporal and abstract visual representations.
JoyAI-VL-Interaction [188] retains recent visual tokens, summarizes earlier chunks as text, and consolidates
older summaries at a coarser level. The choice between discarding and compacting controls which earlier
instructions and corrections accompany current activity.

Window updates during a response. An observation can reach the model before a response or while
the response is still under way. A turn-based model reads its input before it answers, so anything that
happens during the answer waits for the next turn. A full-duplex model keeps receiving input while it
responds [91, 196, 206]. Receiving new input, however, does not mean using it at once, because systems
differ in when the input enters the context they generate from. StreamChat [189] refreshes visual context at
each decoding step, that is, for every generated token, allowing new frames to affect an ongoing answer. In
contrast, Audio-Interaction [207] continuously encodes audio into a queue. The Audio-Interaction decoder
takes in queued input at designated points, such as silence or the end of a response, and generates from the
context already received. Refresh timing is thus a choice of its own: while a captured correction remains
queued, the decoder continues with the earlier context.

3.3.4 Where to Cut: Online Segmentation

Where a stream is cut decides which observations a later decision can use, and when the cut is detected
decides whether it can still help. A boundary that a metric counts as correct can be detected only after the
action ends, in time for a record but too late for intervention.

Action progress and onsets. We first consider cutting a stream online based on how far an action
has progressed and where it begins. Streaming temporal action segmentation labels arriving video chunks
without future observations [208, 209]. OnlineTAS [210] improves such labeling with adaptive context and
post-processing that reduce fragmented predictions, and ProTAS [211] adds action progress and learned
task graphs, which encode step order, to locate procedural steps. Action-start detection [212, 213, 190]
instead locates onset, enabling intervention before completion. Other methods cap the cost of processing
a long history: LSTR [214] summarizes older frames coarsely while keeping fine detail for recent ones,
and TeSTra [215] reuses past attention computations so that each new frame takes a constant amount of
computation.

Overlapping and unfamiliar events. Beyond labeled action steps, other methods address events that
overlap or that fall outside named action classes. For overlapping events, ActionSwitch [191] detects
simultaneous action intervals without class labels. Two methods center on objects: object-aware egocentric
detection [216] uses the objects involved, and Mamba-OTR [217] targets sparse take-and-release events. For
events outside named classes, generic event boundary detection [218] locates meaningful changes without
naming actions, and On-GEBD [192] decides online. These methods yield different units: concurrent activities,
object transitions, or broader changes that prompt reinterpretation.

Boundaries from prediction and change. FEvent segmentation theory links boundaries to discrepancies
between expected and observed events [219]. The prediction error that triggers Cambrian-S [127] also marks
its boundaries, and Event-VStream [126] finds its transitions from motion, semantic, and predictive cues.
ES-Mem [220] applies event segmentation to dialogue memory. Boundaries thus shape both when processing
resumes, as in Event-VStream, and which observations form a retrieval unit, as in ES-Mem.

Boundary timing and its value. The value of a boundary to the assistant depends on when it is detected.
StartNet [190] evaluates action starts with offset tolerances from one to ten seconds, where a tolerance is the
allowed gap between a detected and a true start. Many of these tolerances are longer than fine-grained actions,
which average 1.7s in Assembly101 [221], 2.0s in HD-EPIC [200], and 3.1s in EPIC-KITCHENS-100 [222].
Our calculation from the released annotations gives medians of 1.18s and 1.62s for the latter two datasets,
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both under two seconds. A tolerance of several seconds can therefore credit a prediction that arrives after the
action ends. Boundary accuracy thus needs to be interpreted alongside detection delay.

3.3.5 What to Keep: Compression, Representation, and Redaction

Aligned streams and structured records. We compare representations by the structure they retain:
word—frame timing in an aligned stream and recurring relationships in event records. LiveCC [223] interleaves
video frames and transcript words at their timestamps, preserving temporal alignment during training.
Imprint [193] extracts person—action—object records with time intervals, then consolidates them using
recurrence, recency, and distinctiveness. Hierarchical caption summaries instead describe a video at several
time scales [224]. Compared with those of EgoRAG [94], Imprint’s records improve long-horizon question
answering and reduce storage and retrieval cost.

Sensitive-content filtering. Filtering before transmission or storage can reduce what is disclosed and
limit what the retained evidence can answer. Kirigami [140] filters speech locally and keeps the remaining
audio for activity recognition. It measures both effects: how much speech can still be recovered and how
accurately the remaining audio identifies activities. The appropriate trade-off depends on the task: detecting
whether the user is free can use non-speech cues, while retaining a spoken commitment requires its words.

3.3.6  Whether Enough Has Been Observed: Interpretation and Readiness

Evidence sufficiency and response timing. Readiness decides whether the evidence at hand is enough
for the next decision. A query can arrive before its answer is observable. For such queries, StreamReady [194]
learns a readiness score from evolving visual context and observes until the score passes the answering
threshold. Sufficient evidence still leaves the action open: even when Sensing has located the landmark the
user is looking for, Action can still hold back spoken directions while the user is talking to someone.

Fresh input and event confirmation. Processing an observation quickly does not confirm that the event
needed for the next decision has occurred. Robot controllers make the distinction explicit when observed
contact events confirm transitions between task phases [141]. An always-on assistant faces the same distinction
when a delivery notice arrives before the parcel has actually reached the user.

Answers from the user. When evidence is missing, the assistant can ask, and the answer becomes a
new observation. Systems differ in what the answer updates. PrISM [135] tracks procedural steps from a
smartwatch, asks about the user’s current step when its estimate is uncertain, and uses the answer to refine
that estimate in real time. The Egocentric Co-Pilot [151] chooses between answering directly and asking
a short clarification question, then adds the reply to its context before acting. SpeechLess [134] pairs each
low-confidence interpretation with a yes/no confirmation, so the user’s answer decides what enters memory.
EgoAsk [153] asks questions during daily activity to fill gaps in a household robot’s knowledge of the user’s
objects. Users in its study found it less effort to keep track of what the robot still needed to learn when the
robot asked than when they had to teach it themselves.

3.3.7 Where the Computation Runs: On-Device, Edge, and Cloud

Local processing and computation splits. Computation can run on the device, as EgopCHARM’s [113]
activity recognition does, or be split with a paired phone or the cloud. Split inference instead assigns part of
the workload elsewhere, selecting the split from computation costs, the amount of data passed between the
two parts, and network conditions [225]. DeepWear [184] partitions inference in this way between a wearable
and its paired phone over Bluetooth, balancing latency and energy without Internet access. For a whole
assistant, OpenJarvis [220] lets cloud models propose edits to a personal stack during search and keeps only
edits that do not worsen performance. It then runs the result entirely on the device, where it matches cloud
accuracy on several benchmarks at a small fraction of the cost per query.

Content that crosses the link. Placement also determines which representation leaves the device.
Shredder [195] adds learned noise to the intermediate features sent for cloud inference and compares information



Always-On Personal Intelligence: A Roadmap

leakage with inference accuracy. Choosing a split point and protecting the transmitted representation are
separate decisions: keeping computation local avoids that transfer, while feature protection changes the
information available remotely. A useful split returns task-relevant evidence within the assistant’s latency,
energy, and privacy constraints.

3.3.8 Where the Result Goes: Routing

Different recipients require different evidence. Dispider [144], for example, supplies compressed clip features
to a lightweight decision process and retrieves historical clips for a separate response module, continuing to
monitor during response generation. MIRIX [20] routes to memory instead: it combines incoming content
with retrieved context, and a central memory manager then selects specialized managers for updates. Dispider
separates evidence for immediate control and response generation, while MIRIX separates choosing a persistent
destination from maintaining its records.

Evidence can also go to a background process, whose result can arrive after the conversation has changed.
Thinking Machines’ interaction models [196] keep receiving the user’s input while they respond, and they
pass conversational context to asynchronous reasoning that runs in the background. MoshiRAG [227] applies
asynchronous retrieval to external knowledge. Retrieved text enters ongoing speech generation while the
model continues the conversation. A returned result can therefore be out of date, for example when the user
has cancelled the request in the meantime, so the assistant needs to check for such changes before using it.
Routing chooses both the receiving process and the context sent with the evidence. For example, a brief cue
that the user is busy serves only the current decision, while a new commitment needs a record with source
and timing information for later correction.

3.3.9 Learning the Sensing Policy

Beyond any single decision, the sensing policy itself can be learned. Most learning in the reviewed work
happens before deployment. For example, SVTAS-RL [209] optimizes online segmentation with reinforcement
learning, and VAGEN [228] rewards a multi-turn agent for describing the current visual state and predicting
the next one. Other works learn readiness and triggering: StreamReady [194] learns when streaming
evidence suffices to answer, and StreamMind [125] learns a gate that decides when its language model runs.
EyeRobot [229] and EyeRobot 2.0 [155] learn where to look by rewarding views that help their action policy
reproduce the demonstrated actions. These policies stay fixed once the assistant runs. A self-evolving loop
would instead revise its triggers, windows, or checks from the outcomes of its own deployment, for example
lowering a threshold after a missed event that Action needed. We found no reported evidence in the reviewed
systems of durable sensing-policy revision from deployment outcomes and subsequent use of the revised policy.

Across the eight decisions, the reviewed methods share three gaps, concerning evaluation, what is kept, and
placement. Most are evaluated against known queries or labels, which does not show whether observation
between requests kept the events a later decision needed. Activity categories are often fixed before deployment,
and each stored representation preserves only the information selected when it is created. Details needed to
interpret later routines or answer future questions can therefore be lost. Placement is chosen by accuracy,
latency, energy, or cost, and the reviewed methods protect what leaves the device in a separate step, without
weighing it in that choice. These gaps point to three directions: judging sensing by its coverage of later needs,
guiding observation with retained context through M — S, and weighing what information leaves the device
when deciding where computation runs.

3.4 Sensing Coupling Across the Loop

The local sensing policy determines how observations are acquired, interpreted, and delivered. In a continuing
loop, the policy’s decisions also depend on what the assistant remembers and aims to do. We examine what
the two incoming channels, M— S and A — S, supply to Sensing, which decisions they guide, and why that
guidance helps or fails. Table 7 compares representative implementations by their guidance, sensing use, and
reported evaluation.
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3.4.1 Local Decisions and Coupling Boundaries

Sensing’s local policy decides what to capture and how to interpret it, and these decisions can also be guided
by what crosses its coupling boundaries from Memory (M —S) and from Action (A —S). We classify the
guidance for these decisions by its source, which is Sensing itself, Memory, or Action, as Table 6 illustrates.
Local processing in Sensing acquires and interprets observations, for example by triggering capture from
motion in the current stream or by using a short frame buffer to interpret the scene. M — S is involved
when retained personal state guides acquisition or interpretation, such as using a persistent identity record
to recognize a person. A — S is involved when an intended action, plan, or execution state supplies an
information need or observation target. All three classes of sensing can receive this guidance.

These channels supply information, but the local sensing policy makes the choice, weighing that information
against current inputs and the shared conditions. The two channels can inform the same choice. In the
running example, a remembered routine suggests when to check whether the user is free, while Action’s plan
to remind specifies what the check must confirm. Memory can also reach Sensing indirectly through Action:
personal context first shapes the question the assistant asks, and that question then sets the next observation.
Over time, two kinds of change can follow. Feedback can correct the stored routine, which changes later
checks without changing how they are chosen. Self-evolution instead revises the mechanism itself, such as
how Memory selects guidance, how much weight Sensing gives an old routine, or how Action turns a plan
into an observation request.

Table 6 Local Sensing decisions and incoming guidance.

Relation Description Example

Local policy Makes acquisition and interpretation choices Current motion triggers image capture
M—S Retained personal state guides Sensing A stored identity helps recognize a person
A—S Action context supplies observation targets Action’s plan to remind prompts a check of

whether the user is free

3.4.2 Memory to Sensing: the M — S Channel

Choosing further observations with retained context. Retained context can guide which evidence
the assistant acquires next: the agent in IPIBench and Em-Garde direct attention within a stream, while
ProAct decides how much new evidence to acquire. The agent in IPIBench [129] stores a user’s monitoring
request as a monitoring task and turns it into text descriptions of the awaited event. Each new stretch of
video is compared with these descriptions before the agent responds. An ablation test that disables this
comparison lowers the scores across the monitoring tasks. Em-Garde [128] similarly turns a pending query
into short descriptions of the awaited event, once when the query arrives, and compares every new stretch
of video with them. ProAct [152], by contrast, checks how much of a predicted need its memory already
covers before it searches. High coverage reuses stored evidence, partial coverage limits the search to missing
subtopics, and low coverage starts an iterative search. ProAct’s evaluation compares directed with undirected
idle-time search and does not isolate the coverage check. If the stored task or the coverage record is out of
date, the assistant can watch for the wrong event or skip a search it still needs.

Interpreting new observations with retained context. Once observations arrive, retained context can
help resolve their ambiguity, both about who is present and about what a brief request means. M3-Agent [95]
stores an identity node for each known person and matches faces and voices in incoming clips to these
nodes before producing new event descriptions. It also accumulates evidence for face—voice equivalences, so
repeated consistent associations outweigh occasional conflicting links, and removing these links lowers later
question-answering accuracy in its ablation. Consistent identities come with a risk, since a wrong match
can propagate to later records. SpeechLess [134] uses personal spatial episodes to infer missing parts of a
short utterance or context-only request, which spares the user repeated explanation. In its interaction study,
articulation effort falls, but inference delay rises and accuracy drops for some abbreviated modes. Its risk is
different: an overly specific interpretation can make an ambiguous request appear settled before the user has
confirmed it.
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Identity guidance can also operate before language interpretation. Personal VAD [112] detects the target
speaker with an enrolled voice embedding, a numeric summary of the user’s voice stored on the device.
VoiceFilter-Lite [230] uses the same kind of personal reference to suppress competing speech before recognition.
The former controls which speech activates processing, while the latter controls what remains in the signal.
Their evaluations test detection and recognition, respectively: two points at which another person’s speech
can enter the assistant’s evidence. Similarly, Memento [231] applies retained references to visual localization:
an object named in a retrieved memory becomes a detector target in the current view. These methods connect
persistent identity or object references to current evidence without requiring the user to name them again.

Why memory-guided sensing is difficult. The difficulty of memory guidance lies in whether the retained
state still reflects the user’s preferences and current situation. Both can change after they are recorded, while
the assistant keeps trusting the old record, which leads to two failures. First, the assistant can misread
new evidence. The observations still enter the record, so a later check can find the mistake. Second, the
assistant can stop looking where the change happened. A missed observation leaves nothing to check,
as when a prediction-error trigger cannot notice a change in a stream it no longer samples. Asking fails
the same way, since the user’s reply is also an observation. In PAHF [232], simulated users change their
preferences. An agent that asks only before acting stops asking once its notes look certain, even after they
have become outdated, and adapts poorly to the new preferences. Feedback after acting avoids the problem,
since agents that receive it can correct those notes without having to ask.

Correction therefore depends on chances to revisit what the assistant believes. STALE [233] tests whether
agents notice that a later observation has implicitly invalidated a stored belief, which is the cue a fresh
check needs. Revisiting can cost movement, renewed access, or the user’s help, so an assistant can rely on a
remembered state for routine decisions, look further when it is uncertain, and still run occasional checks that
would reveal a changed routine, identity, or permission. Without such checks, the retained state that guides
observation can keep the assistant from seeing the very evidence that would correct it, especially when the
assistant observes only selectively.

3.4.3 Action to Sensing: the A—S Channel

Action guides Sensing at three points: before, during, and after execution. What an action intends and
expects sets what Sensing looks at next.

Reading what a pending action needs. Before an action, Sensing obtains the evidence that the pending
decision still lacks. General planners identify missing requirements and ask for them before planning [234], and
calibrated robot planners ask for help when several actions remain plausible [235]. Personal assistants acquire
such evidence as part of helping the user. ContextAgent [96], for example, reads location and then weather
when a planned suggestion depends on both, and Alpha-Service [131] sets visual triggers and queries for the
service tasks it dispatches. PARE [236] lets a proactive assistant run read-only queries across apps while a
simulated user acts, before it asks permission to execute. On smart glasses, the Egocentric Co-Pilot [151]
orchestrates perception and web tools for questions about the wearer’s current situation. Such a question or
read helps only when it addresses the uncertainty of the pending decision and its result returns in time.

Monitoring requirements during execution. Some requirements apply throughout an action. General
robot monitors translate task constraints into executable visual checks [150], and such a check is useful only
if its input contains the signal needed to detect the failure. In manipulation, the action itself can remove
such a signal, for example when a grasped object blocks a wrist camera. Vision in Action [156] learns from
human demonstrations to move a head camera on a robot neck and look past shelves and bags that block
the wrist cameras. EyeRobot 2.0 [155] instead uses a single stereo camera without wrist cameras: its two
eye viewpoints swivel to fixate the object the task needs next, and it processes the region around that point
at higher resolution. When grasped objects block the wrist cameras, EyeRobot 2.0 succeeds about twice
as often as the common wrist-camera setup. For an ongoing task, the method in Pro?Bench [237] lets the
planner supply visual cues for step progress and completion and uses the times of plan updates to choose
which video clips to check. SentinelBench [238] tests monitoring of live web applications while an agent waits
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for a condition. The same monitoring problem arises when a personal assistant checks whether a background
task still satisfies the user’s instructions.

Checking effects after execution. By checking an effect we mean reading the state that an action
produced, which differs from receiving a confirmation that the action was issued. General graphical-user-
interface (GUI) agents record an expected effect and verify it before continuing [154]. Systems that act for a
user check effects at several depths, from comparing results with expectations to changing what they keep
for later. AssistantX [2], deployed for a month and a half in a real office, compares message replies, robot
localization, and its locker’s lock signal with the expected outcome of each step, and ABot-Claw [6] uses a
critic to evaluate progress online and trigger local correction or replanning. Mobile-Agent-E [136] keeps the
lessons from its before-and-after screen comparisons for later tasks. KnowAct-GUIClaw [239] goes further
and uses screen evidence from a failed step to repair the stored skill in place. Other systems use the next
state as a training signal: OpenClaw-RL [240] learns from the user reply, tool output, or interface change that
follows each action. The user’s behavior can also be the observed effect. GAP [241] estimates where a home
robot should place objects from whether the simulated user builds on its placement or undoes it. Products
document similar checks: OpenAI’s Dot [16] checks the results of tasks it creates, and Grok Bot [242] confirms
that requested visual changes were applied. LIMBO [243] tests late commits and duplicate effects within
bounded tool tasks, while late effects across interactions and retained commitments remain untested.

Why action-guided sensing is difficult. First, a check has to come at the right time. The effects
of an action can be delayed: some show up at once, such as a tool confirmation or the user’s reply, while
others take hours, days, or weeks, and an observation stays valid only for a while. A check that comes too
early finds no result and can trigger a needless retry. A check that comes too late leaves the actions taken
before it to build on an unconfirmed assumption, and by then other changes can hide what the action did.
Even a missing result is ambiguous, since it can reflect failure, delay, or a view that hides the effect, and a
cancelled request makes its pending checks obsolete. Second, the source often sees only part of the
resulting state, a limit known as partial observability. A tool receipt can confirm only that a command was
accepted, while visible completion or a side effect requires inspecting the resulting state. One response to this
limit is to act: interactive perception [244, 245] studies actions that reveal otherwise inaccessible properties,
which makes acquisition part of the task. In personal assistance, such revealing actions have costs: asking
the user to look again adds effort, moving a robot adds physical cost, and opening another page requires
access. Useful A— S guidance therefore keeps checks tied to the active task and schedules them for when the
expected effects become observable.

3.5 Evaluation
3.5.1 Evaluation Metrics

An assistant cannot act on an event it never captured, so sensing evaluation has to test coverage as well as
recognition. Table 8 lists the benchmarks and evaluation protocols for sensing, grouped by the operation they
test. Their metrics answer four questions. Coverage asks whether the events that matter were captured.
Event recall measures the share of reference events the system caught, and the false-trigger rate measures how
often it activates without need. Measuring what was missed needs an event reference that does not come from
the observations the system selected. For on-demand sensing, coverage also includes whether the assistant
checks retained state again before relying on it. Interpretation asks how well the system understands what
it captured, measured by recognition accuracy and segment-level scores. Timeliness asks when enough
evidence becomes available and when a response follows. A latency comparison needs explicit start and end
points, including whether capture, processing, and transmission are counted. Cost covers sensor activity,
computation, and communication, and for on-demand sensing the cost of each check. Reporting the four
together shows the trade-offs of keeping observation going between requests.

3.5.2 Benchmarks and Evaluation Settings

Perception baselines. Perception baselines evaluate interpretation of supplied input, leaving acquisition
decisions untested [249, 250, 251, 252]. WearVQA [253], for example, targets smart-glasses use: questions ask
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Table 7 Representative implementations of M—S and A—S.

Work Guidance supplied Use in Sensing Reported evaluation URL
M —S: retained state guides observation and interpretation

ProAgent [130] Retained personas Interpret the current view Persona ablation /-

ProAct [152] Memory coverage Search only missing evidence Directed-search comparison (4 /O
Personal VAD [112] Enrolled voice embedding Detect target-speaker speech Detection precision—recall 2/

VoiceFilter-Lite [230]  Enrolled voice embedding Suppress competing speech Recognition error/noise /-

SocialMind [246] Stored face identities Identify known partners Persona-module ablation /-

M3-Agent [95] Face/voice identity nodes Ground new event records Identity-link ablation “2/0
Memento [231] Stored memory referents Locate objects in view Multi-day usage study r_.’/f

AiGet [247] User interests/expertise Interpret scene familiarity Profile/rule ablations /0
SpeechLess [134] Personal spatial episodes Resolve partial intent Speech-mode comparison @ /-

IPIBench [129] Retained monitoring tasks ~ Match task cues to frames Control/gating ablations /0
A —S: action context supplies information needs and observation targets

ContextAgent [96] Planned tool dependencies  Read location, then weather Tool-selection accuracy Z/0
Alpha-Service [131] Dispatched service tasks Set visual triggers/queries Service demonstrations /-

PARE [236] Pending proactive action Read-only queries across apps Simulated active users ) /O
Pro2Bench [237] Step cues and timestamps Select clips and track steps Plan-condition comparison [§/—

AssistantX [2] Expected task outcomes Check messages/robot state Agent-module ablations Z/0
Mobile-Agent-E [136] Executed phone action Compare before/after screens Complex mobile tasks /0
GAP [241] Robot object placement Observe whether it is undone Multi-day simulated homes [§/—

PITCH [248] Earlier daily plan Interpret later completion reports Daily-dialogue analysis /-

models to identify visible objects or check an assembly step against a manual, including images affected by
blur, occlusion, or poor lighting. ScreenSpot-Pro [254] targets professional desktop software instead, such
as CAD and image-editing tools: given a high-resolution screenshot and an instruction, the model locates
the intended interface element. Such baselines also show what current video models still do poorly. On
TOMATO [255], which asks about direction, counting, and the order of actions in short clips, the best model
scores 37.9% against 95.2% for people. In online video, OVO-Bench [256] puts the best model about 17 points
below people at identifying a sequence of actions, with streaming models further behind, and on fine-grained
kitchen actions in HD-EPIC [200] the best model scores 43.0% against 92.5%.

Capture coverage and cost. Another group of evaluations starts from real-world recordings and tests
whether a system can capture less, at lower cost, without losing performance. EgoTrigger [121] compares
continuous capture, uniform frame sampling, and audio-triggered capture, which records for a fixed duration
whenever it hears hand—object interaction sounds, on QA-Ego4dD and HME-QA. The audio-triggered capture
keeps comparable memory question-answering performance with roughly half as many frames as continuous
capture. On a Raspberry Pi 5 prototype, EgoTrigger also lowers average power by about a sixth compared
with continuous capture.

Organizing supplied streams. Other tests fix the stream and ask whether what was captured is organized
well. Within a supplied stream, a matched frame budget makes SimpleStream’s [257] recent-frame baseline a
useful control for more elaborate history selection. OnlineTAS [210] measures both frame accuracy and event
segmentation, the latter with an edit score that penalizes fragmented or out-of-order segments. On 50Salads,
its online post-processing raises the edit score from 28.8 to 71.5 while frame accuracy falls from 80.9% to
77.7%. Frame accuracy, event continuity, and capture savings therefore measure different things, and none of
them can stand in for another.

Readiness and response timing. Readiness benchmarks score timing together with correctness. Timing
matters because no request marks the moment to respond, so judging when enough evidence has arrived
is part of the task. For example, in step-by-step guidance on smart glasses, a warning given before the
user has picked up the wrong part only confuses them, and one given after the part is fastened comes too
late to prevent rework. StreamReady [194] annotates the time windows containing answer evidence and
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scores whether a response was premature or delayed. OVO-Bench [256], ESTP-Bench [258], TeleEgo [259],
EgoPro-Bench [260], and OmniMMI [261] similarly ask whether a response uses the evidence available so far.
WearVox [262] covers the decision not to respond, testing whether an assistant ignores side talk, speech not
addressed to it.

Checking again. Few evaluations score the decision to observe again. Retained state can go stale without
any signal: a gate change posted on the airline’s website leaves the stored itinerary looking correct until
the assistant checks again. VibeLifeBench [199] builds multi-week tasks in a simulated world of 22 services
whose changes are often silent, so a high score requires inspecting the world again without being told to.
MCB [198] instead separates storing, one-time use, re-verification, and asking the user, which shows where a
failure occurs.

Guidance from Memory and Action. Coupling evaluations examine how retained context and action
plans guide observation. Tests of M— S guidance include Personal VAD [112] and IPIBench [129]. Personal
VAD uses an enrolled voice, and IPIBench tests monitoring requests that users add, edit, or cancel during
a stream. PAHF [232] and STALE [233] let retained beliefs go out of date without notice and score the
agent’s questions and judgments, but no reviewed test counts the observations outdated retained state led
the assistant to skip.

For A — S guidance, response quality alone does not show whether a plan guided observation in time. The
method in Pro?Bench [237] handles both monitoring and response. Run with no plan, a generated plan,
and the correct plan, it ranks these conditions differently by response quality and by intervention timing.
SentinelBench [238] also scores reaction time and waiting cost. In manipulation, TAVIS [263] measures how
long before the grasp a policy’s gaze arrives at the target. Imitation policies match the lead time of the
human demonstrations but move the head in more, smaller steps, which success rate does not reveal.

What Sensing Misses Is Rarely Evaluated

Always-on sensing cannot yet afford high frame rates, and what it misses is lost. Power
limits keep always-on wearables at low frame rates, yet many everyday actions last under a second and
can fall between frames. Unlike a misread frame, an uncaptured action leaves no record and no error
signal, and the assistant cannot replay the user’s day to recover it.

Stale memory hides the evidence that would correct it. When the world changes without notice,
an outdated record can keep the assistant from looking where the change happened, and no reviewed
test counts the observations it skipped.

No reviewed work shows that a revised sensing policy misses fewer events. Showing this
needs an independent record of what happened and a comparison before and after the revision.
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Table 8 Sensing benchmarks and evaluation protocols.

Benchmark / protocol Setting Evaluated content Framework URL
Perception baselines: supplied input

EExtraSensory [264] Phone/watch sensors Daily context recognition TS 2/
EBEgo4D [265] Egocentric video Activity, recall and social understanding TS 2/0
£"3VVeaL1fVQA [253] Wearable capture VQA under authentic capture conditions TS ['_.7'/7
&EgoNight [250] Aligned day/night video Day/night VQA, retrieval and depth TS /0
&EgoSound [249] Egocentric audio/video Sound understanding and audio-visual QA TS /0
EEgoSAT [266] Egocentric stream Interaction QA and confidence calibration TS, C¢: unc. 2/0
BEgoCross [251] Specialist-domain clips VQA beyond daily-life domains TS 2/0
BScreenSpot-Pro [254] Screens GUI grounding on high-resolution screens TS /0
BWebPII [267] Screenshots Sensitive-region detection TS, C¢t priv. /-
2GUIGuard-Bench [169] GUI agent trajectories Privacy regions, risk, task need TS, Ct: priv. Z/0
®SmartHome-Bench [268] Home-camera clips Anomaly detection with rationales TS /0
BENACT [252] Simulated household replays Forward and inverse world modeling TS /0
Continuous and triggered capture: coverage and cost

&EgoLife [94] Multi-day recording Event recall and reasoning S—M, B /0
BEgoTrigger [121] Recorded egocentric video Frame count, QA, and power S— M, cq: res. /0
6‘;Ego—METAS [187] Continuous streams Sensor selection under energy budgets TS, Ct: res. /-
Organizing supplied streams

OnlineTAS [210] Arriving video Frame and segment scores TS /-
Kinetics-GEBD [218] Supplied video Event boundaries without action classes TS /0
SimpleStream [257] Frame budget Recent frames versus history use S— M, cy: res. /0
E9Flash-VStream [205] Long video stream QA on the video so far TS 2/0
&SensorQA [269] Phone/watch histories Activity QA over days to weeks S—M, c¢: res. Z/0
8HD-EPIC [200] Multi-day kitchen video Recipe, object-motion and gaze VQA S—M 2/0
EBSENRI-Bench [270] Hours-long chest camera Event—place recall in both directions S—M /-
BEVuRAL [271] Multi-resident sensors Resident attribution and descriptions TS /-
Readiness and response timing

6'3TeleEg0 [259] Egocentric stream Recall, accuracy and timeliness S—A, S—M /0
80VO-Bench [256] Video prefix Recall and response under a prefix S—A 2/0
bStreamReady [194] Evidence windows Answer correctness and timing S—A 2/~
EBESTP-Bench [258] Evolving questions Timely responses S—A /0
&EgoPro-Bench [260] Egocentric stream Intervention timing and memory consistency S—A, M—A, ¢R 2/~
&Full-Duplex-Bench [272] Spoken dialogue Pauses, backchannels, turns, interruptions S—A /0
EWearVox [262] Wearable audio Side-talk rejection S—A, ¢R /-
E9ProactiveVideoQA [273] Four video sources Reply timing (PAUC) S—A /0
®HomeSafe-Bench [274] Robot hazard clips Alert timing before impact S—A, €R, ci: res. 2/0
On-demand: checking again

BVibeLifeBench [199] Silently changing world Re-inspection over weeks M-S, ¢R, B 2/0
BMCB [198] Memory decisions Verification versus clarification A—S, M—S, ¢ unc. (/-
SEnvTrustBench [167] Misleading tool outputs Verification before acting on claims A —8S, ¢ unc. 4/
®PInVerify [275] Multi-view home scans Verify the item before acting TS, Ct: Tes. /0
S®EXPRESS-Bench [276]  Simulated home scans Grounded answers, path cost TS, Ct: Tes. /0
BLA-EQA [277] Scenes across days Recall or re-explore, path cost M—S, B, c¢: res. E/O
Guidance from Memory and Action

&Personal VAD [112] M —S: enrolled speaker Target-speaker detection M —S, ¢;: res. ['_.7'/7
&VoiceFilter-Lite [230] M —S: enrolled speaker Recognition with competing speakers M —S, ¢t res. /-
&[PIBench [129] M —8S: stored tasks Monitoring tasks added, edited or cancelled S—A, M—A, M—=S /0
&pro?Bench [237] A —S: step cues Intervention timing across plan conditions S—A, A—=S 2/~
BSentinelBench [238] A — S: waiting targets Condition-based waiting: success, delay, cost S—A, A—S, ¢;: res. [F/-
BTAVIS [263] A —S: grasp targets Gaze lead time, head versus fixed camera A—S /0
@VABench [278] Tabletop manipulation Active versus fixed camera views A—S,S—A /0
®TVRBench [279) Simulated indoor homes Reach a target view actively A—S,S—A /0

Framework: mg marks a protocol that scores the Sensing policy alone, with no coupling channel; X —Y denotes a coupling channel; c¢;
gives the shared conditions that are scored; ¢ R marks a scored decision at a step outside R, where no explicit request is being carried
out; B marks state that is retained when an interaction ends and is used later. A channel is marked only when the score of the protocol
depends on that flow between modules. No protocol in this table scores a mechanism revision (6;). Condition abbreviations: priv.

privacy, res. resources, unc. uncertainty.
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4 Memory

Memory keeps what the assistant learns about the user and hands it back when a decision needs it or a
commitment falls due. Its records come both from what the user says and from what the assistant infers,
such as habits, and they build up over months or years. Over such a span, the main difficulty is that a correct
record can become wrong when the user’s preferences or circumstances change, and a wrong record keeps
shaping later assistance until something corrects it. Memory has two further duties: it holds commitments
until their moment arrives, and it records who supplied each item and who is allowed to use it. For the
continuing loop, Memory provides the state durability of §2.1: it keeps whatever must outlast an interaction,
such as task progress or a pending commitment, so that the assistant can resume where it stopped. For a
self-evolving loop, it also keeps the assistant’s own actions and their outcomes, the record from which that
loop revises the mechanism, including how Memory admits, uses, and retires information. The two roles draw
on records of different times: resuming assistance needs mainly what holds now and what is still pending,
and revision needs what happened. As shown in Figure 8, we therefore describe retrospective, profile, and
prospective memory, then cover shared conditions, the local policy, coupling, and evaluation.

{Retrospective memory What happened: events, conversations, own actions

SR ‘Profile memory
§4.1

{Prospective memory

What holds now: preferences, facts, routines, task
progress

What is pending: commitments awaiting a trigger

{Retention limits Privacy requirements, consent and deletion requests

Shared
conditions Cost over time each model call
§4.2 Reachability De\{ice and remote stores, offline periods and several
devices
{Admission / encoding §4.3.1-What to store and in what form

Indexing §4.3.2

} Storage, maintenance work, search time and room in
J How state remains reachable

Retrieval / delivery §~1.3.3} What is exposed now

Policy
§4.3

Consolidation / correction §4.3.4} How records change

Memory

Learning §4.3.6} How memory rules are learned and revised

Local / coupling boundary §4.4.1} Incoming evidence for local storage and maintenance

{Retirement / forgetting §4.3.5-What stops influencing later decisions

Coupling oM §4'4.2} Selected observations and detected commitments, with
§4.4 source
| /Action context, immediate results, and the assistant’s
A—M §4.4.3 .
own promises
Evalnanon {Evaluatlon metrics §4.5 1} Entry, validity, use, retirement and cost
§4.5 Benchmarks / settings §4_5.2} Recall baselines, admission, validity, commitments, later
use

Faulty memory can trap the system in repeated mistakes: detection, repair and safe revision

Figure 8 Memory section structure and taxonomy.

4.1 Memory Space

The memory space covers what the assistant keeps for later decisions and the format in which it keeps it.
§4.1.1 classifies records into retrospective, profile, and prospective memory by the time they describe, and
§4.1.2 describes how they are represented and stored. These classes need different maintenance: a preference
and a pending task can both outlive the same conversation, yet they are kept current in different ways. A
long context does not remove this need. It makes more history available within one model call, but how well
a model uses that history still depends on where the information sits and on the task [280, 281]. Because
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retained records serve later decisions as the user’s circumstances change, a record’s value depends on the
decisions it supports and on the work needed to keep it valid.

4.1.1 What Persists: Past, Present, and Future

Retrospective memory: what happened. Table 9 lists the different classes of memory. Retrospective
memory keeps records of observed events, conversations, and the assistant’s own actions together with the
responses they drew. Each record keeps its source and time, so a later decision can reinterpret it when
new evidence arrives. Its typical failure is evidence that is lost or no longer shows where it came from.
MemMachine [285] and ABot-AgentOS [290] guard against this by keeping provenance, a trace of where each
record came from. With this trace, a record can be revisited. The records come from four sources: what
the user says, what the assistant observes, what it infers, and what its actions leave behind. Conversational
memory systems cover the first and third: they retain dialogue histories and derive higher-level descriptions
from them [18]. MemGPT/Letta [19] and MemoryOS [284] then decide which parts of that history enter
a bounded model context, the limited input a model reads in one call. Observation extends the history
beyond dialogue. Vinci2 [283] assists over continuous egocentric video, filmed from the wearer’s point of
view, and recovers visual detail from compressed records, and Imprint [193] compresses egocentric streams
online for later questions. Windows Recall [139] keeps a searchable screen history on the user’s computer.
The assistant’s own actions complete this history: AssistantX [2] keeps its executed tasks and their checked
results until an instruction is complete, then clears them, and KnowAct-GUIClaw [239] records the results
of subtasks. Keeping such records across interactions provides state durability, and the actions with their
outcomes are also the trajectory a self-evolving loop learns from. As records accumulate, the challenge is to
find the ones that matter for the current decision.

Profile memory: what holds now. Profile memory keeps what holds now about the user, their world,
and their ongoing tasks. It covers preferences, facts, relationships, and routines, together with current goals,
plans, and progress. Keeping these items valid is the main maintenance problem [233, 321], since a stale value
can stay in use after it stops being true. Each item has a validity that can be standing, temporary, or expired.
Temporal and relational stores maintain such items across sessions by recording when each item holds and how
items connect [294, 92, 296, 297]. Profile content can also come from other users, as when PGraphRAG [300]
fills sparse user histories with information from related users. A preference inferred this way needs a source
label that keeps it apart from one the user stated. PersonaVLM [301] adds a further source, extending the
profile to visual observations. User as Code [302] changes how the profile is represented: it keeps typed
personal fields, each holding a declared kind of value, so queries can read them exactly. Ongoing tasks belong
to the profile as well: KnowAct-GUIClaw [239] checkpoints unfinished work so that it can be resumed, and
HealthClaw [303] maintains longitudinal health state that guides later assistance. Task progress records what
has been done, while an obligation to continue at a later moment is a prospective commitment. Carrying
current profile content across interactions is state durability and lets the assistant fit the user better over
time. The profile states what holds now, but some of what the user needs is due at a later moment.

Prospective memory: what is pending. Prospective memory keeps commitments that wait for a time,
an event, or a condition, so that the assistant can act at the right moment without a new request. It fails
when a reminder is missed, arrives when nothing is due, or repeats. The simplest come from explicit requests,
such as a reminder in Pally [312] tied to arriving at or leaving a place. Many other commitments are never
stated as requests to the assistant but arise in places such as the user’s email, chats, and spoken conversations.
Email assistants track conversations that still need the user’s reply and replies the user is still waiting
for [314]. Texting assistants turn agreements in a chat thread into tracked tasks [312], and wearables turn
spoken action items into tasks or drafts [138, 310, 322, 323]." The assistant’s own promises are commitments
too, and the Long-term Task-oriented Agent (Long-term TOA) [315] writes its trigger conditions from the
dialogue. Whatever its source, a commitment record holds three fields: a condition, an intended action,
and a status. The Prospective Intention Store (PIS) [316] keeps each intention in these fields, with pending,
done, or cancelled as the status. User as Code [302], by contrast, writes alert conditions as executable rules

1Omi help center: https://help.omi.me/en/articles/13135362-first-steps; developer documentation: https:
//docs.omi.me/doc/developer/apps/Notifications
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Table 9 Representative memory systems by what they keep.

‘Work Source Key feature Input URL
Retrospective memory

&VoiceMem [282)] Dialogue Retrieval starts from partial speech Streaming speech /-

EVinci2 [283] Observation Detail recovered from summaries Egocentric video 2/0
&Imprint [193] Observation Online stream compression Egocentric streams /-

63Light Mem-Ego [137] Observation Background capture, later recall Phones and glasses /0
EMemoryBank [18] Dialogue Summaries of dialogue history Conversations “2/0
EMemGPT/Letta [19)] Dialogue History paged into context Conversations Z/0
EMemoryOS [284] Dialogue Selects history for context Conversations /0
E)MemMachine [285] Dialogue Keeps where each record came from Conversations Z/0
SLightMem [286] Dialogue Topic groups, deferred upkeep Conversations “z/0
B5leep-time compute [287] Dialogue Processes context between requests Conversations (24} /O
BWindows Recall [139] Observation Searchable screen history Desktop screen /-

EPANDO [288] Own actions Rules and routines after each task Browser tasks 2/

SAWM [289] Own actions Workflows induced from past tasks Web navigation z/0
& ABot-AgentOS [290] Observation Source-linked graphs over time Robot sensors /-

ESTRANDS [4] Observation Learns site patterns over months Mobile robots “2/0
SH-EMV [291] Observation Summary tree of robot history Humanoid robot logs Z/0
BH2.EMV [292] Observation Learns what to forget from feedback Humanoid robot /-

& AssistantX [2] Own actions Tasks with checked results Office robot logs 2/0
@PhysMem [293] Own actions Keeps tested physical hypotheses Robot interaction Z/0
Profile memory

6350cialMind [246] Dialogue Partner personas, conflicts replaced AR glasses /-

&0mi Memories [138] Dialogue Facts about people and preferences Wearable audio /-

EAiGet [247] Personal records Interest profile steers both prompts Smart glasses /0
&9Personal VAD [112] Personal records Enrolled voiceprint on device Audio + voiceprint /-

B7ep [294] Dialogue Facts with validity times Conversations “2/0
SA-MEM [92] Dialogue Linked notes that evolve Agent interactions “2/0
EMem0 [295] Dialogue Add, update, or delete facts Conversations E/O
EMOSAIC [296] Dialogue Entity records, conflict handling Conversations /-

BRaMem [297] Dialogue Facts anchored to event time Conversations Z/0
BChatGPT Memory [298] Dialogue Background synthesis over time Conversations @ /-

EAdaMem [299] Dialogue Learns what to write per user Conversations 2/0
EpCGraphRAG [300] Related users Fills sparse user histories Other users’ data “2/0
EPersonaVLM [301] Observation Profile from visual input Images + dialogue Z/0
BUser as Code [302] Personal records Typed personal fields Personal data (4] /O
EKnowAct-GUIClaw [239]  Own actions Checkpoints unfinished work GUI execution Z/0
DHealthClaw [303] Health records Longitudinal health state Health data z/0
BNoa [304] Dialogue Resident profile and dated events Care-home robot /-

®PHILIA [5] Observation People and preferences across robots Several robots /-

SEgoMem [305] Observation Knows users by face and voice Camera + microphone /-

@\ oveCare [158] Observation Compares readings with earlier ones Robot + smart objects [F/-

& TidyBot [306] Observation Placement rules from examples Example placements /0
@ Ayub et al. [307] Observation Old object contexts fade over time User-taught images /-

@DynaMem [308] Observation Removes moved objects from the map Mobile robot 2/0
BDovSG [309] Observation Local scene-graph updates Mobile manipulator & /O
Prospective memory

&9Bee tasks [310] Speech Spoken action items to tasks Wearable audio 4/~

&0mi tasks [138] Speech Action items from recordings Wearable audio /-

&Memento [231] Observation Resurfaces interests in context AR headset /-

BCareCall [311] Speech Closes items on user report Phone calls 2/

EPpally reminders [312] Request and chat  Place reminders, chat tasks Messages + location /-

B0rchid [313] Request and chat ~ Reminds only if condition holds iMessage /-

Bnbox Zero [314] Email Tracks pending replies Email “2/0
SLong-term TOA [315] Own promises Triggers written from dialogue Conversations /-

2PpI1S [316] Narrative text Condition, action, and status Text /-

SGapChat [317] Dialogue Event progress from time gaps Conversations 2/0
®Family reminders [318] Request and chat ~ Reminds when time and scene match Home robot camera /-

BENiQ reminders [319] Request and chat  Appointments told by the user Social robot /-

SPALRO [320]

Observation

Reminds when daily vitals are missing

Robot + vital signs
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over the typed user state, which makes them part of the mechanism (§2.4). PM-Bench [324] tests whether
such commitments resurface when due, and TriggerBench [325] tests whether constraints stated without a
request resurface when a trigger arrives. The research priority is reliable fulfillment of still-valid commitments:
choosing and adapting when and how to check their triggers as user needs and privacy requirements change,
within power and latency budgets.

4.1.2 Representations and Storage

Across the three classes, the format in which a record is stored decides which details a later decision can
recover and how easily a wrong record can be corrected or deleted.

Raw records and summaries. Raw records, such as full transcripts, logs, or screen histories, keep the
original content, including its most sensitive details. A long raw history can exceed the model’s context, so
systems move parts of it in and out or search it on demand [19, 326]. Summaries are compact and easier to
read [18, 286], but they drop details and uncertainty that some later questions need.

Structured records and embeddings. Structured formats make relations among people, entities, and
times explicit [294, 92], but a fact spread across nodes and links is hard to correct in full. Embeddings,
numeric vectors that place similar content close together, support fast similarity search [295]. Similarity does
not show which record is current, so Mem0 [295] adds an update step that replaces or deletes an outdated
entry when a correction arrives.

Code and dense state. Code, such as a skill library or typed rules [327, 302], and dense numeric state
updated by a learned rule [328] store procedures and past interaction compactly. Because code specifies how
a policy operates, it belongs to the mechanism, and changing it is a revision.

Parametric memory. Parametric memory blurs the line between stored records and the mechanism,
because it stores content in model parameters. MemoryLLM [329] adds memory parameters to each layer
of the network and overwrites a small part of them with each new text, and Cartridges [161] trains a small
key—value cache for each document collection, matching the quality of placing the whole collection in the
prompt with 38.6 times less memory. Such memory is compact, but a single record in it is hard to inspect,
correct, or delete.

The choice of a storage architecture. Storage design belongs to the implementation of §2.4. Here we
ask how it changes what the assistant can keep and read back. An assistant that runs all day takes in a steady
stream of conversations, screens, and sensor readings, as multi-day egocentric recordings show [94]. Keeping
more of it costs storage, and writing, indexing, and searching it costs computation and energy, which are
scarce on wearables and phones. Storage design therefore decides how much history the assistant can afford to
keep. Memory operating systems, for example, organize storage into hierarchical tiers [330]. Retrieving more
history also does not always help. One comparison finds that broad retrieval helps factual question answering
but can crowd out the context needed for actions over several steps [331]. Compact learned memory faces a
different limit over long use. Metis [328] stores history in a dense memory state, and in its tests recall of
earlier personal facts declines as later facts are added.

4.2 Shared Conditions for Memory

We focus on the three shared conditions that bind Memory most: privacy requirements, resource budgets,
and availability. All three come from the gap between writing a record and reading it, which can span months
and more than one device.

What is the assistant allowed to keep, and for how long? Privacy requirements and retention
permissions decide which content is allowed to become a record and how long it can stay. Three parties
set these limits. The user grants or withdraws permission and can ask for deletion, the provider’s terms fix
how long data is held and where it is processed, and other people involved have expectations about being



Always-On Personal Intelligence: A Roadmap

recorded. Records from one meeting can therefore fall under different limits. Notes that the user dictates
during the meeting can be kept, but what colleagues said in that meeting is their information, and the user’s
consent, does not cover it. Current systems enforce these limits mainly at capture and through user controls.
Windows Recall [139] stays off until the user turns it on, lets the user filter apps and websites, and deletes
screen snapshots on request. Bee [310] never stores audio and lets the user delete transcripts and summaries
at any time. Other limits act when stored content is used, as when an audio model refuses queries about
incidental bystander speech [174]. Because a record can be read months after it was written, it has to carry
what these limits need: its source, owner, permission, and validity. These fields say who supplied the record,
whose information it is, who is allowed to use it, and when it stops holding.

What does keeping and searching cost as the store grows? FEven content that the assistant is allowed
to keep has a cost, because an always-on assistant adds records for months and each record keeps costing
after it is written. Each retained record takes storage and maintenance work. Letting records expire saves
this work, but once an event’s only accessible record expires, retrieval cannot recover it. Reading also grows
more expensive, because search slows as the store grows and each model call has limited room for the records
it receives. Memory’s resource budget therefore covers storage, maintenance work, search time, and room in
each model call.

Can the store be reached when it is needed? Beyond cost, a record helps only if it can be read when
a decision needs it, which depends on where the record is kept. When the user carries several devices, for
example, a reminder set on the phone helps only if the smart glasses that deliver it can read it. A local
store keeps personal data on one machine and stays readable offline, but other devices reach it only through
that machine. Windows Recall [139] stores and processes its screen snapshots on the user’s computer, and
OpenClaw [332] and Hermes Agent [333] keep memory files on the machine that runs the agent. A cloud
store stays available while the user’s devices are off, but it cannot be read while the device is offline, and
network delay slows every read. OpenAI’s Dot [16] works on its own cloud computer between conversations.
MemPrivacy [334] splits records between the two. It keeps sensitive values on the device and sends only
placeholders that mark each value’s type to cloud-side memory, so restoring a full record needs the device.

4.3 Memory Policy

A memory error can start in an earlier decision about the same record, so we follow a record through its life.
Table 10 organizes the local Memory policy mys around the decisions made over that life. We compare these
decisions by what they preserve, what they cost to store and read, and which records later repairs can reach.
The decisions also affect one another. Encoding, for example, can remove details that retrieval later needs,
and consolidation can create more records that need correction.

Table 10 Local Memory decisions.

Decision Main choices Trade-off Representative works

Admission Create/refresh/omit Omission/repeated influence AdaMem [299], ProEvent [335]
Encoding Episode/summary/typed record Detail/read cost Vinci2 [283], PIS [316]

Indexing Identity /time/links Valid scope/stale links Zep [294], A-MEM [92], RaMem [297]
Retrieval Search/filter /push when due Coverage/delay/false alarms VoiceMem [282], User as Code [302]
Consolidation Summarize/derive/defer Compact reads/lost lineage LightMem [286], DCPM [336]
Correction Amend/version/defer Consistency/early overwrite MemConflict [321], STALE [233]

Retirement  Expire/close/redact/remove Deletion reach/later utility Memora [337], PANDO [288]

4.3.1 What to Store and in What Form: Admission and Encoding

Admission. Admission decides whether to create a record from candidate content, refresh an existing
record, or leave the store unchanged. Because the same observation can vary in value across people or tasks,
AdaMem [299] learns personalized writing decisions, while PerMem-Bench [338] evaluates which content is
worth storing for a particular user. Commitments pose their own admission problem, since a casual agreement
in a chat can be the only record of a promise. ProEvent [335] tests this problem by asking agents to maintain
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a user’s timetable from ongoing instant-messaging chats. The Prospective Intention Store [316] finds the
stretches of narrative input that state commitments and turns them into typed records. The user also shapes
admission: instructions, confirmation, and retention settings give direct control over what survives, and a
private utterance can support the current response without becoming a persistent record. Whoever decides,
selective writing reduces storage and exposure, but omitting a commitment can discard the only evidence a
later reminder needs. Broad writing, by contrast, preserves more evidence but carries uncertain identities or
interpretations into later decisions, and even routine chats can unintentionally corrupt the durable state that
later assistance relies on [339]. The choice between selective and broad writing depends on the cost of each
error and on whether the original evidence remains available for reconsideration.

Encoding. Encoding then decides which details, uncertainty, and source links survive the write. Textual
events and reflections drawn from them support flexible recall [18, 340], and MemGPT and MEM1 keep the
cost of reading them within a fixed context size [19, 341]. Keeping the original episodes, as MemMachine [285]
does, lets a record be reinterpreted after a correction, but the assistant then pays to retain, access, and
eventually remove them. ABot-AgentOS [290] keeps the source through links, writing graphs that record
where each item came from and hold both current and past state. Vinci2 [283] keeps compact summaries
linked to visual reconstruction, so a query can recover detail the summary left out. Typed fields support
exact queries instead. In User as Code [302] and the Prospective Intention Store [316], code, not the model,
checks alert conditions and tracks whether a commitment is still pending.

4.3.2 How State Remains Reachable: Indexing and Identity

Indexing. Indexing gives each record the keys that later searches use to find it. Finding similar text is not
enough: a note that someone is on a low-sugar diet can concern the user or a family member, and it can
last only a month. As coding agents have grown more capable, a recent trend is to keep memory as plain
text files that the agent reads, searches, and edits with tool calls. OpenClaw [332] writes Markdown notes
and daily logs into the agent’s workspace, and Hermes Agent [333] keeps two short files, its own notes and a
user profile. Infini Memory [342] also organizes memory as topic documents that the model reads through
iterative tool calls. The index then consists of file names and the agent’s search tools. In a real deployment,
however, the assistant adds notes every day for months, and the files keep growing for as long as it runs.
Much of what it observes is also multimodal, such as photos, audio, and screen recordings, which a text file
holds only as a caption or a link. A collection of free-form notes this large is hard to manage, and its lines
are hard to trace back to their sources. Structured indexes instead add explicit keys and links. Zep [294]
represents temporal structure, A-MEM [92] links evolving notes, and MOSAIC [296] organizes records by
entity and handles conflicts when saving them. RaMem [297] answers such questions of identity and time
by anchoring fragments to event time, mention time, session span, and participants. Across several base
language models, its retrieval, which checks when each fragment was valid, improves F1, which scores both
the correctness and the completeness of results.

Maintenance and updates. An always-on assistant keeps writing while it runs, so its store has to be
updated without pausing the assistant. Some systems update at write time. Graphiti, the engine behind
Zep [294], keeps a contradicted fact but closes its validity window, so the old value stays as history. Mem0 [295]
now only adds facts and decides at retrieval which dated fact applies.’ File-based agents edit memory during
their own work. Hermes Agent [333] caps each memory file, so the agent must shorten or remove stale entries
before a new one fits,” and OpenClaw [332] saves key context to the daily note before compacting a long
conversation.” Other updates run in the background between sessions. ChatGPT [298] and Hindsight [343]
synthesize memory from many conversations this way, and ChatGPT rewrites a note about an upcoming trip
into the past tense once the trip ends.* Each structure also brings its own errors. Correcting a fact in text
files means finding every note that repeats it, and when a graph merges a new entity into the wrong node, a
valid preference can attach to the wrong person. Incremental updates can also leave stale links, which can be
detected by rerunning the searches that previously returned the old record.

1MemO research: https://mem0.ai/research

2Hermes Agent memory: https://hermes-agent.nousresearch.com/docs/user-guide/features/memory
30penClaw memory: https://docs.openclaw.ai/concepts/memory

4ChatGPT dreaming: https://openai.com/index/chatgpt-memory-dreaming/
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4.3.3 What Is Exposed Now: Retrieval and Delivery

Retrieval. Retrieval selects which retained records reach the decision at hand. General agent memories
keep evidence outside the model’s context and search it selectively, for example through session memos over
a full-record store [326] or retrieval called from within reasoning [344]. For a personal assistant, the time
available for search depends on when the next decision comes, during a conversation or between requests.
VoiceMem [282] starts retrieval from partial speech, so context is ready when the user finishes speaking.
Searching more widely improves coverage but also mixes in evidence of different reliability, as when preferences
inferred from related users enter the pool. DynamicMem [345] identifies retrieval as a major error source in
long, multi-application histories. Long-video systems that caption first and then reason over the captions,
such as LLoVi [346] and VideoTree [347], work like caption-based wearable memory and share its main failure:
a detail left out of the captions cannot be retrieved later. With human-written captions instead of a learned
captioner, LLoVi’s accuracy rises from 55.2% to 66.0%.

Whether a retrieved record is passed on depends on three things: whether it bears on the current decision,
whether it still holds, and who will see or hear the output. The last matters even for a record that is true
and relevant. Reading the user’s correct address aloud in a room with other people, for example, discloses
it to them. Similarly, the assistant can use the user’s low-sugar diet to rank restaurants, but it should not
mention the diet aloud or pass it to a tool that shows the results to others. SteeM [348] lets the user control
how much the assistant relies on memory. OP-Bench [349] measures irrelevant personalization, repetition,
and sycophancy, a tendency to agree with the user against the evidence. The Compliance Trap [350] traces
how conflicting memories propagate.

Delivery. Retrieval answers a query, whereas a pending commitment reaches Action when its trigger holds,
even if no one asks. Delivery therefore relies on a check that runs automatically. Checking more often
catches more due commitments but also raises more false alarms, and the designs below differ in when they
check. For example, the Prospective Intention Store [316] first filters pending intentions, then checks time
conditions and queries hidden information sources before deciding which are due. Some systems check when
an event occurs. User as Code [302] runs its rules whenever the typed state changes, and Memento [231]
resurfaces a user’s interests when a similar activity recurs at a comparable place and time. Other systems
poll on a schedule: Long-term TOA [315] passes its trigger conditions to a periodic background monitor, and
OpenClaw’s [332] heartbeat runs periodic check turns that stay silent when nothing needs attention.! A
condition can also be checked again just before delivery. Orchid [313] reminds only if the watched condition
still holds, and the MoveCare [158] home robot checks each week whether the user has already measured
their weight before reminding. Feedback can narrow the watch, as when a user tells Caddy [351] that an
alert was not useful. Benchmarks for these checks measure this trade-off. In PM-Bench [324], a to-do ledger
of pending intentions gives the highest precision, the share of actions taken that are correct. Fixed 30-minute
heartbeats, in contrast, catch the most updates but add many false alarms. TriggerBench [325] finds that
stronger reasoning improves recall but can drift toward reminding every time.

4.3.4 How Records Change: Consolidation and Correction

Consolidation. Consolidation turns repeated episodes into summaries, preferences, or procedures [289, 293].
Mobile-Agent-E [136], for example, derives Tips and executable Shortcuts from completed tasks, which can
speed up later execution. Because Shortcuts are executable code, writing them also revises the mechanism.
Some designs link each consolidated record to the episodes it came from, or hold new episodes in a buffer
before merging them [352, 336, 342, 353, 354], so the supporting evidence stays available as records change.
Methods also differ in when they consolidate. LightMem [286] groups topics and defers maintenance, and
sleep-time processing [287] maintains records between requests, which keeps this work out of response time.
Consolidation also has a cost. Controlled update studies [355] and LifeDialBench [356] find settings where
rewritten summaries are less useful than preserved episodes. A consolidated reminder preference, for example,
saves repeated interpretation, but the individual dismissals are still needed to tell a recurring objection from
one busy afternoon. The saving is worth it only when the summary keeps the distinctions that later decisions

1OpenClaw heartbeat: https://docs.openclaw.ai/gatevay/heartbeat
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depend on. During consolidation, an always-on assistant still needs a usable record and a way to carry later
corrections into the summaries it produces.

Correction. Correction depends on why a stored value needs to change. If the user’s situation changed, as
when they move, the new address replaces the old one, but the old one was true when it was recorded, so
versioning keeps it as history. If the record was wrong from the start, as when a name was misheard, it can
be amended in place. MemConflict [321] draws similar distinctions among temporal, factual, and contextual
conflicts. When it is unclear which value holds, overwriting the older record can discard the correct one, and
asking the user can settle the question before a pending action uses either. A commitment can also change
while the assistant waits to carry it out, and its trigger must then change accordingly. In PM-Bench [324],
pending tasks are rescheduled, cancelled, or tied to a different event, and acting on the old version counts as
an error. Even the best of the tested setups carries out fewer than half of the updated tasks at the right time.
Updating one record, however, does not repair the records derived from it. StateAuditor [357] shows that
summaries, later responses, and cached reads, which reuse earlier lookups, can still depend on the old value.
An always-on assistant can therefore remember that the user corrected a preference yet still fail to follow it
in the next interaction.

4.3.5 What Stops Influencing Later Decisions: Retirement, Forgetting, and Deletion

Ending validity and ending access. We distinguish the ways in which records end. Some end a record’s
validity: a meeting time expires once the meeting has passed, and a new time supersedes the old one. Others
end access: redaction removes only the private details of a record, and deletion removes the whole record.
When a record is removed, the store can keep a small marker in its place, called a tombstone, so that the
revoked record is not imported again. The choice follows the user’s need: completing a task can retire its
pending commitment while preserving its outcome, whereas a deletion request can require removing the
content. Repeated failures can also make a reusable procedure obsolete. After each task in a stream of
browser tasks, PANDO [288] distills reusable rules and parameterized routines, procedures that take new
inputs at each use. It demotes repeatedly failing skills and adds them to a persistent blacklist that blocks
matching candidates from re-entering the skill library. Retirement thus controls both continued use and later
readmission.

Closing fulfilled commitments. A fulfilled commitment stops producing reminders when the assistant
closes it. The evidence for closing can come from several places: the user’s report, a confirmation the
assistant requests, or a verified payment confirmation. CareCall’s [311] long-term memory removes a pending
health item once the user reports that the treatment is complete, and Folk [358] asks for a screenshot or
a one-line confirmation before closing a task. Pally [312] closes a bill reminder when a verified payment
confirmation arrives, which needs no report from the user. The hardest case is a completion that leaves
no trace. MoveCare [158] notices a completion the user never reports only when a measurement reaches it,
and GapChat [317] instead estimates how a user’s ongoing events progress from the time elapsed between
sessions. Retiring a commitment when completion evidence is incomplete or ambiguous remains largely
unevaluated. Cancellation and replacement are the other routes to retirement. The Prospective Intention
Store [316] records done and cancelled states, and StateMemBench [359] tests whether memory systems follow
commitments that are later retracted or superseded. TPIBench [129] asks a streaming assistant to cancel a
monitoring request and stop responding to its target.

Removing residual influence. Information from a deleted source can remain in a summary, index, cache,
or derived procedure, and source links help locate derived records that need removal or recomputation.
Memora [337] evaluates whether invalidated memories still affect later answers and recommendations. A
survey of long-term memory security likewise ties such leftover information to provenance and to forgetting at
each stage of a record’s life [37]. If the evidence also supported a mechanism revision, deleting the retained
content and rolling back its change to 6; are separate operations. Deletion is therefore complete only when
later decisions no longer depend on the removed information, not when one store no longer holds it.



Always-On Personal Intelligence: A Roadmap

4.3.6 Learning the Memory Policy

Beyond any single decision, we ask how the Memory policy itself can be learned and revised. MemSkill [360]
separates the records of individual interactions from skills that describe how memory operations are carried
out. A trained controller selects skills and a fixed executor applies them. A second language model acts as a
designer: it revises the skill bank from difficult training cases and can roll back to stronger earlier versions.
Changing an operation skill alters how future records are handled, so it revises the mechanism, and the same
change made from the assistant’s own use would count as self-evolution. AdaMem [299] likewise revises its
natural-language write policies from periodic feedback in simulated interactions. PANDO’s blacklist differs:
it retires failing browser-task skills by fixed criteria, which changes what the agent can do but leaves the
Memory policy unchanged. Personal assistants rarely report revising a memory rule from the outcomes of
their own deployment.

These Memory decisions leave two gaps. In the reviewed designs, history search starts from a query or a
predicted need, and none gathers the context of a pending commitment before it falls due. For example, no
design gathers the boarding pass and the hotel booking before the assistant reminds the user to leave for the
airport. Corrections stop short in a different way: rules written as code from earlier records, like summaries
and cached reads, can keep the old value. Scheduling retrieval by the commitments Memory already holds,
and linking each derived record or rule to its source, would narrow these gaps.

4.4  Memory Coupling Across the Loop

The Memory policy decides what to do with new content and with the records already kept. This section turns
to where new content comes from. Memory receives two kinds of input: what Sensing observes, including
later feedback, through S— M, and what Action did, with any immediate result, through A — M. Both serve
the two loops. The continuing loop keeps events and commitments from S — M and action records from
A —M so that work can resume, and a self-evolving loop traces later feedback back to the action records
behind it. Table 12 lists reported examples for both channels and what each study evaluated.

4.4.1 Local Decisions and Coupling Boundaries

Memory’s local policy decides what to retain, update, or retire, but these decisions depend on what crosses its
coupling boundaries from Sensing (S— M) and from Action (A—M). An update can therefore fail because
the right input never reached Memory, even when the decision itself is sound. Table 11 separates Memory’s
own decisions from the information it receives through these two channels. The two channels carry different
content, and an effective update often needs both. In the running example, the user’s remark that the report
has been sent arrives through S— M but does not say which reminder it concerns. The record of the sent
reminder cannot confirm that the user acted on it either. Memory retires the commitment only by matching
the remark to that record, so for feedback, finding the earlier decision it concerns is a prerequisite for the
update.

Table 11 Local Memory decisions and incoming information.

Relation Description Example

Local policy Selects and maintains stored records Merge duplicate notes, preserving sources

S—M Sensed content is proposed for retention A spoken commitment becomes a prospective record

A—M Action context and immediate results are A reminder keeps its context and delivery status
retained

4.4.2 Sensing to Memory: the S— M Channel

Selecting observations for later use. We first ask which details of an observation Memory keeps for
later decisions. For a spoken commitment, the details that matter are the speaker, the intended action, and
any timing or completion conditions. Commitments often first appear in what Sensing observes. Omi [138]
turns action items from recorded conversations into tasks, and StreamMemBench [361] lists commitments and



Always-On Personal Intelligence: A Roadmap

Table 12 Information supplied to Memory through its two incoming channels. Rows connect the supplied
information to the update it supports and to the reported evaluation.

Work / protocol Supplied information Update supported Reported evaluation URL
S— M: observations selected for retention

AdaMem [299] Personal relevance Write selection Personalized writing and use 2/0
PerMem-Bench [338] User-specific context Storage admission Personalized storage decisions 2/0
Imprint [193] Personal event records Record construction Compression and later recall /-

Infini Memory [342] Sources and topic state ~ Topic documents Maintenance and subsequent use (5/€)
ProEvent [335] Commitments in chats Timetable Response timing, cancellations [/~

A —M: action context and outcomes retained for later use

AssistantX [2] Expected, observed state Memory and plans  Reflection ablation, office test 2/0
KnowAct-GUIClaw [239] Subtask results, feedback Subtask records Combined additions, skill test ~ [5/€)
MemQ [353] Delayed utility Linked records Provenance-based propagation (4 / ()

plans among the evidence a streaming assistant should retain. Users can also hand such tasks to the assistant
directly, as when they tell the ElliQ [362] companion robot about upcoming appointments.” Whatever the
source, a suggestion, an accepted commitment, and a report of completion can mention the same task but
call for different updates. Keeping the three apart lets Memory decide whether to create, refresh, or retire
a prospective record, even when the original conversation is no longer available. The details kept when an
observation enters Memory therefore limit which updates are possible later.

Preserving source and permission. We then ask whether an observation’s source and permission survive
the transfer. Without its source, a record cannot be rechecked or corrected later. Permission controls act
at two points: MemPrivacy [334] masks sensitive values before content leaves the device, and Windows
Recall [139] encrypts its stored snapshots and gates access to them. Neither handles sensitive details that the
masking misses.

Why observation-to-memory transfer is difficult. First, Memory must decide what to keep
before later needs are known. Second, the right repair depends on where the information was
lost. New evidence can complete a partial record, but stricter admission cannot repair a summary that
has already lost its source. A note that the user prefers mornings, for example, cannot be rechecked when
the preference changes if it has no link to the conversation behind it. To locate such losses, AMemGym [363]
separates writing, reading, and utilization, and WorldMemArena [364] combines multimodal items to
remember, later updates to them, and distractors, irrelevant items mixed in with useful ones. Both distinguish
failures to keep useful evidence from failures to use it, a distinction needed when evaluating S— M.

4.4.3 Action to Memory: the A—M Channel

Retaining action context for later use. Action passes useful information to Memory, so that the assistant
can later resume a task after an interruption, avoid repeating the same reminder, and connect an outcome to
the decision it concerns. This information is its action context: what the assistant intended, what it decided
and why, what it did and promised, and any outcome already known. Suppose the assistant has just emailed a
colleague to ask for a meeting time. Action then passes on why it chose that moment and that the email went
out. The sending is now done, while the user’s task stays open until the colleague replies. The assistant’s own
promises are part of this context too. In the PITCH [248] field study, the agent promised a reminder that it
had no long-term memory to deliver, whereas Pally [312] sets a real reminder whenever it promises to follow up.

Matching later feedback to the record it concerns. Feedback often arrives after the action has ended.
It then reaches Memory through the S— M channel, and Memory must find the record it concerns. This is
easiest when the feedback names that record. An explicit correction does so directly, since it states which
commitment changed. Some outcomes also name their target, as when a payment confirmation identifies the

1ENiQ FAQ: https://elliq.com/pages/faqs
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bill that a reminder concerned [312]. A dismissal is less clear: it identifies the suggestion but not the reason
for dismissing it. A silent completion names nothing at all, as when the user finishes a task without telling
the assistant. To link such feedback, other work [365, 366, 367, 368] connects outcomes to stored experience
or memory operations. When evidence of a record’s usefulness arrives late, MemQ [353] passes it along the
links between records and their sources.

Why action-to-memory transfer is difficult. First, feedback often arrives late or reveals only
part of what happened. In an always-on assistant it often follows several interventions. Matching is hardest
when decisions overlap, as when two reminders and a calendar change precede the same outcome. Learned
memory managers face a simpler form of this problem. Memory-R1 [366] rewards its memory operations only
by whether a later answer is correct, so it has to learn which of many earlier operations mattered. Second,
revising a rule is harder than correcting a record. Memento [231] and ProAgent [130] correct records
within their current rules. ProPerSim [369] and Time2Stop [370] instead retrain their model or policy, so an
outcome linked to the wrong decision would carry into later ones. When a faulty record also shapes how later
feedback is read, or stops the assistant from looking for evidence against it, each revision can preserve or
amplify the original mistake, a risk we call a memory trap. In RoMeRL [371], rewards for successful tasks can
reinforce memories that did not contribute to success, and its method mitigates this without fully resolving
the attribution. No reviewed always-on system yet shows lasting protection against the trap.

4.5 Evaluation
4.5.1 Evaluation Metrics

A memory error can surface long after the record was written, so evaluation has to follow records beyond
the session that wrote them. Table 13 lists the benchmarks and evaluation settings for memory, grouped by
the operation they test. We arrange their metrics by following a record through its life. The first question is
whether it enters the store: extraction recall measures whether relevant evidence is written at all. The next is
whether it stays valid, which update accuracy and omission rates check as later changes arrive. Then comes
use: retrieval precision measures what is returned, and downstream task results measure whether it helped.
The last is whether it stops influencing behavior when it should, which invalidation tests check. Commitments
add their own measures: timely recall, false alarms, and whether fulfilled or cancelled commitments stop
producing reminders. Write and read latency, storage growth, and correction effort capture the costs of
keeping records. Reading more evidence also takes time. In LongMemEval-V2 [372], removing one agent’s
pool of raw records lowers its answer accuracy on the benchmark’s Small subset from 58.6% to 42.3% and
its query latency from 26.9 to 16.7 seconds, and agent-native assessment [373] likewise compares answer
quality with operation latency across memory systems. Results also depend on the order of events, since
a query asked before a correction is answered from the old value and one asked after it from the new one.

4.5.2 Benchmarks and Evaluation Settings

Recall baselines. Recall baselines are the first group in Table 13: they supply a history and then ask
about it. They test recall, updates, and forgetting, but not the handling of due commitments. LoCoMo [374]
and LongMemEval [375] make conversational recall, temporal reasoning, and updates comparable, and
MemoryAgentBench [376] extends recall to incremental agent memory. To show what each representation
loses, MemLens [377] and MemEye [378] compare visual input with text, captions, or oracle evidence, which
hands the relevant evidence to the model directly. Over a week of egocentric video, EgoMemReason [379]
finds that the best model answers 39.6% of its questions but 67.2% when given only the relevant clips, so
finding the evidence is a large part of the failure. Embodied settings ask the same of a robot: H-EMV [291]
answers questions over a robot’s history of up to two months, and FindingDory [380] scores whether a robot
can navigate back to objects that were moved.

Updating records as input arrives. Some benchmarks test how well a memory system updates its
own records as new input arrives. HaluMem [381] scores extraction and then updates, since a memory can
update only what it has extracted. It separates two kinds of error: hallucinated updates, which the input
does not support, and omitted updates, which the input calls for but the memory never makes. Its Long
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setting adds irrelevant dialogue to Medium, increasing both length and interference. For the tested Mem0
configuration, the Long setting lowers extraction recall sharply and raises update omissions to almost all real
updates, while update hallucinations fall almost to zero [381]. Low hallucination therefore does not indicate
reliable maintenance. MemOps [382] scores responses against labeled memory transitions, annotations of
how memory should change. LifeDialBench [356] follows lifelog memory, built online from a running record
of daily life, through successive updates. MeMoREval [383] asks a robot to decide what to store before it
knows the later tasks and counts the tokens spent writing and reading memory. MemPrivacy [334] shows
another cost: masking sensitive information can also remove evidence that a later answer needs.

Keeping what holds valid. Another group of benchmarks tests whether stored state stays valid [233,
321, 337]. For longer sequences of changes, MINTEval [384] tests whether agents can still recall a fact
after many updates, when old and new versions interfere, and whether they can combine several such facts.
StateMemBench [359] tracks a user’s state across sessions as the user declares rules, makes temporary
exceptions, states commitments, and retracts earlier statements. WorldLines [385] brings such changes to
embodied settings, asking about overwritten object and device states, preferences, and routines across several
days of simulated household activity. Longitudinal studies add sources of error that one-shot tests miss:
summaries can hide contamination [386], and a committed claim can sustain sycophantic behavior across
interactions [387].

Holding what is pending. PM-Bench [324] spreads event-based and time-based commitments over a
simulated week. On it, a small model with the typed Prospective Intention Store [316] scores about ten times
higher than with the best of seven retrospective memory methods, and a larger model gains further with the
same store. The gap supports treating pending commitments as a class of their own, separate from retrieved
history. ProEvent [335] scores timetable maintenance from ongoing chats, and the tested agents often act
when they should not and mishandle cancellations expressed only implicitly.

Testing later use after change. Benchmarks of later use ask two questions: whether retained state
helps later tasks, and whether a revised mechanism makes later tasks better. Most address the
first and show that earlier experience can hurt later decisions as well as help them. MemoryArena [23]
and MEMENTO [388] make later success depend on memory built earlier, the latter for household robots.
PraxisMemBench [389] extends this question to user-conditioned procedures: personal context, reusable
procedures, and their associations change across sessions, and later executable tasks require their joint use.
Its histories and users are synthetic, and each session begins with a request, so it tests how memory is
maintained, not assistance that starts between requests. PATH-Bench [390] and CL-Bench [391] vary the
history before a task, personal-context suites widen histories and tasks [392, 236, 393, 394, 345, 395, 396, 397],
and LifelongAgentBench [398], VitaBench 2.0 [399], and HealthClaw’s synthetic tests [303] let state change over
time. Fewer come close to the second question, the last step in verifying self-evolution after record, outcome,
attribution, and revision. EvoMemBench [400], BenchTrace [401], and ContinualSkillBench [402] test whether
reused experience and skills improve later tasks, and PAST-Bench [24] switches retained records and saved skills
on or off in fresh sessions to check that the gains run through them. A direct test would run the same situations
before and after a revision that comes from the assistant’s own use, not from a designer’s change between runs.

Faulty Memory Can Trap the System in Repeated Mistakes

A wrong belief can spread before anyone notices. Methods that mark outdated records need new
evidence, so a belief that turns wrong silently keeps being reused in summaries and commitments.

Keeping records valid is harder than retrieving them. An update can be missed, and even a
successful one may not reach the summaries and cached reads built on the old value.

Commitments need a store of their own. Whether they come from a request, a conversation, or
the assistant’s own promise, pending commitments must come back on their own when their condition
holds and must record whether they are still pending, done, or cancelled. Retrieved history does neither.
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Table 13 Memory benchmarks and evaluation settings.

Benchmark / protocol Evaluation setting Evaluated content Framework URL
Recall baselines

BaEgoMemReason [379] Week-long egocentric video Entity, event, and behavior memory S—M, B E/Q
SLoCoMo [374] Multi-session conversations Long-term conversational recall S—M, B 2/0
SLongMemEval [375] Multi-session histories Temporal reasoning, updates, abstention S—M, B /0
DMemoryAgentBench [376] Incremental agent memory Retrieval, learning, forgetting S—M [3/0
SMemLens [377] Multimodal memory tasks Image-removal and oracle controls S—M, B Z2/0
DMemEye [378] Visual evidence across sessions  Text, caption, and oracle-image controls S—M, B E/O
ERNG-Bench [403] Remembering-to-act tasks External-state and history controls S—M, M—A /0
SLongMemEval-V2 [372] Long agent histories Environment knowledge and query latency A —M, ¢;: res., B [5/0
SHippoCamp [393] Personal file systems File-grounded facts and user profiling B /0
SH-EMV [291] Robot life histories QA over months of experience S—M, B Z2/0
®RindingDory [380] Long household video Recall of moved objects S—M, M—A 2/
BRecMEmbR [143] Campus robot videos Spatial, temporal, descriptive questions S—M /0
Admission: what enters the store

&L ifeDialBench [356] Online lifelog memory Event and temporal recall S—M, B 2/0
SHaluMem [381] Extraction, updates, and QA Hallucinations and omissions S—M, B /0
SAMemGym [363] Interactive memory operations  Writing, reading, utilization 0;;S—=M,M—A @&/-
SperMem-Bench [338] Personalized storage Future-relevant content selection S—M, ct: res., B E/O
SMemOps [382] Conversations with embedded Trigger, target, and state-transition S—>M, M—A, /0

memory operations accuracy ct: priv.
DMemPrivacy [334] Sensitive content in memory Masking and retained memory utility S—M, c¢¢: priv. E/Q
B@worldMemArena [364] Multimodal memory updates Writing, updates, retrieval, and use S—>M,A—M, B E/O
@\eMoREval [383] Events before unknown tasks What to store, and its cost S—M, M—A, /0
c¢: res., B

Profile: keeping what holds valid

SSTALE [233] Outdated personal records Stale-memory recognition S—=M, M—A, B /0
SMemConflict [321] Conflicting memory records Conflict handling S—M, B /0
EMemora [337] Invalidated memory Invalidation-aware forgetting S—M, M—A, B ©Z/0
SMINTEval [384] Repeated multi-target updates Recall and reasoning under interference S—M E/Q
BStateMemBench [359] Evolving state operations Current versus stale state S—M, B /-
B8pASB [387] Two-session agent workspaces Saved user claims in later answers S—=M, M—A, B E/O
@WorldLines [385] Multi-day household traces Overwritten states and routines S—M, M—A, B /-

Prospective: holding what is pending

ETriggerBench [325] Latent constraints

Timely recall without false alarms

S—M, M—A, ¢R

SpPM-Bench [324] Simulated weekly activities Due, updated, and cross-day commitments M—A, A—S, B /0

BproEvent [335] Ongoing chat threads Timetable upkeep and cancellations S—A, S—M, /-
M—A, ¢R

Coupling and later use: state influences subsequent decisions

893t reamMemBench [361] Streaming input and feedback Evidence use and follow-up reuse S—M, M—A, 2/0
A—M, B

SEMemoryArena [23] Interdependent subtasks Memory construction and action use M—A, A—-M, B /0

SOpAST-Bench [24] Cross-session persistence pairs  Later task gain or decline 0;; M— A, B /0

S PATH-Bench [390] Helpful/interfering histories Transfer and forgetting M—A A=M B @/-

2CL-Bench [391] Stateful task sequences Learning gain over prior capability A—=M, cpires., B /-

EEvoMemBench [400] Within- and cross-episode tasks Knowledge versus execution memory S—M,A—-M, B 2/0

BBenchTrace [401] Annotated failure episodes Reflection quality and failure avoidance 6:; A—M, B E/O

SContinualSkillBench [402] Ordered, interdependent tasks  Skill reuse versus context-only learning 6,; A—M, B E/O

BvitaBench 2.0 [399] Life-service task sequences Preference extraction, drift, and use S—M, M—A, B r_."/Q

EDynamicMem [345]
BlLifeVal [404]

20OP-Bench [349]
BlLifelongAgentBench [398]
SEMEMENTO [388]

15-month multi-app logs
Writers’ chats and memories
Dialogue memory probes
Sequential DB/OS/KG tasks
Two-stage household tasks

Evolving profile recovery and use
Personal context used in requested tasks
Irrelevance, repetition, sycophancy
Later success from replayed trajectories
Memory use under vague instructions

S—>M, M—A, B

M—A, B

S—M, M—A, B
M—A, A—M, B

M—A, B

Framework: X —Y denotes a coupling channel; ¢; gives the shared conditions that are scored; ¢ R marks a scored decision at a step
outside R, where no explicit request is being carried out; B marks state that is retained when an interaction ends and is used later; 6,
marks a protocol that scores a mechanism revision. A channel is marked only when the score of the protocol depends on that flow
between modules. Condition abbreviations: priv. privacy, res. resources.
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5 Action

Action decides whether, when, and how the assistant acts on the external world, for example by sending
a message, editing a file, or speaking aloud. In real use, opportunities to act arise continuously without
a request, and staying silent is often the right choice. Many actions cannot be undone once taken, and
an untimely intervention spends attention the user cannot get back. Because the assistant cannot ask for
permission at every step, the user steers the loop by setting its direction and limits in advance. When an
action would exceed those limits, such as an irreversible step the user has not approved, the assistant pauses
and asks. Action’s main role is to provide the operational continuity of §2.1, keeping the assistant helpful
between requests. At a step that no request starts, Sensing and Memory supply context, but Action decides
whether to act, so we classify actions by what starts them. Reactive actions answer a current request, deferred
actions carry out an earlier commitment, and proactive actions respond to a newly detected need. An action
can also leave a commitment behind, and its success or failure can surface only days later. A self-evolving
loop uses the record of these delayed outcomes to revise when to intervene, when to wait, and when to ask.
Figure 9 shows how this section is organized.

*[Reactive action }A current request, including its continuing execution
Space . A retained commitment reactivated without a new
— ) -H— Deferred action =
§5.1 request
*[Proactive action ] A newly detected need that no commitment covers
*[Current authority } Grants, scope, audience, expiry and revocation
Shared [Safety } Harm that no grant can make acceptable
conditions [Prlvacy ] What an action may disclose, and to whom
§5.2 [Cost to the user } Limited attention and interruptions that add up
~[Certainty and availability ] eak evidence, offline services and absent devices
{Gating, silence and asking 1] Whether and when to intervene
*[Control depth 5.3 2} How control is retained

Cﬂ

.3. 3} Through which interface the state changes
54] Which effect is authorized

3. ] How the policy is learned and revised

ot

[Authorlzatlon

C;l

§5.

Poli ’
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~[Learning
Due commitments and personal context under current
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Figure 9 Action section structure and taxonomy.

5.1 Action Space

The action space covers the choices available to the assistant at each step and the format each action takes.
Notifying the user, drafting an email, and sending it require different evidence and permissions and create
different commitments. Choosing among them weighs the expected benefit of each action against its cost to
the user, such as an interruption. Between requests, the choice also accounts for the value of waiting and for
the attention, access, and recovery costs that accumulate across interactions.
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Following the two parts of a module’s space, §5.1.1 classifies actions by what starts them, into reactive,
deferred, and proactive action, and §5.1.2 describes the format an action takes: the interfaces through
which it takes effect, its consequences, and the feedback it returns. Waiting is available in each class, and one
episode can lead to another: a proactive suggestion that the user accepts becomes a commitment that later
starts a deferred action.

5.1.1 What Starts an Action

Reactive action. Table 14 lists the different classes of action. Reactive action responds to the user’s
request and is the most common class. Every step of the episode lies inside R of §2.1, including the request’s
continuing execution, however long it runs. Task-execution benchmarks measure reactive action, the baseline
that the other two classes extend. In an always-on assistant, a request can draw on what the assistant
observed before it was made. LightMem-Ego [137] captures egocentric video and audio in the background and
answers later questions, such as where an object was left or what was said in a conversation. M3-Agent [95]
builds long-term memory from continuous video and audio and retrieves it when given a task. VisionClaw [10]
acts only when asked: it keeps smart-glasses perception available and turns what the user sees into digital
operations, such as creating calendar events from posters. Requested work can also outlast the user’s attention:
Muse, Dot, and Grok Bot keep working on their own cloud computers after the user closes the app [15, 16, 242].
When such work pauses for clarification or permission, as when VisionClaw confirms the recipient and content
before it sends a message, it remains reactive action for the same request when it resumes. A request can still
leave work for later, and that work becomes a commitment.

Deferred action. Deferred action carries out a task the assistant undertook earlier, at a later moment
and without a new request. The task is held as a commitment, and the action starts when the commitment
is reactivated, as with a reminder after a meeting, a weekly summary, or a follow-up when a reply arrives.
The commitment can come from three sources. First, explicit rules can be set up in conversation:
RuleBot++ [413] creates and modifies smart-home trigger-action automations, which run an action when
a specified condition holds. Products make such rules routine. Manus [408], Claude Cowork [410], and
ChatGPT Tasks [208]" save a task’s instructions and run them on a schedule, and ChatGPT Tasks can also
start one when a supported Gmail, Slack, or GitHub event arrives. Brea [409] runs automations the same
way but messages the user only when a run finds something new. Second, vague goals must first be turned
into plans: Sasha [415] turns under-specified goals into device plans or automation routines, and SAGE [133]
keeps monitoring the state of home devices and acts once a set condition holds. Third, for commitments
the assistant infers, it writes the trigger itself: Long-term TOA [315] formulates trigger conditions from the
dialogue and follows up when the environment changes, and Pally [312] can offer a standing rule after the user
approves the same action several times. IPIBench [129] tests how agents handle standing requests that users
add, modify, or cancel while a video stream continues. A deferred action still has to survive interruptions and
meet the current conditions, including authority, when it runs.

Proactive action. Proactive action is help that nobody asked for. The assistant notices a need on its own,
such as a calendar conflict or a document the user will need in the next meeting, and decides whether to offer
help. This takes two decisions. First, detecting the need comes from learning when unsolicited help is
welcome: Proactive Agent [12] and Alexa Hunches [426] learn this from event streams. ProAct [152] uses idle
time between requests to prepare for likely upcoming needs. Second, deciding when to speak separates
the timing of help from its content: LlamaPIE [416] separates the decision to respond from generating the
response. In streaming video, MMDuet [430], MMDuet2 [417], and StreamBridge [21] decide when to respond.
Speak or Stay Silent [431] and When2Speak [432] test when an assistant should join an ongoing conversation.
Field studies such as ProAIDE’s [13] five-day deployment and the six-week HeartSteps [433] trial show how
these decisions play out over days. Deciding for itself whether to act on a newly detected need is operational
continuity, and revising that decision rule from outcomes is where self-evolution enters.

1ChatGPT scheduled tasks: https://learn.chatgpt.com/docs/automations


https://learn.chatgpt.com/docs/automations
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Table 14 Representative actions by what starts them.

‘Work Group Key feature Interface URL
Reactive action

&VisionClaw [10] User request Glasses view to digital tasks Smart glasses + apps  [4/0)
E'aLightMem—Ego [137] User request Answers from background capture Phones and glasses 2/0
E3M3-Agent [95] User request Uses long-term memory for tasks Video + audio stream ([£/0)
&3Egocentric Co-Pilot [151]  User request Web tasks from glasses requests Smart glasses & /O
Epot tasks [16] User request Requested task runs after app closes  Cloud computer 2/

EMuse tasks [15] User request Sentinel checks risky steps Cloud computer /-

BGrok Bot tasks [242] User request Confirms requested visual changes Cloud computer Bl/,

BUL-TARS-2 [405] User request Multi-turn GUI agent GUI + tools /-

EKnowAct-GUIClaw [239]  User request Resumes checkpointed work GUI execution Z/0
BHobbit 13] User request Verifies each grasp, retries once Home robot /-

®A Bot-Claw [6] User request Critic corrects and replans Robots 2/0
BKnowNo [235] User request Asks for help when unsure Robot planner z/0
®Robix [406] User request Clarifies, takes mid-task corrections Robot planner /-

@MICoBot [407] User request Negotiates who does each step Mobile manipulator /-

Deferred action

BCareCall [311] Explicit rule Weekly calls with retained context Phone calls /-

EChatGPT Tasks [298] Explicit rule Scheduled or event-started tasks Connected apps /-

EManus [408) Explicit rule Scheduled task runs Cloud sandbox /-

OBrea [409] Explicit rule Reports only new findings Connected apps /-

EPITCH [248] Explicit rule Morning plan, evening check-in Slack /-

EClaude Cowork [410] Explicit rule Scheduled tasks on local files Desktop app /-

OHermes cron jobs [333] Explicit rule Missed slot runs once after restart Local agent 2/0
SEAIA [411)] Explicit rule Drafts wait for approval Email Z/0
BGemini schedules [412] Explicit rule Scheduled prompts over apps Connected apps /-

Blnbox Zero rules [314] Explicit rule Rule revised after a wrong match Email 2/

ELong-term TOA [315] Inferred commitment Triggers written from dialogue Dialogue /-

Bpally automations [312] Inferred commitment Rule after repeated approvals Messages () /-

®RuleBot++ [413] Explicit rule Automations set up by chat Smart home /-

&\MoveCare [158] Explicit rule Checks weight before reminding Home robot /-

®Family reminders [318] Explicit rule Reminds when scene matches plan Mobile social robot /-

Byodol [414] Explicit rule Twice-daily voice health check-ins Social robot /-

®Sasha [415) Vague goal Goals turned into routines Smart home /-

BSAGE [133] Vague goal Monitors device state Smart home /-

Proactive action

EAiGet [247) Detecting the need Surfaces knowledge in daily scenes Smart glasses /0
&9SocialMind [246] Detecting the need Social suggestions on AR display AR glasses /-

&L lamaPIE [416] Deciding when to speak Small model decides when to reply In-ear audio 2/0
EMMDuet2 [417] Deciding when to speak Decides when to respond Streaming video /0
HStreamBridge [21] Deciding when to speak Proactive streaming replies Streaming video 2/

&93ensible Agent [418] Deciding when to speak Picks content, modality, and moment AR glasses /-

63proMemAssist 9] Deciding when to speak Times help by working-memory load  Smart glasses & /-

E'aEgo\/oice [419] Deciding when to speak Listens or speaks each second Egocentric stream 2/

EPACE [420] Deciding when to speak  Waits until the event ends Streaming video 4/~

Eproactive Agent [12] Detecting the need Learns when help is welcome Event streams /0
SproAct [152] Detecting the need Prepares during idle time Text chat /0
EproAIDE [13] Detecting the need Help fitted to the workflow Programming IDE 4/~

BXiaoyi Suggestions [421]  Detecting the need Fewer of what is dismissed Phone /-

BproActor [422] Deciding when to speak RL-trained intervention timing Dialogue /-

BTime2Stop [370] Deciding when to speak Times overuse interventions Smartphone /-

EDIAMANTE [423] Deciding when to speak Learns text type and timing Text messages /-

SOralytics [424] Deciding when to speak Prompt policy revised weekly Toothbrush + app /0
EMiWaves [425) Deciding when to speak Scheduled RL policy updates Mobile app 2/0
@ Alexa Hunches [426] Detecting the need Flags unusual device states Smart home 4/~

BEIQ chat [319] Detecting the need Starts chats several times a day Social robot /-

®RoboOmni [427] Detecting the need Intent from speech, sounds, video Robot arm /0
BGAP [241] Detecting the need Acts on anticipated goals Simulated home robot [4/-

SPACT [428] Detecting the need Asks or acts from cross-day history Simulated home robot [4/-

B carning to Assist [429)]

Deciding when to speak

Waits until the person is ready

Collaborative robot
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5.1.2 Interfaces, Consequences, and Feedback

Interfaces and observable effects. An action’s format begins with the interface through which it takes
effect. Interfaces fall into three groups by what they affect. First, outputs to the user, such as dialogue,
notifications, visual overlays on the user’s view, and touch signals, address the user’s attention or knowledge.
Second, digital operations through a GUI or API change digital resources [405]. Third, physical effectors are
the parts of a device that act on the world, and they change location, viewpoint, or objects [434, 97]. The
interface determines whether the assistant can offer information, prepare material, or commit a change to
another service, and these differ in the permission they require, the feedback they return, and the cost of
recovery when plans change or execution is interrupted.

Consequences of an intervention. An intervention can interrupt the user, disclose information, or change
external state. A private draft is easy to undo, while a public question can expose sensitive context. Recovery
depends on the effect: a sent message can be read before it is deleted, and deleting it can remove its record
without reversing disclosure. Silence also has consequences: it can avoid interruption or leave an opportunity
unmet. These effects can become visible after the interaction ends, and their cause and value can be unclear,
since the user can complete a task independently while the assistant remains silent. Subsequent observations
and directly delivered feedback inform the next decision.

Feedback from execution and interaction. Execution feedback reveals what happened: API receipts
report operations, errors indicate failures, file differences show changes, and test results assess behavior.
Return interfaces present execution feedback to the agent, and studies of them show that the supplied
detail affects later performance [435]. User responses, in contrast, provide evidence about whether an
intervention was welcome or useful. Alongside explicit corrections, behavioral signals can supply feedback:
ImplicitRM [436] learns a reward model, which scores responses by inferred user preference, from clicks and
copies. A correction can identify a problem, whereas a missing click or copy leaves more uncertainty because
a satisfied user can also take no action. This feedback helps Action choose whether to continue, clarify, retry,
or wait. Feedback that arrives after the interaction reaches Memory through S— M, where the decision and
execution context retained through A —M helps link it to the earlier decision.

5.2 Shared Conditions for Action

All six shared conditions bind Action, because each can make a possible action wrong to take now. We take
them in turn: user authority, safety, privacy, resource budgets, and finally uncertainty and availability.

What is the assistant allowed to do right now? User authority limits which resources an action is
allowed to affect, for which audience, at what time, and with what lasting effect. This authority comes from
grants, the permissions the user has given, and Muse [15], for example, checks each operation that needs
permission against the user’s settings. A typical grant permits drafting but requires confirmation before a
message is sent, and EATA [411] leaves the emails it drafts in an inbox until the user approves them. Grants
also change over time. A grant often widens only as the assistant acts as expected, since one unexpected
action can cost the user’s trust, and the user can let it expire or revoke it. Connected services, such as a mail
provider, add limits of their own. Each change must reach queued and delegated actions, yet pausing Dot [16]
stops only its current main task, not its delegated tasks or scheduled runs. What is permitted therefore
depends on the current conditions ¢, not on a stored instruction or an earlier grant.

What must not happen, even with permission? Safety limits the harm an action can cause, and no
grant can widen that limit. The people and objects around the assistant, the device’s physical limits, and
platform or legal rules set this limit, as the safety requirements for personal care robots do [437]. Claude
Duet [17], for example, keeps some actions off-limits even with the user’s approval, such as trading securities
or moving money between accounts. A permitted action can therefore still be unsafe. A home robot asked to
tidy up must not move its arm while someone is within reach, and HumanCLAW [438] scores collisions and
disturbed objects alongside task success. On the web, ST-WebAgentBench [439] credits a task only when
the agent also follows every applicable policy, and the tested agents reach less than two-thirds of their plain
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completion rate. Because an injury cannot be corrected afterwards, the limit applies before the action takes
effect, which matters most while the user is away and no one reviews the action.

What is an action allowed to reveal, and to whom? Privacy limits what an action is allowed to
disclose and to whom. The same information can be fine on the user’s phone but not read aloud in a shared
room or delivered days later to a different audience, and a sent message can expose a third party. In a
confidential meeting, the assistant is allowed to process speech but not to pass the transcript to a tool or
another person. Current agents do not reliably keep these limits. PrivacyLens [440] finds that language-model
agents put sensitive details into messages where the context does not call for them, even when prompted to
protect privacy. In ETA [441], content injected into a web page leads an agent to type the user’s personal
data where an attacker can read it. Claude Duet [17] adds a dedicated classifier and safety prompt that check
each message for leaks of sensitive information. They are designed to refuse the most sensitive tier, such
as card numbers and government IDs, and to let health or financial details through only when the user has
explicitly asked to send them. Because a disclosure cannot be undone, this limit, like safety, applies before
the action takes effect.

What does an intervention cost the user? A permitted intervention still draws on the user’s attention,
a limited resource. Interruption research treats an interruption as a cost [442] and studies which moments
disrupt less [443, 444, 63]. For an assistant that runs all day, these costs add up, and its own earlier reminders
count among them. Users state part of this limit directly, for example as hours without notifications or, in
Claude Duet [17], as what they want to hear about and how often, and the assistant has to infer the rest
from what the user is doing.

How certain is the situation, and is the interface available? Weak evidence and an unavailable
interface also limit what can be done now. The assistant does not always know the current state of the user
or of a task. KnowNo [235] measures such uncertainty and lets a robot planner ask for help when several
actions remain plausible, and m-Bench [445] scores whether agents meet requirements before the user has to
state them. An interface can be unavailable because a calendar service is offline or the user is away from
the device that would show the reminder. HeartSteps [433] sends a suggestion only when the participant is
available, for example not driving, and Gaia2 [446] runs asynchronously, so its apps keep changing while the
agent works. Because both limits can change within minutes, the choice between acting now, waiting, and
asking has to be made again.

5.3 Action Policy

The local Action policy w4 governs how the assistant turns a user request, a due commitment, or a detected
need into a concrete action. Deciding whether to act is only the first of its choices. As Table 15 summarizes,
74 makes four decisions that constrain one another: whether and when to intervene, how much control to
keep, which interface to use, and which effect is authorized.

Table 15 Local Action decisions and representative works.

Policy Main choices Cost / trade-off Representative works

Gating/timing Wait/clarify /prepare/proceed Misses / interruption ProActor [422], ProAct [152], HeartSteps [433]
Control depth Direct/plan/delegate/resume Recovery / duplicates Enoch [447], Hermes [333], EAIA [411]
Effector Dialogue/GUI/API/physical Cost / receipt quality VisionClaw [10], SAGE [133]

Authorization Proceed/confirm/withhold Confirmation / overreach Muse [15], AGrail [448], EAL-Bench [449]

5.3.1 Whether and When to Intervene: Gating, Silence, and Asking

Using an expressed or inferred goal. Before intervening, the assistant has to decide whether an action
is worth taking now, and this decision starts with where the goal comes from. A request or a retained
commitment supplies the goal. When the assistant detects an opportunity on its own, it also has to judge
whether the inferred need is relevant. Research on dialogue systems that offer help or steer the conversation
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without being asked [38, 40] studies this judgment. Even a given goal leaves the decision open, because the
deadline and current task status still affect whether to notify, clarify, or close the commitment. An inferred
need can instead call for checking whether the user is ready to receive help now, or for offering help before
carrying it out. In both cases, the assistant weighs the expected value of intervening now against that of
waiting. Estimating this value means predicting what follows each choice, which the same language model
can do or a separate world model can support [32].

Waiting for a useful moment. The policy can also postpone assistance to a less disruptive moment.
Speech and video studies evaluate when to stay silent, when to begin responding, and how to alternate
speaking with the user [431, 432, 272, 450, 451, 420]. In software development, ProAIDE’s [13] five-day study
in a programming environment relates receptivity to the current workflow. Learning to Assist [429] makes the
same choice for a robot, deciding whether to help or wait during collaborative assembly. Waiting can preserve
the opportunity if a better moment comes before the deadline, but repeated postponement can instead make
the content irrelevant. Recent interruptions and unresolved commitments therefore matter alongside response
quality.

Clarifying, preparing, or stopping. The obstacle determines how to avoid acting at once. When
information is missing, a question can resolve an ambiguous goal. Preparation can make a future response
cheaper when timing is poor. When the next step is unsafe, stopping can prevent an uncertain action from
continuing. Robix [406], RoboOmni [427], and PACT [428] examine clarification before acting, while agentic
abstention [452] studies stopping during execution. Asking can also prepare later sessions. ATRBench [453]
scores whether a long-lived agent asks now for a reusable preference that the current task does not need, and
KnowU-Bench [392] hides the user’s profile and scores whether agents elicit missing preferences and hold
back after a refusal. Each question carries an attention cost, but how that cost accumulates over weeks of
questions is rarely measured. When the assistant asks, the answer returns as a new observation.

Choosing a separate or shared timing model. Deciding when to respond costs computation while
the assistant waits: a small timing model saves it, but missed cues delay responses or lose the moment.
The timing decision can use a separate model or shared representations, the same internal information
used to generate a response. At runtime, several systems select opportunities before expensive generation:
ProActor [422], LlamaPIE [416], PRPF [124], STEPS [454], and trigger-and-routing models [147], which
decide when processing starts and where it goes. StreamBridge [21] uses a separate activation model, which
decides whether to start a response. MMDuet [430] instead uses one model for both timing and speaking:
as it reads each video frame, two small output layers score how informative and how relevant the moment
is, and the model generates text only when these scores are high enough. A separate activation model can
change without revising the response model, whereas shared representations make timing and generation use
the same video-language state.

5.3.2 How Control Is Retained: Single-Step and Multi-Step

Retaining control across steps. We distinguish two depths of control. A single-step policy makes one
bounded decision and finishes, whereas a multi-step policy retains control across a plan, observes intermediate
results, and recovers from errors along the way. ReAct [455] interleaves reasoning and action in this way.
Retaining more control offers more chances to recover but requires more inference. Bounded-task studies find
diminishing success gains as the number of steps allowed per task grows [456], and an always-on assistant
also needs budget for background work and other commitments. Control can also be distributed, as when the
scaffolding keeps task state in a manager and gives executors fresh context [457]. Such handoffs need current
evidence: stale or adversarial input can mislead decisions [167].

Resuming an unfinished commitment. Control across interactions includes resuming unfinished work.
A reminder or delegated task can remain pending while the assistant sleeps, a tool is unavailable, or the user
changes plans. Memory retains the commitment and the completed steps, and Action uses the current task
state and permission to resume, amend, cancel, or seek confirmation. Correct resumption neither repeats nor
skips work, yet retrying a write after a timeout can duplicate its effect. In LIMBO [243], leading models
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rarely duplicate a write when they can read the resulting state, but they duplicate it in most episodes when
the request is still in flight or was delivered twice. Among the reviewed works, only the Enoch [447] runtime
tests resumption in a long-lived agent. In one supervised workflow, it recovers from a planned interruption,
rejects a stale reply, and records one completion. Recovery uses a checkpoint, a saved execution state from
which work can resume. No reviewed evaluation tests missed or repeated runs of personal commitments
across restarts.

Product documentation describes how missed and repeated runs should be handled. Hermes [333] runs a slot
missed during a restart exactly once and never reruns one that already ran,! and OpenClaw [332] does not
replay attempts that already have a durable result.” Pally [312] does not resend delivered results and lets
follow-ups that missed their moment expire instead of arriving weeks late. EATA [411] keeps the agent’s state
between steps, so it can pause for the user’s answer and resume. A completion confirmed elsewhere retires
the commitment. These cases link execution control to observation through A — S, and through A — M they
give Memory the action context it needs to maintain the task durably.

5.3.3 Through Which Interface the State Changes: Effectors and Receipts

Choosing an execution interface. Choosing an interface determines which operation can produce the
intended effect and what feedback it returns. General orchestrators, systems that coordinate tools and models,
learn to select them by monetary cost, response delay, and preference [458]. For operating a selected device in
the home, SAGE [133] reads the device’s API documentation so it can operate without device-specific code.
The available interfaces differ in execution cost and returned evidence, and their availability also changes
when a device or service becomes inaccessible. When no software interface can finish a step, a person can
take it over. Fo [459], for example, can hand a task to a trained human assistant who works for its user.

Selecting evidence for the next step. If repeating an operation risks a duplicate effect and the returned
feedback does not confirm completion, the assistant checks again, by observation or by asking the user, before
retrying. The cost of the initial operation thus understates the work needed to continue safely. For spoken
responses, completion also depends on what has actually played. When the user interrupts ChipChat [460],
its audio player reports the playback position to the language model. The model then removes generated but
unplayed content from its cached context. For A— M, this distinction determines which part of a response
can be recorded as delivered.

5.3.4 Which Effect Is Authorized: Proceeding, Confirming, and Withholding

Checking permission before an action takes effect. Before an action takes effect, the Action policy
checks whether it is authorized and chooses among three options: proceed, ask the user to confirm, or
withhold the action. The same check covers safety and privacy, but confirmation clears only some limits:
the user can grant missing access or agree to share their own information, whereas no confirmation lifts a
safety limit, so there the policy can only change or withhold the action. Permission also sets only a ceiling,
and below it, weak evidence can lead the policy to a lighter option, such as a draft, a clarifying question, or
silence. Systems implement the check in different ways. Muse [15] runs it in a separate agent called Sentinel,
which compares each outside action with the user’s settings and which the agent proposing the action cannot
override.® AGrail [448] generates safety checks that adapt to each task and refines them across tasks, and
formal policy enforcement [461] checks actions against explicit written rules. Rules stated only in the prompt
protect less: CRAFT and 7-break [462] try to persuade agents to break tool-use rules and find that repeating
the rules in the prompt prevents some violations but not all. An assistant that acts between requests therefore
needs a check that runs at the moment an action takes effect.

Rechecking after a pause or handoff. When a deferred action runs, or a task resumes after a pause
or handoff, the policy checks again, because two things can change in the meantime. First, the situation:
Pally [312] checks whether the user has already handled a task before sending a reminder, and ProEvent [335]

IHermes Agent cron jobs: https://hermes-agent.nousresearch.com/docs/user-guide/features/cron
20penClaw automations: https://docs.openclaw.ai/releases/2026.8.1/automations-and-scheduling
3Muse safety: https://research.meta.ai/blog/security-and-safety-for-ai-agents—our—approach-with-muse
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tests whether agents that keep a timetable notice cancellations that nobody states explicitly. By contrast,
Gemini’s [412] scheduled actions reuse the location recorded when the task was created and prepare content
early, so fast-changing details can be out of date by delivery.! Second, authority can expire: when a sign-in
times out, Pally pauses the automation that needs it and asks the user to reconnect. ChatGPT’s [298]
scheduled tasks, in contrast, can run without approval prompts when the organization’s policy allows it.
Authority kept in memory can also drift or be corrupted. In EAL-Bench [449], executors end up acting on
approvals that no longer hold, and AuthMem-Bench [463] finds that consolidating memory can turn a claim
into a standing instruction with more authority than its source. Background runs can also write unvetted
content into memory that later shapes what the user sees [464].

Commit-time authorization [465] addresses both changes for general agents. It checks permissions at the
moment an action takes effect instead of during planning or approval, so an approval counts only if the
underlying context and evidence still hold when the action is executed. Permission to draft a message
therefore does not cover sending it once send access has expired or been revoked, and the policy can then
show a preview, ask again, or cancel.

5.3.5 Learning the Action Policy

The Action policy can be learned or revised, but most reviewed learning precedes deployment. It takes place
in simulated settings or on annotated dialogues instead of during deployment. For learning before deployment,
Proactive Agent [12] learns welcome offers from simulated event streams. ProActor [422] trains intervention
timing on annotated dialogues with reinforcement learning, which adjusts a policy using rewards from actions.
Communication Policy Evolution [466] instead evolves communication prompts through simulated interactions
with user personas for tasks with vague specifications.

These rules stay fixed once the assistant runs, while some mobile-health interventions revise their rule during
deployment. Oralytics [424] matches daily batches of brushing data from a sensor toothbrush to earlier
prompt decisions and revises its policy weekly. MiWaves [425] revises its reinforcement-learning policy on a
schedule during a clinical trial. Because these systems revise their own policy during deployment and keep
deciding under the revised policy, they count as self-evolution.

Among products, Caddy [351] narrows an alert rule after the user says an alert was not useful, and Inbox
Zero [314] revises a rule after the user fixes a wrong match. Revision during use thus appears in a few
narrow forms: scheduled updates within clinical trials, retraining on the user’s explicit agreement as in
Time2Stop [370], and product rules changed after an explicit user correction. Learning when to intervene
from implicit outcomes of everyday use, within the user’s limits, remains open.

5.4 Action Coupling Across the Loop

Action receives two kinds of input: the current situation from Sensing, through S— A, and retained context
from Memory, through M — A, including the due commitments that start deferred action. Its own outputs to
Memory and Sensing, through A —M and A — S, are treated with those modules. Because S— A already
feeds every decision above, we focus on M — A: which personal context reaches Action, how it is presented,
and whether it still applies. Table 17 compares implementations and their evaluated Action decisions.

5.4.1 Local Decisions and Coupling Boundaries

Action’s local policy decides whether, when, and how to act, but these decisions depend on what crosses its
coupling boundaries from Sensing (S— A) and from Memory (M — A). An action can therefore go wrong
because of its inputs, even when the decision itself is sound. Table 16 separates Action’s own decisions from
the information it receives through these two channels. The two channels carry different content, and a good
decision often needs both. In the running example, a meeting-end cue arriving through S— A makes the
reminder timely, while a completion record arriving through M — A removes the need to send it. The local
policy weighs both against the current conditions to choose the intervention. Labeling each input by the

LGemini scheduled actions: https://support.google.com/gemini/answer/16316416
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channel that delivers it also shows where to repair a failure: an input that never arrives, one that arrives but
does not fit, and one that fits but is misused each call for a different fix.

Table 16 Local Action decisions and incoming guidance.

Relation Description Example

Local policy Chooses the intervention and its timing Wait while the user is occupied

S—A Current observations guide the action A meeting-end cue makes a reminder timely
M—A Retained personal state guides intervention A completion record suppresses a reminder

5.4.2 Memory to Action: the M — A Channel

Using personal and task context. Retained context affects whether to intervene and how to perform a
task: a recent-reminder record can suppress redundant advice, and task history can guide resumed work.
In both cases, m4 combines the delivered guidance with current observations and permission. General
GUT agents supply selected, compressed task history to each decision [467]. MEMENTO [388] gives agents
correct perception and motor skills in simulated household tasks, so its results isolate how personal memory
guides decisions. For intervention decisions, User as Code [302] selects alerts from typed personal state,
and PASK [468] and PersonalAlign [469] combine long-term personal context with detected intent to offer
proactive help. Both the record and the moment matter: in MemoProAgent [470], a language model gives
one correct reminder at the right time in 96% of clips when it receives the relevant record only while the
reminder is due, in 38% when it must choose the moment itself, and in 15% when the record is retrieved
instead of given.

Delivering due commitments and procedures. A pending commitment reaches Action when its stored
trigger holds, as in Long-term TOA [315] and the Prospective Intention Store [316]. Memory decides when a
commitment is due, but Action still decides whether, when, and how to act on it: remind now, wait for a
better moment, or close it if the task is already done. Memory can also deliver reusable procedures as context,
such as the procedures and state cards that MMSkills [471] uses alongside a screenshot. A procedure’s
conditions, however, can stop holding when a paused task resumes or the application state changes.

Separating retrieval, delivery, and use. A failure of M — A can occur at three steps, each with its own
repair: Memory never retrieves the right record, it delivers an irrelevant one, or Action applies the right
record wrongly. Demystifying Agent Skills [472] measures these steps separately, as ranking, selection, and
execution, when it studies how agents reuse skills. To test only Action’s use, an evaluation can change the
delivered context while keeping the store fixed, since replacing the store also changes retrieval. An unchanged
response then means that current evidence already suffices or that the records add nothing new. The split
also decides what a revision should target: the Memory policy for which guidance arrives, or w4 for how
Action uses it.

Why memory-guided action is difficult. A record that Memory delivers does not always fit the
decision at hand, for two reasons. First, a record can conflict with the current situation. An old
quiet-morning preference, for example, can conflict with a nearing deadline. The PACE [473] benchmark
evaluates whether agents retrieve the personal facts and events that reveal such a conflict with the request.
Second, a correct record can still be the wrong one to use. A valid fact can be irrelevant to the
present task. Studies of reliance on memory, irrelevant personalization, and interactions between user profiles
and memory [348, 349, 474] show such failures even when retrieval succeeds. Using a record also depends
on authority. EAL-Bench [449] isolates permission errors caused by memory: in synthetic organizational
scenarios, it replaces memory while fixing the request, executor, tools, and rules, and uses exact repairs of
the memory error and sham edits that leave it unchanged as controls.
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Table 17 Representative implementations of M — A. Retained guidance, Action use, and reported comparisons.

‘Work Supplied information Use in Action Reported evaluation URL
M — A: personal and task state guide intervention

User as Code [302] Typed personal state Select alerts Alert-pipeline variants 2/0
PASK [468] Long-term context Proactive assistance Short tasks and memory cases [4/€)
MEMENTO [388] Personal task memory Household decisions Oracle perception and skills 2/0
Long-term TOA [315] Formulated triggers Follow up when due Own benchmark tasks 2/

PIS [316] Typed intentions and status Act on due intentions PM-Bench Set-F1 /-

PACE [473] Personal facts and events Assess request conflicts Retrieval/conflict accuracy 2/0
EAL-Bench [449] Memory under fixed rules Check permission Memory swaps, fixed authority (4 / (»]

5.5 Evaluation
5.5.1 Evaluation Metrics

A single task-success score can hide how an intervention went wrong. Table 18 lists the benchmarks
and evaluation settings for action, grouped by the operation they test. Their metrics cover four ways an
intervention can go wrong. Timing measures separate missed opportunities, premature responses, avoidable
delay, and appropriate silence. Effect measures separate issuing an operation, completing the work, and
benefiting the user. Authority checks test each action against the grant in force when it takes effect. Cost
measures cover execution time, computation, interruption, and recovery effort. Deferred action adds whether
a commitment runs when due, runs once, and stops when fulfilled or cancelled. Across interactions, later
completion, repeated prompts, correction effort, and changing receptivity reveal effects beyond the immediate
response [66, 67, 454]. Privacy complaints and reports of social discomfort provide evidence of harm, but
capture only what users notice and report. For all these measures, the length of observation determines
whether an evaluation can see the consequence the assistant promises to improve.

Some protocols refine these measures. For spoken interaction, MoshiRAG [227] measures both first-audio-
token latency and the delay until key answer content appears, which separates starting a response from
supplying useful information. Omni-SafetyBench [475] first probes whether the input was understood, then
measures refusal and harmful responses only on understood inputs, and compares this safety across matched
text, audio, visual, and combined inputs.

5.5.2 Benchmarks and Evaluation Settings

Executing a request. We treat task suites for requested work [476, 477, 478, 93, 479] as baselines, since
each task starts from a request and ends within one session. The benchmarks in the first group of Table 18
differ in the endpoint they test. MCPMark [480] checks resulting application states and repeated success.
MCP-Universe [481] combines static grading against fixed references with live-reference evaluators that check
against current service data. ClawBench [482] uses live sites but intercepts the annotated final submission,
so it can assess the proposed submission without observing its final external effect. HarnessAudit [483] and
Claw-Eval [484] use traces and rule checks to find violations that completion scores miss. LifeVal [404] builds
requested everyday tasks from its writers’ own ChatGPT conversations and memories and credits an action
only when the environment’s backend state shows that it was done. When the facts that a rubric item needed
were moved from the task’s context into these past conversations, the tested model met that item 41.5% of
the time instead of 55.8%. For spoken tool use, Full-Duplex-Bench-v3 [485] uses real recorded speech and
simulated APIs with fixed responses to test whether a correction the user makes mid-sentence reaches the
arguments of the tool call that follows. StreamReady [194] scores answers to supplied questions against when
the answer evidence becomes available, which tests timing within requested work.

Commitments over time. Requests can also set up work that continues after the session. SMH-Bench [480]

tests setting up scheduled home automations, where agents still show weaknesses. JarvisBench [487] lets
requested work continue in the background after the user stops watching and tests whether an intermediary
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answers questions about that work and asks for the user’s judgment at the right moment. m-Bench [445]
spreads requests over 20 sessions per user and scores whether agents meet requirements before the user has
to state them. Deferred action itself is tested mostly over short horizons, from minutes in Gaia2 [446], which
adds deadlines and asynchronous events in stateful apps, to one simulated week in PM-Bench [324], and
OptionWorld [488] extends this to 60 simulated days. SentinelBench [238] measures how agents wait for
a condition, and IPIBench [129] and ProEvent [335] test changes to commitments during a stream and in
ongoing chats. Assistant Benchmark [489] observes real products over several weekdays. In one run, an
assistant confirmed a weekday routine and still reported it active, but none of the expected runs arrived.
None of these settings tests missed or repeated runs after a restart or a change of permission.

Acting or staying silent. Benchmarks for proactive action pose opportunities that the assistant detects now,
with no earlier commitment behind them. Here silence is often the right answer, so a useful benchmark counts
not acting as correct when nothing is needed. ProVoice-Bench [490], Pro?Bench [237], ProAgentBench [491],
and TriggerBench [325] credit correct silence on cases where no intervention is due. Vinci2’s benchmark [283]
instead defines allowed intervention periods for each category, counts interventions outside them as errors,
and judges content against reference responses. A proposed protocol for unsolicited coding insights [492]
would also score when to leave the user undisturbed. PROBE [493] tests unprompted task opportunities,
PersonalHomeBench [494] adds a generated household history, and RobotAgentBench [495] asks household
robots to find tasks from a scenario and the user’s context without an explicit task list. All three always
expect an action, so none scores silence.

Benefits and costs across repeated interactions. Across repeated interactions, a benefit can fade, so
reported gains should come with their costs and the time horizon over which they hold. HeartSteps [433] ran
a six-week micro-randomized trial that repeatedly randomized whether to send each participant a walking
suggestion and measured steps in the following 30 minutes. Suggestions increased steps on average, but
the effect was largest at the start and diminished over time, which motivates repeated measurement. Exit
interviews point to boredom with the messages, but the trial does not test this cause or measure long-term
health benefit. Other settings distinguish user outcomes from execution performance: SoCRATES [496]
compares mediated and unmediated simulated conflicts through later consensus, while Claw-SWE-Bench [497]
holds the model and execution budget fixed and varies the scaffolding.

Action Outcomes Are Delayed and Sparse

Assistance that helps today can become a burden later. Interruptions add up and the effect of
repeated suggestions can fade, so immediate acceptance does not show lasting benefit.

Pending work must survive restarts without repeating. Models often repeat a write when a
request is still in flight or arrives twice, and no reviewed evaluation tests whether personal commitments
are missed or repeated after a restart or a change of permission.

Revising the Action policy needs attribution first. Outcomes arrive late and several interventions
can precede one, so the assistant must attribute each outcome to the decision behind it and judge a
revision across all of its ongoing responsibilities.
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Table 18 Action benchmarks and evaluation settings.

Benchmark / protocol Evaluation setting Evaluated content Framework URL
Reactive: executing a request
STRIDE [498] Continuous video interaction Response timing S— A [__.7'/0
AURA [499] Streaming video questions Immediate and delayed answers S—A /0
&3Full-Duplex-Bench-v3 [485] Real speech, mock tool APIs Corrections in tool arguments S—A /0
&StreamReady [194] Answer-evidence time windows Answer correctness and timing S—A /-
SMCPMark [480] Executable tool workflows Final states and repeated success TA 2/0
EMCP-Universe [481] Live tool services Static/live-reference grading A 2/0
DST—VVebAgentBench [439] Policy-constrained web tasks Policy-compliant task completion TA, c¢: auth., saf. E/O
PHarnessAudit [483] Constrained execution traces Permission and data-flow breaches TaA, c¢: auth., priv. 2/0
BClaw-Eval [484] Traces, audit logs, snapshots Completion, safety, robustness TA, ct: auth., avail. E/Q
B0penComputer [500] Application-state verification Externally checked task outcomes TA E/O
BLifeVal [404] Personal tasks in simulated sites Rubric and backend state changes M—A, B 2/-
SClawBench [482] Live sites, submit intercepted Submission payload and attempt TA /0
SLIMBO [243] Injected tool-boundary faults Duplicate effects, overclaimed success A —S, ¢;: unc., avail. [§/—
BHumanCLAW [438] Simulated humanoid, bystanders Success, collisions, disturbed objects A — S, c¢;: saf., res. E/O
®NormAct [501] Simulated social scenes Goals vs. unstated norms S—A /-
Deferred: commitments over time
OmniPro [502] Synchronized audio and video Timed replies to instructions S—A /0
&[PIBench [129] Changing standing requests Trigger timing S»A, M—=A M—=S /0
SJarvisBench [487] Background agent work Status answers and judgment timing S— A, c;: res., € R zZ/0
B7_Bench [445] 20 sessions per user Needs met before being stated M—A, ¢¢: unc., B z2/0
SPM-Bench [324] Simulated week of activity Due, updated, and cross-day tasks M—A, A—S, B /0
BSentinelBench [238] Standing-request monitoring Completion, reaction time, cost S—A, A—S, ¢t res. E/
BGaia2 [446] Stateful apps, simulated time Asynchronous work and deadlines S— A, ¢;: unc., avail. E/O
SproEvent [335] Ongoing chat threads with Timetable upkeep, noticing S—A, S—=M, M—A, (4/-
unannounced changes cancellations nobody states ¢R
SLong-term TOA [315] Dynamic environment Follow-up on persistent intents S—A, M—A, B /-
S Assistant Benchmark [489] Real products, several weekdays Routines, restraint, permissions ma, ci: auth., ¢ R, B [F/-
S0OptionWorld [488] 60-day worlds, hidden targets Risks acted on before deadlines S>A M—=A ¢R, B B/~

@M H-Bench [486] Smart-home tasks, including Grounded control, schedules, S—A, M—A, 42/
scheduled automations clarification, memory ¢t unc.
Proactive: acting or staying silent
8Vinci2 [283] Egocentric intervention windows Timing and grounded responses S—A, ¢R, B /0
8pro?Bench [237] Procedural assistance streams Guidance timing and recovery S—A, A—S 4/
&P roVoice-Bench [490] Voice interaction streams Intervention choice, accuracy S—A, ¢R 4/
8B goVoice [419] Egocentric task recordings Speech timing and relevance S—A, ¢R /-
EProAgentBench [491] Real interaction events Help-seeking timing and intent S—A, ¢R /-
SpPROBE [493] Unprompted task opportunities Bottlenecks and action choice S—A, ¢R /-
P TriggerBench [325] Latent constraints Reminders and false alarms S—M, M—A, ¢R 2/~
SKnowU-Bench [392] Emulated phone, simulated user  Act, ask, stay silent, or stop once the S—A, M— A, /0
with hidden profile user turns down a proposal ¢t auth., ¢ R
SpPARE [236] Simulated active phone users Proposals, acceptance, task success S—A, ciires., € R “4/0
®PersonalHomeBench [494]  Personalized smart homes Context-appropriate assistance S—A M—A ¢R 4/
®RobotAgentBench [495] Open-ended simulated homes Task discovery without a task list S—A, ¢R /-
Authority and consequences across interactions
&HeartSteps [433] 5 daily prompts over 6 weeks Steps in the next 30 minutes A, ctt avail., ¢ R 4/
B0ralytics [424] Sensor-toothbrush clinical trial Brushing after RL-timed prompts S—A, ¢R /0
EDIAMANTE [423] SMS trial, phone step counts Steps after learned message timing S—A, ¢R /-
SEAL-Bench [449] Multi-session permission histories Memory-induced authority violations M — A, ¢;: auth., B E/Q
BpRISK [474] Profile and memory conditions Inappropriate personalization M—A E/Q
EPACE [473] Hidden request conflicts Conflict retrieval and judgment M—A /0
B56CRATES [496] Disputes, unmediated baseline Intervention timing and consensus S—A, ¢R /0
EClaw-SWE-Bench [497] Scaffolding variants Resolved issues, cost, duration TA, C¢t TES. /0
SEfficient Agents [456] Agent component variants Accuracy and cost per solved task TA, Cti TES. Z2/0
S AuthMem-Bench [463] Paired histories that differ only in Claims upgraded to standing S—M, M—A, 4z
source authority instructions, unauthorized calls c¢: auth., B
SATRBench [453] Learning, then offline sessions Asking now for later preferences M— A, ¢¢: unc., B Z2/0
BCarryoverBench [503] One-time injection planted in Payloads re-firing in later sessions, A—M, M—A, /0
memory or heartbeat files after the attacker leaves c: saf., B
BGAP [241] Simulated homes over several Net user actions saved, and S—»A, M—=A, A=s, 4/
weeks, LLM-played user placements the user undoes ¢R, B
@)\ oveCare [158] Home robot in 25 homes Reminders, false alarms, follow-ups M—A, ¢R, B 4/
B®Hyodol [504] Companion robot, 278 homes Check-ins and depressive symptoms 74, ¢ R /-

Framework: 74 marks a protocol that scores the Action policy alone, with no coupling channel; X —Y denotes a coupling channel; c¢;
gives the shared conditions that are scored; ¢ R marks a scored decision at a step outside R, where no explicit request is being carried
out; B marks state that is retained when an interaction ends and is used later. A channel is marked only when the score of the protocol
depends on that flow between modules. No protocol in this table scores a mechanism revision (0;). Condition abbreviations: priv.

privacy, auth. authority, saf. safety, res. resources, avail. availability, unc. uncertainty.
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6 Applications, System Bottlenecks, and Loop Closure

This section first examines how Sensing, Memory, and Action work together in wearable, digital, and physical
applications, and where reported systems meet bottlenecks. We distinguish these applications by the three
coordinates of §2.5: interaction domain, participant scope, and outcome horizon. Table 19 records these
coordinates for systems that decide for themselves when to act between requests or carry state across
interactions, grouped by interaction domain. Within each domain, we compare how systems use current
observations, retained context, and action outcomes. Several of these bottlenecks arise because one shared
condition, such as a battery budget or a privacy rule, constrains Sensing, Memory, and Action at once.
We therefore turn next to shared conditions, and then to the implementation that all three modules share.
Closure levels then place every reviewed system on one scale, from retained state through unrequested action
to governed revision. Last, we examine how reported systems revise their mechanism. At the highest level,
revisions must stay within the shared conditions.

6.1 Applications and Bottlenecks

6.1.1 Wearable Assistance in Daily Activity and Conversation

Wearable assistants use what the user sees and hears to help during everyday activity. They guide a task as it
happens or recall it afterwards, and the two need evidence at different times and draw on different amounts
of the past. First, guidance needs evidence while the task is under way, so it starts from the current scene,
as in Vinci [8] and ProAssist [505]. During a procedural task, an assistant also tracks which step the user
is on, and procedural-assistance surveys [507] review how systems recognize steps and detect errors. That
estimate must be stable, since a single frame can be misread: Pro?Assist [145] therefore updates its progress
record only when successive step predictions agree and does not repeat guidance while the step stays the
same. Guidance must also arrive at the right moment, so ProMemAssist [9] decides when help will be timely
by modeling the user’s working memory, the information the user temporarily holds for the current task.
Second, recall draws on longer personal histories [508], which EgoLife [94] provides as daily-life streams for
study, and it can wait for better evidence: LightMem-Ego [137] keeps updating current state while a slower
consolidation step uses later transcripts to refine its event records.

In conversations and meetings, the assistant keeps listening while it responds, often with several people
present, and it makes two decisions. First, it decides when to speak. Full-duplex research studies systems that
listen while speaking and examines when they should take or yield a turn [509, 510, 511]. Second, it decides
how to deliver the response. For private delivery, LlamaPIE [416] gives short suggestions in the user’s ear.
SocialMind [2406] instead uses an augmented-reality display, which places digital information over the user’s
view. Sensible Agent [418] chooses from the current context both the content and the modality, the form
in which the response reaches the user. A private cue and a spoken suggestion can carry the same content,
but the spoken one interrupts everyone present and discloses the content to them. The choice between them
depends on whose information the assistant captured, who will receive the response, and which retained
context that audience is allowed to see.

Bottlenecks and trade-offs. Wearable assistance runs into three bottlenecks that no single module
resolves: the cost of capture, the repair of wrong records, and timing and audience in conversation. First,
the cost of capture links Sensing to Memory: how much to capture cannot be set from sensing cost alone,
because what the assistant captures now limits what Memory can recall later. Resource studies measure
sensing and inference costs [182, 122] and streaming efficiency [512, 513, 514], while the other side of the
trade-off appears in Memory: more capture preserves more events and adds transmission, storage, and
maintenance work, whereas less capture saves resources at the risk of losing personal history. Capture also
shares the device budget with delivery and with the checks that other pending tasks need. Second, repair
links Memory to later interactions with the user: a wrong record has to be found and corrected, by the
user or from the assistant’s own later observations, because capturing more does not fix it. For example,
Memento’s [231] multi-day study reports useful contextual recall alongside mismatches in what memories
refer to in the scene, and its targeted removal control lets users stop unwanted memories from recurring. User
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Table 19 Systems and supporting methods across application scopes. Groups follow the three interaction
domains. Each row identifies a core method, a potential bottleneck, and its location in the framework of §2. The
application scope of each case gives its interaction domain, participant scope, and outcome horizon (§2.5).

System Scope Key method Bottleneck Framework URL
Wearable

ProAssist [505] wexIxs Context-triggered step dialogue Event interpretation TS /0
ProMemAssist [9] wexIxs Sensed task state guides help timing Task-state estimation TS /-

Vinci2 [283] wexIxs Video memory guides intervention = Compression / selection v, M—A /0
VisionClaw [10] wexI/GXxs Visual capture, recall, and actions  Capture budget / privacy 7s; ¢t ©2/0
Memento [231] wexIxs AR recall; referent/removal controls Recall relevance / timing — mwpz, 74 @2/

Sensible Agent [418] wexIxs Context selects content and modality Interruptibility uncertainty s, w4 /-

AiGet [247] wexIxc Gaze and profile select knowledge  Disruption / repetition M—=S,A—-M B/0
SpeechLess [134] wexIxs Spatial memory informs intent Stale / ambiguous state v, M—S /-

ProAgent [130] weXxIxs Persona priors; feedback updates Prior error / sensing cost M—S,7g /-

Pro? Assist [145) wexIxs Motion-based sampling; step checks Step uncertainty / repeats mg,7a /-

LightMem-Ego [137] ww M 1xs Async. consolidation for recall Consolidation / recall lag  mps /0
Alpha-Service [131] wexIx— Event triggers, memory, and tool use Triggers / authority TS, TA; Ct /-

SocialMind [246] wexGxs Persona-conditioned AR suggestions Audience / context M—S,M—=A 4/~

LlamaPIE [116] oo xGXxs Audio-guided in-ear suggestions Turn timing / consent TA; Ct 2/0
M3-Agent [95] weexIxs Entity memory from video and audio Identity / memory upkeep S—M,M—A [F/0)
Digital

PASK [468] B 1xs Intent cues and post-session memory Intent freshness TS /0
JoyAI-VL [188] Bl Ixs Response gating; asynchronous tasks Coordination / stale results T, ma 2/0
PITCH [248] Bl Ixc Daily plans; scheduled follow-ups Plan relevance / receptivity M— A, w4 /-

User as Code [302] W Ixs Typed state; executable alert rules  Schema / state correctness M space; mar [(5/©)
KnowAct [239] Bl 1xs GUI skill use; procedure repair Stale skills / task contracts 0;; 74, A—M /0
MOSS [98] Wl Ixc Source repair; replay and rollback  Repair transfer O; T “2/0
Ouroboros [99] BB, Pubx- Reviewed code/prompt self-edits Revision / authority drift 6y; c: /0
HealthClaw [303] LMl Health-history updates for later QA State conflicts / privacy TM; Ct E/O
Oralytics [424] .1« RL prompt policy revised weekly Delayed brushing outcomes 6:; w4 /0
Long-term TOA [315] BB 1xc Triggers kept through dormancy Stale triggers / timing M—AA=M 4/

ProAct [152] W 1xs Idle-time anticipation Wasted preparation M—S,7a /0
ProPerSim [369] Bl 1«1 New version each day from ratings ~ Simulated users / drift 0y; A—=M Z/0
Dot! [16] B, Ix— Sclf-timed wake-ups; delegated tasks Authority / result checks A —S,7a; ¢¢ B/

Claude Cowork! [410] EExIx— File access and multi-step execution Permissions / recovery TA; Ct /-

Muse’ [15] L P Memory, schedules, permission gates Authority / freshness TS, TA; Ct /-

Claude Duet' [17] Bl Ix Account checks; approval gates Urgency / usage limits TS, TA; Ct /-

Windows Recall’ [139] EExIx— Protected screen-history retrieval Admission / access control S—M,mar; c: 4/

EAIAT [411) . 1xc Email triage, drafts held Authority / edit learning  0y; ¢t /0
Physical

Hobbit [3] #xIxc Scheduled reminders; idle patrol Trigger reliability / alarms M—A, A—S 4/~

STRANDS [4] 'H'XGXI Visit timing learned from logs Site-level state / drift A—-MM—A B'/Q
EgoMem [305] #xCGxs Tace /voice polling; lifelong memory Identity / memory upkeep S—M,M—A [F/-

MoveCare [158] 'ﬁ'xIXc Self-timed reminders; result checks False alarms / missed data M—A, A—M BI/,

PALRO [320] §xIxl  Stored vitals drive reminders One user / fixed logic S—M,M—A /-

PHILIA [5] 'ﬁ'XIXs Remembered preferences guide tasks Relevance / safe execution M— A, 7y BI/,

AssistantX [2] % Wl G xs Cross-domain plans; outcome review Who is free / verification A space,A—S [4/©)
ABot-Claw [6] 'ﬁ'XIXs Shared visual memory, critic Progress checks A-SM—A B / (w)
ABot-AgentOS [290] #xGxc Cross-session graph, provenance Identity / commitments T, S—M /-

PAM [506] #xIxc Routine memory revised each day ~ One user / short recordings M — A, 7/ 4/~

ELQT [319, 362] #xIx— Context-timed self-initiation Initiation timing / fatigue M— A, 7w /-

Hyodol® [414, 504] ®xIxl  Twice-daily voice check-ins Records shared, not reused s 4/~

Framework: M space and A space are the Memory and Action spaces of §2.2, what a module can do and represent; g, war, T A
are local policies; X —Y denotes a coupling channel; ¢; gives shared conditions. 6; marks a mechanism revision (§2.1). Scope:
interaction domain 'i‘ physical, we wearable, ] digital; participant scope I individual, G bounded group, Pub public; outcome
horizon s within-session, ¢ cross-session, 1 longitudinal, — not reported. T Product.
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correction helps only when the user notices the error, so a change that nobody announces must be inferred
from the assistant’s own later observations.

Third, in conversation, timing and audience link all three modules: a response prepared in the background
has to be checked against the topic and the audience at the moment it is delivered. Sensing and Memory
often finish their work in the background, so a result can reach Action after the topic or audience has changed,
while an immediate response can interrupt a useful exchange. More frequent interventions consume attention
and leave more outcomes to interpret. Interaction benchmarks examine response timing [515, 516, 419],
and ProVoice-Bench [490] and long-term streaming voice tasks [517] also test sustained interaction. Across
sessions, a commitment made in a meeting can still matter, but a new audience is not always entitled to its
details. The people present have often not agreed to be recorded or served. When Sensing detects that the
audience has changed, Memory can restrict what it releases and Action can recheck recipients before delivery,
and when the topic changes, Action can rewrite or withhold the queued response.

6.1.2 Digital Workspace and Personal Assistants

Digital assistants carry plans and personal context across applications and interactions, and some also
revise the procedures or code used in later work. The digital-colleague perspective [518] connects persistent
workspaces, reusable skills, and governance. PITCH [248] schedules morning planning and evening reflection
in Slack, and in the evening, it reuses the morning conversation to ask about progress and departures from
the user’s plan. However, its field-study dialogues include refusals and misplaced follow-ups. Remembering
the plan supplies a topic, but the user’s current progress and willingness to engage determine whether a
follow-up is appropriate. Product descriptions extend the use of retained context to background work, with
different choices about when to run and notify the user. Claude Cowork [410] runs delegated workspace
tasks on a schedule. Muse [15] combines scheduled and event-driven work with memory across conversations
and selective notification, with Sentinel checks for permission-sensitive operations. OpenAI’s Dot [16] keeps
working between conversations on its own cloud computer, decides when to pause and wake up, and reaches
out with results or with decisions that need the user. Claude Duet [17] carries over the memory, skills, and
connected apps of the user’s Claude account. It sends a brief each morning and checks the connected accounts
every few hours, messaging the user only when something needs attention. Windows Recall [139] illustrates
the related storage boundary for screen history.

Persistent workspaces also support reusable procedures. ReasoningBank [519] and Agentic Context En-
gineering [520] retain guidance derived from feedback. Skill-Guided Continuation Distillation [521] and
SkillHarness [522] develop reusable GUI procedures. SE-GA [523], SCALE [524], and Darwin Mobile
Agent [525] also reuse experience. These methods improve across a stream of separate tasks, the setting of
the self-improving agents in §2.5. KnowAct-GUIClaw [239] links reuse to repair: it retrieves stored experience
and skills, checks the screen state after each subtask, and repairs a reused skill when it fails before extracting
a new one. Its evaluation first adds three components together: a host that manages the user’s task, a router
that splits requests spanning several apps into subtasks, and experience memory. It then adds skills on top, so
each result shows the effect of a combined change. Reusing records and procedures across tasks also requires
selecting context for the current audience and applying corrections wherever the old information remains in
use.

Bottlenecks and trade-offs. Digital assistance runs into two bottlenecks that no single module resolves:
keeping the workspace available and reusing retained context. First, keeping the workspace available
draws on computation and bandwidth that all three modules share, so background checks and memory upkeep
have to be scheduled against response delay across all pending tasks. Efficient Agents [456] compares inference
schedules by task success and token cost. DualPath [526] addresses storage bandwidth in KV-cache serving,
which reuses stored intermediate results to avoid repeating earlier model computation. FreeToken [527]
divides execution between the CPU and the GPU and allocates cache loading on constrained hardware, and
measurements on local devices [528] report the energy and latency of each model call. These studies measure
the cost of calling models and loading context for them. Background checks by Sensing and maintenance by
Memory compete with user-facing Action for this capacity, so more frequent checks can raise costs and delay
responses. Claude Duet [17] states this trade-off directly: it checks connected accounts only every few hours,
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because continuous checking would use up the user’s plan limits much faster, and its background checks count
toward the same usage limits as the user’s other work with Claude. The competition grows with the number
of pending tasks, since each unresolved task needs checks of its own.

Second, reuse links Memory to Action: when reused context fails, repair requires telling apart missing
evidence, which Sensing must acquire, wrong retained state, which Memory must correct, and valid state
used outside its current scope, which Action must not apply. Reuse can hurt when the interface, task,
or permission has changed. For example, PAST-Bench [24] reports task-stream cases where removing a
persistence component improves performance. Permissions and inputs can also change without notice, so an
earlier grant can lapse before it is used, and content read without a request cannot be trusted by default. An
external task record can recover a missed completion event, while a user correction can expose an obsolete
assumption.

6.1.3 Physical Assistance and Collaboration

Physical assistance requires reliable task execution and coordination with people, and a few deployed systems
already sustain that assistance between requests. They sustain it in different ways: EIliQ [319, 362] through
remembered preferences, Hobbit [3] through execution verification, and STRANDS [4] through outcome-driven
scheduling. ElliQ initiates conversations several times a day, using ambient sensing, the user’s availability,
and remembered interests to decide when to speak and what to raise. Across multi-week deployments in
private homes, Hobbit pairs scheduled reminders with background fall detection and a patrol after long
inactivity. It checks each grasp before placing the object on its tray and tries once more if the grasp failed.
STRANDS schedules visits across days in a care facility and keeps state that serves the residents as a group.
It uses logged interaction outcomes to adjust when and where it goes next. Two home-care studies bring the
same continuity to health checks. MoveCare [158] times reminders in older adults’ homes and closes each one
when the requested measurement arrives. PALRO [320] stored one older adult’s vital signs over 334 days and
reminded the user whenever a daily measurement was missing, thanking the user once it arrived.

PAM [506] studies routine-conditioned initiative directly. A visual task predictor tracks which phase of a
routine the user is in, using a memory of the activity’s phases and its assistance rules, and selects a task
or stays silent. At the end of each day, a separate reflector reviews the day’s observations and actions and
revises that memory. Its five-day prediction study uses short recordings of one user’s desk routine. This
supports a bounded test of memory-guided assistance and daily revision, not of generalization to unseen users
or long-term autonomous deployment.

Recent robot agent systems also carry personal state across tasks, but they mostly act on instruction.
PHILIA [5] keeps long-horizon memory of people and preferences across several robots. ABot-Claw [6]
uses a critic to correct and replan during execution, and it shares visual memory across embodiments, the
physical robot bodies in which the agent operates. Other systems organize personal state across interactions.
ABot-AgentOS [290] stores identities, preferences, and social commitments in a cross-session graph, a structure
that represents entities and their relationships. AssistantX [2] likewise keeps a graph of people, places, and
items, with ownership and who is available, through a month-and-a-half office deployment. To associate
memory with returning users, EgoMem [305] recognizes them by face and voice and updates their memory
after each dialog. Every evaluated episode in these systems starts from an instruction or a live exchange.
Revisiting an unresolved commitment without a new request needs the scheduling and monitoring that the
deployed systems above provide.

Bottlenecks and trade-offs. Mistakes usually cost more in physical assistance. Physical actions add risks
of contact, collision, and movement, and a wrong action can hurt the user or people nearby. In digital and
physical assistance alike, whether an action can be undone depends on its effect. Physical assistance runs
into two bottlenecks that no single module resolves: checking results and judging whether the assistance was
useful. First, checking results links Action back to Sensing: how much to check depends on the consequence
of an error and the cost of delaying or repeating the action. Reviewing the scene helps resolve uncertain
execution, but extra observation and replanning take time and resources. Because the assistant often acts
while the user is away, a physical effect that cannot be undone, such as a collision, can occur before anyone is
able to stop it, and people who have not agreed to the assistant share its consequences. Second, judging
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whether the assistance was useful links Action to Memory: the assistant can tell whether it helped only
if Memory keeps the user’s response and later task progress.

6.2 Shared Conditions and Implementation Across Modules

Many of the bottlenecks above come from what the three modules share. In a running assistant, Sensing,
Memory, and Action work at the same time, under the same conditions and on the same implementation. In
this section, we examine shared conditions that constrain several modules at once. Such a condition holds
only when every module it constrains meets it, and a limit or failure in one module carries over to the others,
because information flows between them and they often share a device, a model, and permissions. We first
take these shared conditions in turn and then the implementation that all three modules run on.

6.2.1 Shared Conditions

Authority. A permission limits what the assistant is allowed to read as well as what it is allowed to change.
Muse [15] separates read and write permissions where a connected service supports it, so a grant for the
calendar can allow reading without allowing edits. With this grant, the assistant can see when an event ends
but cannot move it. One grant therefore sets the boundary for two modules: what Sensing is allowed to
obtain and what Action is allowed to change. Claude Duet [17] draws this boundary by the kind of effect: it
reads, drafts, and prepares work on its own, but it shows exactly what it is about to send, pay, sign, or delete
and waits for the user’s approval. The grant must also hold at the moment the assistant acts, and Dot [16]
checks it then, reviewing each action that could affect the user’s accounts or share information against the
user’s permissions and custom rules. The review lets the action proceed, asks for approval, or hands the step
to the user. Assistant Benchmark [489] tests such grants directly, giving an assistant read-only access and
one standing rule never to send email or spend money without asking. In one of its logged runs, Poke kept
drafting email replies after repeated instructions to stop. A grant can also limit revisions to the assistant, for
example allowing changes to how it words its messages but not to which actions it takes without asking.

Privacy. A privacy requirement can reach further and bind all three modules. In the confidential meeting
of §2.4, Sensing is allowed to process other people’s speech, but Memory is not allowed to keep it and Action
is not allowed to pass it on. In a group chat, for example, the assistant can stay silent and send a follow-up
privately to the one person who has to act. However, no reported system controls all three. LlamaPIE [416]
and SocialMind [246] control only Action by keeping delivery discreet, the first in the ear and the second on
an augmented-reality display. Windows Recall [139] controls what Sensing captures and what Memory keeps
but not what Action passes on, yet an always-on assistant in that meeting needs all of these controls at the
same time.

Safety. Safety concerns harm that the assistant’s actions can cause, yet it also binds Sensing and Memory.
Before a home robot moves its arm, Sensing supplies recent evidence that no one is within reach, and an
older observation in Memory cannot stand in for it. Memory can also carry a risk forward, since a procedure
that once saved time by skipping a check can repeat that shortcut in every later run. However, reported
work addresses these parts separately. On the Sensing side, ICWM [529] probes a robot’s camera and control
configuration with motions chosen to avoid contact with task objects. On the Action side, AGrail [448]
adapts safety checks to each agent task. On the Memory side, studies of self-improving agents report retained
memory and skills that become unsafe as the agents improve themselves [530, 531]. No single control covers
the path from observation through retained procedures to the action [532].

Resources. Authority, privacy, and safety limit what the modules are allowed to do, whereas resources
and availability limit what they are able to do. Resources are shared most directly, since every module
draws on the same battery, computation, storage, and user attention, and pending commitments compete for
them. User attention shows this sharing most clearly, because each module can ask the user for something.
Sensing asks when its estimate is uncertain, as PrISM [135] asks about the user’s current step. Memory
can ask before it keeps a record, as SpeechLess [134] confirms each low-confidence interpretation before it
enters memory. Action asks the user to confirm an intervention before it takes effect, and each reminder it
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delivers also spends attention. The user answers all of these questions with the same attention, so a question
from Sensing leaves less room for a reminder from Action. One resource can also be spent to save another:
Pally [312] checks whether the user has already handled a task before sending a reminder, spending a check
to avoid an unneeded interruption. Storage also links Memory to Action, since an action record deleted to
save space can no longer connect a later outcome to the decision it concerns.

Availability and uncertainty. Availability constrains Sensing, Memory, and Action together, since a
decision requires all the information and interfaces it relies on to be reachable at that moment. When an
account is revoked or a service goes down, Sensing cannot read the current state, Memory cannot reach
the records kept there, and Action cannot complete or confirm its step. A fallback helps only if it does not
depend on the same account, permission, or service as the check it backs up, so a recovery plan needs to
know which components share such dependencies. Externalization moves memory and skills out of the model
into separate stores and tools [533]. It adds components of this kind and makes these dependencies more
important to trace. Uncertainty carries across modules in the same way. An estimate that Sensing marks as
uncertain stays marked only if Memory writes its confidence with the record, and otherwise Action treats a
stored guess as a fact.

6.2.2 Implementation: Organizing Context Across Requests

What operating between requests asks of the implementation. The implementation consists of
the foundation model and its scaffolding, and it must organize model calls and their context across requests.
An assistant built for a single task starts when the user makes a request and stops when the task ends.
Everything it needs can stay in the model’s context until then. An always-on assistant can rely neither on
requests to start each step nor on one context lasting until the work ends. For example, an assistant that has
promised to rebook a delayed flight must wake when the airline posts a new time, with no new request. If
that happens days later, its permission to use the booking account may need a new check. If its rebooking
rule was revised in the meantime, a late complaint must be traceable to the rule that was in effect. Below,
we take the model, prompts and context construction, storage, tools and APIs, and the harness in turn and
describe how reported systems meet these needs across modules and requests. Storage keeps the pending
commitment, tools recheck the permission, and the harness wakes the assistant and records which rule each
run used. Choices that concern a single module are left to the section on that module.

Model. One foundation model often carries several modules, so its parameters are shared by the whole
assistant. A change to them reaches every module the model serves, not only the one whose feedback
prompted it. A model’s weights are the numerical parameters that determine its behavior, and assistants
that revise them also choose when a new version starts to serve. ProPerSim [369] starts a new version each
day, and OpenClaw-RL [240] publishes revised weights at controlled points. Between these points the model
stays fixed, and whatever changes from one request to the next reaches it through its context.

An always-on assistant also needs forecasts of two kinds: whether the user will welcome help now, and how
the environment will respond to an action, for example whether a robot’s motion is safe. A predictive or
world model can supply both [32], and it is shared in the same way as the foundation model, so a wrong
forecast can mislead several modules at once. Because the user’s habits change, such a model also has to keep
adapting. Time2Stop [370] retrains its overuse predictor from the user’s responses to its interventions, and
ICWM [529] adapts to a new robot configuration through its context alone, without updating parameters.

Prompts and context construction. When the implementation calls a model that keeps nothing between
calls, the scaffolding must assemble each call’s context from stored records, current observations, and the
task at hand. One record can enter the context of several modules. In AiGet [247], for example, the same
user profile enters both the perception prompt and the generation prompt, so prompt contents carry M — S
and M — A. In these implementations, a channel delivers information into a call’s context, and HALO
locates channels and changes their signals at these interfaces (§7). The context is also limited in size, and a
long-running assistant decides what to bring back into each call. MemGPT [19] evicts older messages from
its context but keeps them retrievable in recall storage.
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Streaming implementations can instead carry dialogue history through ongoing inference. DuplexOmni [534]
and MOSS-Live [206] process audio and video and generate speech in an interaction layer, while a separate
thinking layer performs reasoning and tool use asynchronously. Returned results enter the ongoing interaction,
and the interaction layer can stop background output when the task changes. These components therefore
update their context at different times. Keeping this session state supports continuity within an interaction,
while state durability requires relevant state to survive interaction boundaries.

Storage. Records that outlast a call are kept outside the model’s context, in stores that survive both the
end of an interaction and the idle time between requests. AssistantX [2] keeps a long-term graph while it
clears short-term memory after each instruction. Long-term TOA [315] keeps a reminder tracker through
dormant periods. User as Code [302] saves facts into a typed user project, whose fields specify the kinds of
information stored. Several modules read the same store, as the AiGet profile shows. A store that is lost or
out of date therefore misleads all of them at once and is one of the shared dependencies that a recovery plan
tracks.

Tools and APIs. Tools and APIs connect the assistant to calendars, messages, files, devices, and outside
services, and one tool can serve several modules (§2.4). For example, one mail connection lets Sensing read
new messages, Memory search earlier threads, and Action send replies. In current products, the user sets
up each connection, usually by signing in to the service the first time a tool needs it [298, 410, 412, 535].
The assistant then works within the access that this account already has [410, 16], so outside services record
its actions as the user’s own. Many of these connections now follow the Model Context Protocol (MCP),
an open standard for connecting assistants to the systems that hold data [536]. These products all support
it [298, 410, 536], and the protocol leaves the choice of servers and tools, and the way consent is requested, to
the host application [536].!

Once set up, these connections stay available across conversations, so runs that no request starts can use them.
ChatGPT tasks can start when a new Gmail message, Slack message, or GitHub pull request arrives [298],
and Gemini and Claude run scheduled tasks over connected apps [412, 410].? Such runs also need somewhere
to execute after the user closes the app. Gemini Spark and Claude Duet run on dedicated cloud virtual
machines, so the user’s laptop or phone need not stay on [412, 17].?

Access to each tool can still change while the assistant waits, so reported systems confirm authority at the
moment of use before tools with outside effects. VisionClaw [10], for example, confirms the recipient and
content before it sends a message. A security audit of OpenClaw draws the same lesson for long tasks:
permissions have to follow a request for as long as the agent works on it, and turning access off has to
reach work that is already running [332]." Withdrawing a connection, however, does not undo earlier work.
Stopping or deleting a Dot leaves its completed actions in place [16],> and information that Muse already
used can remain in its memories [15].°

Connected accounts also bring in content that nobody has checked. An email or calendar invitation can
carry instructions that the assistant follows later, and researchers have used such content to make production
assistants leak data and control smart-home devices [537, 538]. A tool server can also hide instructions in its
tool descriptions, an attack called tool poisoning. In MCPTox, such attacks make the agent follow the hidden
instructions in 36.5% of attempts on average across 20 agents [539]. Proposed defenses limit what each tool
is allowed to do [540, 541, 542, 543].

Isolating the computer the agent works on addresses a different failure. It keeps code that the agent runs
from reaching beyond its environment, but it does not stop the agent from misusing an interface it has been
granted, such as a connected mail account, so escape from the environment and misuse of a granted interface
need separate checks. Muse runs the agent in a container on a dedicated virtual machine for each user and
keeps its credential and permission services outside the container [15]. Dot’s cloud computer is kept separate

IMCP specification: https://modelcontextprotocol.io/specification/

2Gemini schedules: https://support.google.com/gemini/answer/17094710

3Gemini Spark: https://blog.google/innovation-and-ai/sundar-pichai-io-2026/

40penClaw security audit: https://openclaw.ai/blog/openclaw-trail-of-bits-engagement-recap
5Dot controls: https://learn.chatgpt.com/docs/dots/controls

6Muse connectors: https://www.meta.com/help/artificial-intelligence/1687253048996149/
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from the user’s own devices and their signed-in browser sessions [16],' and Manus gives each task its own
isolated cloud virtual machine [408]. Isolation can also be partial or off. All of a user’s Grok Bots share one
cloud computer with its files and browser sessions, and the documentation warns against treating separate
Bots as a security boundary [242].? OpenClaw’s sandbox is off by default, and its Gateway, which holds
channel connections and credentials, always runs on the host [332].%

Harness. The harness runs the loop: it decides when a step happens, what runs in it, and which version of
the mechanism is in effect. First, between requests it creates the steps that operational continuity requires.
Muse [15] runs timed and event-driven work and notifies the user only selectively. In Long-term TOA a
monitor wakes the agent, which then follows up or waits, and MoveCare [158] runs a weekly check that sends
a weight reminder only when none was recorded. When several tasks are pending at once, the harness also
decides where each new event is handled. DeepSeek’s Super-agent [544] runs each task it has taken on in its
own session, so that the details of different tasks do not mix. One persistent session talks with the user and
assigns new work. Second, the harness can hold an operation until the user answers. Muse [15] does so for
permission-sensitive operations through Sentinel—the host-side agent that acts as the final permission for
every outside action. Finally, the harness records which mechanism version each run used, so that a late
complaint can be traced to the rule then in effect. PILOT [545] starts new workers on the revised scaffolding,
and Ouroboros [99] keeps its live and benchmark histories apart. In §6.4, we examine how such versions are
accepted and activated.

6.3 Levels of Loop Closure

To bring together the applications of §6.1 across the three domains, we divide assistants into six levels by
how completely their modules close the always-on loop, following the definition in §2.1. These levels are
cumulative: L0 is a session-local baseline that keeps nothing across interactions, L1 adds state durability,
L2 lets the retained state guide decisions, and L3 adds operational continuity. From L3 on, both properties
hold, so L3 is the first always-on level. L4 adds attribution: the assistant links outcomes to the decisions
behind them, so a revision can rest on evidence. L5 adds governed self-evolution: the assistant revises its
own mechanism, which extends the loop, and every revision stays within the shared conditions. Figure 10
summarizes the levels, and Table 20 lists what each one requires.

We place each system at the highest level for which every prerequisite holds. Evaluating systems by loop
completeness is necessary because a capability behaves differently once the full always-on loop is running.
Acting without a request requires durable state to stay personal over time, and revising a mechanism is far
harder when actions happen between requests and outcomes arrive late. Consequently, a system with a strong
late-stage capability still sits at a low level when it does not yet meet the requirements for an always-on
assistant, and Table 3 names such kinds of system. LlamaPIE [416], for example, decides on its own when to
whisper a suggestion, the kind of decision that L3 adds. It keeps nothing after the conversation, however, so
it is a streaming assistant without durable user state and stays at L0. VisualClaw [185] likewise reports all
five evidence steps of self-evolution but acts only when asked, so it is not always-on and stays at L2 as a
self-improving agent.

L1: Retained state. At L1, the assistant carries information across sessions. Compared with L0, it adds
a memory that one session writes and a later session can read. Two reviewed systems stop at L1. MOSS [98§]
maintains user state across sessions without using it to personalize a later decision, while Hyodol [414, 504]
shares its twice-daily check-in records with caregivers but is not shown to use them later.

L2: State-guided decision. An L2 assistant lets its stored records change later decisions about what to
sense or how to act. Compared with L1, it adds a Sensing or Action policy that reads memory together with
the current context, but the assistant still acts only as requested. Research systems at L2 mostly study how
memory is built and updated. Egocentric assistants observe the world from the user’s viewpoint, and they

Dot computers: https://learn.chatgpt.com/docs/dots
2Grok Bot security: https://docs.x.ai/grok-bot/approvals-security-and-privacy
30penClaw sandboxing: https://docs.openclaw.ai/gateway/sandboxing
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Figure 10 Levels of loop closure. Each level keeps the capabilities of the level below and adds one more.
L0 responds within one session and carries nothing over, L.1 adds state retained across interactions, and L2
adds state-guided Sensing or Action. L3 adds decisions to act or wait without a request, which makes the
assistant always-on. L4 adds links from outcomes to their decisions, and L5 adds revision of the mechanism
within the shared conditions.
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include VisionClaw [10], M3-Agent [95], and Vinci [8]. They answer later queries from retained observations,
while HealthClaw [303] conditions an action on stored user records. Products reach L2 in the same way, but
they draw their records mostly from all-day capture or from accounts the user has connected. The RayNeo
iO [546] glasses answer later questions from an all-day audio record, Oura Advisor [547] draws on the ring’s
continuous health data, and Gemini’s Daily Brief [548] reads the user’s connected Gmail and Calendar.

Two kinds of assistant look always-on but stay at L2. Background capture, as in LightMem-Ego [137] and
Windows Recall [139], adds state between requests while Action waits for the user to ask. Scheduled assistants
act at every scheduled run instead of choosing whether to act. CareCall [311] calls its users every week,
Claude Cowork and Manus [408] run the tasks a user has scheduled with retained context, and the Daily
Brief, Oura Advisor’s check-ins, and the Today [549] assistant arrive at fixed times. Some research systems at
L2 also check outcomes or revise their own rules, which can make them look like L4 or L5, but they stay at
L2 because they do not decide whether to act between requests. PAHF [232], the method in Pro?Bench [237],
PHILIA [5], and ABot-Claw [6] correct the task in progress. PITCH [248], Bloom [550], and MindShift [551]
instead link replies or ratings to messages they send at every scheduled time or trigger. Revisions can also
persist at L2: VisualClaw [185] adds skill cards, written instructions for performing tasks, after failures so
that later steps can use them.

L3: Unrequested action. L3 is the first always-on level, because the assistant begins to decide for itself
whether or when to act without a request, and waiting is one of its choices. Compared with L2, it adds this
decision between requests: the assistant proposes an action, then either initiates the interaction or stays
silent. Acting as asked at a time, event, or condition that the user fixed carries out an earlier request and
stays at L2. The test is who decides whether a run reaches the user. If the user fixes when an automation
runs but the assistant judges whether the result is worth sending, the assistant makes that decision. Research
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systems such as PASK [468], ProAct [152], SocialMind [246], and User as Code [302] act when a monitored
signal crosses a threshold that the assistant, not the user, sets. User as Code, for example, writes its own
alert rules from facts the user mentions and keeps them for later sessions. They measure these decisions in
benchmarks, simulations, or short user studies.

Products also decide when to reach the user, but where the research systems test explicit trigger rules in
controlled settings, products build this decision into everyday workflows. Muse [15] wakes on a timer or an
event and notifies the user only selectively. Brea [409] likewise runs automations on their own schedules or
events but messages the user only when a run finds something new, and Orilo [552] watches the topics that
a user names and lets the user know only when something important happens. Claude Duet [17] flagged,
without being asked, a property showing that sat on a tester’s calendar for the wrong day, although its
announcement notes that it can still misjudge what is urgent. Phone systems make the same choice inside
ordinary apps. Pixel’s Magic Cue [553] offers information from other apps while the user replies to a message
and shows nothing when it finds no relevant suggestion. In the home, aibo [554] chooses how to behave
between commands. Several products are placed only from announcements or third-party tests, as when
Orchid [313] followed up unprompted on fares two days later and Instinct [555] flagged a duplicate rental
booking in Assistant Benchmark [489] runs. Many of these products decide through a relevance filter that
stays silent by default to limit interruptions. None reports how well that filter decides, and none is shown to
link an outcome to its decision and use it later. Meta states that Muse [15] learns over time which decisions
need the user’s sign-off and that it builds its own tools and edits itself.! However, no reviewed source links
these changes to the outcomes of earlier decisions, so Muse stays at L3.

L4: Attributed outcomes. L4 attributes outcome evidence to the decision behind it, so that the assistant
can check or correct its assistance. The evidence arrives after the decision, from the world or the user.
Compared with L3, L4 adds this attribution, either through an authorized execution whose effect on the
world and the user is checked or through the user’s reply to a reminder. The link is easiest to make when the
outcome names its decision and hardest when the outcome arrives late or only implicitly, and we order the
reported evidence by this difficulty. Most reported links come from responses that name the decision, such as
a rating, removal, dismissal, or comment tied to the suggestion that caused it. ProPerSim [369] ties each
rating to the recommendation that prompted it. Memento [231] responds to removal by stopping the removed
memory from resurfacing. Time2Stop [370] uses agreement or disagreement with each intervention to retrain
its overuse predictor, a model that estimates excessive use. ProAgent [130] stores each suggestion it delivers
with the sensory context and the user’s verbal feedback, and infers from them when similar suggestions are
unwanted.

Products and other assistants extend this attribution from explicit dismissals to later responses, checks of
their own execution, and delayed outcomes. Leon [556] stops repeating a proposal its owner declined, and
Town [557] and Xiaoyi Suggestions [421] suggest less of what the user dismissed. A later response can also
close a reminder or prompt. MoveCare [158] logs a call for help as a false alarm when the user declines to
confirm it, and alerts caregivers to a weight change only after a repeat measurement confirms it. Pally [312]
closes a bill reminder once a payment confirmation arrives. Other assistants check their own execution.
Hobbit [3] and Lio [558] verify each grasp with an immediate check through A —S and retry a failed one, and
Dot [16] checks the results of the tasks it delegates. Fewer assistants link a delayed or implicit outcome to
the decision behind it, which is the harder case. STRANDS [4] adjusts later visits from logged outcomes.
Some mobile-health interventions learn online by updating their policies as observations arrive during use.
Examples include HeartSteps [559], Oralytics [424], MiWaves [425], and DIAMANTE [423], which decide
at set times whether to send a prompt and match later activity or self-reports to that decision. Unlike the
products, these trials also randomize the decision to test whether it changed the later outcome.

L5: Governed revision. An L5 assistant revises its mechanism only within the shared conditions ¢;, the
limits set by the user and the world. A control applies these conditions to every revision before it takes effect,
so that no revision can change these limits, and the revisions that pass carry over into later runs. Compared
with L4, where several assistants already revise their model or policy, L5 adds this control over the revision
itself. The control takes either of two forms: the user’s approval of each change or limits set in advance on

I Muse approvals: https://www.meta.com/help/artificial-intelligence/1385290430137537/
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what automatic revision is allowed to change. The two forms differ in cost: approving each change keeps
the user in the loop, whereas limits set in advance let the loop keep revising without the user’s attention.
Only five reviewed works reach L5, all of them research systems, and each only under a stated condition.
Ouroboros [99] meets it in its advanced mode: governance files are protected from ordinary writes, and a
blocking review checks each change. The spending limit and the stop command also sit outside the code it
is allowed to change. Enoch [560, 447] meets it when its human custodian merges every reviewed change.
The protections are procedural, however, and the tests use mocked models, substitutes that simulate model
responses during testing. HeartSteps, Oralytics, and MiWaves meet it because each revision changes only
the parameters of a policy whose form stays fixed. The probability of sending a prompt has fixed bounds
that no update can change, and these bounds limit how much of the user’s attention the prompts can take.
HeartSteps also never prompts a participant who may be driving. In all five, the control either narrows what
a revision can change or places a review before each change takes effect. By contrast, the assistants that stay
at L4 show how such a control fails when it lies within reach of revision. Hermes Agent [333] writes skills
freely by default. Even with write approval on, the agent can still overwrite the configuration files through
its shell, the interface for running system commands. OpenClaw [332] stays at L4 even in its review mode,
because it records lessons in the file that lists which actions need the user’s approval, so a revision can rewrite
that list. ProPerSim and EATA [411] revise their model or prompts from feedback with no reported control
that applies the shared conditions to the revision. Self-evolution can therefore appear below L5, but what a
revision rests on differs by level. At L3, as in User as Code, a revision is not traced to the outcomes of the
assistant’s own decisions. At L4, as in these assistants, it can rest on such outcomes but is not governed.
Only governed self-evolution defines a level of its own, L5. In §6.4, we examine these revisions in detail.

Table 20 What each loop-closure level adds. Levels are cumulative, and each mini loop shows the modules and
the channels a level requires, in the style of Table 2. L0 lacks state durability. L1 adds retention in Memory, which its
mini loop draws as S— M. L2 lets retained state guide decisions through at least one of the two edges from Memory,
but like L1 it acts only as requested. L3 adds no new channel but decides between requests whether to act, so from L3
on both properties of the continuing loop hold, and the shaded header over L3-L5 marks these always-on levels. L4
adds attribution, which needs at least one of the two edges from Action. A check made during execution through

A — S suffices, and A— M is needed when the outcome arrives later. L5 further requires governed self-evolution. v/
marks what a level requires, and an empty cell means not required.

Always-on

Level Lo L1 L2 L3 L4 L5
Session Retained State-guided | Unrequested Attributed Governed
local state decision action outcomes revision
Modules and channels (§——(A) [_/‘E [_&M‘\ [_&El\ [_&M‘\:Xj [_&M‘\:Xj
= S—m GF—@ | G—m Gfi—A Gi—A
Continuing loop
State durability v v v v v
Operational continuity v v v
Attribution v v
Governed self-evolution v

Table 21 applies these criteria to the reviewed systems, and some entries cover specific variants of a system.
The variants differ in backend or operating mode. VisualClaw refers to its Claude Code backend. Ouroboros
lets the owner choose a runtime mode, and the paper does not say which mode its long-running public
deployment Hope used. The Ouroboros entry therefore denotes the advanced mode, which lets the agent revise
its code while the governance files stay protected from ordinary writes. MemGPT and MemoryOS [284] are
placed by their chat evaluations, which leave out MemGPT’s general support for timed events. MICoBot [407]
retains constraints only within one trial. Bee [310] is placed by its Actions instead of its scheduled Daily
Insights, and Xiaoyi Suggestions by Huawei’s suggestion cards instead of the assistant’s scheduled tasks.
EgoMem is placed by the architecture its paper describes, whose proactive initiation is not separately
evaluated. Because placements rest on what sources report, the level given to each system is a lower bound.
HALO (§7) reviews the channel implementations of 40 works, including the five channels beyond the basic
S— A path.
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Table 21 Reviewed systems by level of closure. Rows follow the three interaction domains, and within each
domain we separate research systems from products, including open-source releases. Each system is placed at the
highest level that its reported evidence supports, which makes the placement a lower bound. Products are placed
from documentation, released code, announcements, field reports, or third-party test runs, not from controlled
evaluations. Levels from L3 onward count as always-on, while a system that acts proactively within one session but
keeps nothing across sessions stays at LO.

Lo

Session Local

L1

Retained State

L2
State-Guided Decision

L3
Unrequested Action
(always-on)

L4
Attributed Outcomes

L5
Governed
Revision

ContextAgent [96]
Sensible Agent [418]
Pro?Assist [145]
ProAssist [505]
ProMemAssist [9]
LlamaPIE [416]

VisionClaw [10]
SpeechLess [134]
M3-Agent [95]
LightMem-Ego [137]
Egocentric Co-Pilot [151]
Pro?Bench [237]
Vinci [8]
EgoLife [94]
IPIBench [129]

[ Oura Advisor [547)
< RayNeo iO [546]
1= Even G2 [561]
m Memoket Gem [562]
E Soulog Sense [563]
M MemoMind One [564]

‘Wearable

Vinci2 [283]
AiGet [247]
Alpha-Service [131]
SocialMind [246]

Products

2 Omi [138]
Bee [310]
2 Looki L1 [567]
@ Smart Stack hints [568]

B SwitchBot AT MindClip [565]

Forth [323]
* Oakl [566]
® Ona [322]

ProAgent [130]
Memento [231]

HeartSteps [559]%

AURA [499]
JoyAI-VL [188]

MOSS [98]

VisualClaw [185]
PAHF [232]
KnowAct-GUIClaw [239]
HealthClaw [303]
MemoryBank [18]
MemGPT [19]
MemoryOS [284]
CareCall [311]
PITCH [248]
Bloom [550]
MindShift [551]

B Windows Recall [139]
E4 Claude Cowork [410]
# Manus [408]
¢ Gemini Daily Brief [548]
¥ Today [549]
< Hark Pro [569]

Sai [570]

Digital

PASK [468]
Proactive Agent [12]
AwareLLM [14]
ProAct [152]
User as Code [302]

Products

74 Muse [15]
® Brea [4109]
B Orilo [552]
@ Claude Duet [17]
B Orchid [313]

2] Pixel Magic Cue [553]
B Now Nudge [571]
Xiao V Suggestions [572]
O OPPO Xiaobu [573]

I Instinct [555]

[@ Kindroid [574]

DO LIA [575]

- SPECS Intelligence [576]
B Violoop [577]

Long-term TOA [315]
ProPerSim [369]
Time2Stop [370]

DIAMANTE [423]

® OpenClaw [332]
@ Hermes Agent [333]
@ EAIA [411]
4k Leon [556]
£ Inbox Zero [314]
® Dot [16]

@ Pally [312]
Town [557]
€7 Catch [578]
© Folk [358]
Grok Bot [242]
[ Caddy [351]

A2 HeyClicky [579]
Vellum [580]

Ouroboros [99]8
Enoch [560]8
Oralytics [424]8
MiWaves [425]8

MICoBot [407]

=] Hyodol [414]

AssistantX [2]
ABot-AgentOS [290]
PHILIA [5]
ABot-Claw [6]

Physical

EgoMem [305]
PAM [506]

Products

£ EliQ [319]
& Amazon Astro [581]
@ aibo [554]
o Alexa+ [582]

Hobbit [3]
STRANDS [4]
MoveCare [158]

GAP [241]
PALRO [320]

w= Lio [558]
C Moflin [583]
0y Loona Deskmate [584]

§ Meets L5 only under a stated condition.

Ouroboros: achieves L5 in its advanced mode, where a blocking review checks each change and the spending limit and stop
command sit outside the code it may change.

Enoch: achieves L5 when its human custodian merges every reviewed change.

HeartSteps, Oralytics, and MiWaves: achieve L5 because each revision changes only the parameters of a fixed-form policy.
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6.4 Self-Evolution in Deployed Loops

This section turns from the continuing loop to its self-evolving extension. Here REVISE (Eq. (3)) changes
the mechanism while the assistant keeps serving the same user, and the mechanism is the implementation
described in §6.2.2. We first place each reported revision in the framework. A revision changes the space or
the policy of a module, depends on the channels that carry its evidence and can change what they carry, is
made through a component of the implementation, and may or may not be governed. We then follow the
revisions by component and ask of each what evidence prompted it, how it was accepted, and when it took
effect, which follow the five steps of evidence in §2.1 from record to later use.

Why revision is harder inside an always-on assistant. Most work reviewed in surveys of self-evolving
agents [42, 55, 43, 56] runs in training pipelines or software repositories, where a candidate change is cheap
to test. The revisions target different components: model weights [585], skill memories [586, 587], program
code [588], or the harness around the model [589, 590, 591]. Other methods change how improvement proceeds
by letting the model choose its optimization procedure, the method used to search for improvements [592].
Robot policies improve over rounds of collected experience [593, 594, 595, 596]. A continuing personal
assistant instead learns from operating experience, which adds four difficulties. First, records and outcomes
come from the assistant itself, so what was observed, kept, and done limits what can be learned. If the
reminder assistant, for example, never observed whether the report was sent, its records cannot recover that
fact. Second, a revision changes which outcomes are recorded later: a new rule that checks the calendar less
often also changes what the assistant sees afterwards. Third, attribution is hard because feedback from one
user is sparse, delayed, and open to competing explanations. Fourth, later use begins while commitments
made under the old rule are still pending, and the user expects them to be kept as promised.

What a revision changes. A revision can widen or narrow a module’s space, the options it has, or change its
policy, how it chooses among them. In Action, VisualClaw [185] adds skill cards after failures, SkillSmith [597]
revises skills together with the tools they call, and PANDO [288] retires skills that keep failing, which changes
the options, whereas ProPerSim [369], Time2Stop [370], and the mobile-health trials [559, 424, 425] change
whether and when to intervene. In Memory, AdaMem [299] revises its write policy and EvolveMem [598] its
retrieval rules. No reviewed system revises Sensing, either when it observes or what wakes it. The channels
explain much of this pattern. The evidence for a revision arrives through S— M and A —M, as feedback on
what Action delivered and as records of what it did, whereas a missed observation sends nothing through any
channel, so Sensing rarely receives a signal to revise against. A revision also changes what flows to other
modules: when EvolveMem revises its retrieval rules, it changes what Memory supplies to Action (M —A),
and a rule that sends fewer reminders also changes what Memory records about them (A— M). A change of
space matters most between requests, since a new skill or tool can reach outside effects that the user never
reviewed.

Revising model parameters from personal feedback. Because a revision of shared weights reaches
every module the model serves, feedback on one kind of decision cannot show whether the others got worse.
ProPerSim [369] turns recommendation ratings into a daily revision. At the end of each simulated day, it
trains a small added set of weights (LoRA) by direct preference optimization, which favors preferred responses
over less preferred ones. The revised model then serves later recommendations. The ratings come from
simulated users, and no check is reported before the revision takes effect.

Revising prompts and written instructions. Text that the model reads can be revised without training,
and we distinguish the reported methods by how they decide which text to keep. PACE [599] takes candidate
prompts from a separate proposer and decides only which to commit. A candidate replaces the current
prompt when its paired score against that prompt crosses an anytime-valid threshold, which bounds the
chance of keeping a change by luck even when the scores are inspected repeatedly. It is tested on three
reasoning benchmarks with one model family, and its bound holds per candidate, not per run. In contrast,
EmbodiSkill [600] first separates faulty instructions from failures to follow valid ones and then revises its skill
files, the written procedures that Action follows. It rewrites defective instructions but only notes execution
lapses in an appendix to the skill, so a failed action need not change a valid rule. Its revisions do not have to
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pass a check of outcomes before they take effect. In a running assistant, EATA [411] rewrites its drafting
prompts from the user’s edits, and later drafts use them (§7.2). Unlike EATA, Manus proposes updates to
a project’s instructions and files from patterns in completed tasks and applies them only with the user’s
authorization [408].!

Revising storage and retrieval rules. Feedback about memory can call for an update to the running
state or for a revision of the mechanism. In Memento [231], a user who dismisses a recurring recall stops that
item from recurring, which corrects retained content. EvolveMem [598] instead revises its retrieval rules and
reverts any revision that lowers its score in offline tests on two memory benchmarks.

Revising tools and APIs. In a personal assistant, a revised tool usually changes outside effects. Such a
revision therefore needs one more piece of evidence: that the messages it sends or the entries it writes stay
within what the user currently authorizes. Among the components of the implementation, however, tools are
revised least often in the works we reviewed. SkillSmith [597] provides an example by revising skills together
with the tools they call.

Revising the harness while the assistant runs. The harness runs every step, so rewriting it can also
change work that is already under way. MOSS [98], Ouroboros [99], and Enoch [560] rewrite their own
code, including their harness. Each rewrite must pass a check before it runs. MOSS repairs its code from
batches of failed service transcripts and replays the failed batch. It replaces the running container, an isolated
environment holding the software it runs, only after review and the user’s consent, and it restores the previous
version if a health check fails. Its evidence is limited, however, since repairs are made and graded on the
same four tasks and consent is automatic. Ouroboros proposes changes to its core code and prompts from
operating experience, and each change passes preliminary checks, a blocking review, and a final recheck.
Unlike MOSS, it keeps the live history separate from a fixed benchmark history, and later runs use only
reviewed versions. Enoch adds a human step: reviewed changes run only after its custodian merges them.

Which revisions are governed. The two forms of control in §6.3 apply unevenly across these changes. A
change of policy within a fixed form is the easiest to bound in advance, as the parameter bounds of the three
mobile-health trials show. Changes to text and code are harder, because the control can sit in the same files
that revision rewrites. Changes of space need the closest control, since a new skill or tool can act outside the
assistant, yet VisualClaw, SkillSmith, and EmbodiSkill report no control that applies the user’s limits before
such a change takes effect. Because an always-on assistant revises between requests, often while the user is
away, a control that revision can reach may be rewritten before anyone notices.

Across components, the reported systems meet the four difficulties unevenly. First, none revises when or what
Sensing observes, so evidence that was never observed stays missing: ProPerSim, for example, learns whether
to recommend at each step but still decides every 2.5 minutes. Second, we found none that reports how a
revision changes what the assistant records afterwards. Third, most revisions rest on feedback that names its
decision, such as ratings, edits, and dismissals, and only the mobile-health trials learn from delayed outcomes,
which they can attribute because they randomize each decision. Fourth, none shows the last step, later use,
in full: what happens to commitments made under the old version, or whether later assistance improves by
measures independent of the training signal. Indeed, an accepted revision need not bring a benefit [601].

IManus Projects: https://manus.im/en/blog/manus-projects-self-updating
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7 HALO: Harness for Always-On Loop Oversight

In this section, we introduce HALO, a diagnostic tool that assesses the loop completeness of existing systems.'
It examines two parts of the framework of §2: the coupling channels of the continuing loop and, for self-
evolution that rests on outcome feedback, the five steps of the chain of evidence. For each channel or step, it
asks two questions. Does a system’s source report it? And does removing it change the system’s behavior?
The five steps, defined in §2.1, are record, outcome, attribution, revision, and later use. For an email assistant
that learns from the user’s edits, as EATA [411] does in §7.2, the record is the draft it wrote and the outcome
is the user’s edit. Attribution links the edit to that draft, the revision rewrites the drafting prompt, and
later use is the next draft written with the new prompt. HALO answers the two questions in two modes.
(1) In read mode, language-model reviewers read a system’s papers and released code and decide whether
each channel and evidence step is reported. (2) In run mode, we run a system’s released code on fixed inputs,
remove one or more channels or evidence steps, and examine how its behavior changes. The word harness in
its name refers to these two modes of analysis, not to the harness inside an assistant’s scaffolding. We first
present and analyze the read-mode results for 40 works, and then demonstrate run mode on two executable
cases.

7.1 Read Mode: Channel Coverage and Evidence for Self-Evolution

We apply HALO in read mode to 40 works, listed in Table 22. For each work, read mode gives the same
paper or blog to three oversight agents, language-model agents that act as reviewers: GPT-6-Astra, Claude
Opus 5.5, and Claude Fable 5.1, all at maximum effort. The agents read the code alongside the text when
code is available, falling back to text alone otherwise. Each oversight agent gives its own judgment for every
channel and evidence step, and a majority vote of the three agents decides each cell of the table.

The table follows the two parts of our framework. The coupling-channel columns show which information
flows of the continuing loop each work reports, while the chain-of-evidence columns show the completeness of
evidence for the self-evolving loop. In read mode, we focus on the five additional channels, omitting the basic
S— A path common to every agent system. In these columns, @ denotes a reported implementation, O an
explicitly absent flow, and @ insufficient reporting to decide. The chain-of-evidence columns follow the five
steps defined in §2.1: record, outcome, attribution, revision, and later use.

Memory guidance is more often reported for Action than Sensing. Across the 40 works, S—M
and M — A each have 37 reported implementations, A — S has 28, and M — S has 17. The first two counts
reflect a common pattern among these works: the assistant retains observations and retrieves them when
deciding how to help. Through M — S, retained state also guides which observations Sensing acquires or how
it interprets new input. A system can therefore use personal history extensively when choosing an action
without using that history to guide new observations. For a continuing loop, this distinction determines
whether accumulated experience also guides the search for fresh context. The lower M — S count identifies a
gap in reported coupling: of the remaining 23 works, 22 provide insufficient detail and only 1 explicitly lacks
the flow. Missing documentation therefore leaves one question open: whether these systems use retained
state to decide what to observe between requests. The counts therefore measure what sources report, not
what systems do: a missing mark can mean a missing flow or a missing description. Our analysis in §3.4.2,
however, explains why this channel is hard to build and to test, so the gap may not be only a matter of
documentation. Because an always-on assistant must notice relevant changes without waiting for a request,
we see M — S as a priority for future research.

Action records provide only part of the feedback chain. Most reviewed works keep records of
their actions, but few go on to revise their mechanism from them. Of the 40 works, 25 report the A —M
channel, which passes action context to Memory, and only 15 of them also retain the outcomes. The other 10
mostly pass plans, responses, or execution records, with no evidence that later consequences are kept. In the
chain-of-evidence columns, which count all 40 works, 24 keep action records, 16 retain outcomes, and 18 link
outcomes to decisions, whereas only 5 revise their mechanism and only 4 show the revised mechanism in

IThe full HALO codebase is available at https://github.com/Always-0On-Intelligence/HALO.
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Table 22 Channel review and chain of evidence for self-evolution. Left: coupling channels, @ reported, O
explicitly absent, @ unreported or insufficiently specified. Right: the chain of evidence of §2.1, m stated in the primary

source, - not stated. Rec. record, Out. outcome, Attr. attribution, Rev. revision, and Use. later use.
System Coupling channels Chain of evidence Source
S—-M M—A A-S M—=S A—M Rec. Out. Attr. Rev. Use.
Wearable
Vinci [8] ° ° [ [J [ MR Report ) Code
Vinci2 [283] ° ° [J [J [ MR Report €) Code
VisionClaw [10] ° ° ° o ° = " Ml Report €) Code
ContextAgent [96] ) [ ° [ [ MR Report € Code
ProAgent [130] ° ° ° ° ° L] L] n MR Report —
AiGet [247] . ° o ° ° m Rl Report €) Code
Alpha-Service [131] ° ° ° J ° L] MR Report —
Memento [231] ° ° ° ° ° L] [ MR Report —
SocialMind [246] ° . o . ° L] MR Report —
SpeechLess [134] ° ° ° ° ° L] u MR Report —
M3-Agent [95] ° ° [ ° [ MR Report € Code
LightMem-Ego [137] ° ° [J [J [J MR Report € Code
Sensible Agent [418] o o) ° o o) MR Report —
Egocentric Co-Pilot [151] ° ° ° ) ) MR Report €) Code
Pro? Assist [145] ) ) ) ) ) AR Report —
Pro?Bench [237] ° ° ° ° ° L] L] [ MR Report —
IPIBench [129] ° ° ° ° o Rl Report €) Code
Omi' [138] ° ° ° ° ° MR Report € Code
Beef [310] ° ° [ [ ° n AR Report —
Physical
AssistantX [2] ° ° ° ° ° [ Ml Report €) Code
Hobbit [3] ° ° ° ° J n MR Report —
STRANDS [4] ° ° ° ° ° L] L] L] MR Report €) Code
PHILIA [5] ° ° ° J ° L] [ MR Report —
ABot-Claw [6] ° ° ° J ° ] n Rl Report €) Code
MoveCare [158] ° ° ° . ° L] n MR Recport —
ElIQT [319, 362] ° ° ° 1) 1) MR Rcport —
Digital
PASK [468] ° ° [J [J [ MR Report €) Code
User as Code [302] ° ° () () () n = MAReport € Code
PITCH [248] ° ° ° J ° L] L] L] MR Report —
Ouroboros [99] ° ° ° J ° L] L] n s MRReport €) Code
VisualClaw [185] ° ° ° J ° m m MR Report € Code
Proactive Agent [12] ° ° ° () ) = = MR Report €) Code
PAHF [232] ° ° ° J ° ] L] MR Report €) Code
AwareLLM [14] ° ° [ ) [J AR Report —
ProAct [152] ° ° ° ° ° L] Bl Report €) Code
Long-term TOA [315] ° ° ° ° ° L] MR Report —
ProPerSim [369] ° ° [ [ ° u n s MRReport € Code
Dot [16] ° ° ° ° ° L] BRReport —
Muse! [15] ° ° ° J ° L] MR Report —
EATAT [411] . ° ° J ° L] L] L] L] AR Report ©) Code

Wearable, Physical, and Digital identify the principal interaction domain, and domains may overlap. The basic S— A path is
not shown because it is common to every agent system. T Product documentation or an open-source release.
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later use. The steps are counted separately, so a later step can be reported more often than an earlier one.
More works link outcomes to decisions than retain them, because an immediate check can connect a result
to its action without storing the result. Conversely, a stored outcome does not by itself show which earlier
decision produced it. For an always-on assistant, action records can already support resuming interrupted
tasks and avoiding repetition. A claim of self-evolution, however, requires evidence that experience leads to a
mechanism revision and that the revision shapes later behavior.

ProPerSim [369], placed at L4 in Table 21, is one of the few works with such evidence: it is one of only three
works that state all five steps, and it shows how the steps connect. It records each user action together with
its own response, which can be a recommendation or a choice to stay silent (record). A simulated user rates
candidate responses (outcome), so each rating is tied to the response it evaluates (attribution). At the end of
each simulated day, the rated pairs train the model by direct preference optimization, a training method
that raises the probability of higher-rated responses relative to lower-rated ones (revision). From the second
day on, the trained assistant scores above the untrained baselines while recommending less often (later use).
The chain is therefore complete, but only against a simulated evaluator, and its delayed effects on real users
remain unknown. The source also reports no control that applies the shared conditions to these revisions, so
the evidence does not establish L5. A complete chain also does not by itself make a self-evolving loop, which
requires an always-on assistant at L3 or above. VisualClaw [185], for example, states all five steps but acts
only when asked, so it is a self-improving agent in the sense of Table 3 and stays at L2.

Channel coverage and self-evolution are distinct. No work that reports every channel in the table
also reports mechanism revision. Conversely, the three works with a complete evidence chain, Ouroboros [99],
VisualClaw [185], and ProPerSim [369], leave some channels unspecified. The table thus captures two different
kinds of progress. Wider channel coverage means a more connected continuing loop: retained state steers
what the assistant observes and does, and the results of its actions return to Memory, so assistance can
continue between requests without the user restating context. A more complete evidence chain means better
grounded self-evolution: the assistant can show that a change to its mechanism came from the outcomes of
its own decisions and that its later behavior used that change. The first describes how well the assistant
keeps running, the second how reliably it improves from use. Neither dimension alone establishes reliable
personal assistance across changing goals and interaction boundaries. User as Code [302] further illustrates
why the evidence steps are separate: it revises alert rules and uses them later without a reported chain from
earlier action outcomes. Combining channel and evidence marks into a single score would obscure how these
dimensions and steps differ.

Channel implementations need tests of their contribution. The same system can receive different
channel judgments depending on how it runs. VisualClaw [185], for example, can run on two coding agents,
Claude Code and Codex. Only Claude Code checks the workspace during execution, while Codex works
from a snapshot taken before the call, so only the Claude Code setup reports A—S. A channel judgment
therefore depends on which setup delivers the signal, when it arrives, and which interface receives it. The
evidence behind the table also varies: some sources compare modules, feedback conditions, or whole systems,
while others describe product behavior without a controlled comparison. Such evidence can establish an
implementation or a broader system benefit while leaving the contribution of an individual channel unresolved.
Removing a channel does not always reveal that contribution: another route can supply similar information,
so the output can stay unchanged even when that information matters. Revisions, too, can be implemented
without being shown in use: EATA [411] reads revised prompts in its code, but the source provides no
run demonstrating later use, leaving the final step unmarked. Run mode tests these contributions directly,
separating what a source reports from what changes when a delivered signal or evidence step is removed.

7.2 Run Mode: Testing Channels and the Chain of Evidence

Run mode works like an A/B test: we first run the unmodified system, then rerun it with selected channels or
evidence steps cut while keeping the test inputs and the model fixed. For a channel, comparing the two runs
shows whether the other modules still respond normally without the cut information. For an evidence step,
the cut is made while the system learns from feedback, and later tasks show whether what it learned still
carries over. We apply run mode to AiGet [247] to test channels and to EATA [411] to test evidence steps,
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following their released codebases. Claude Opus 5.5 builds and runs the tests, and GPT-6-Astra judges the
outputs without knowing the condition, that is, whether an output comes from the unmodified or the cut run.

AiGet is the L3 smart-glasses assistant in Table 21, and it shows why channels need to be cut both singly
and together. In its pipeline, the same user profile enters both the perception prompt, which interprets the
scene, and the generation prompt, which writes the suggestions, so the profile reaches Action by two paths.
Cutting one path can then leave the output unchanged even when the profile matters. The tests cover 6
everyday scenes rendered as text, with 5 samples per scene and condition, and the pipeline runs on Claude
Opus 5.5. In Figure 1la,b, we test (1) M — A by withholding the profile from generation while retaining
the original perception output, (2) M—S by withholding it from perception, and (3) A—M by withholding
the recording of shown suggestions before revisiting the scene. We also cut M— A and M — S together by
withholding the profile from both prompts. Of the remaining channels, we do not test S— M because the
profile is preloaded before the run, and AiGet does not implement A —S. We keep the basic S— A path
intact so that Sensing can still pass the interpreted scene to Action.

Without the record of shown suggestions, AiGet repeated earlier suggestions when it revisited a scene,
and unrelated history did not provide the same protection. In the profile tests, removing the profile from
perception made some settings appear unfamiliar. Yet removing it from either prompt alone left the judge
without a clear preference between the modified and original suggestions. When both prompts lost the profile,
the judge preferred the original suggestions. Together, the single and joint cuts suggest that the profile’s two
paths to Action can compensate for each other. When M — A is cut, profile-informed perception can still
reach Action through S— A, and when M — S is cut, generation can still use the profile directly. A change in
scene interpretation can thus coexist with no clear difference in final preference. When paths compensate in
this way, cutting one channel at a time locates effects along a path, while cutting two channels together can
reveal a dependence that the other path masks. A channel’s contribution can therefore depend on the other
paths in the loop. This is one reason to examine integrated systems as whole loops rather than only one
module at a time.

For self-evolution, we test whether revisions made while an assistant learns from a user’s edits shape its
replies to new emails. We reproduced EATA [411], the L4 email assistant in Table 21. It revises its prompts
from edits to its drafts through a process called reflection. In the learning phase, a simulated user with 5
unstated preferences edits drafts for 5 emails, and the model that builds the tests also simulates this user. In
the test phase, 4 new emails check whether those preferences carry forward without further guidance. In
Figure 1lc,d, each intervention cuts the chain during learning. For the first two steps, (1) reflection loses the
assistant’s questions and drafts (record), and (2) user feedback is withheld from reflection (outcome). For the
remaining steps, (3) current feedback is paired with the previous email’s record, skipping reflection for the
first email (attribution), and (4) revised prompts are generated but not stored (revision and later use, tested
together). To see whether the effects hold across models, EATA itself runs on three models, GPT-6-Astra,
GPT-6.1-Sol, and Claude Opus 5.5, with 2 runs per condition. The judge then compares the test-phase
replies with those of the unmodified run. A test counts as changing the output when the unmodified run is
preferred in at least 5 of 8 comparisons for at least one model. When feedback was withheld or revisions not
stored, all 3 models dropped the required closing sign-off from new emails, and partnership replies no longer
mentioned the designated colleague. By contrast, the record and attribution interventions had less consistent
effects across models. Read mode leaves later use unmarked in Table 22 because the source reports no run
demonstrating it. The run-mode tests supply this missing evidence: subsequent replies in the reproduced
configuration depend on stored revisions.

We designed HALO as a general interface, so that research teams can diagnose their own assistants with the
framework we propose. To do so, we release an MCP plugin and an adapter interface. Through the MCP
plugin, a running assistant logs each step of its loop and the earlier steps it used, and HALO reads from
these links which channels and evidence steps the trace shows. Through an adapter, a team declares where
each channel and evidence step passes through its code, and HALO runs the test cases with them cut and
reports how the outputs changed. A channel or step that the adapter does not declare cannot be cut, so
HALO reports it as not tested. §8.4 discusses what cutting channels in a running assistant would require.
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Figure 11 Run mode on AiGet and EATA. Top: (a) AiGet’s coupling channels and (b) the results
of the channel tests. Bottom: (c) EAIA’s learning loop with the five evidence steps and (d) the results of
the evidence-step tests. In (b) and (d), the read-mode row repeats the system’s row in Table 22, and the
run-mode row marks tests that changed the output.

8 Trends and Open Problems

The preceding sections (§§3—7) show where current always-on systems fall short, and this section states the
resulting gaps as open problems. We group the problems into four parts, summarized in Table 23. The first
three follow the framework from running the loop to revising it: sustaining the continuing loop, keeping it
within authority, privacy, and safety, and revising it through self-evolution. The fourth asks how to evaluate
all of this over months of real use. Each problem first states why it remains open, then poses it in a box, and
then gives directions and a way to test them.

8.1 Sustaining the Continuing Loop

We first examine how the assistant keeps the loop running when no one is making a request. The problems
follow the loop from Sensing through Memory to Action: observing between requests, updating what the
assistant believes about the user when no one announces a change, keeping and closing commitments, and
deciding when to act, wait, or ask. Because all three modules draw on one budget, the last problem asks how
to share it across pending tasks.

8.1.1 Observing Between Requests

Memory guidance of observation is less reported. A request-only assistant observes when the user
asks, and the request shows where to look. An always-on assistant has to decide for itself when to observe
and what to look at, since real-world limits rarely let it observe everything. Retained state can guide where
and when it looks, but it brings a risk that a request does not. When the user’s situation changes after it was
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Table 23 Open problems at a glance. Each part is one subsection and states its problems in numbered boxes.
The Framework column names the part of the framework in §2 that each part concerns.

Open problems Framework Section
Sustaining the continuing loop. How can an assistant decide what to observe, what TS, TM, TA, the six §8.1
to believe, and when to act when no one is asking, while pending commitments share one channels, and ¢t

budget? (Problems 1-5)

Authority, privacy, and safety. What has the user authorized, where does the assistant ct §8.2

run, whose information does it hold, and how can people check what it does when no one
is watching? (Problems 6-9)

Self-evolution and recursive revision. How can an assistant learn from implicit, 6:, REVISE, A—M §8.3
delayed outcomes, show that a revision helped, and keep revisions, including revisions of
the revision procedure, within the user’s bounds? (Problems 10-13)

Longitudinal evaluation and real deployment. How can we evaluate an assistant The whole loop over §8.4
whose decisions shape its later inputs, and show over months that it helps the user more months
than it burdens them? (Problems 14-15)

recorded, the assistant can keep trusting the old record and stop looking where the change happened. A
missed observation then leaves nothing to check. In the running example, a meeting moved by email leaves
the stored end time looking correct until the assistant looks again. The risk is larger in an open world, where
much of what matters was never recorded, such as a new person, place, or task. Observation that follows
memory can then stop exploring what the assistant has not yet seen, even when every record is still correct.

Such guidance is reported less often than memory guidance for Action, and the reviewed tests do not count
what it causes the assistant to miss. Only 17 of the 40 works that HALO reviews report M — S, whereas 37
report M— A. Tests that let beliefs go out of date score what the agent asks and judges [232, 233], but a
skipped observation leaves nothing to score.

Open Problem 1

A request-driven agent looks only where the user points, whereas an always-on assistant relies on its own
memory to decide when and where to look between requests. Yet if a stored belief goes stale, it can steer
sensors away from the very place where a silent change just happened. What keeps memory-guided
sensing from blinding the assistant to unannounced changes, and how can the assistant
account for the stretches of time it chose not to observe?

Directions. Memory guidance makes observation cheaper only while the memory is right. A first direction
is therefore to save effort by checking only when the assistant is uncertain [197], but this creates a dilemma.
Because an unannounced change in the world triggers no warning, the assistant stays wrongly confident
about a belief that has actually changed and never learns that it needs to look [232]. It notices the mistake
only when something goes wrong or the user complains, which is usually too late. Checking everything on
a regular schedule can catch such changes, but it wastes resources and, when a check means asking, keeps
interrupting the user. The assistant thus faces a trade-off: it either misses silent changes because it trusts
its memory too much, or it interrupts the user by repeatedly checking beliefs that are still right. A second
direction is to make occasional checks that do not depend on memory guidance, which can reveal a change
that no retained state points to or something new that memory has never contained. Both kinds of check cost
energy and can expose private information, so they compete with other pending tasks for the same budget.
Comparing the two directions requires an independent record of what happened, so that missed events can be
counted under a matched observation budget. Such a record is costly to collect over long use and can itself
capture private information. The comparison would also follow each miss into the later decisions it affects.

8.1.2 Updating Beliefs Without Being Told

Changes often arrive without an announcement. Assistants with durable memory already update
stored facts when the user states a change. Mem0 [295], for example, decides for each fact extracted from a
conversation whether to add it, update a stored memory, or delete one it contradicts. LoCoMo [374] and
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LongMemEval [375] make such updates comparable across systems. An always-on assistant often learns of
a change only from what it observes, and it can reuse a mistaken belief between requests before the user
notices. It must then decide what each observation means for a stored belief.

The evidence for an unannounced change is often weak. Sometimes a change shows up only as something that
stops happening, which leaves nothing new to observe. When a deviation does appear, it rarely says how long
the change will last: a profile item can be standing, temporary, or expired, and one deviation can fit more
than one of these. For example, if the user skips the usual morning briefing for two weeks while working
from another city, the assistant has to judge whether the routine has changed or the trip is an exception.
Overwriting the old belief too early discards an alternative that has not been ruled out, while waiting keeps
an outdated belief in use. Even after the assistant judges correctly, an update repairs only the records it
reaches, since summaries, later responses, and cached reads can still depend on the old value [357].

Open Problem 2

People rarely announce that their habits have changed, so the assistant simply observes a deviation, such
as a morning briefing skipped for two weeks during a business trip. When a user silently breaks
a routine between requests, how does an always-on assistant tell a lasting change from a
temporary exception—and once it updates that belief, what ensures the correction reaches
every summary and pending task built on the old value?

Directions. The assistant has to judge when a deviation should change a stored belief, and the change
must then reach everything built on the old value. A first direction is to act on new evidence once it arrives.
The method in STALE [233] marks, replaces, or blocks outdated records, but it waits for relevant evidence.
A second direction is to keep the original episodes, so that a deviation can be reinterpreted once its duration
becomes clear. Such broad writing, however, carries uncertain interpretations into later decisions, and routine
interaction can poison durable state that later assistance relies on [339]. Selective writing reduces storage
and exposure but can discard the evidence needed to resolve a later contradiction. A third direction is to
link each summary and cached read to the records it was derived from, so that a correction reaches them
before they are reused. Tests of these directions would deliver changes only through observation, some lasting
and some temporary, and score how long an assistant acts on an outdated belief, how often it overwrites a
belief that still holds, and whether a correction reaches derived records in time. Memora [337] tests a related
question: whether invalidated memories still affect later behavior.

8.1.3 Keeping and Closing Commitments

Commitments outlive the conversation. A request-only assistant with durable memory can hold a
reminder at a time the user fixed, which carries out the earlier request as asked. A long-horizon agent carries
dependent steps toward given tasks, possibly across sessions or a stream of tasks. An always-on assistant also
holds commitments whose timing the user has left to it, and such commitments can outlive the interaction,
the device session, or the permission under which they were made. The report reminder is an example: it
waits for the end of the meeting, which can move or be cancelled, and the assistant can be asleep or restarting
when the meeting ends. Each change has to reach the reminder before it fires.

Resuming a commitment must neither repeat nor skip work. LIMBO [243] tests duplicate effects within a
task, not across interactions. In its tests, leading models rarely duplicate a write when immediately reading
the resulting state reveals what happened. However, they duplicate it in 56% and 74% of episodes when the
request is still in flight, that is, sent but not yet answered, or was delivered twice.

Closing a commitment raises a further problem. The hardest case is a completion that leaves no trace the
assistant can observe, and retiring a commitment on incomplete or ambiguous evidence of completion remains
largely unevaluated.
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Open Problem 3

Unlike a single-session task, an always-on commitment can sit waiting for days while the target event
moves, the assistant restarts, or the user quietly finishes the job on their own. Once a commitment
outlives the conversation that created it, what prevents a restart or schedule change from
dropping or duplicating the action, and how does the assistant close a commitment whose
completion leaves no observable trace?

Directions. A restart, a moved event, and work the user finishes without saying so each call for a different
fix. A first direction is to keep a record of each past action with its commitment, so that a resumed task
can see what was already done. In HALO’s run mode, AiGet [247] repeated earlier suggestions when it
revisited a scene once this record was withheld. The record must also outlast the program that runs the
loop. In the design of DeepSeek’s Super-agent [544], each session’s state lives in a database, apart from that
program, so the program can be restarted or replaced without losing the task. DeepSeek Harness also offers
tools that report at once that an action has started and deliver its result later as a new event, so an action
still in flight stays visible. A second direction is to route each change to the commitment it concerns, so
that a moved meeting reaches the reminder waiting for it. In DeepSeek’s Super-agent, each task’s session
follows the chat topics and pull requests the task depends on, and their later events go straight to it. A
change that arrives elsewhere, such as a separate email that moves the meeting, must still be matched to the
right commitment. DeepSeek leaves that match to the session that talks with the user. A third direction
is to close a commitment only on evidence of completion. Pally [312] closes a bill reminder when a verified
payment confirmation arrives, and Folk [358] asks the user for a screenshot or a one-line confirmation before
closing a task. A test of these directions would disturb a commitment while it is pending: restarting the
assistant, delivering a request twice, moving or cancelling the awaited event, and completing the work without
telling the assistant. It would count repeated, skipped, and stale actions and measure how long a fulfilled or
cancelled commitment keeps producing reminders.

8.1.4 Deciding When to Act, Wait, or Ask

Outcomes arrive after the decision. An assistant that answers requests acts when asked, and the user
is present to respond. An always-on assistant decides for itself whether to act, wait, or ask, and the outcome
of that choice often arrives much later. Waiting can avoid an unnecessary interruption, but waiting too long
can miss the opportunity or leave the commitment unfulfilled. Asking has a cost as well, since a question can
interrupt ongoing activity [121, 442].

The value of acting also changes with repetition. In the six-week HeartSteps trial [433], walking suggestions
at first raised steps in the following 30 minutes by 107%, but by 24% on average across the whole trial. The
trial does not identify fatigue as the cause. Timing benchmarks assess when an intervention occurs, yet useful
assistance today can become burdensome after repeated use.

Open Problem 4

Every unprompted message spends the user’s attention immediately, whereas the cost of staying silent
may surface only days later as a missed deadline. Moreover, suggestions that help in week one can turn
into annoying noise by week six. In unprompted interactions, how does an always-on assistant
weigh immediate interruption cost against delayed benefit as user fatigue builds up over
weeks?

Directions. A good choice of when to act depends both on what has already happened and on what will
follow. A first direction is to choose among silence, communication, preparation, and authorized execution, as
abstention and proactive-assistance studies propose [40, 41], while conditioning the choice on the interruptions
already accumulated and on the user’s receptivity, meaning readiness to receive help. A second direction
is to learn from experts who already make such choices, not only from the user’s reactions. Learning from
the user alone spends the user’s attention on every attempt and waits for outcomes that may arrive days
later, whereas expert records already show when skilled people step in. In training, this takes the form of
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imitation learning: a model is trained on records of when these people spoke and what they said. Live fitness
coaching [602] trains a model on feedback written from a coach’s perspective, and live commentary [223]
trains one on the narration of online videos. The instructor interventions recorded in HoloAssist [603] show
when and how a remote expert steps in.

At the time of use, the assistant can learn from experts through in-context learning. Before guiding a user
through a task, for example, it could watch an expert’s online video of that task and learn when to step in
and what to say. Demo-ICL [604] tests this with how-to videos, where a model watches a demonstration and
predicts the next step in another video of a similar task. The strongest model it tests answers 36% of these
questions correctly, against 80% for people. Robots can also learn from demonstrations in context [605], and
RoboICL [606] has a general model output the robot’s motions directly. Its demonstrations, however, are still
recorded on the same robot with a person steering it, as in ICRT [607]. Bridging the gap between online
video and action in the physical world therefore remains far off.

A third direction is to train the decision on later outcomes as well as on immediate acceptance. Reward-design
work such as ProRL [608] shapes objectives that encourage activity, yet frequent acceptance reflects only the
immediate response, so such objectives still need tests of whether they improve user benefit. Evaluating these
directions needs studies that repeat the decision over weeks and record what follows each choice, including the
choice to wait, and that weigh user benefit against interruption costs, missed opportunities, and unfulfilled
commitments. The repeated randomization in HeartSteps shows that such studies can be run in the field,
and Problem 10 asks how their outcomes can revise the decision rule.

8.1.5 Sharing Limited Resources Across Pending Tasks

Pending tasks draw on one budget. Every module draws on the same battery, computation, and model
calls, and pending commitments compete for this budget. On smart glasses, for example, one battery powers
both the camera that observes and the display that shows the reminder. A device that serves one request at
a time spends the budget on that request. An always-on assistant, in contrast, holds several pending tasks
with different observation needs. During a familiar commute, the assistant can sample the camera less often
to save energy. An unresolved action instead needs a fresh check of its outcome, and that check can delay
checks on other pending tasks.

Two inputs to Sensing can then favor different observations: memory guidance through M — S and an action’s
request for a check through A —S. With overlapping tasks, focusing observation on one task can also reduce
chances to detect new events or follow other commitments.

Compensation adds a less visible risk. When selective sensing omits evidence, a task log or broader monitoring
can recover it, but both methods can depend on the same resource or permission and fail together. To confirm
that a message was sent, for example, the assistant can read the outbox and fall back on its task log, yet
both rely on the same cloud account. A shared dependence can also stay hidden in tests. In HALO’s run
mode, both of AiGet’s paths to Action read one user profile, and the results suggest that the two paths can
compensate for each other. Cutting either path alone left HALO’s judge without a clear preference, whereas
cutting both made it prefer the original suggestions.

Open Problem 5

A single-task agent spends the whole device budget on the active request, but an always-on assistant
juggles multiple pending commitments that all compete for the same battery, computation, and sensors.
When multiple background commitments compete for one observation budget, which checks
take priority—and if a backup check, such as reading a task log, covers for a skipped
sensor check, how can the assistant detect that both rely on the same revocable account or
permission?

Directions. To share the budget, the assistant has to know which check can wait and which method can
cover for it. A first direction is therefore to set the priority between the two inputs to Sensing. One design
we propose gives priority to an action’s fresh checks of unresolved effects and lets one observation serve both
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inputs when their viewpoint, modality, and freshness needs match. Observation must then change again
when a task ends, changes, or is cancelled. A second direction is to record which resource or permission each
method depends on, so that a method chosen to cover a skipped check does not fail for the same reason. An
evaluation would run overlapping tasks with newly arriving events under a fixed observation budget, vary
agreement and conflict between memory guidance and action requests, and vary whether covering methods
share a resource or permission. It would measure evidence freshness, task completion, and missed chances to
correct a belief. Cutting channels jointly as well as one at a time would show both what a covering method
recovers and what it hides.

8.2  Authority, Privacy, and Safety

We next examine three of the shared conditions: authority, privacy, and safety. We single them out because
they limit what the assistant is allowed to do, not what it is able to do. People set the first two, the user above
all, along with those the assistant observes or affects, and safety rules out harms that no one’s agreement
can make acceptable. Each condition must hold in Sensing, Memory, and Action at once, yet no reported
control covers all three (§6.2.1). Once the assistant keeps running between requests, these conditions also
raise questions about the people involved. What has the user authorized, and for how long? Where does the
assistant run, and what can it reach? Whose information does it hold, and how can people check what it
does when no one is watching? The CAPS report [609] poses general versions of several of these questions for
AT agents, and the four problems below state the form they take for an always-on assistant.

8.2.1 Consent That Outlasts the Conversation

Permission is granted once and used later. In a request-driven assistant, each action that uses a
permission follows a request, so the user is present to see it. An always-on assistant instead uses permission
granted earlier for actions it chooses later, often while the user is away. Products already differ in where they
ask the user again, from Claude Duet’s approval before it sends, pays, signs, or deletes to the checks of each
action against the user’s permissions in Dot and Muse [17, 16, 15].

The CAPS report [609] asks how credentials can be issued for the correct lifetime and revoked when the task
completes. An always-on assistant, however, can hold many commitments under one grant, so no single task
end marks when the grant should lapse. Changes in permission create a further coordination problem [609],
because updating one component can leave another using the old permission. Asking the user, meanwhile,
has a cost (Problem 4). An action held for approval can miss its moment, while one that proceeds cannot
always be undone.

Open Problem 6

In a turn-based chat, the user is present whenever a permission is used, whereas in a continuing loop,
a permission granted once keeps authorizing actions the assistant initiates days later while the user is
away. When a user narrows or revokes a standing permission, what ensures the change
immediately halts every scheduled check, queued action, and delegated tool, and which
background actions must still pause and wait for fresh human sign-off?

Directions. A grant checked once when a task is planned says little about an action taken days later. A
first direction is therefore to check a grant when the action takes effect. Commit-time authorization [465] does
so for general agents (§5.3.4). A second direction, which we propose, is to tie each grant to the commitments
that rely on it, so that the grant can lapse when the last of them closes. Every change also has to reach the
components that still hold the old permission: scheduled observations, retained instructions, queued actions,
and delegated tools. A third direction is to set the level of approval by risk, as the products above do in
different ways, so that reversible steps proceed under the user’s standing rules while irreversible ones wait.
Policies that the user sets in advance, as the CAPS report [609] proposes, could replace approval of each
action, although how users maintain such policies over time remains open. Tests would change permissions
during overlapping tasks and measure how long affected operations continue, whether the remaining work
stays within the new scope, and how much authorized work is interrupted unnecessarily.
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8.2.2 Where the Assistant Runs and What It Can Reach

An assistant that acts on its own needs a place to run. Runs that no request starts have to execute
after the user closes the app, either on a cloud computer kept apart from the user’s devices, as in Gemini
Spark, Claude Duet, Dot, and Muse, or on the user’s own host, as in OpenClaw [412, 17, 16, 15, 332]. The
choice trades speed against reach. An assistant that runs apart from the device it operates sends every
command and screenshot across the network, while one that runs on the device acts faster but needs a harness
light enough for that device.

A sandbox, however, does not stop the assistant from misusing an interface it has been granted, and isolation
can be partial, as when all of a user’s Grok Bots share one cloud computer [242]. Other parties set limits
too. When ByteDance’s Doubao phone assistant began operating other apps on users’ behalf, major apps
restricted or blocked it, and ByteDance disabled its features in financial and gaming apps [610]. Once the
assistant has crossed a limit, stopping it does not undo what it did, since stopping or deleting a Dot leaves
its completed actions in place [16].

Open Problem 7

Running an always-on assistant in the cloud keeps it alive when the user’s devices are off, while running
it locally keeps data on-device and lowers latency. Either way, a code sandbox cannot stop an assistant
from misusing a legitimate account it was granted, nor does killing the process undo emails already
sent. Where should each part of the continuing loop run, and what catches or reverses an
unauthorized external action when code sandboxes and stop buttons cannot?

Directions. The boundary has to hold even when the assistant misjudges its own scope. A first direction
is therefore to keep credentials and permission checks outside what the assistant can change, as Muse does
with separate credential services and with its Sentinel checks [15]. A second direction is to give each task or
agent its own environment and identity. Manus gives each task its own isolated cloud virtual machine [408],
and Cue and Fo give the agent accounts of its own, so outside services do not record its actions as the
user’s [611, 459]. Limits on each tool complement such environments: AgentBound [543] confines each server
to a declared list of permissions, and IsolateGPT [542] runs each app in isolation. A third direction is to plan
for undoing before acting, by recording how each action can be reversed and holding the actions that cannot.
Tests would give the assistant instructions that exceed its scope, both from the user and through content it
observes, and measure whether the boundary stops them, how long a crossing goes unnoticed, and how much
of its effect can be undone.

8.2.3 Whose Context the Assistant Holds

The assistant can help only as far as it sees the user’s context. How much an always-on assistant
can do depends on how much of the user’s context it can see, and on how much the user is willing and able
to give it. Running the assistant on the provider’s cloud computers lets it work around the clock, but the
user’s context then also sits on machines that the provider runs. Whatever the assistant holds, a privacy
requirement must hold in every module at once, because what one module may process flows through the
channels to modules that must not keep it or pass it on. No reported control achieves this [416, 246, 139].

The same information can also be delivered much later, at a time and to an audience that the assistant
chooses. A note that is fine to show on the user’s phone may not be fine to read aloud in a shared room,
and current agents misjudge the audience even within one task [440]. Information from a deleted source can
remain in a summary, index, cache, or derived procedure. Observation also takes in other people, whose
expectations about being recorded vary with the setting [170, 171, 172, 173], and a continuing loop extends
these concerns over months of observing shared spaces.
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Open Problem 8

An always-on assistant can capture bystanders who never consented to recording, and a fact captured
privately today can be surfaced days later in front of a different audience. What prevents an always-on
assistant from leaking information captured in one context to a new audience days later,
and how can deleting a source record purge every summary, cache, and learned routine
derived from it?

Directions. Days after capture, the assistant may no longer know on what terms the information was
given. A first direction is therefore to carry its source with each record. A record that keeps its source, owner,
permission, and validity lets the assistant ask, at delivery, whether the current audience, place, and purpose
fall within what the source allowed, and lets every module check the same terms. A second direction is to
carry a deletion along the links between derived records and their sources, so that summaries, indexes, caches,
derived procedures, pending deliveries, and copies on the provider’s machines stop using a deleted source. A
third direction, for other people, is to limit what is captured or answered about them, as Kirigami [140] and
Selective Hearing [174] do for speech, and to direct each delivery only to the people who need it. An assistant
can also serve a group as a whole, as STRANDS [4] does for the residents of a care facility. None of these
directions settles whose consent governs what is kept about other people over months. Tests would change
the audience, place, or purpose between capture and delivery and delete a source while derived records and
deliveries are still pending. Deployments with several people would record who was captured, what was
kept about them, and which actions reached them, and would ask bystanders and group members about the
assistant’s behavior, not only the primary user [318].

8.2.4 Overseeing an Assistant That Acts on Its Own

People see only part of what the assistant does. Safety concerns the harm that the assistant’s actions
can cause, and an always-on assistant acts more often while no one is watching. It can follow content written
to mislead it, which arrives through the screens, documents, and messages it observes. External text can
redirect an agent [168], tool responses can carry untrusted content [167], and injected web content can make
an agent leak the user’s personal data [441]. What the assistant keeps can steer decisions long after, and
summaries can hide the contamination [386]. A retained procedure can also repeat an unsafe shortcut in
every later run [530, 531], and an assistant can disregard the limits it was given, as Poke did in one logged
run of Assistant Benchmark [489)].

People then need to see what the assistant did and why. Outside services record its actions as the user’s
own, so a later reader cannot tell the user’s actions from the assistant’s. The user also wants a report short
enough to read, yet the item that a short report leaves out may be the one that matters. Reported systems
check only parts of this path, and no single control covers it from observation through retained procedures to
the action [15, 332, 532].

Open Problem 9

While the user is away for days, untrusted emails or web pages can plant instructions that enter Memory
and steer later actions, yet the user only has time to read a brief summary of what happened. When
an assistant operates unattended for days, how can a brief summary expose every high-risk
or externally influenced action without overwhelming the user, backed by audit logs and
safety checks that the assistant itself cannot edit?

Directions. Oversight depends on records that the assistant cannot rewrite and on reports that leave
nothing important out. A first direction is to trace each action back to the observations, records, rules, and
permission behind it. The fields and links proposed for Problem 8 are a start: once planted content is traced
to its source, the links from that source would show what to remove. A second direction is to keep observed
content from setting the rules that govern later actions. Conseca [541] writes each task’s policy only from
trusted context, and Progent [540] lets an agent narrow its own tool privileges but sends any widening to
the user. A third direction, which we propose, is to report in layers: a short report for the user that lists
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irreversible actions first, backed by a review of the full record that flags what the short report left out. That
review needs a checker outside the assistant, and HALO’s adapter (§7) could provide its interface to a running
assistant. Tests would plant misleading content and unsafe instructions and measure their effect days later,
after it has passed through Memory into actions and revisions. They would also check whether the trace lets
the assistant undo that effect and whether the short report would have shown the risk to the user.

8.3 Self-Evolution and Recursive Revision

We then turn to self-evolution, in which the assistant also revises its own mechanism, and these revisions
must stay within the same conditions. An always-on assistant learns from its own operating experience:
the evidence for a revision comes from the assistant’s earlier decisions, and the assistant keeps serving the
user while revising. Fach problem below builds on the one before it: linking delayed outcomes to decisions,
telling whether a revision helped, keeping revisions within the user’s bounds, and revising the procedure that
produces revisions.

8.3.1 Learning From Implicit, Delayed Outcomes

Outcomes rarely name the decision that caused them. Self-improving agents learn from feedback
such as environment rewards or model critiques. An always-on assistant learns from daily use, where feedback
is sparse, delayed, and open to competing explanations. One dismissed reminder says little: the dismissal can
reflect the rule, a meeting that ran late, or a report the user had already sent. The assistant must therefore
link the feedback to an earlier decision and then decide whether to correct a user record or to revise a rule.
A reminder dismissed while the meeting was still running can call for fixing the recorded end time of the
meeting, which is a content update. It can instead call for changing the rule for when to send reminders,
which is a mechanism revision.

Few reviewed works carry this link through to a revision. Of the 40 works that HALO reviews, 16 retain
outcomes and 18 link outcomes to decisions, often through an immediate check that does not store the
result. Attribution can also fall into a memory trap, where faulty memory biases how feedback is read and a
revision preserves or amplifies the original mistake. Decisions to stay silent produce even less evidence, since
a reminder that was never sent leaves no reply to learn from.

Open Problem 10

In daily use, feedback rarely names the decision it concerns: a dismissed reminder could mean the timing
rule is flawed, the stored meeting time was wrong, or the user already finished the task. Staying silent
leaves even less trace, because an unsent reminder draws no reply. When feedback arrives hours
later—or never arrives because the assistant stayed silent—how does a self-evolving loop
attribute the outcome to the right earlier decision and tell whether to fix a stale memory
record or rewrite a decision rule?

Directions. Attribution needs to know which decision preceded an outcome and what would have followed
a different one. A first direction is to keep each decision record together with the outcome that follows it,
the step at which many reviewed works stop, so that a later outcome can be matched to the decision it
concerns. A second direction is to randomize some decisions, as mobile-health trials such as HeartSteps do.
Randomization also yields evidence about silence, since the user’s behavior after an unsent reminder can then
be compared with that after a sent one. Neither direction by itself tells an outdated record from a flawed
rule. Tests would therefore check outcomes against a record kept independently of the assistant and report,
for each revision, the outcomes that prompted it.

8.3.2 Telling Whether a Revision Helped

An accepted revision need not help later. Judging a revision is harder in an always-on assistant than
in offline tests, because a revision changes what the assistant observes and keeps afterwards. A new rule that
checks the calendar less often, for example, also changes what the assistant sees. Later evidence therefore
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cannot simply be compared with earlier evidence, and the assistant cannot freely replay the user’s activities
to try both versions.

Only 5 of the 40 works that HALO reviews revise their mechanism, and only 4 show the revised mechanism
in later use. Passing a check before taking effect does not establish that later assistance improved [601].
Such checks can also be weak: self-authored tests are unreliable in heuristic self-improving agents [612], and
inspecting noisy scores repeatedly raises the chance of keeping a change by luck.

Revisions can also weaken capabilities that the assistant already had. Don’t Blind Your VLA [613] finds
that further training a vision-language-action (VLA) model on action tasks can weaken its visual-language
grounding, the model’s ability to link words to what it sees. Checks after a revision therefore need to cover
perception as well as task performance. Continual learning studies models that keep learning new tasks over
time, and it calls the loss of an earlier capability forgetting. Such losses appear across workflow, skill, model,
and memory evolution in self-improving LLM agents [614].

Open Problem 11

Offline agents can replay the same benchmark before and after an update, but revising a live assistant
changes what it observes and records in the user’s subsequent days. Because a live revision alters
the future observations used to judge it, what evidence proves that a new mechanism
genuinely improved assistance without degrading existing perception skills or breaking
commitments made under the old rule?

Directions. The check that accepts a revision can itself be wrong. A first direction is therefore to accept a
revision only through tests that bound the chance of keeping a change by luck, as anytime-valid acceptance
tests do [599, 615]. Some of this testing can use logged interactions before the user sees a change, as
batch methods for mobile health do [64], but only where the logged decisions varied, as when HeartSteps
randomized whether to send each prompt [433]. Otherwise, the log cannot show how the user would respond
to actions the assistant never took. A second direction is to check capabilities beyond the one being revised,
including perception, since the signal that trains a revision rarely measures what the revision weakens. A
third direction is to version each revision of the mechanism, so that commitments made under the earlier
version can still be honored and a harmful revision can be rolled back. Evaluating these directions requires
later interactions with independently checked outcomes and tasks beyond those used to select the revision.
PAST-Bench [24], PATH-Bench [390], SEA-Eval [616], and LifeSide [617] provide task streams for such
evaluation, and user-conditioned evaluation [618] tests personal agents under interventions over time. In each
case, the assistant is judged by its declared user benefit, cost, or tradeoff.

8.3.3 Keeping Self-Evolution Within the User’s Bounds

Few reported controls keep revisions within the user’s limits. Governed revision applies the shared
conditions to every revision before it takes effect, so that no revision can change the limits these conditions
set. Of the systems placed in §6.3, only five reach L5, the level of governed revision. All of them are research
systems, and each reaches it only under a stated condition. Assistants at L4 link outcomes to decisions but
lack such a control, and they show how a control fails when it lies within reach of revision. OpenClaw [332],
for example, records lessons in the file that lists which actions need the user’s approval, so a revision can
rewrite that list.

Revisions can also drift without anyone noticing, as when a skill library changes without a visible failure [619].
A further question is whether revisions preserve the scope of earlier permissions. A rule learned in one setting
can persist into another where it is inappropriate [609]. For example, permission to share one work calendar
should not become a general rule to share all calendars.



Always-On Personal Intelligence: A Roadmap

Open Problem 12

Left unchecked, a self-evolving assistant can generalize a narrow permission, such as sharing one work
calendar, into a general rule that shares private calendars too, or even rewrite the file that lists which
actions require approval. What stops a self-evolving loop from drifting beyond the permissions
under which a rule was learned, and where is the line between routine revisions that can
run within preset bounds and scope-widening revisions that require human approval?

Directions. A control that revision can rewrite does not bound revision. A first direction is therefore to
keep the limits outside what revision can change, as the five L5 works do in different ways: Ouroboros [99]
protects its governance files from ordinary writes, Enoch [560] leaves every merge to a human custodian, and
HeartSteps [559], Oralytics [424], and MiWaves [425] revise only parameters within fixed bounds. A second
direction is to record the permission under which each rule was learned and check it before the rule applies in
a new setting, so that a rule cannot spread beyond the permission it came from. A third direction is to match
the form of control to the change: approval of each change for revisions that widen what the assistant may do,
and limits set in advance for routine updates within an authorized scope. Tests would change the purpose,
audience, or permission after a revision and check whether the revised assistant still follows the applicable
limits. They would also attempt to revise the control itself, as OpenClaw’s lessons can, and confirm that the
limits stay out of reach. If a revision changes its own checks, those checks need independent verification.

8.3.4 Revising the Revision Procedure

Recursive revision changes the revision procedure. The questions above arise even when the procedure
that produces revisions stays fixed. Recursive revision adds a further risk: the procedure that checks revisions
can itself change. One way to implement REVISE in Eq. (3) uses a fixed proposer Uy, , which proposes
revisions, and a fixed verifier Vj,, which checks them. Both belong to the mechanism 6;. Recursive revision
additionally changes one of these two procedures, retains the change, and uses it in a later improvement
round [75]. It therefore requires at least:

recursive at t = (th =+ 1/1,5) V (¢t+1 #+ d>t). (4)

A claim of recursion therefore rests on evidence that follows a revised procedure into its next use. Recent works
differ in whether they change the proposer, the verifier, or neither. Recursive Harness Self-Improvement [620]
conditions each revision of an agent’s harness on the history of earlier revisions, and Meta™ [621] keeps
its meta-operation, the procedure that writes each new layer, fixed. In both, the input to the proposer
grows while the proposer itself stays the same. Hyperagents [622] changes the proposer: its meta agent
can rewrite itself, and evolved meta agents generate later variants. Its transfer tests hold the meta agent
fixed in a new task domain, and parent selection, which picks the agent to build on, stays fixed in the main
experiments. The Red Queen Godel Machine [623] changes the verifier: it freezes its evaluator during each
search epoch and lets a stronger successor score candidates in later search. Offline meta-learning, by contrast,
learns memory designs or adaptation policies before deployment [624, 625]. In our view, the key distinction
is between repeatedly revising the mechanism and retaining changes to the procedure that produces later
revisions [43, 626, 56]. We leave recursive revision in always-on assistants to future work for two reasons.
First, only five reviewed works reach governed revision, each under a stated condition. Second, a revised
verifier can weaken the checks discussed above, so a revision that harms the user or exceeds a permission
could pass unnoticed.

Open Problem 13

Recursive self-improvement modifies not only the assistant’s mechanism, but also the proposer and
verifier that generate and check future revisions. If a recursive loop can rewrite its own verifier,
what anchors the safety, privacy, and authority checks so the assistant cannot weaken the
very tests that govern it? Under slow human feedback that cannot be replayed, what
criterion tells the search when to stop?
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Directions. When the verifier itself can change, the loop loses the standard against which a change is
judged. A first direction is therefore to anchor any change to the verifier in a fixed reference, as the Red
Queen Godel Machine selects each replacement evaluator against a fixed ground-truth anchor and discards
scores tied to the old one. In an always-on assistant, the checks that protect the user’s authority and privacy
would belong to that fixed reference. A second direction is to use the repeated real rounds of an always-on
assistant to test a revised procedure, for example by letting two proposer versions propose revisions from
the same incoming feedback. Comparisons would cover three settings, (1) a fixed mechanism, (2) revision
by a fixed proposer, and (3) revision in which the proposer can also change, and would match initial states,
evidence, and total budgets, including search and validation costs. For recursive claims, improved current-task
performance differs from improved ability to produce or select later revisions. Evaluation can also examine
when search stops because its expected benefit falls below its cost or risk [75].

8.4 Longitudinal Evaluation and Real Deployment

Finally, we examine how to evaluate all of this over months. Each earlier problem ends with what a test of it
would measure, and the problems here concern how to run such tests when the assistant shapes its own later
inputs and what they should measure for the user.

8.4.1 Evaluating a Loop Whose Decisions Shape Later Inputs

Replay cannot show what the assistant would have caused. Longitudinal evaluation follows unfinished
commitments, recovery after pauses, changing preferences, and delayed outcomes. One difficulty is that
feedback can change even when the evaluation rule stays fixed. Once a model is deployed, its outputs change
the data it later sees, an effect studied as performative prediction [627], and recommender simulations show
that past recommendations shape later training data, which they call algorithmic confounding [628]. Personal
assistance likewise changes the user’s habits, receptivity, and later feedback. Fixing the grading model, the
scoring rubric, and the mechanism version of each run therefore makes the comparison procedure repeatable,
but it does not fix how users responded to earlier interventions. In this sense, fixed-input replay, which reruns
each version on the same recorded inputs, measures sensitivity to recorded evidence. Current evaluations
rarely compare versions in closed loop.

Open Problem 14

Replaying recorded logs tests how two versions react to the exact same past inputs, but in real deployment,
each version’s actions change what the user does next and which events the sensors capture. Once
an assistant’s decisions actively reshape its future inputs, how can we fairly compare two
evolving versions in closed-loop deployment, and what independent ground-truth records
are needed to reveal the events and side effects the assistant itself missed?

Directions. Evaluating such a loop is costly, and no two runs of it see the same inputs. A first direction
is to compare versions in closed loop or in deployment, so that each version’s actions shape the responses
it receives. A second direction is to keep the comparison procedure fixed and auditable while the inputs
change, and DR Tulu [629], RubricBench [630], and studies of changing verification [631, 632] offer relevant
designs. A third direction, which we propose, is an evaluation resource that connects concurrent observation
demands, task schedules, decisions, and delayed outcomes, and that specifies what the assistant is allowed to
capture and retain [265, 345]. Versioned sources, reusable redacted scenarios, and common intervention tools
would let researchers compare resource sharing and later mechanism revision. HALO’s design can provide
the interface for such tools: the same adapter that cuts channels in released codebases can be attached to a
running assistant, such as one on smart glasses. There a cut would also change what the user does next, so
the comparison becomes closed-loop. Each cut would also withhold information from a real user, so it would
need the user’s consent and a limit on how much assistance it may cost.

Concretely, the resource we propose would have four parts. The first is multi-week recordings from consenting
participants, with time-aligned sensor streams, application events, and every decision the assistant made,
including each decision to wait. The second is an event record kept independently of the assistant, such as
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participant diaries or annotator labels, so that missed events can be counted. The third links each commitment
to its due and closing times and each outcome to the decision it follows, so that resumption and attribution
can be scored. The fourth is a consent record that marks which parts may be released, together with redacted
scenarios that let other groups replay the same history and attach their own interventions.

8.4.2 Measuring Benefit and Burden Over Months

Benefits fade while burdens accumulate. Effects on the user change over weeks. HeartSteps [433],
whose effect faded within six weeks, does not measure long-term health benefit, and reported field studies differ
widely in length, for example five days for ProAIDE [13] and 334 days for one older adult with PALRO [320].

Open Problem 15

Short-term benchmarks reward immediate task completion, yet over months of real use, initial helpfulness
can fade while interruptions, confirmation fatigue, and subtle privacy or permission leaks quietly
accumulate. After months of daily use, how do we measure whether the assistant’s ongoing
help still outweighs the trouble it causes? And what checks verify that privacy and
permissions have not quietly slipped over time?

Directions. Benefit and burden change at different speeds, so a measure of either alone can mislead. A
first direction is therefore to follow the same users over months and set benefit against burden at each point:
whether commitments are completed, how many needed events the assistant missed, how often it repeated a
prompt, how much correction the user had to make, and how many confirmations it requested and when.

A second direction is to test how privacy and authority hold over months of use as circumstances change [609].
We propose scenarios with changes of audience, narrowed permissions, deletion requests, and stop commands.
Evaluation would track disclosures across interactions, residual use of withdrawn information, background
work that continues after a stop, and missed legitimate assistance. These measures would test whether
controls remain effective without making useful assistance depend on constant user supervision.

9 Conclusion

In this paper, we argue that the promise of always-on personal intelligence lies in a continuing loop and in a
self-evolving loop that extends it. The continuing loop rests on two properties: state durability, which keeps
personal state across interactions, and operational continuity, which lets the assistant decide between requests
whether and when to act. The self-evolving loop further revises the assistant’s own mechanism from operating
experience. We describe the assistant as Sensing, Memory, and Action, connected by six coupling channels
and operating under shared conditions such as privacy and user authority. Within this framework, we review
each module, trace cross-module bottlenecks in wearable, digital, and physical applications, and place the
reviewed systems on cumulative levels of loop closure. HALO then checks which channels and evidence steps
each work reports and tests whether removing them changes the behavior of executable systems.

Our analyses lead to three findings. First, Memory guiding Sensing is reported far less often than Memory
guiding Action, so it remains open whether accumulated experience guides what an assistant observes between
requests. Second, many works pass action context to Memory, but fewer retain the outcomes, and few carry
them through to a revision and its later use, which a claim of self-evolution requires. Third, cutting a single
channel can leave a system’s output unchanged because another path supplies the same information, so a
channel’s contribution needs tests that cut paths both singly and together. These findings rest on what
sources report and on tests of released code, so a missing mark can reflect missing documentation as well as a
missing capability. These findings, together with the open problems in sustaining the continuing loop, in
authority, privacy, and safety, in self-evolution, and in longitudinal evaluation, set the next steps. Solving
these problems would let an assistant gain more room to act as evidence grows that it serves its user well,
while it stays within the conditions the user sets. Users would then manage it less and rely on it more, and
personal intelligence could fade into everyday life, as Weiser envisioned for the most profound technologies.
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