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Memory is central to the ability of agents built on large language models to maintain task conti-
nuity and adapt to individual users. On personal devices, these capabilities draw on multimodal
observations and interaction histories accumulated during everyday use. As histories grow and
user needs evolve, memory systems face interrelated challenges in maintaining useful information
under resource constraints while preserving user control. Understanding these challenges calls
for a perspective that connects memory design with the practical requirements of on-device
use. This survey examines on-device agent memory through the complementary perspectives of
memory forms and lifecycle management. We then consider how these design choices support
personalization. Furthermore, we examine current progress in deployment and evaluation, and
discuss the broader challenges shaping the future of on-device agent memory. Looking ahead,
we hope this survey serves as a reference for existing research and a foundation for developing
reliable on-device agent memory.
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1 INTRODUCTION
Large language models (LLMs) increasingly underpin agents that use tools, carry out multistep
tasks, and interact with their environments over time [150, 186]. These agents typically combine
language modeling with reasoning, planning, perception, memory, and tool use [139, 155, 174].
Memory is central to their ability to accumulate experience and adapt through continued interaction
[57, 200]. As tasks unfold across interactions, decisions often depend on earlier observations and
feedback. By retaining, organizing, and accessing this history, memory connects successive stages
of reasoning and action, allowing agents to maintain task state and reuse experience [56, 131].

Personal devices bring this dependence on history into everyday use. Smartphones, computers,
and wearables supply observations that accumulate into a user’s history and may need to be
retained and accessed repeatedly [166, 183, 190]. This history can support personalization by
helping an agent interpret current requests in light of the user’s preferences and past experiences
[125, 209]. When this history is accessed and processed in the cloud, repeated interactions incur
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communication and remote processing costs [212]. Running inference and memory processing
on the device can reduce transfers of sensitive information and support offline operation [160].
However, local execution places memory storage and maintenance alongside model inference and
other applications within a shared, limited resource budget [190, 202]. Larger histories and model
contexts generally increase the costs of storage, access, and inference [111]. The challenge for
on-device agent memory is to retain and access useful history for task execution and personalization
within these resource limits. Figure 1-1 summarizes three characteristics that shape this problem
relative to common cloud deployments.
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Fig. 1-1. Comparison of typical cloud and personal device deployments of agent memory across inputs,
resource budgets, and personalization.

• Richer inputs: from discrete interactions to continuous multimodal experience.
Question-answering and tool-use agents are often studied within discrete tasks, with his-
tories organized around a particular interaction or episode [56, 186]. Personal devices can
also capture ongoing visual, audio, location, and interaction data, extending the input to
multimodal experience linked across time and space [166, 183, 215]. Extracting events and
semantic cues from these streams turns scattered observations into history that can be
accessed later [183, 215]. Repeated content and transient changes make selection a central
part of memory formation. Memory formation therefore involves balancing the value of
retained information and context against the cost of continual processing [112, 190].

• Resource limits: from scalable capacity to bounded memory and energy budgets.
Cloud systems can expand capacity and schedule resources centrally to accommodate larger
indexes and contexts. On personal devices, memory operations share fixed hardware with
model inference and foreground applications [160, 190, 202]. Available runtime memory
limits how much information can remain loaded. Loading on demand and tiered storage
adjust the resident footprint and data movement costs [4, 111]. Both immediate memory use
and longer-term maintenance draw on the same resource and energy budgets [111, 202].

• Personalization: from general knowledge to a user’s long-term history. In general-
purpose tasks, memory can supplement public knowledge and execution experience [139,
200]. Personal devices also offer a setting for accumulating a particular user’s interaction
history over time. Organizing this history can help an agent understand user preferences
and interpret current tasks in light of personal context [125, 209]. Personalization can draw
on contextual details of individual experiences and relatively stable information across
events [183, 209]. Updating this information helps memory remain relevant as users and
environments change [166, 179]. As personal information accumulates, the memory system
should give users control over its retention and use [10, 166].
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These characteristics call for a closer look at memory in sustained use on personal devices. As
personal histories grow, keeping them useful takes ongoing work within a limited budget. What
an agent retains also depends on the user’s needs and the permissions governing later use. This
survey examines existing memory research with these conditions in view.

We begin with the concepts and constraints used throughout the review. From there, we consider
how memory is represented and maintained, and how it supports personalized services. Memory
design and intended use shape one another throughout this discussion. The chosen representation
affects how information is accessed and kept up to date. At the same time, personalization goals
and privacy requirements guide what the agent retains. We then examine these choices in the
device settings where they have been studied. Evaluation helps assess the capabilities demonstrated
and the costs of sustaining them. The contributions below follow this progression and indicate the
corresponding sections:

(1) Foundations (Section 2).We formalize how agent memory is constructed and used, first
in general and then under on-device constraints. Cognitive concepts clarify differences in
retention timescale and function. Together with lifecycle operations, resource budgets, and
data-use rules, these definitions establish a common basis for comparing methods.

(2) Memory Forms (Section 3). We organize methods by their basic memory units into five
forms: textual, vector, key–value (KV) cache, graph-structured, and parametric memory.
Comparing their uses and combinations clarifies the distinct roles of memory content,
access structures, and storage location.

(3) LifecycleManagement (Section 4). Formation, retrieval, evolution, and forgetting provide
the structure for examining memory management during continued interaction. We analyze
how writes, access, and maintenance affect one another under device constraints, exposing
trade-offs between memory effectiveness and maintenance cost.

(4) Personalization (Section 5). We examine how personal history informs preference learn-
ing, personal reference resolution, and proactive assistance. Across these uses, privacy
safeguards govern access, retention, and disclosure, linking useful personalization to users’
control over their information.

(5) Device Deployment (Section 6). Deployment evidence is organized across personal com-
puting, head-worn, personal sensing, and embodied systems. For each context, we examine
component execution locations, experimental configurations, and reported resource mea-
surements. This assessment distinguishes demonstrated local execution from the evidence
available to characterize its resource demands.

(6) Evaluation (Section 7). We organize evaluation around memory accuracy, lifecycle man-
agement, personalization quality, and on-device runtime cost. General agent-memory bench-
marks and device-context benchmarks are compared by their tasks and measurement scope.
This comparison identifies their complementary coverage and the evidence still needed to
evaluate sustained on-device operation.

Figure 1-2 provides an overview of the survey and representative works discussed in each part.

2 FOUNDATIONS OF ON-DEVICE AGENT MEMORY
2.1 Agent Memory
Effective decision-making often requires information beyond an agent’s current observation [57,
139]. Memory can preserve what remains relevant from an ongoing task and make experience from
earlier tasks available again [56, 200]. We express this role through an evolving memory state and
the decision policy that uses it [57].
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Fig. 1-2. Taxonomy of on-device agent memory. The survey is organized around memory forms (Section 3),
lifecycle management (Section 4), personalization (Section 5), deployment contexts (Section 6), and evaluation
(Section 7). Each row lists representative works discussed in the corresponding subsection.

Definition 2.1 (Agent Memory). Agent memory is an evolving state𝑀𝑡 through which information
from previous observations and interactions remains available to the agent’s decision process. Let
𝐻<𝑡 denote the history of observations, actions, and feedback before time 𝑡 . Memory construction
and use are expressed as
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𝑀𝑡 = G(𝐻<𝑡 ),
𝑎𝑡 = 𝜋 (𝑥𝑡 , 𝑀𝑡 ).

Here, G selects, organizes, and maintains information from 𝐻<𝑡 , while 𝜋 denotes the agent’s
decision policy. The current request and its context are represented by 𝑥𝑡 , and 𝑎𝑡 is the resulting
response or action.

Memory can retain the details of a particular experience or knowledge that remains useful across
different situations [110]. These contents also differ in how long they remain available. Cognitive
research offers a vocabulary for separating these aspects, beginning with short-term and long-term
retention [36].

• Short-term memory. Short-term memory temporarily holds a limited amount of infor-
mation for an ongoing activity [36]. Agent systems draw on this notion to describe recent
observations and intermediate results kept available within the current task [56, 200]. Their
immediate value lies in preserving the task’s progress as it moves from one step to the next
[56]. This continuity can span several model calls while remaining tied to the activity in
progress [139].

• Long-termmemory. Long-term memory preserves knowledge and experience beyond the
activity in which they were acquired [36]. In agent systems, it can span multiple sessions
and tasks, retaining information that is no longer part of the immediate interaction [200].
This persistence allows an agent to build on earlier experience, including an understanding
of a user developed across encounters [209].

Short-term retention provides the information on which ongoing reasoning can operate [36].
Working memory emphasizes this active use, combining temporary retention with the processing
needed to manipulate intermediate results and integrate new input with existing knowledge [9].
For an agent, a working state can bring together current observations and goals with knowledge
drawn from long-term memory [139]. Its contents reflect what matters to the activity underway, so
they can include older knowledge as well as recent input [139].
Within long-term memory, a further distinction concerns the content retained and the role

it serves. Cognitive research distinguishes memory for events and facts from the learned skills
involved in performing an activity [137]. Agent research draws on the terms episodic, semantic,
and procedural memory to describe these different roles [139].

• Episodicmemory.An episodic memory preserves a particular experience together with the
circumstances that give it meaning [137]. In agent systems, it links observations and actions
to the setting and outcome of a specific interaction [110, 139]. Temporal and contextual
associations help distinguish similar experiences and locate them within a longer personal
history [166, 183]. These associations make the event and its circumstances available when
later requests concern what happened at a particular time or place [183].

• Semantic memory. Semantic memory holds facts and relationships whose use does not
depend on recalling the episode in which they were acquired [137]. For an agent, this
knowledge can concern its tasks and environment as well as the user it serves [139]. It may
include information stated directly during interaction and broader inferences drawn from
several experiences [110, 209].

• Procedural memory. Procedural memory concerns learned skills and ways of carrying
out an activity [137]. Agent research adopts this functional analogy for reusable procedures
that guide task execution [139, 167]. A procedure can capture the organization of actions
needed to achieve a goal, allowing that pattern to be applied when the task’s details change
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[167]. Previously acquired skills can also be adapted or combined to support more complex
activities [150].

These distinctions describe complementary aspects of memory. Episodic, semantic, and proce-
dural knowledge can all persist over the long term, and information from these memories can
become relevant to current processing [139]. Their roles can also coexist within the same history. A
remembered interaction may remain available as an episode alongside the more general knowledge
derived from it [110]. We use these cognitive concepts to describe memory functions without pre-
scribing a separate storage module for each one. The same function may be supported by different
representations, and one representation may serve several functions [57]. Section 3 examines these
memory forms and how they can be combined.

2.2 On-Device Agent Memory
2.2.1 Formulation. On-device deployment brings the cost of memory construction and use into
the problem definition. Processing and storage draw on limited device capacity, while energy
availability constrains sustained operation [111, 160]. For personal agents, the use of historical
information also depends on the purpose and authorized scope of an interaction. Information
available to the system may be inappropriate to disclose in a particular task [10]. We therefore
extend the general formulation by making resource budgets and data-use rules explicit.

Definition 2.2 (On-Device Agent Memory). On-device agent memory is agent memory retained
and processed on a personal device under resource budgets b and data-use rules P. Using the
notation in Definition 2.1, its construction and use are expressed as

𝑀𝑡 = G(𝐻<𝑡 ; b,P) ,
𝑎𝑡 = 𝜋 (𝑥𝑡 , 𝑀𝑡 ; b,P) .

The resource budgets b apply to local agent execution, including memory processing and model
inference. The rulesP specify which informationmay be retained and whether it may be accessed or
disclosed for a given task. Only executions that satisfy the resource limits and data-use requirements
specified in Section 2.2.3 are considered.

In this setting, memory processing and model inference share the resources allocated to the
agent, so maintaining accumulated history can affect the capacity available for current decisions
[111, 202]. Memory management continues across interactions as new observations arrive and
the relevance of retained information changes [166, 179]. Section 2.2.2 describes this continuing
process through the memory lifecycle.

2.2.2 Memory Lifecycle Definition. An agent draws on memory when deciding how to act, and
the outcome of that action can provide new information to retain [139]. Feedback can also change
the interpretation of an earlier experience or the value of keeping it [131, 179]. Memory use and
revision therefore belong to the same continuing interaction with the environment [57]. Some
systems support adaptation by retaining feedback and lessons from prior attempts while keeping
the underlying language model fixed [131, 201].

We describe this process through four operations: formation, retrieval, evolution, and forgetting.
Each operates under the resource budgets b and data-use rules P. For operations that change the
memory state,𝑀 ′

𝑡 denotes the resulting state.
Memory formation. Formation selects new information with potential value for later use and

organizes it into memory units [179, 180]. With 𝑜𝑡 denoting incoming observations, interaction
outcomes, and feedback, formation updates memory as
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𝑀 ′
𝑡 = F (𝑀𝑡 , 𝑜𝑡 ; b,P) .

The resulting units should preserve enough provenance and context to support later judgments
about what the information means and when it applies [110, 166].

Memory retrieval. A decision usually depends on only part of the available history [110, 139].
Retrieval extracts a memory signal 𝑧𝑡 from𝑀𝑡 according to the current request and context 𝑥𝑡 :

𝑧𝑡 = R(𝑀𝑡 , 𝑥𝑡 ; b,P) .
Systems with explicit retrieval use 𝑧𝑡 to inform the policy. The amount returned affects both the

historical evidence available to the policy and the cost of subsequent inference [56, 111].
Memory evolution. As experience accumulates, stored information may become redundant or

inconsistent [166, 179]. Let 𝑢𝑡 denote new evidence, feedback, or consolidation requirements that
motivate a revision:

𝑀 ′
𝑡 = E(𝑀𝑡 , 𝑢𝑡 ; b,P) .

Formation introduces new information, whereas evolution consolidates and updates existing
content and relationships. This allows scattered experience to be integrated and outdated knowledge
to be revised [166, 179].

Memory forgetting. Changes in retention value or a user’s deletion request can make existing
information a target for forgetting [65, 166]. Writing 𝑑𝑡 for the forgetting criteria or designated
target, we express the operation as

𝑀 ′
𝑡 = D(𝑀𝑡 , 𝑑𝑡 ; b,P) .

The aim is to reduce or remove that information’s influence on later decisions while preserving
the usefulness of other memories [65, 193].

The timing and frequency of these operations depend on task needs and device budgets [65, 202].
An interaction may involve only part of the lifecycle, and the operations need not follow a fixed
sequence. Section 4 examines how existing methods organize these operations and coordinate them
over continued interaction.

2.2.3 On-Device Constraints. On-device use of personal history depends on both the capacity
to process information and authorization to retain and use it [10, 160]. Resource budgets b and
data-use rules P express these two requirements. Memory processing and model inference share
the resources allocated to the agent, while other applications affect how much the device can
provide [111, 202]. For a given device and task configuration, let𝑊 denote the period of operation
under consideration. The budget b = (𝐵𝑅, 𝐵𝑆 , 𝐵𝑇 , 𝐵𝐸 (𝑊 )) constrains resource demands as follows:

𝑅peak ≤ 𝐵𝑅, 𝑆 ≤ 𝐵𝑆 , 𝑇resp ≤ 𝐵𝑇 , 𝐸 (𝑊 ) ≤ 𝐵𝐸 (𝑊 ).
Available runtime memory limits how much the agent can hold at once. Reading and processing

stored information consume part of the same memory space needed for model inference [111, 202].
Here, 𝑅peak measures the peak runtime memory footprint of the agent as a whole, bounded by
𝐵𝑅 . Persistent storage preserves data across interactions. Here, 𝑆 is the storage footprint of the
specified configuration, and 𝐵𝑆 is its limit. Response time and energy capture the demands of
immediate interaction and sustained operation, respectively. 𝑇resp measures the time from receipt
of a request to return of its result, with 𝐵𝑇 specifying the allowed maximum. Energy consumption
𝐸 (𝑊 ) includes both interactive processing and background maintenance performed during𝑊 ,
subject to the budget 𝐵𝐸 (𝑊 ). Maintenance can be scheduled separately from latency-sensitive
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queries when it is not needed for the current response [202]. Its energy use still counts toward
the budget of the interval in which it runs. The four resource dimensions also guide the audit in
Section 6.
Data-use rules P define which information the user authorizes the agent to retain, for how

long, and for which tasks. Under these rules, later use remains subject to access permissions, while
disclosure to tools or remote services must be limited by task purpose and recipient [10]. User
requests to correct or delete stored information must be implemented through memory updating
and forgetting [166].

3 MEMORY FORMS IN ON-DEVICE AGENTS
As a starting point for organizing prior work, we examine the fundamental representational units
that carry memory in on-device agents. The central question is what forms on-device agent memory
can take.

• Access requirements
• Update requirements
• Memory role

Match Form to Use
• User knowledge
• Task experience
• Runtime state

Different Objects, Different Forms
• Explicit content
• Semantic lookup
• Relational access

Content + Access Structure

3.6 Choosing and Combining Memory Forms 

Event Records
• Task-based grouping
• Temporal segmentation
• Person-linked episodes

• Task-level summaries
• Multi-scale timelines
• Cross-session consolidation

Hierarchical Summaries
• Progress tracking
• Key information retention
• Incremental state update

Task-State Records
• Preference extraction
• Habit aggregation
• Profile revision

User Profiles
• Interface documentation
• Workflow abstraction
• Action-sequence reuse

Procedural Experience

3.1 Textual Memory

Vector indexes
• Semantic retrieval
• Source-linked records

Compressed Embeddings
• Fixed-length encoding
• Direct model input

Bounded Memory Slots
• Fixed-capacity slots
• Read–write updates

3.2
Vector Memory

Cache Compression
• Low-bit quantization
• Salience-based pruning

Cache Reuse
• Stable prefix reuse
• Grouped state reuse

Tiered Storage
• RAM and flash
• On-demand loading

3.3
KV-Cache 
Memory

Personal Knowledge Graphs
• Source-linked facts
• Editable relations

Lightweight Structured Memory
• Summary-based nodes
• Similarity links

Multi-Entity Graphs
• Persistent entities
• Temporal relations

3.4
Graph-Structured 

Memory
Personalized Parametric Memory

• User-specific tuning
• Lightweight adapters

Task-Specific Parametric Memory
• Task adapters
• Capability reuse

Merging Parameter Units
• Adapter merging
• Capacity control

3.5
Parametric Memory

Fig. 3-1. Five memory forms in on-device agents and the subcategories used to organize Chapter 3.

A single experience may be retained as a human-readable record or transformed into continuous
representations, relational structures, or parameter changes. These forms are not interchangeable
encodings of the same content. They preserve information at different levels of granularity and
expose different units for direct access. In on-device settings, the choice of memory form shapes
how readily users can inspect and revise memory. It also affects the resource cost of maintaining
and using memory over time.
Based on the primary memory unit retained and retrieved by each system, we organize prior

work into five forms: textual memory (Section 3.1), vector memory (Section 3.2), KV-cache memory
(Section 3.3), graph-structured memory (Section 3.4), and parametric memory (Section 3.5). This
taxonomy establishes a structural framework for understanding what carries memory in on-device
agents. Each form gives past information a different structure and a different route into later
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reasoning. Section 3.6 compares their roles and management considerations and examines how
multiple forms can be combined in practical systems. Figure 3-1 provides an overview of these
five forms and the subcategories used to organize the discussion in Sections 3.1–3.5. Table 3-1
summarizes the memory forms and structures of representative methods discussed in this chapter.

Table 3-1. Memory forms and structures of representative methods

Method Memory Form Memory Structure

FOCAL [190] Textual Task logs with summaries
MIRIX [162] Textual Typed personal memory records
EgoLife [183] Textual Timestamped events and layered summaries
AR Secretary Agent [44] Textual Conversation records linked to people
EMem / EMem-G [211] Textual + Graph Event records with an optional graph
Mnemosyne [64] Textual + Graph Summaries with associative links
HiAgent [56] Textual Subgoal summaries linked to actions
StructMem [177] Textual Summaries spanning multiple event records
CAM [78] Textual + Graph Overlapping clusters with layered summaries
HiGMem [23] Textual Event summaries linked to dialogue turns
HEMA [2] Textual + Vector Layered summaries with indexed dialogue
HyMem [203] Textual + Vector Indexed summaries linked to dialogue
Mobile-Agent-v2 [153] Textual Progress records retaining key information
adaptive context management [149] Textual Incrementally revised task state
PUBG Ally [115] Textual + KV cache Working plans with reusable context caches
TSR [207] Textual Instruction and progress records
Stamp-GUI [154] Textual Stepwise records of key information
ATMem [84] Textual Task state organized by dependency
LightWM [165] Textual Global state with subgoal records
HIM-Agent [96] Textual Hierarchical intent and behavior records
Me-Agent [157] Textual User profiles across and within applications
IFRAgent [173] Textual Procedure records with personal habits
ProAgent [181] Textual Evolving user profile entries
PersonaX [130] Textual Personas derived from behavior clusters
Bi-Mem [101] Textual + Graph Facts linked to summaries and profiles
QUMem [152] Textual User memories linked to source records
O-Mem [156] Textual User profiles with topic indexes
AppAgent [194] Textual Interface documentation for available actions
AppAgent v2 [82] Textual + Vector Interface documentation with vector indexes
UI-Mem [176] Textual + Vector Indexed workflow and failure templates
MOBIMEM [92] Textual + Graph Profile graph with procedural records
MAGNET [141] Textual + Vector Indexed workflows and interface examples
mobile action replay [94] Textual Successful requests with action sequences
PROJECTMEM [99] Textual Project event logs with failure records

MUSE [202] Vector Vector index with inverted lists
MobileRAG [111] Vector Partitioned index with partial loading
LEANN [163] Vector Graph index with regenerated embeddings
WAB [88] Textual + Vector Indexed browser records across storage tiers
Lever [41] Vector Local vector subindex shaped by queries
EPIC [76] Textual + Vector Textual records with instruction indexes
CoreMem [28] Textual + Vector Vector index over textual records
Venus [189] Vector Hierarchical index over video frames
STaR [192] Vector Scene records with spatiotemporal indexes
CoMEM [172] Vector Trajectory embeddings of fixed length
clustered memory compression [17] Vector Clustered representations of personal records
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Table 3-1 (continued)

Method Memory Form Memory Structure

BitMar [6] Vector Quantized memory slots with fixed capacity

QuantSpec [146] KV cache Shared cache with hierarchical quantization
CASK [104] KV cache Selectively pruned and quantized cache
InfiniPot-V [70] KV cache Bounded cache of selected video tokens
EpiCache [69] KV cache Separate caches for dialogue topics
PolyKV [113] KV cache Shared pool with asymmetric precision
Don’t Waste Bits! [18] KV cache Cache with adaptive token precision
Agent-X [34] KV cache Reusable prefixes for tool descriptions
EfficientNav [185] KV cache Separate caches for map groups
CIFLEX [77] KV cache Shared cache with subtask branches
KVFlow [109] KV cache Prefix cache tree for agent workflows
KVCOMM [188] KV cache Shared segments with alignment anchors
JMSRA [37] KV cache Shared cache of prior agent context
ReCache [47] KV cache Separate blocks for tools and skills
SparseX [198] KV cache Reusable segments recomputed selectively
Nexus [8] KV cache Tool prefixes with recomputed suffixes
LOCAL [91] KV cache + Parametric Versioned caches paired with local adapters
KVSwap [195] KV cache Disk cache with compact relevance records
DynaKV [158] KV cache Dynamic cache groups across storage tiers
TierKV [134] KV cache Exact and compressed cache tiers
persistent 4-bit KV caches [132] KV cache Persistent quantized caches for each agent

EAM [116] Graph GUI state graph with reusable action paths
EMG-RAG [166] Graph Personal graph linked to source records
user profile memory module [75] Graph User profile graph linked to trajectories
RUVA [35] Graph Editable graph of personal memories
ECHO [73] Textual + Graph Personal records with temporal links
MobileKGQA [1] Vector + Graph Knowledge graph with binary relation codes
SuperLocalMemory [13] Graph Hierarchical records with similarity links
EgoSelf [164] Graph Event graph with persistent entities
EGAgent [121] Graph Entity relations with validity intervals
EgoGraph [142] Graph Temporal graph tracking entity histories

PITuning [48] Parametric Predictor parameters adapted to users
CDCDA-PLM [210] Parametric Separate LoRA adapters for individual users
EcoTune [26] Parametric Selected model layers adapted to interactions
BitLoRA [136] Parametric LoRA adapters over quantized parameters
MobiEdit [95] Parametric Localized weights storing personal facts
Crayon [12] Parametric Task adapters blended from existing modules
BiMemNet [80] Parametric Separate parameter pathways for tasks
TMEM [122] Parametric LoRA weights retaining task experience
PEAM [51] Parametric Separate LoRA adapters for skill categories
DuoMem [54] Textual + Parametric Procedural records with LoRA adapters
HydraOpt [24] Parametric Shared and separate task parameters
K-Merge [128] Parametric Bounded pool of merged task adapters

3.1 Textual Memory
Among the five memory forms introduced above, textual memory stores selected information from
prior experience in natural language or structured text. Since the stored content remains explicit,
it can be inspected and revised directly. This property is particularly useful when an on-device
agent needs to retain personal information over the long term. The following subsections examine
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several common categories of textual memory in on-device agents, distinguished by the content
they retain and their level of abstraction.

3.1.1 Event Records. Continuous sensing presents an on-device agent with an ever-growing stream
of activity. Its temporal order does not reliably align with task boundaries. Adjacent observations
may belong to different tasks, while fragments separated in time may still form part of the same
activity. One line of work organizes such inputs into event records associated with temporal,
task, or person-specific context, allowing past experience to be located later. FOCAL [190] targets
continuous desktop activity in which multiple tasks are interleaved. It first discards invalid actions
and assigns the remaining activity to tasks using application and window metadata. It then writes
descriptions of selected interface changes to task-specific local records. Rather than mixing all
desktop activity into a single timeline, this design preserves task identity when each record is
created. Addressing a similar stream of screen activity, MIRIX [162] filters redundant frames before
routing the retained information to different types of personal memory. It stores content about
past experiences as event entries carrying temporal and contextual information. Continuous input
may also come from first-person audiovisual recordings. EgoLife [183] segments such streams into
temporal intervals and creates a timestamped event description for each interval. The resulting
record retains people, objects, and activities as events within a personal history. The record also
includes third-person views and speaker-labeled transcripts. These help analyze interpersonal
interactions and social dynamics. AR Secretary Agent [44] identifies the person with whom the
user is speaking and stores the associated conversational content. When that person is encountered
again, the agent retrieves and displays the previously stored summary of the earlier meeting. EMem
and EMem-G [211] similarly organize memory into event-like propositions based on elementary
discourse units (EDUs). MEMARENA [196] further brings persistent event logging to on-device
settings, where textual records remain the primary memory form.
The defining issue for an event record is not its textual length, but the continuity used to

determine what belongs to the same event. Tasks, time, and people can all serve as event anchors,
allowing later retrieval to reconstruct an activity around different forms of context.

3.1.2 Hierarchical Summaries. As the span of recorded experience grows, a single event may no
longer capture an entire task or extended experience. Some systems therefore construct hierarchical
summaries over event records. These higher-level textual units are typically linked to lower-level
records by task scope or temporal span. Building on its task-specific event logs, FOCAL [190]
further summarizes the records associated with each task. This preserves task structure under
interruptions and allows interrupted activities to be reviewed on a per-task basis. EgoLife [183]
starts from timestamped event descriptions and successively produces hourly and daily accounts,
making experience across multiple days accessible at different temporal scales. Both methods derive
summaries from event records, preserving task structure and temporal structure, respectively.

A different form of hierarchy emerges incrementally over long-term interaction without aggregat-
ing records along predefined task or that temporal boundaries. Mnemosyne [64] takes interaction
summaries as input, then removes entries that contain little long-term value or duplicate existing
memory. The retained summaries form a lower tier of long-term memory. The system periodically
extracts more stable user attributes and domain information from this tier to produce a cross-session
overview. Unlike FOCAL and EgoLife, Mnemosyne builds its overview from summaries that have
already been selected for long-term retention. Beyond these task- or time-anchored hierarchies,
researchers are also exploring hierarchical summarization with different organizational units, such
as subgoal-based memory in HiAgent [56], cross-event synthesis in StructMem [177], and incre-
mental overlapping clustering in CAM [78]. Additionally, hierarchical designs have been developed
with event–turn anchors in HiGMem [23] and two-level summary hierarchies in HEMA [2].
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3.1.3 Task-State Records. Not all textual memory is intended for later recall. For an unfinished
task, some systems retain the information required to continue execution and rewrite it as the task
progresses. For mobile interaction, Mobile-Agent-v2 [153] condenses a lengthy action history into
a record of current task progress. It separately retains key information from earlier screens that
will still be needed in later steps. The progress record captures what has already been completed,
helping the agent determine what remains to be done. The short-term information record carries
content that may disappear from the current screen, avoiding the need to revisit earlier pages
during cross-application tasks. The two records preserve execution progress and task-specific data
in place of the complete multimodal interaction history.

Tasks involving dialogue and tool use can also produce long histories, for which a continuously
updated task state can replace the full trajectory. An adaptive context-management framework [149]
maintains a compact structured state instead of appending every interaction to the input. It updates
this state after each turn, retaining the goals, constraints, and unresolved issues that continue to
affect the current task. Each new interaction is converted into a state update, and history that no
longer matters is omitted from subsequent model calls. PUBGAlly [115] maintains a similar working
state for a game teammate running on a consumer PC. It refreshes transient game observations
between agent loops while carrying unfinished commitments forward in compact plans. In both
systems, memory preserves what is needed to continue the task without retaining the full trajectory.
Recent work on mobile graphical user interfaces has further refined what should be retained

in a task state. TSR [207] first compares the interface before and after each action. It continually
updates the initial task, completed subgoals, and current progress, separating relatively stable task
state from transient screen observations. STAMP [154] constructs verifiable memory supervision
in controllable virtual mobile environments, specifying what must be retained and when it will be
needed. It trains Stamp-GUI to generate explicit textual memory during task execution. ATMem [84]
further organizes content relevant to the task into a continuously updated hierarchical execution
state, allowing task progress, the current availability of information, and the remaining actions to
evolve together. LightWM [165] decomposes procedure-centric tasks into subgoals and organizes
memory into task-level global memory and subtask-level local memory, where local memory
directly conditions action selection and is updated through structured updates.

Across these systems, task-state memory retains the parts of an interaction history that remain
relevant to execution and revises them as the task progresses. The resulting record may separate
completed progress, currently needed information, and remaining actions without preserving the
full trajectory.

3.1.4 User Profiles. Long-term personalization requires an on-device agent to distinguish one-off
choices from user characteristics that persist across tasks. Related work generally looks for recurring
evidence across multiple interactions and organizes it as preferences, habits, or user attributes. The
Hierarchical Intent Memory Agent (HIM-Agent) [96] aggregates mobile interaction records over
time and identifies recurring intentions and representative operations among similar activities. It
combines frequency with behavioral consistency to derive general preferences and daily routines.
Me-Agent [157] similarly infers user habits frommobile task experience, but further separates stable
tendencies that recur across applications from preferences confined to a particular application. The
key issue in profile construction is the scope over which each inferred characteristic remains valid.
A choice observed within one application may indicate a scoped habit that does not necessarily
generalize to all tasks.
User demonstrations can also reveal both general task procedures and personal choices. IFRA-

gent [173] extracts operation steps from each user’s mobile demonstrations. It separately identifies
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personal habits from choices made at particular steps. The resulting records allow general pro-
cedures and user-specific tendencies to inform later tasks independently. When profiling draws
on everyday sensing trajectories, ProAgent [181] infers user characteristics from long-term expe-
riences collected by mobile and wearable devices. It then revises the entries as new experiences
arrive during continued use. Information about the current environment is used to select profile
content relevant to the present situation. Other works have also explored structured textual profiles.
PersonaX [130] constructs offline textual personas from sub-behavior sequences, Bi-Mem [101]
builds hierarchical fact-, scene-, and persona-level memory, QUMem [152] decomposes interaction
histories into factual, preference, and insight memories, and O-Mem [156] dynamically updates
user characteristics from proactive interactions.

3.1.5 Procedural Experience. For recurring interface tasks, merely recording what happened does
not by itself reduce the reasoning required the next time the task is performed. Some studies
therefore transform interface exploration, user demonstrations, or completed task trajectories
into procedural experience that can guide subsequent actions. During autonomous exploration or
observation of user demonstrations, AppAgent [194] compares the interface before and after an
operation and documents interface controls, available actions, and their effects. These records remain
close to the concrete interface and primarily describe which actions individual controls support.
AppAgent v2 [82] expands the range of interface information captured in this documentation. It
organizes knowledge acquired from autonomous exploration and human operation into updatable
structured documents. The resulting documents allow both sources of interface knowledge to
support later actions.

Reusing experience for a complete task requires more than knowing the functions of individual
interface controls. UI-Mem [176] derives overall task workflows and steps from successful trajec-
tories for reuse across tasks. It also extracts conditions that may interrupt execution from failed
trajectories. Specific names, values, and operation targets in the original trajectories are replaced
with placeholders. These placeholders can be filled for a new instance, allowing the same structure
to support tasks with different parameters.
Higher-level abstraction does not entirely displace fine-grained action sequences that can be

reused more directly. MOBIMEM [92] stores task templates that can be filled for a new task
separately from detailed interaction sequences. The two forms retain general task logic and action
experience for similar interface states. When several successful trajectories exist for the same goal,
MAGNET [141] derives their common operation stages while preserving alternative execution
paths. As a result, an interface change need not invalidate the entire body of procedural experience.
Related systems retain successful mobile action sequences for replay [94] and project-specific

failure records in PROJECTMEM [99] to guide later actions.
These representations retain different aspects of procedural experience at varying levels of

abstraction. Interface documentation describes available operations, task templates capture reusable
task structure, action sequences retain concrete steps, and failure records identify situations that
warrant caution. Their value depends on how the retained experience supports the next task.

3.2 Vector Memory
Vector memory encodes text, images, or interaction trajectories into numerical vectors, enabling
memory from different sources to be organized in a shared representation space. In on-device
agents, these vectors may serve as indexes to explicit records or as memory units consumed directly
by the model.

3.2.1 Vector Indexes. In on-device agents, interface knowledge and task experience often remain as
readable documents or templates. Vector indexes link the current interface or task instruction to the
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relevant records. AppAgent v2 [82] embeds interface elements and their functional descriptions in a
vector store. It then retrieves the required documentation using identifiers and text observed on the
current interface. UI-Mem [176] builds semantic indexes over task templates and fine-grained action
experience, allowing reusable content to be retrieved for new tasks. MAGNET [141] matches task
descriptions to workflows and functional descriptions to examples of interface elements, enabling
semantic retrieval to support both task planning and action grounding.
Long-term indexes that remain on the device also incur storage and maintenance costs within

a fixed resource budget. MUSE [202] treats the vector database as a smartphone memory sub-
system and coordinates queries, writes, and index rebuilding across heterogeneous processors.
MobileRAG [111] partitions the index and loads only the portions required for each query, re-
ducing memory use during retrieval. LEANN [163] retains a compressed approximate index and
recomputes exact embeddings only for the small set of candidates encountered during search,
thereby reducing persistent storage requirements. Related designs include on-demand loading
of browser-history snippets in WAB [88] and history-adapted device-side sub-indexes for cloud
retrieval in Lever [41]. Together, these designs manage the storage and access costs of retained
context. EPIC [76] is complementary. It reduces what must be stored in the first place. It aligns
on-device memory construction with user preferences and keeps only preference-relevant content.
When vector indexes are applied to continuously generated video or robotic observations,

preserving their links to the source records becomes particularly important. Venus [189] selects
representative frames from a video stream on an edge device and encodes them as index vectors.
Each vector remains linked to the corresponding cluster of source frames. STaR [192] stores encoded
scene descriptions together with timestamps, poses, and source text in a vector database, then
uses retrieved entries to locate keyframes and geometric records. In these systems, vectors narrow
the span of history that must be examined. However, precise temporal localization and spatial
reasoning still depend on links to the underlying evidence.

3.2.2 Compressed Embeddings. Other work treats vectors as compressed memory representations
that can be consumed directly by the model. CoMEM [172] first retrieves GUI trajectories relevant
to the current interface. It then compresses the screenshots and action sequence in each trajectory
into a fixed-length sequence of continuous embeddings and supplies them directly to the vision-
language model. Performance with continuous memory continues to improve as the memory
collection and the number of retrieved trajectories increase. By contrast, text-based memory begins
to degrade when too many entries are included. By compressing each trajectory independently,
CoMEM bounds the input cost of each additional memory. The separation between trajectories is
retained, allowing more historical trajectories to be used together.

A clustering-driven memory compression method [17] compresses representations across multi-
ple personal records. It encodes each retrieved record as a continuous memory unit, groups the
units by semantic similarity, and merges the representations within each group. Retaining several
cluster-level representations outperforms collapsing all records into a single mean representation. A
single global average removes distinctions between semantically different groups. Merging within
clusters is designed to retain these distinctions. The fixed capacity prevents resident memory
from growing linearly with interaction history. Meanwhile, other work focuses on retrieval and
compression under edge budgets, such as CoreMem [28].

3.2.3 Bounded Memory Slots. A fixed-capacity read–write structure offers another way to prevent
vector memory from expanding as new inputs continue to arrive. BitMar [6] uses low-bit encoders
to produce textual and visual vectors. It reads and writes multimodal context through a fixed
number of key–value slots and passes the memory readout to the decoding process. Unlike systems
that retain an independent vector for each experience, BitMar updates a shared set of slots whenever
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new information is written. The fixed capacity prevents resident memory from growing linearly
with interaction history.

3.3 KV-Cache Memory
On-device agents often revisit tool descriptions, task histories, and environmental observations
across successive planning steps and repeated invocations. KV-cache memory preserves the key
and value states already computed for this context. Subsequent inference can reuse them instead
of prefilling the entire input again. Cached states are tied to a particular model configuration and
parameter version, and their footprint grows with the retained context. They also remain reusable
only while subsequent inputs preserve a compatible prefix or segment structure. These constraints
make cache growth and reusable segment boundaries central design concerns for on-device systems.

3.3.1 Cache Compression. When the full cache no longer fits in device memory, the system can
lower the numerical precision of retained states. Alternatively, it can reduce the set of states
available to subsequent attention. QuantSpec [146] follows the former route with a hierarchical
4-bit KV cache for self-speculative decoding. The draft and target computations share this cache
instead of maintaining a separate full cache for each. CASK [104] combines quantization with
pruning. It estimates the salience of KV pairs from recency, access frequency, attention allocation,
and gradient attribution. Based on these scores, it quantizes states with moderately low salience
and removes lower-scoring states. Both methods reduce the cache footprint, but they alter different
aspects of the retained information. Quantization introduces numerical approximation while largely
preserving the accessible token history, whereas pruning narrows the history available to later
attention.
Growing histories also require retention decisions before the next query is known. InfiniPot-

V [70] maintains a bounded KV cache for streaming video by removing temporally redundant
tokens and retaining tokens with large value norms as new frames arrive. EpiCache [69] addresses
long conversations by constructing several topic-conditioned KV caches through block-wise prefill,
which limits cache growth during context processing. It loads the cache matched to each new
question while retaining the other topic caches in host memory. InfiniPot-V selects a shared visual
history, whereas EpiCache preserves different views of the same dialogue for later routing.
Compression can also be combined with persistence and sharing across agents. One approach

stores persistent 4-bit KV caches on disk for edge multi-agent inference [132], whereas PolyKV [113]
shares an asymmetrically compressed KV pool across agents. Adaptive precision provides another
degree of control, as in Don’t Waste Bits! [18], which learns token-level KV quantization.

3.3.2 Cache Reuse. KV-cache reuse depends on whether recurring context can be exposed as a
stable unit of computation. Prompts for tool-using on-device agents typically combine relatively
stable tool information with task-specific inputs. Agent-X [34] rearranges these components so
that tool descriptions and usage guidelines form an early prefix, and precomputes KV caches for
selected tool combinations. At runtime, the system loads a cache that matches the current task
before processing the remaining user instruction and environmental observations. This design
shifts part of online prefill to precomputation and local loading.
When context evolves with new observations, the useful unit of reuse may need to be smaller

than a complete prefix. EfficientNav [185] divides navigation map descriptions into groups and
computes a separate KV cache for each group. New observations update only the affected groups,
whereas planning loads the groups relevant to the current goal. Independent computation avoids
repeatedly processing unchanged map content but removes attention interactions across groups.
EfficientNav mitigates this loss by using attention signals to place strongly related content in the
same group. This group-level decoupling exemplifies a broader trend in agentic KV cache reuse.
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CIFLEX [77] extends reuse from token level to task level for on-device multi-turn interaction. It
reuses the main-task KV cache and injects sub-task instructions into isolated side paths, avoiding
redundant prefill when switching between tasks. Workflow-aware eviction and prefetching in
KVFlow [109] and cross-context alignment in KVCOMM [188] address complementary reuse
costs. For wireless collaboration, JMSRA [37] jointly selects token or KV-cache transmission and
allocates communication resources. Tool and segment reuse is further explored through composition-
invariant blocks in ReCache [47], non-prefix sharing in SparseX [198], and depth-dependent suffix
recomputation in Nexus [8].
Reuse also depends on changes to the model that produced the cache. LOCAL [91] ties KV

validity to both the input prefix and adapter version, and refreshes frequently used prefixes when
local adapters are updated. It coordinates this refresh with foreground inference and background
training, keeping reusable inference state consistent with the updated model.

3.3.3 Tiered Storage. Compression and reuse do not guarantee that all cached states can remain in
device memory. Mobile and embedded systems commonly use shared memory, making local storage
an additional capacity tier. KVSwap [195] retains the full KV cache in local storage and keeps a
compact representation in memory to predict relevant cache groups. It then prefetches the required
groups according to the access characteristics of the storage device. As decoding progresses, fixed
groups may become misaligned with the evolving distribution of KV states, causing essential entries
to be missed or redundant entries to be loaded. DynaKV [158] responds by adapting cache groups
as access patterns change and reorganizing data across smartphone memory and flash so that
related states are stored contiguously. In both cases, the retained memory remains the KV state
itself, whereas the compact representations and indexes determine which states are brought into
memory.
Tiered storage can also extend cache lifetime beyond a single continuous inference session. A

persistent KV-cache approach [132] stores a separate 4-bit cache for each agent in local storage. It
restores the cache directly to the attention layers when that agent is invoked again. Interleaved
multi-agent execution also creates opportunities to overlap one agent’s cache loading with another
agent’s decoding. Persistence therefore replaces repeated prefill with local I/O. TierKV [134] instead
predicts future cache demand from prefill hidden states. It assigns tokens to exact, low-rank, and
flash-offloaded tiers before decoding begins.

3.4 Graph-Structured Memory
Textual and vector memory can store and retrieve individual entries. When tasks depend onmultiple
personal facts, events separated in time, or relations among entities, the links between entries often
have to be reconstructed after retrieval. Graph-structured memory makes these links explicit by
treating entities, events, states, or complete memory entries as addressable nodes. It stores their
connections as edges, so retrieval can use both individual entries and the structure linking them.
For on-device agents that accumulate personal data over time, graph design determines which
relationships remain available for later reasoning or action.
Graph structure can also retain how earlier actions changed an interface. Executable Agentic

Memory (EAM) [116] stores explored GUI states and action transitions in an executable graph,
grouping recurring action sequences into reusable units. A small value model guides tree search
over this graph, and a cloud model selects and parameterizes the resulting paths. Here, edges
preserve executable transitions, complementing the factual and associative relations considered
below.

3.4.1 Personal Knowledge Graphs. A personal knowledge graph first links records scattered across
a device to the same user and the relevant entities. EMG-RAG [166] addresses this problem using
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assistant conversations and application screenshots collected on smartphones. It collects personal
records from the original content and then extracts relationships between entities. Because graph
entities remain linked to their source records, insertions, deletions, and replacements can be applied
to the corresponding nodes. The relations also allow queries involving several facts to combine
relevant memories along graph paths. A personal graph can instead focus on user knowledge
that tasks repeatedly require, without absorbing complete interaction trajectories. In personalized
household tasks, a user-profile memory module [75] retains the original trajectories and constructs
a separate user profile graph. This graph stores object meanings and routine order separately
from the original interaction trajectories. It links each user to the relevant knowledge and to the
objects, locations, and routine steps involved. Information from different memories can thereby
be combined, and local connections can be revised as the underlying knowledge changes. Other
personal-graph designs include dedicated user profiles in MOBIMEM [92], user-editable smartphone
memories in RUVA [35], and temporal health memories in ECHO [73].
The cost of graph access also depends on the representations used for retrieval and reasoning.

MobileKGQA [1] replaces high-dimensional embeddings with compact learned binary codes and
adapts a lightweight graph reasoner using questions synthesized from updated graph paths. This
design allows graph changes to be incorporated without fine-tuning the full language model.

3.4.2 Lightweight Structured Memory. Full entity–relation extraction can increase the cost of
constructing and updating a graph. Another line of work uses selected memory entries directly as
nodes and organizes them through lightweight hierarchies or similarity links. Mnemosyne [64]
treats each interaction summary as a candidate entry. It first removes content with little long-term
value, then checks whether a new summary duplicates an existing record. Summaries that pass
these filters are added to the graph and linked to existing nodes through embedding similarity and
keyword overlap. Repeated information does not automatically create an additional graph node.
It increases the likelihood that an earlier record will be retained and recalled. The resulting units
remain complete interaction summaries, whereas the edges mainly represent associative strength
between entries rather than typed factual relations. Lightweight structure can also be layered over
a conventional local database. SuperLocalMemory [13] stores memories in SQLite and organizes
projects or topics through parent–child paths. It then uses keywords and textual similarity to add
connections and form multilevel clusters. In this structure, similarity edges indicate that entries
are related without assigning a specific semantic type to the relation. Its basic implementation
constructs pairwise similarities within a predefined limit on graph size.

3.4.3 Multi-Entity Graphs. Continuous first-person records introduce new entities and capture
changes in both entity states and relations among entities. Graph-structured memory can record
when an event occurred, how long a relation remained valid, and how an entity changed afterward.
EgoSelf [164] first segments continuous video into events in which the wearer interacts with a
person or object. It then merges people and objects that recur across events into persistent entities.
Events are connected through temporal and causal relations or through participation in the same
activity. Participants and objects are linked to the corresponding events. This allows interactions
recorded across multiple days to be regrouped around the same entity.
To answer when a relation was valid, temporal information can be stored directly on the edge.

EGAgent [121] extracts relations among people, objects, and places from visual descriptions,
transcripts, and location text. It stores each relation as an incrementally added tuple in SQLite.
Each tuple records the relation, its start and end times, and its source text. To track changes in
the same entity across days, EgoGraph [142] stores paired timestamps and descriptions on nodes
for people, places, objects, and events. It also stores paired timestamps and descriptions on the
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relations among these nodes. When an entity reappears, the system merges it with the existing
node and appends its new state.

3.5 Parametric Memory
The memory forms discussed above retain past information as units that can be located or invoked
at inference time. Parametric memory takes a different route by incorporating selected facts or
patterns derived from experience into model parameters. The retained information is used directly
in subsequent prediction or generation rather than retrieved as explicit memory items. For on-device
agents, this form can reduce the need to repeatedly add memory content to the model context.

3.5.1 Personalized Parametric Memory. When a device serves the same user over time, recurring
behavioral patterns can be captured through personalized training rather than supplied as complete
histories before every prediction. PITuning [48] retains such patterns across the parameters of an
entire lightweight predictor. It first trains a global intent predictor on population-level behavioral
data and distills the model into a lightweight predictor suitable for on-device deployment. On
the device, it mitigates bias inherited from population-level training against the user’s long-tailed
intents. It then tunes the predictor further on personal history to produce user-specific prediction
parameters.

A more lightweight route confines personalization to auxiliary parameters. Low-rank adaptation
(LoRA [55]) freezes the base model and trains only a small set of additional parameters, allowing
user-specific changes to be stored as a separate module. Cloud-assisted adaptation includes user-
data augmentation in CDCDA-PLM [210] and joint selection of interactions and trainable layers in
EcoTune [26]. In a federated setting, BitLoRA [136] forms adapters through local client training and
parameter aggregation. It freezes the 1.58-bit base weights, updates low-rank adapters on private
client data, and communicates only adapter parameters for aggregation. Quantization reduces the
deployment cost of the shared base model, and the adapters retain changes learned from user or
task data.

Personalization can also involve an individual fact supplied explicitly by the user. MobiEdit [95]
writes such facts into model weights using quantized, forward-only gradient estimation on mo-
bile neural processing units. It optimizes a targeted edit and applies a rank-one weight update,
avoiding the backward pass required by conventional editing. Individual edits in its 3B smartphone
experiments take tens of minutes, making update scheduling important for interactive use.

These approaches differ in both the information retained and the parameter unit that carries it.
PITuning captures recurring behavior across an entire predictor, whereas CDCDA-PLM and BitLoRA
retain learned changes in separate parameter increments. MobiEdit instead targets individual facts
through localized weight changes. Parametric memory can therefore preserve either regularities
across experience or explicitly supplied knowledge for later prediction and generation.

3.5.2 Task-Specific Parametric Memory. On-device agents often need to reuse acquired capabilities
across tasks. Yet training and storing a complete model for each task causes computation and storage
to grow with the task set. Task-specific parameters instead concentrate the relevant knowledge or
behavioral patterns in lightweight modules that can be selected, composed, or invoked as needed.
Crayon [12] implements this idea by first training a set of base LoRAs with different task capabilities.
It then estimates blending weights from a small customization set and deploys the resulting LoRA
with an on-device language model. Because the customized LoRA is composed from existing
adapters, the device does not need to retrain a model for each new task. Its parameters encode the
capability required by the target task rather than an operation sequence that can be replayed step
by step.
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Task capabilities can also be separated within the model through isolated parameter pathways.
BiMemNet [80] studies continual learning for visual object detection on an NVIDIA Jetson edge
platform. It first compresses multiscale visual features into low-dimensional representations to
reduce storage requirements for training data. It then activates an independent parameter pathway
for each new task, limiting interference with previously learned tasks. The first mechanism stores
compressed training features, whereas the second retains each task’s learned outcome in a dedicated
parameter pathway.
Although Crayon’s customized LoRA and BiMemNet’s task-specific pathways differ in form,

both use model parameters to carry reusable task capabilities. This shared role across different
parameter structures clarifies how the category should be drawn. The relevant criterion is what
the parameters retain, not the particular type of parameter module used. Recent agent research
provides further examples of this parameter-resident view. TMEM [122] distills supervision from
accumulated interaction history into online-updated LoRA weights, allowing the resulting fast
parametric memory to directly alter subsequent agent decisions. PEAM [51] selectively consolidates
successful and failure–correction trajectories into per-category isolated LoRA adapters, turning
selected embodied experience into reusable parametric skills. Related work targeting compact
memory agents for resource-constrained deployment, such as DuoMem [54], combines explicit
procedural memories with parameter-space distillation, using successful teacher trajectories to
transfer behavioral patterns into lightweight LoRA adapters. MemLoRA [16] makes this boundary
explicit. Like Crayon, it uses LoRA. However, its adapters are trained for memory extraction,
updating, and memory-conditioned generation, whereas the dialogue memories themselves remain
outside the model parameters. These adapters learn how to operate on external memory rather than
store the user’s experiences. Parameters that directly retain reusable task capabilities constitute
parametric memory. When parameters only operate on external records, those records still belong
to textual, vector, or graph-structured memory.

3.5.3 Merging Parameter Units. Maintaining separate parameters for every task can reduce interfer-
ence, but the number of stored parameter units grows with the supported task set. For adapter sets
known before deployment, HydraOpt [24] exploits common structure among low-rank adapters
and reorganizes them into shared components and task-specific increments. This consolidation is
performed on a server before the resulting adapters are deployed to mobile devices. When adapters
continue to arrive after deployment, the problem shifts from one-off consolidation to continual
capacity management. K-Merge [128] stores each incoming adapter independently while capacity
remains. Once the fixed-capacity pool is full, it merges the new adapter with its most similar resident
adapter using weights derived from the merge history. HydraOpt and K-Merge both control the
number of independently stored parameter units by changing the extent of sharing among task
adapters. They frame the central trade-off in on-device storage for multiple tasks as how many
parameter units should remain independent under a given storage budget.

3.6 Choosing and Combining Memory Forms
The five forms reviewed above are not mutually exclusive system designs. When an on-device
agent retains a personal fact, the content may need to remain inspectable and directly editable.
Reusing task experience places greater emphasis on recognizing a similar situation and recovering
the relevant procedure. Repeated context and stable patterns accumulated across interactions may
instead be reused through cached states or model parameters. A system therefore need not rely
on a single memory form. Rather, each memory object should be retained in a form suited to its
access pattern and update requirements. Table 3-2 compares the main strengths, limitations, and
applicable scenarios of the five memory forms.
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Table 3-2. Strengths, limitations, and applicable scenarios of memory forms

Memory Form Main Strength Main Limitation Applicable Scenarios

Textual Direct inspection and editing Context cost of retrieved text Dialogue assistance,
task tracking

Vector Semantic retrieval or
compact encoding

Limited direct
interpretability

Interface assistance,
multimedia search

KV cache Reuse of context
computation

Model version and context
compatibility

Repeated tool calls,
long conversations

Graph Explicit relations for
reasoning and action

Cost of maintaining valid
relations

Personal knowledge queries,
event tracing, GUI execution

Parametric Reuse of learned or edited
knowledge

Cost of selective parameter
updates

Personalized prediction,
knowledge editing,
task adaptation

One way to combine memory forms is to preserve memory content separately from the structure
used to locate it. This does not duplicate the same content. Instead, it allows an inspectable and
editable record to be reached through different access paths. Procedural experience from mobile
interfaces provides a clear example. UI-Mem [176] stores workflows, reusable steps, and experience
from failed trajectories as textual templates. It then builds vector indexes over task and step
descriptions to locate the relevant templates. The textual templates preserve the experience itself,
whereas the vectors provide semantic access. When several personal facts must be connected,
the access structure can also encode relations among records rather than relying on similarity
search alone. EMG-RAG [166] links personal records extracted from smartphone conversations
and application screenshots to graph entities. It first uses vectors to narrow the search space and
then traverses relational paths to combine relevant records. Viewed in terms of their roles, neither
system replaces explicit records with its access structure. Instead, vector indexes and graph relations
provide different query paths to records that remain directly revisable.
Another combination strategy assigns different kinds of memory objects to different memory

forms. It separates user or task knowledge from the concrete information used during execution.
MOBIMEM [92] organizes user facts, preferences, and behavioral patterns in a graph, stores trans-
ferable task experience as textual templates, and retains fine-grained action sequences separately.
This organization allows user knowledge, task templates, and concrete operations to be revised
separately rather than rewritten as a single memory unit. Mobile interfaces present a related
need because task structure and interface evidence do not necessarily change together. MAG-
NET [141] separates abstract workflows from instances of interface elements, allowing task steps
and the evidence used to locate action targets to be maintained independently. In both systems,
distinct memory objects remain separately addressable even when they contribute to the same task.
HyMem [203] retains event summaries in a vector index and links them to the original dialogue,
allowing retrieval to move from a compact summary to its supporting detail.

Combinations of memory forms can also be confused with storage tiering in on-device systems.
Both can distribute information across multiple components, but moving the same memory unit
between storage locations does not by itself introduce a new form. This distinction is especially
important for KV-cache management. KVSwap [195] keeps the full KV cache in local storage,
retains a compact relevance representation in memory, and loads selected cache groups on demand.
Two different changes are involved. Moving the full cache changes where the same states reside,
whereas the compact representation creates a new access unit for assessing and selecting cache
groups. By contrast, DynaKV [158] primarily changes how the same KV states are grouped and
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laid out across smartphone memory and flash storage. This alters cache access and transfer costs
without introducing new memory content.

4 LIFECYCLE MANAGEMENT OF ON-DEVICE AGENT MEMORY
The previous chapter examined what carries memory in on-device agents by organizing prior work
around memory forms. The resulting taxonomy provides a structural framework for understanding
agent memory. Yet this largely static view does not explain how memory operates and changes
once an agent runs continuously on a device. On-device agents continuously accumulate local
interaction histories during everyday use. Evidence within these histories may be transient, and its
relevance and reliability can change with tasks and user behavior. Memory operations also compete
with foreground inference for device resources. Therefore, lifecycle decisions need to be selective
in both content and timing. The state changes produced by these decisions constitute the memory
lifecycle, whereas lifecycle management coordinates them under local resource constraints.
This chapter organizes prior work around four operations in a lifecycle shaped by device con-

straints.
• Memory Formation (Section 4.1) selects which local observations become persistent
memory and creates units with explicit boundaries and provenance. On-device systems
balance missed transient evidence against continuous sensing and write costs.

• Memory Retrieval (Section 4.2) determines when memory is accessed, which local store
or index is searched, and what content enters the reasoning context. It controls how much
index state and retrieved evidence are loaded into limited memory.

• Memory Evolution (Section 4.3) integrates new experience with existing memory through
consolidation and updating. Systems can schedule and prioritize these operations to limit
interference with foreground tasks.

• Memory Forgetting (Section 4.4) reduces or removes information that should no longer
influence the agent. In on-device systems, deletion must also be traced from source records
into derived representations and parametric state.

These operations are interdependent and form a recurring cycle during device use. Newly formed
memories enter the local store and may be integrated with existing content through consolidation
and evolution. Retrieval selects from this changing store according to the current task and the
resources available at that moment. Task outcomes and environmental feedback can then create new
memories or trigger updates to existing ones. Selective forgetting reshapes what remains accessible
and can reduce both stale influence and future maintenance costs. Lifecycle management therefore
does more than improve recall. It keeps memory useful and maintainable without overwhelming
the resources needed for ongoing tasks. It also allows obsolete or deleted content to stop influencing
later behavior. Figure 4-1 visualizes this lifecycle around a shared on-device memory state.

4.1 Memory Formation
An on-device memory lifecycle begins before anything is committed to persistent storage. Events
on personal devices can be transient, so continuous capture appears to offer the safest coverage. In
practice, continuous sensing, semantic interpretation, and storage would consume resources while
retaining private material unrelated to later tasks. Existing systems place admission decisions at
different points between sensing and persistent storage.

4.1.1 Write Admission. The earliest admission decision occurs before an expensive modality is
activated. At this stage, a low-power signal is used to detect candidate events without interpreting
the full scene. SAMoSA [105] first identifies possible activities from motion signals and then records
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Fig. 4-1. Lifecycle management of on-device agent memory. Filled arrows indicate memory changes, whereas
outlined arrows indicate information flow.

sparsely sampled audio. EgoTrigger [112] uses sounds produced by hand–object interactions to
trigger image capture on smart glasses.

Once raw observations have been captured, admission can move to the boundary before costly
semantic interpretation. Lightweight contextual cues first remove uninformative observations,
leaving a smaller set for a more expensive model. FOCAL [190] applies this design to continuous
desktop activity. It filters invalid events and uses the active application and window title to assign
actions to tasks. Only selected actions are interpreted by a vision-language model and written to
the corresponding task record.

Semantic interpretation still produces candidate memories and does not by itself justify perma-
nent retention. A later admission point can use task dependencies, application requirements, or
observed feedback to control persistent writes. STAMP [154] provides explicit supervision for when
transient information in mobile tasks should be stored and when later steps will need it. EMBER [81]
retains verbatim evidence and provenance under a fixed budget when future queries are not yet
known. Application-specific filters include predefined preference categories in CarMem [72] and
execution and performance checks in CBR-augmented R&D-Agent [138]. More general learned
memory managers, including Memory-R1 [180] and AgeMem [191], treat adding, modifying, delet-
ing, or preserving an entry as learnable choices. They optimize these choices from downstream
task feedback.

All three control points narrow the information that continues through the formation pipeline,
but each controls a different component of cost. Early admission can prevent sensing and semantic
processing overhead. However, excluded observations cannot later be recovered. Later admission
uses richer evidence, but the upstream cost has already been incurred. The appropriate control
point depends on which resources dominate and how costly missed evidence would be for the
target task.
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4.1.2 Memory Unit. Admission determines whether candidate information continues through
the pipeline, but it does not determine the granularity of the resulting memory. Frame-by-frame
storage creates many near-duplicates, whereas fixed temporal windows can split a coherent event.
Memory formation converts a continuous stream into addressable units whose boundaries remain
meaningful for later use.
Existing systems draw these boundaries from either perceptual continuity or task continuity.

Venus [189] segments and clusters a video stream into scenes, selects representative frames, and
builds a hierarchy that preserves the visual progression of an event. Temporal proximity becomes
less reliable when several activities are interleaved. By contrast, FOCAL [190] groups actions that
may be separated in time into the same task record, preserving the continuity of interrupted desktop
activities.

Unit construction also requires a choice about which observations adequately represent an event.
TriPSS [22] clusters candidate frames using perceptual, structural, and semantic information, then
selects frames that balance quality, diversity, and redundancy. For textual histories and tool traces,
the criterion shifts from visual coverage to evidential support. EMBER [81] keeps source spans
that may support future answers and attaches retrieval keys and update metadata to the retained
evidence.

Experience can also be condensed into reusable units, including task templates in UI-Mem [176],
common workflow stages in MAGNET [141], and compact rules derived from model errors in
PKR [151].

Memory units are useful when their boundaries preserve the events, procedures, or regularities
on which later reasoning depends. Formation determines both what evidence remains available
and how that evidence can be addressed. Retrieval can select within a stored unit, but it can only
operate on observations and relations preserved during formation.

4.1.3 Provenance. Many on-device memories are derived through visual description, summariza-
tion, or relation extraction. These derived entries are interpretations of an observation rather
than the observation itself. Without provenance, neither the user nor the system can identify the
supporting interaction or revisit the source when an interpretation proves incorrect.

One design links each derived entry to a source record or a bounded task context. EMG-RAG [166]
connects graph nodes to the underlying smartphone records, allowing insertion, replacement, and
deletion to target the relevant graph partition. FOCAL [190] expresses provenance through separate
task records. Similar-looking desktop actions remain attached to the activity in which they occurred
instead of being merged into a global history.
Provenance also needs to preserve how information changes over time. APEX-MEM [11] at-

taches facts to temporally grounded, append-only events rather than silently overwriting earlier
versions. Conflicting versions remain available when a later query requires temporal resolution.
SelfMem [184] instead retains the original dialogue as an immutable source. The agent can revise
derived memory in a separate workspace.

Provenance is more than descriptive metadata. It provides the linkage required to revise, verify,
or remove a derived memory without losing sight of its source. For personal information, this
traceability also supports reliable user control. Section 5.4 returns to its role in privacy protection
and auditability.

4.2 Memory Retrieval
Once memory has been formed, an on-device agent faces the question of how stored information
should re-enter an ongoing task. A complete index may not fit in device memory, and not all
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retrieved evidence can fit a small model’s context. Under these constraints, the first retrieval
decision is whether and when memory access is warranted.

4.2.1 Retrieval Triggering. A user query is the most common retrieval trigger, but it can control
different parts of the access process. MemFlow [27] interprets the request before choosing whether
to load stable user information, retrieve a specific fact, or prepare a deeper body of evidence.
MobileRAG [111] uses the query to narrow the local index partitions loaded into memory. For
questions over long multimodal experience, EGAgent [121] decomposes the query into evidence
needs before initiating searches over visual evidence, audio evidence, or relations.

For an acting agent, the initial request is only one possible trigger. Retrieval may instead be tied
to the stage of execution. UI-Mem [176] retrieves workflows, subtask experience, and failure records
before a mobile interface task so that prior experience can guide exploration. MOBIMEM [92]
similarly accesses user information and task experience at task onset. Stored action sequences are
invoked only when the current interface satisfies their reuse conditions. EfficientNav [185] revisits
retrieval during navigation as the target and explored environment change, loading map content
relevant to the current planning stage.

Queries, task phases, and environmental changes provide different signals for conditioned access.
A restrictive trigger can leave the agent to act without necessary historical evidence. An overly
permissive trigger repeatedly loads indexes, occupies context, and exposes records that the current
decision does not need. A useful policy triggers long-term memory when the task depends on it
and avoids access when the active state already provides sufficient evidence.

4.2.2 Memory Routing. After retrieval has been triggered, routing determines which memory
pathway should handle the request. In systems with several functional stores, the route follows the
role that memory is expected to play. MemFlow [27] sends a request to stable user information,
targeted factual retrieval, or deeper evidence preparation. MOBIMEM [92] separates user informa-
tion, reusable task experience, and action records associated with matching interface states. This
separation allows personalization, planning, and execution to draw on different stores.

Longitudinal multimodal experience extends routing from functional stores to evidence sources.
EGAgent [121] assigns query subproblems to visual search, audio transcripts, or entity relations
before combining the filtered results. However, the relevant source cannot always be chosen in
one step. REMem [133] allows reasoning to alternate among semantic retrieval, lexical search,
and relation exploration under temporal constraints. REMem provides a general multi-cue access
pattern rather than a measured on-device implementation, so the cost of iterative tool use depends
on the deployment setting.
Routing also has a physical layer when the relevant index or memory partition cannot remain

resident in RAM. MobileRAG [111] loads only the index partitions selected for the current query.
EfficientNav [185] chooses map groups relevant to the target under a device memory budget and
loads their associated cache state. These mechanisms determine which otherwise relevant content
is physically available to the model.

Memory routing maps a current need to both an information source and an accessible portion of
storage. Functional routing identifies the role of memory, modal routing identifies the evidence
type, and physical routing limits what is loaded. On personal devices, these choices remain subject
to user, application, and permission boundaries. Semantic relevance indicates what could help,
whereas access control determines what may participate in the task.

4.2.3 Post-Retrieval Evidence Reduction. Initial retrieval and routing may still return redundant
or weakly relevant candidates. Passing them directly to a local model consumes context and can
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distract reasoning. Post-retrieval evidence reduction narrows the candidates used for the current
call without changing the underlying long-term store.

For textual evidence, reduction can remove irrelevant spans, reorder records, or select a smaller
candidate set. Examples include sentence filtering in MobileRAG [111], priority-based context
packing in MemFlow [27], small-model candidate selection [197], and low-confidence rejection in
MemX [140].
Candidate evidence may also contain complementary information that should not be filtered

independently. One clustering-driven memory compression method [17] first selects personal-
ized documents relevant to the request and converts each document into a compact continuous
representation. It then groups similar representations and merges candidates within each group.
Collapsing heterogeneous content into one representation degraded performance in its experiments,
suggesting that reduction should preserve meaningful distinctions among candidates.
Post-retrieval reduction can consider more than topical relevance. MemGuide [43] reranks

retrieved memories according to whether they supply conditions still missing from the current
goal. EGAgent [121] reduces evidence separately within each modality before combining it for
multimodal reasoning. HiAgent [56] replaces completed subtask histories with compact summaries
while retaining a route back to the underlying trajectory. Although HiAgent is not an on-device
system, its design shows how context reduction can preserve access to supporting detail.

The goal of post-retrieval reduction is not maximal compression, but the preservation of evidence
relevant to the decision within a limited context. Filtering, aggregation, and reranking leave the long-
term store unchanged, yet they can still remove decisive information after retrieval has succeeded.
Evaluation should therefore report both context savings and the retention of key evidence, allowing
reduction failures to be distinguished from retrieval failures.

4.3 Memory Evolution
Task execution and environmental feedback continue to generate evidence after a memory has
been formed. If new records are appended without integration, the store becomes fragmented and
conflicting information remains unresolved. Memory evolution coordinates new evidence with
stored content so that the memory store can continue to support later tasks.

As used here, evolution begins after initial formation. Consolidation integrates information that
can remain jointly valid, reducing fragmentation and creating more stable access units. Updating
responds when new evidence changes the applicability of an existing fact, procedure, or state. The
two operations often rely on the same comparison between new and stored memories, but they
serve different purposes. An update may invalidate an old entry to correct the record, whereas
Section 4.4 addresses removal intended to reduce an item’s future influence.

4.3.1 Memory Consolidation. Under a tight maintenance budget, consolidation usually begins
with a new entry and a small set of nearby memories. The first decision is whether the new content
should extend an existing entry or remain separate. UI-Mem [176] retrieves semantically similar
experience after extracting knowledge from amobile interface trajectory. It updates success statistics
or timestamps when a match exists and registers a new experience otherwise. MAGNET [141]
preserves a new workflow as another version for the same task goal, whereas newly observed
interface elements extend the corresponding records.

Dialogue memory systems apply the same local principle to repeated evidence. Mnemosyne [64]
filters interaction summaries with little long-term value and links recurring content to existing
records. RMM [144] organizes a conversation into entries defined by topic and retrieves a small
set of similar memories for each new entry. A language model then decides whether the entry
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should be added or merged. In each case, consolidation is restricted to the new entry and a limited
neighborhood rather than the full memory store.
However, relevant information is not always concentrated in a few nearest neighbors. A-

Mem [179] extends consolidation over a local relation network. After adding a new memory,
it creates links to related records and revises their contextual descriptions, keywords, or tags to
reflect the new relations. Consolidation can also span multiple interactions through a higher-level
summary. Mnemosyne [64] periodically selects a fixed number of representative graph nodes and
combines them with the existing long-term user summary. This allows accumulated evidence to
revise the summary without reprocessing the entire dialogue history.

Consolidation changes both the size of a memory store and the granularity at which its contents
remain accessible. A wider consolidation scope can absorb relations distributed across more entries,
but it also requires additional model calls and storage writes. Errors can propagate into more derived
content as the scope grows. For on-device systems, consolidation should reduce redundancy within
a maintenance budget while preserving distinctions needed for later correction.

4.3.2 Memory Updating. Consolidation coordinates information that can coexist, whereas updating
asks whether an existing memory still applies. User circumstances, software interfaces, and task
environments all change over time. Updating responds by correcting an entry, preserving successive
versions, or marking an earlier state as no longer valid.

When change appears as an explicit factual conflict, the update can occur as soon as new evidence
arrives. Mem0 [32] compares a candidate fact with related records and chooses whether to modify,
delete, or preserve the existing entry. Zep [119] does not simply overwrite an older relation. It
marks the relation as invalid and records its validity and invalidation times, preserving when the
fact held and when it changed.
Some changes become visible only when a stored procedure is reused. MOBIMEM [92] checks

the current interface before replaying an action. If the state no longer matches, the agent abandons
the cached action and returns to planning. It then revises the corresponding record from the new
trajectory. ActionEngine [208] likewise uses repeated execution failure to localize an obsolete
interface operation. It relocates the target element and repairs the failed step and its associated
information instead of rebuilding the entire interface memory.
Other memories become questionable without producing a direct conflict or interface error.

Memory-R1 [180] learns whether to add, modify, remove, or preserve entries in dialogue question
answering and simulated long-horizon tasks. Its policy is optimized according to whether the
resulting memory supports a correct answer. AgeMem [191] jointly optimizes long-term memory
operations and management of the active context, allowing task completion, context control, and
memory quality to shape the policy. These systems use downstream outcomes when the appropriate
update cannot be specified in advance.

Explicit conflict, execution mismatch, and task outcome provide progressively less direct evidence
about what should change. Updating uses these signals to keep past experience aligned with a
changing user, task, or environment. Its central challenge is deciding whether an observed mismatch
reflects a persistent change or a temporary exception. A premature update can turn an isolated
event into durable memory, whereas a delayed update leaves obsolete experience available for
reuse.
Consolidation and updating also share a scheduling problem on resource-constrained devices.

The need for maintenance can be detected during interaction without placing every model call,
memory read, and storage write on the foreground path. LightMem [46] moves heavier maintenance
out of online interaction and processes accumulated work offline. MOBIMEM [92] uses priority
queues so that stale actions and experience likely to affect near-term execution are handled before
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less urgent profile changes. HUOZIIME [126] applies this separation to an Android input method,
retrieving personal facts during text completion and extracting new facts after a session ends. New
input preempts background processing, giving interaction priority over memory maintenance.
Local failures that block the current task may require immediate repair, whereas broader merges
and reorganization can be deferred until resources are available.

4.4 Memory Forgetting
Memory evolution keeps useful experience aligned with later tasks, but an accurate memory does
not necessarily deserve indefinite residence or influence. As the store grows, an on-device system
must adjust what remains accessible and remove specified information when required. For explicit
memory, selective forgetting lets the system choose entries for decay or eviction from runtime
signals. Directed forgetting begins with a specified target and propagates its removal through
related memory artifacts. When the same information has entered model parameters, machine
unlearning is required to reduce its learned influence.

4.4.1 Selective Forgetting. Selective forgetting uses signals generated during the lifetime of a
memory to decide which entries remain accessible, which gradually lose priority, and which are
removed from storage. Existing approaches mainly rely on elapsed time, usage state, and task value.
Forgetting based on elapsed time treats age as the primary retention signal. Mnemosyne [64]

assigns graph nodes a selection probability that decays over time, reducing the chance that un-
refreshed memories participate in later tasks. Repeated or newly used content can be refreshed,
whereas nodes that remain infrequently accessed are pruned only when the graph approaches
its capacity limit. Older memories lose accessibility before they are removed from the graph. Re-
searchers are also exploring gradual reductions in memory fidelity, including age-dependent visual
compression in ScrapMem [25] and retention-guided embedding precision in SuperLocalMemory
V3.3 [14].

Forgetting based on use considers whether a memory continues to participate in interaction.
MemoryOS [65] combines access frequency, interaction length, and time since last access into a
state score. When mid-term storage reaches capacity, low-priority segments are evicted, whereas
content that remains active can move into long-term personal memory. Retention is thereby tied to
the subsequent use of an entry rather than its creation time alone.
Forgetting based on value relates task benefit to the device resources consumed by a memory.

CURATOR [168] combines the expected benefit and possible harm of an experience with its
byte cost. It evicts low-value experience under a local budget. On heterogeneous Jetson robots,
CURATOR reduces memory use, energy consumption, and uplink traffic while maintaining overall
task accuracy. Memory Worth (MW) [135] scores each memory according to how often its retrieval
coincides with successful and failed outcomes. The score can lower access priority or prompt an
entry to be reviewed or disabled. MemArchitect [74] similarly updates utility and stability after a
memory contributes to an answer, allowing subsequent decay and background cleanup to change
its accessibility. In these methods, retention value can change with observed use and resource cost
rather than remaining fixed at write time.
Selective forgetting is better understood as ongoing control over retention than as a single

deletion event. Time supplies a basic decay signal, usage state indicates whether an entry remains
active, and task value incorporates observed benefit and device cost. These signals can jointly
determine which memories remain readily accessible and which gradually leave routine access or
local storage.

4.4.2 Directed Forgetting. Unlike selective forgetting, directed forgetting starts from an already
specified deletion target. Once a request has been accepted, the system must locate the source
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record and propagate the request to summaries, indexes, or other derived artifacts. Section 5.4
discusses authorization, user control, and the privacy significance of deletion requests. The present
section focuses on how an accepted target is removed from the memory system.
A study of deployment-time memorization [30] examines deletion across source records and

derived summaries. Removing only the source left the target recoverable from the summary layer
in about 20% of its test cases. Regenerating, deleting, or masking the corresponding summaries
reduced the tested textual residue to zero. The provenance links discussed in Section 4.1.3 become
deletion paths in this setting because they connect a source to its derived content. The experiment
directly establishes this relation for source text and summaries. However, extending the same
linkage to vector indexes, caches, and other local replicas remains a system requirement rather
than a result demonstrated by that study.
For agents that continue to perceive and act, directed forgetting may also concern how past

experience shapes future behavior. A natural-language-based agent-unlearning framework [187]
defines targets at the state, trajectory, and environment levels. It removes the relevant experience
and converts natural-language requests into constraints on subsequent behavior. In GridWorld,
ALFWorld, and Gazebo simulations, the agent avoids the specified states or trajectories while
continuing to complete unaffected tasks.
Directed forgetting must remove the target from source records and derived content and close

the access paths through which it could influence later tasks. Deleting one copy is insufficient when
another representation can still return the information to the agent. Completion should be judged
by whether the system can still retrieve the target or use it to guide action, not by whether one
record was deleted.

4.4.3 Machine Unlearning. Selective and directed forgetting operate on explicit memories that
can be located and manipulated. When training or continual adaptation has absorbed information
into model parameters, deleting external records does not reverse the model’s learned response.
Machine unlearning addresses this parametric influence while seeking to preserve capabilities
unrelated to the target.
Machine unlearning can use either exact retraining or an approximate parameter update.

CAUSE [175] partitions training data by user and retains compressed intermediate models
on the device. When a deletion request arrives, only the affected shard needs to be retrained.
Measurements on a Jetson Orin Nano cover retraining time, memory use, and energy, showing
how retained intermediate states can shorten exact unlearning on a constrained device. CAUSE
provides device-level evidence for exact unlearning, although its experiments concern conventional
learning workloads rather than long-lived agent memory.
Approximate methods reduce the cost of changing parameters. ZO-GA [193] replaces back-

propagation with zeroth-order gradient ascent using forward evaluations, lowering peak memory
during the update. Orthogonal Entropy Unlearning (OEU) [199] supports unlearning in quantized
models. It increases predictive uncertainty on the target data while adjusting the update direction
to preserve behavior on retained data.
Execution can begin only after a user-facing request has been translated into an operational

unlearning target. Many methods assume that the forget set is already available. However, an agent
may receive only an entity, fact, or natural-language request. MAGE [79] probes related information
in the model and synthesizes supervision for unlearning without access to the original training
corpus. RePAIR [117] takes the interaction itself as the starting point. It detects an unlearning
intent, extracts the target, and applies a closed-form activation update that changes the relevant
intermediate representation. A low-rank variant reduces the cost of each repair and achieves up
to roughly threefold acceleration in experiments with Llama-3-8B. The pipeline is designed for
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interactive requests, but evidence for on-device use currently comes from complexity and runtime
rather than full device integration.

Local parameter modification also raises the question of how an external verifier can confirm that
the prescribed process was executed. ZK-APEX [98] encodes approximate unlearning as verifiable
computation and generates a zero-knowledge proof while updating a personalized model. A verifier
can confirm protocol-compliant execution without accessing the device’s private data. The study
demonstrates block-level proof generation on an iPhone 14 Pro Max, although producing the
complete proof remains time-consuming. This execution evidence provides a technical basis for
auditing unlearning operations, a role revisited as part of the privacy guardrails in Section 5.4.
Machine unlearning covers parametric influence that deletion from explicit memory cannot

reach, but it does not replace selective or directed forgetting. When the same information appears
in both external records and personalized parameters, the target scope must remain consistent
across the two layers. External access paths and influence within the model then require separate,
coordinated removal.

5 PERSONALIZATION THROUGH ON-DEVICE AGENT MEMORY
Personalization is where on-device memory becomes more than a local substitute for cloud-hosted
conversation history. A general-purpose model can act on information supplied in the current
exchange, whereas a personal device can observe recurring patterns across days, applications, and
physical settings. Phones capture cross-application actions, smart glasses accumulate first-person
experience, and wearables record physiological and environmental context. These longitudinal
signals provide evidence about a particular user that is unavailable to a general model [96, 157, 183].
The value of long-term records for personalization depends on how well an agent interprets

them in the context of a particular task. The agent must infer preferences and check their stability
against recurring behavior and later feedback. It must also link private expressions to the user’s
people, objects, and experiences, and decide whether a recurring need warrants proactive assistance.
The same evidence is sensitive, so its retention, access, and disclosure must remain controllable
and auditable. This chapter examines user preferences (Section 5.1), personal reference resolution
(Section 5.2), and proactive assistance (Section 5.3). The privacy safeguards discussed in Section 5.4
apply across these uses, as summarized in Figure 5-1.

5.1 User Preferences
User preferences are relatively stable tendencies among alternative contents, outcomes, or ways of
completing a task. Explicit settings provide high-confidence evidence and are easy to explain, but
they cover only preferences that users can anticipate and are willing to configure. Many preferences
instead surface through clicks, dwell time, navigation paths, query reformulations, and repeated
choices, a premise established in early work on implicit feedback [63, 67]. Personal devices make
this evidence especially valuable because they observe small decisions repeatedly in the settings
where those decisions occur. Recent mobile agents consequently use long-term interaction histories
to recover patterns that users have never stated as rules [96, 157].

User behavior offers clues to preference, but themeaning of a choice depends on the circumstances
inwhich it wasmade. A single choicemay reflect a temporary compromise, and a skipped optionmay
be caused by circumstances rather than dislike. Reliable inference therefore depends on whether
a pattern recurs under comparable conditions and whether later feedback supports the same
interpretation. Me-Agent [157] learns user-specific interaction tendencies from mobile histories,
whereas HIM-Agent [96] groups related intents and action traces to identify choices that persist
across tasks. PAHF [83] approaches the same problem through interaction. When an instruction
is ambiguous and no relevant preference can be recovered, it asks for clarification to inform
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5.1 User Preferences
Infer Preferences

recurring choices · context

Complete Intent
missing personal constraints

Update Preferences
outcomes · corrections

5.3 Proactive Assistance
Predict Candidate Needs
recurring behavior · history

Judge Current Relevance
present context · user state

Time Assistance
interruption cost · feedback record access and change

Provenance and Audit

5.2 Personal Reference Resolution
Link Personal Relations
people · objects · places

Apply Current Context
task · location · recent context

Resolve Referents
private terms · concrete entities

mask data
Disclosure Filtering

restrict storage and use
Local Access

limit lifetime · honor withdrawal

Retention and Forgetting

5.4 Privacy Safeguards

On-Device
Personal Memory

history relations

user feedback

Fig. 5-1. Roles of personal memory in on-device personalization and the privacy safeguards that constrain
them. The figure shows how user-specific information supports preference learning, personal reference
resolution, and proactive assistance, while privacy safeguards constrain the entire personalization system.

subsequent preference judgments. Across these approaches, behavioral histories, action traces, and
user clarification provide complementary evidence for distinguishing persistent preferences from
isolated choices.

The practical value of a learned preference appears when the current instruction leaves a personal
condition unstated. Requests such as “play something I usually listen to” or “order it the way I
normally do” are linguistically clear. Public knowledge alone cannot supply the missing personal
details. PerPilot [159] first identifieswhich part of amobile task requires personal information.When
suitable records exist, it retrieves the relevant information. Missing evidence can instead prompt
exploration of likely applications, with the result retained for later tasks. HIM-Agent [96] instead
derives recurring fine-grained choices from prior GUI interactions and uses them to complete
underspecified requests. MemAura [89] extends this use of history to smart environments. It
organizes device logs into temporal event graphs and user-specific behavior statistics, combining
them with periodic predictions and a compact preference queue. This structured context helps small
language models interpret commands in light of the user’s routines. Other smart-space frameworks,
such as UserCentrix [124], reuse recent preferences and previously evaluated plans to condition
new requests. Across these systems, memory supplies personal constraints left unstated in the
current instruction, while the active task determines the intent to be fulfilled.
A preference inferred once cannot be treated as a permanent conclusion. Changes in work,

routine, or life stage can make an earlier choice obsolete even when the agent remains confident
in it. PAHF [83] addresses this problem by placing preference learning on both sides of an action.
Before acting, the agent can clarify an ambiguous request when memory offers no relevant answer.
After acting, corrective feedback updates beliefs that produced an unsuitable result. Pre-action clar-
ification alone may miss a stale preference that the agent confidently treats as current. PERMA [90]
evaluates this temporal problem with event sequences in which preferences emerge, receive addi-
tional evidence, or conflict with earlier observations. Current memory methods benefit from the
accumulated history but deteriorate when preferences change across contexts or when old and
new evidence disagree.
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Preference learning on personal devices is therefore a continuing loop. Longitudinal behavior
supports an initial inference, the inferred preference helps interpret the present task, and the
outcome provides new evidence. The objective is to preserve tendencies supported by recent
evidence while allowing later behavior or explicit user feedback to update them.

5.2 Personal Reference Resolution
Preferences explain what a user tends to choose, but many personal instructions also depend on
what particular entities mean in that user’s world. Public knowledge can define a supervisor, a
home, or a favorite object in general terms. It cannot identify which person, place, or possession
the speaker intends. PersONAL [214] tests whether embodied agents can use household ownership
relations when carrying out personalized tasks. MEMENTO [75] extends the challenge to indirect
descriptions whose referents depend on prior interactions and the personal significance of objects.
In an auxiliary experiment that replaced explicit object references with indirect ones, both evaluated
models suffered lower task success rates. The decline highlights the difficulty of connecting a new
expression to the user’s private relations, even when relevant records have already been stored.

Those relations are rarely stated in a single observation. They are distributed across encounters
with the same people, places, and objects, sometimes months apart. EgoSelf [164] extracts events
from long-term first-person streams and connects experiences through recurring entities. These
links offer relational clues, but the evaluation of personalized egocentric question answering does
not isolate the resolution of new indirect expressions. An isolated record may show that an object
was present, whereas linked episodes can reveal who owns it, why it matters, and how its role has
changed.

Personal relations also have contextual boundaries. SpeechLess [71] uses prior interactions associ-
ated with locations and activities to interpret partial or even absent utterances. Its evaluation found
that partial and zero-utterance interaction reduced spoken effort. Successful question-answering
rates were 86.7% and 83.3%, compared with 95.4% for full utterances. Context can recover much
of the missing expression, although the remaining accuracy gap reflects the cost of relying on
implicit evidence. The challenge becomes more severe when the relevant context spans years
and multiple data sources. ATM-Bench [102] constructs queries over approximately four years of
personal multimodal records, including cases in which later evidence supplements or conflicts with
earlier information. Accuracy remains below 20% on its more difficult cross-time and cross-source
subset. These results show a gap between storing experiences and resolving a current personal
reference accurately.

Personal reference resolution consequently depends on both relational and situational evidence.
Relations narrow a private term to the entities it could denote, whereas the current task and recent
context determine which candidate is intended now. A request such as “send this file to my boss”
depends on both forms of evidence. Personal relations identify the recipient, while the active task
context determines which file is intended. Successful execution requires the agent to recover both
meanings and bind them to the present instruction.

5.3 Proactive Assistance
Preference learning and personal reference resolution shape the response to an explicit request.
Proactive assistance draws on the user’s history to anticipate needs before a request is made. It
then considers whether the present situation warrants intervention and whether the user would
welcome it. On-device agents are well placed to make these judgments because the same devices
that record recurring behavior can also observe the conditions under which it reappears.
The first problem is to distinguish a predictable need from mere repetition. HIM-Agent [96]

aggregates histories with similar intents and action trajectories, then considers how often and
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under what conditions a pattern recurs. Patterns tied to a current request support preference
completion, whereas sufficiently regular patterns can motivate a proactive suggestion when the
corresponding state returns. PITuning [48] combines an individual’s event history with current
context for on-device intent prediction, adapting population-level knowledge to forecast likely
future activities. HIM-Agent organizes recurring action patterns, whereas PITuning predicts future
activities. Both use long-term regularity, but the timing of an actual intervention requires separate
evaluation.
A candidate need inferred from history still has to be grounded in what is happening now.

ContextAgent [182] extracts sensory context from wearables and combines it with information
derived from historical data. It uses this combined evidence to decide whether proactive service is
necessary and which tool should be invoked. ProAgent [181] extends this setting to continuous
everyday use. It activates richer perception only when inexpensive contextual cues indicate that
more evidence is needed, then reasons over the resulting context together with user preferences.
Feedback on an intervention is associated with the situation in which it occurred, allowing later
decisions in similar circumstances to be adjusted. Personal history thus gives current observations
a user-specific interpretation, whereas current observations prevent a recurring pattern from being
acted on outside the circumstances that make it relevant.

Relevance does not settle the timing of an intervention. H-MAPS [108] uses pauses and revisits
during desktop reading to trigger personalized literature searches. Its locally maintained memories
of recent content, the reading session, and the user profile supply context to a cloud model that
formulates search questions. ProMemAssist [114] instead models changes in a user’s working
memory from multimodal signals collected by smart glasses. It balances the expected value of
assistance against the cost of interruption. In a controlled study with 12 participants, it delivered 130
messages compared with 332 from a prompt-based LLM baseline. Positive responses accounted for
24.6% of its messages and 9.34% of the baseline’s messages. These designs connect memory-based
assistance to current reading behavior or cognitive demand, making timing part of the decision to
intervene.
Even an apparently well-timed intervention may not be acceptable to every user. Across seven

workshops on proactive smart glasses scenarios, participants formulated triggering and blocking
rules at different levels of abstraction. Their judgments also reflected different attitudes toward
autonomy, practical benefit, and emotional impact [45]. These findings suggest that a personal agent
needs to learn which forms of help a user is likely to need and when that user considers intervention
appropriate. Reactions to earlier assistance, including acceptance, dismissal, and correction, become
evidence for calibrating both future predictions and the agent’s willingness to interrupt.

5.4 Privacy Safeguards
Keeping personal memory on a device reduces exposure, but it does notmake the full personalization
pipeline private. External model calls can expose sensitive memories [31, 171] or locally stored
browser histories [148]. GUI screenshots can also reveal information unrelated to the task [205].
As an agent learns more about its user, failures in retention, access control, or disclosure become
increasingly consequential. Existing safeguards can be organized by where they intervene in the
flow of personal memory. They begin with storage and access, continue through retention and
forgetting, and end with filtering before information crosses a controlled boundary.

The first safeguard keeps personal data local and restricts who can use it. SuperLocalMemory [13]
stores personal records and behavioral learning data locally. Per-agent provenance and history-
based trust scores distinguish contributions from different agents. OpenJarvis [123] shows that
model inference, agent execution, tools, and memory can run together on a personal device. Cloud
models may assist the system configuration search, but the accepted configuration runs on device
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at inference time. When a personal archive exceeds local capacity, Opal [66] confines sensitive
computation to a trusted environment and conceals access patterns to external storage. This design
makes it harder for the service provider to infer a user’s interests from retrieval locations and
frequency. The protection offered by local storage therefore depends on where data reside and
which components can observe their use.

A second safeguard limits how long personal information remains usable. MaRS [5] incorporates
sensitivity into retention decisions, assigning different lifetimes to memories with different pri-
vacy risks. For user-initiated withdrawal, the scope of a forgetting request must be clear without
requiring the user to enumerate every affected record. A natural-language-based agent-unlearning
framework [187] accepts high-level requests and converts them into operational instructions that
regulate an agent’s later behavior. MAGE [79] requires only a limited anchor for the target and
constructs supervision for model unlearning without asking the user to supply the original forget
corpus. MAGE addresses parametric model unlearning, whereas the natural-language framework
constrains later agent behavior without modifying the language model. Removing an on-device
memory record remains a separate task. These approaches suggest that users should be able to
scope withdrawal requests without reconstructing all the original data behind a memory.
Accepting a deletion request does not ensure that every representation has been erased.

ORISA [178] shows that conversation tokens and KV states can remain recoverable after chat
deletion in mobile LLM applications. Given process-memory and storage images, it reconstructs
residual context on another machine. Deletion controls therefore need to reach runtime states as
well as visible conversation records.

The final safeguard filters personal information before it leaves the controlled environment.
AMP [171] detects sensitive spans on device, replaces them with protected placeholders for external
processing, and restores the corresponding values after the result returns. MemPrivacy [31] similarly
substitutes type-aware placeholders, preserving enough semantic structure for the cloud model
to complete the task without exposing the original values. MaskClaw [205] applies this decision
to visual interface data. Before a screenshot is transmitted, it can allow the image, mask selected
regions, or ask the user to decide. By filtering the context sent to external models, these methods
reduce the disclosure of personal information. The extent of protection nevertheless depends on
the filtering rules and task configuration.

Privacy safeguards must also make memory operations inspectable. SuperLocalMemory 4.0 [15]
links each canonical write to required updates of derived indexes and records whether these
operations complete, fail, or remain incomplete. Its deletion receipts report removal from the local
components covered by those checks. Mi-Memory [38] extends auditability to memory strategy
changes by recording source evidence, stage-level diagnostics, versioned strategies, and acceptance
or rollback decisions. Its LiteMem component maintains provenance and revision history in a local
Markdown store with optional Git versioning. MaskClaw [205] subjects privacy policy updates
derived from feedback to rule checks and sandbox validation before they are accepted. These
records help users distinguish a requested change from a completed operation. User-facing controls
can then expose what was changed, which derived records were affected, and whether further
work remains.

6 ON-DEVICE AGENT MEMORY ACROSS PLATFORMS
Chapters 3–5 described on-device agent memory through its representations, lifecycle, and role
in personalization. In working systems, device form factors also shape how memory is formed
and used. On phones and personal computers, relevant state may disappear as users move among
pages, windows, and applications. Head-worn systems capture first-person or spatial context, while
personal sensing systems derive evidence from intermittent signals. Embodied systems couple
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stored environmental state and reusable experience to action. These settings differ in available
observations, interaction timescales, and the role memory plays during execution. Accordingly, this
chapter reviews deployment evidence from personal computing systems (Section 6.1), head-worn
systems (Section 6.2), personal sensing systems (Section 6.3), and embodied systems (Section 6.4).

Assessing on-device deployment requires tracing where memory formation, updating, retrieval,
and memory-conditioned reasoning actually run. A phone, smart glasses, or a robot may collect
observations while memory processing takes place on a companion computer or in the cloud.Within
each device context, we therefore examine what has been demonstrated on the target hardware and
which resource measurements are available. Deployment evidence concerns the evaluated system
or component at runtime. Table 6-1 summarizes these findings for the representative methods
discussed below.

Table 6-1. Platforms, deployment evidence, and resource measurements of representative methods

Method Platform / deployment Resource measurements

𝑅 𝑆 𝑇 𝐸

Personal computing

Stamp-GUI [154] Smartphone
No local evidence

✗ ✗ ✗ ✗

ATMem [84] Smartphone
No local evidence

✗ ✗ ✗ ✗

TSR [207] Smartphone
No local evidence

✗ ✗ ✗ ✗

UI-Mem [176] Smartphone
No local evidence

✗ ✗ ✗ ✗

MOBIMEM [92] Smartphone
Partial local

✗ ✓ ✓ ✗

PalmClaw [20] Smartphone
Partial local

✗ ✗ ✓ ✗

MAGNET [141] Smartphone
No local evidence

✗ ✗ ✗ ✗

MUSE [202] Smartphone
Full local

✗ ✗ ✓ ✓

MobileRAG [111] Smartphone
Full local

✓ ✗ ✓ ✓

DynaKV [158] Smartphone
Full local

✓ ✓ ✓ ✓

FOCAL [190] Laptop or desktop
Full local

✗ ✗ ✗ ✗

Agent-X [34] Mac mini
Full local

✓ ✓ ✓ ✗

persistent 4-bit KV caches [132] Mac
Full local

✗ ✗ ✓ ✗

LEANN [163] RTX 4090 workstation
Full local

✗ ✓ ✓ ✗

MemLoRA [16] Personal computer
Feasibility only

✗ ✗ ✓ ✗

ActionEngine [208] Desktop or web GUI
No local evidence

✗ ✗ ✓ ✗

𝑅: runtime memory; 𝑆 : persistent storage;𝑇 : response/task time; 𝐸: energy or power.
✓: measured (including partial or off-device results); ✗: estimate only or not reported.
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Table 6-1 (continued)

Method Platform / deployment Resource measurements

𝑅 𝑆 𝑇 𝐸

PUBG Ally [115] Consumer PC
Full local

✓ ✗ ✓ ✗

fixed-persona dialogue system [19] Consumer PC
Full local

✓ ✓ ✓ ✗

Head-worn systems

EgoTrigger [112] Smart glasses
Partial local

✗ ✓ ✗ ✓

ColorTrigger [21] Wearable or edge camera
No local evidence

✗ ✗ ✓ ✗

EgoLife [183] Smart glasses
No local evidence

✗ ✗ ✗ ✗

EgoGraph [142] Egocentric recorder
No local evidence

✗ ✗ ✗ ✗

ProMemAssist [114] Smart glasses
Partial local

✗ ✗ ✗ ✗

personalized proactive assistance
study [45]

Smart glasses
No local evidence

✗ ✗ ✗ ✗

intention-aware semantic
communication [62]

Smart glasses
No local evidence

✗ ✗ ✗ ✗

SpeechLess [71] Quest 3
Partial local

✗ ✗ ✓ ✗

PITAR [60] XR headset
Partial local

✗ ✗ ✓ ✗

ClickAIXR [68] Magic Leap 2
Full local

✗ ✗ ✓ ✗

Personal sensing

SAMoSA [105] Smartwatch
Partial local

✗ ✗ ✓ ✓

PrISM-Observer [7] Apple Watch
Full local

✗ ✗ ✓ ✗

PHIA [103] Wearable data platform
No local evidence

✗ ✗ ✗ ✗

ECG-Agent [33] Smartphone or wearable
Feasibility only

✗ ✗ ✗ ✗

Affective Agent [106] Raspberry Pi CM5
Partial local

✓ ✓ ✓ ✗

MemPal [100] Neck-worn smartphone
Partial local

✗ ✗ ✓ ✗

Embodied systems

VLONS [129] Jetson robots
Full local

✗ ✗ ✓ ✗

EfficientNav [185] Jetson (Habitat)
Full local

✗ ✗ ✓ ✗

STaR [192] Husky robot
Partial local

✓ ✓ ✓ ✗

MemCtrl [42] Robot simulators
No local evidence

✗ ✗ ✗ ✗

𝑅: runtime memory; 𝑆 : persistent storage;𝑇 : response/task time; 𝐸: energy or power.
✓: measured (including partial or off-device results); ✗: estimate only or not reported.
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Table 6-1 (continued)

Method Platform / deployment Resource measurements

𝑅 𝑆 𝑇 𝐸

Memo [52] Robot simulators
No local evidence

✓ ✗ ✓ ✗

Voyager [150] Minecraft
No local evidence

✗ ✗ ✗ ✗

user profile memory module [75] Simulated Spot robot
No local evidence

✗ ✗ ✗ ✗

𝑅: runtime memory; 𝑆 : persistent storage;𝑇 : response/task time; 𝐸: energy or power.
✓: measured (including partial or off-device results); ✗: estimate only or not reported.

6.1 Personal Computing Systems
Agents on personal computing systems interact with users primarily through graphical user
interfaces, applications, and local files. On smartphones, interface state often disappears after a
page transition or application switch, and limited local resources constrain how much history can
be retained and processed. Laptops and desktops can host stronger local models but accumulate
longer activity histories with less distinct task boundaries. Although both device classes center on
interface interaction, they present memory systems with different operating conditions.

6.1.1 Smartphones. Evidence displayed on a mobile interface may disappear after a page transition.
Yet later actions may still depend on a verification code, a copied value, or a completed step. To
maintain continuity across interfaces, one line of work represents memory as an explicit task
state that can be updated over time. This representation avoids repeated reconstruction from the
full screenshot history. STAMP [154] uses controlled mobile tasks to annotate which transient
information should be retained and when subsequent steps will depend on it. ATMem [84] organizes
retained task information by role, dependency, and completion status, whereas TSR [207] derives
persistent progress from changes between consecutive interface states. Making task dependencies
explicit reduces the burden of recovering progress across application boundaries. As interaction
histories grow, smartphone agents also need to preserve operational experience that can be reused
in later tasks. The emphasis then shifts from tracking immediate progress to extracting relatively
stable task structures from successful and failed trajectories. UI-Mem [176] abstracts successful
trajectories into reusable workflows and action steps while retaining failure patterns to guide
subsequent exploration. Mobile frameworks also organize persistent context into separate user,
task, and action stores in MOBIMEM [92] or shared personal memory and session summaries in
PalmClaw [20]. MAGNET [141] distinguishes relatively stable interface semantics from procedures
that may change across software versions.

These approaches address what should be retained during mobile tasks. A systems-oriented line
of work asks how memory can be stored and accessed under hardware constraints. MUSE [202]
co-designs vector insertion, indexing, and maintenance for the heterogeneous processors and
shared memory of Snapdragon 8-series platforms. MobileRAG [111] implements a fully on-device
retrieval-augmented generation pipeline through partitioned index loading and post-retrieval
reduction. Both demonstrate smartphone execution of the reported indexing or retrieval pipeline.
MUSE evaluates multimedia retrieval, whereas MobileRAG focuses on document-based retrieval-
augmented generation. Neither result alone establishes a complete personalized agent-memory
pipeline.

6.1.2 Laptops and Desktops. Laptops and desktops can support stronger local models, but their
windows, webpages, and documents often belong to several interleaved tasks. As activity histories
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grow, the first formation decision is which observations should be retained and which task they
belong to. FOCAL [190] filters desktop observations before visual reasoning and uses a local 8B
model on an Apple M4 laptop to construct task-specific logs and summaries. Desktop memory
therefore has to identify task boundaries as well as control how much information it stores.
When memory expands to long-lived document collections, index storage becomes a separate

concern. LEANN [163] recomputes selected embeddings during retrieval to reduce the amount of
index data that must remain in storage. This design trades additional computation for a smaller
persistent footprint, allowing larger indexes to bemaintained on personal systems. Desktop histories
may also contain application experience that can be reused across tasks. ActionEngine [208]
represents the states and transitions of a web application in an updatable model and revises that
model after execution failures. Such updating allows procedural experience to evolve with the
application instead of being relearned whenever the interface changes. Desktop memory is also
being explored for game interaction, including compact plans in PUBG Ally [115] and separate
NPC dialogue stores in fixed-persona language models [19].

6.2 Head-Worn Systems
Head-worn systems observe the environment from a first-person perspective. For smart glasses,
many events cannot be recaptured after they pass. Memory therefore begins with selective sensing
and retention. The retained observations are then organized into personal experience for later
interaction. XR headsets present a related but shorter-horizon problem, in which spatial and
interaction context should be maintained within an active session.

6.2.1 Smart Glasses. Smart glasses are expected to support prolonged first-person sensing within
a face-worn form factor. This combination places cameras, onboard computation, and wireless
transmission within tight battery, thermal, and bandwidth budgets. Some research in this setting
seeks to reduce high-cost visual data before it moves through the full processing pipeline. EgoTrig-
ger [112] activates the camera from low-cost audio cues. ColorTrigger [21] preserves a grayscale
stream and acquires color only when it is expected to help.
The resulting records follow the wearer’s viewpoint through everyday life. Relevant people,

objects, and events may disappear from view and reappear hours or days later. EgoLife [183]
captures week-long multimodal activity with Meta Aria glasses and evaluates questions that span
extended periods. EgoGraph [142] links recurring entities and events across time in long egocentric
video. EgoLife provides cross-day records and evaluation tasks, while EgoGraph contributes a
temporal graph for organizing recurring entities and events.

The hands-free, situated form factor also changes howmemory output is encountered. Assistance
can arrive while the user is physically occupied, without a deliberate switch to another application
or device. ProMemAssist [114] evaluates proactive support during tasks that combine physical
action with cognitive demand. A study of personalized proactive agents [45] examines reactions to
proactive behaviors presented through first-person smart glasses scenarios. In this setting, recalled
information enters the same perceptual and attentional space as the ongoing activity. The resulting
design problem is to make relevant past information available without drawing the user away from
the physical activity in which it is needed.
How these functions are distributed across hardware remains a separate deployment question.

Current smart glasses prototypes place sensing and lightweight selection closest to the glasses,
whereas memory construction and higher-level reasoning are generally handled externally. EgoTrig-
ger [112] validates selective capture on embedded hardware. EgoLife [183] supplies data from a
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wearable setting, and EgoGraph [142] organizes entities and events in long video. Their mem-
ory construction and querying are evaluated offline. ProMemAssist [114] combines smart glasses
sensing with processing on a companion laptop.

6.2.2 XR Headsets. Unlike the cross-day experience targeted by smart glasses memory, XR research
usually maintains spatial, object, and interaction context within an active session. Such context helps
a system resolve underspecified references and combine gaze or pointing with speech to infer the
user’s intent. Memory here functions primarily as session-level environmental state. ClickAIXR [68]
retains interaction context around an object selected by the user to support subsequent speech and
visual processing. SpeechLess [71] combines earlier spatial, temporal, activity, and referential cues
to interpret incomplete spoken instructions. PITAR [60] integrates speech, gaze, and pointing to
maintain scene and interaction state. All three use the session’s environmental state to reduce how
much spatial and object information the user must repeat.

6.3 Personal Sensing Systems
Personal sensing systems build usable context from intermittent physiological, motion, or acoustic
signals. Their records differ from those collected by systems centered on dense visual or interface
data. Smartwatch systems use these signals to identify events or track ongoing procedures. Health
and assistive systems retain longer-term records to guide interpretation, intervention, and recall of
everyday activities.

6.3.1 Smartwatches. Continuous smartwatch operation is first constrained by sampling and sensor
power. SAMoSA [105] uses motion signals to locate candidate activity periods and then analyzes
heavily subsampled audio to retain additional activity cues at a lower sensing cost. Although
SAMoSA does not implement a complete agent memory system, its low-cost trigger determines
which everyday events can enter subsequentmemory processing. For procedural assistance, memory
instead tracks progress through an ongoing activity. PrISM-Observer [7] follows the steps of
everyday procedures and predicts when an omitted or upcoming step warrants intervention. Its
short-term memory is a procedure state that evolves with the user’s actions. The full local execution
in Table 6-1 refers to the watch-only implementation, while the user study used a separate laptop-
server implementation.

6.3.2 Health and Assistive Devices. Health and assistive systems use memory for both longitudinal
interpretation and support during everyday activity. PHIA [103] combines longitudinal wearable
records with retrieval and code execution to produce personalized health insights. ECG-Agent [33]
evaluates the feasibility of 1B and 3B models for multi-turn electrocardiogram analysis and tool
use. These experiments used RTX A6000 GPUs, leaving execution of the complete system on the
target mobile hardware unverified.
Affective Agent [106] connects intervention decisions to locally stored episodic and semantic

memory. Recent intervention outcomes and accumulated preferences inform later decisions, while
the host software validates proposed memory updates before storing them. Its compact, memory-
conditioned model is evaluated on Raspberry Pi CM5 as an embedded platform for wearable
systems.

Memory can also provide direct assistance with recalling everyday actions. MemPal [100] uses a
neck-worn smartphone to maintain a local activity diary, with cloud models interpreting obser-
vations and answering spoken object-location queries. A study in the homes of 15 older adults
found that audio assistance reduced the number of rooms searched. The system connects retained
personal events to a concrete task performed in the environment where those events occurred.
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6.4 Embodied Systems
In embodied systems, stored maps, object states, and skills become part of the perception–action
loop by informing navigation and manipulation. For physical robots, the key deployment question
is which stages of memory maintenance, retrieval, and memory-conditioned planning run on the
robot itself. Simulation provides a complementary setting for examining retention, compression,
and skill reuse over long task horizons.

6.4.1 Physical Robots. Studies on robotic platforms combine execution on the robot and validation
in the physical world in different ways. VLONS [129] runs its mapping, target understanding, and
planning pipeline locally on Jetson hardware and evaluates it across several physical robot platforms.
EfficientNav [185] runs memory retrieval and planning on Jetson, with navigation evaluated mainly
in Habitat. STaR [192] uses a physical Husky robot to collect environmental information and
constructs its long-term multimodal memory on an external RTX 3080 laptop. On-robot execution,
physical-world evaluation, and coverage of the memory pipeline should therefore be reported as
separate dimensions.

6.4.2 Simulated Environments. Simulation provides controlled task horizons and environmental
variation, making it useful for isolating what an embodied agent should retain. MemCtrl [42]
learns to retain, update, or discard observations and reflections during exploration. Memo [52]
periodically compresses prior experience into separately stored summary states, reducing the
amount of history carried by a reinforcement learning policy. Selective retention and periodic
compression offer two ways to control memory growth over long tasks. In simulation, embodied
agents may also accumulate reusable skills or knowledge about personally meaningful objects
alongside changing environmental state. Voyager [150] accumulates successful experience as
executable skills in Minecraft. MEMENTO [75] examines how personal meanings attached to
objects and recurring behavior patterns affect planning with a simulated Spot robot.

7 EVALUATING ON-DEVICE AGENT MEMORY: DIMENSIONS AND BENCHMARKS
Rigorous evaluation is essential for determining whether on-device agent memory can support sus-
tained interaction. Existing studies adopt diverse tasks and metrics because both memory demands
and operating constraints vary across device contexts. We organize this evidence around four di-
mensions: memory accuracy, lifecycle management, personalization quality, and on-device runtime
cost. We then examine the general agent-memory benchmarks and device-context benchmarks
used to measure them.

7.1 Evaluation Dimensions
7.1.1 Memory Accuracy. Early evaluations of long-term memory centered on whether an agent
could recover information from its interaction history. LoCoMo [97] broadens this setting by pairing
long-term question answering with event summarization and multimodal dialogue generation.
LongMemEval [170] organizes questions around evidence extraction, cross-session and temporal
reasoning, history updates, and abstention. By tracing errors across indexing, retrieval, and reading,
it helps separate access failures from reasoning failures. Such benchmarks typically combine answer
accuracy, model-based judgments, and evidence recall.

Some benchmarks isolate memory quality from final task outcomes. MemBench [143] evaluates
factual and reflective memory under participatory and observational interaction settings. Mem-
oryAgentBench [59] presents history incrementally, allowing retrieval, test-time learning, and
long-context understanding to be assessed within one interaction protocol. In mobile environments,
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Memory-World [154] reports the accuracy of explicit memory separately from task success, so
memory errors can be distinguished from downstream action errors.

When remembered information constrains tool use or environment interaction, accuracy must
also be measured at the action level. Mem2ActBench [127] distributes task requirements across long
dialogues and scores both tool selection and argument completion. MemoryArena [53] links tasks
across sessions so earlier actions and feedback alter later requirements. AMA-Bench [204] uses long-
horizon agent trajectories to test state tracking, causal reasoning, and experience abstraction. These
settings connect memory accuracy to task success, action validity, and repeated-error patterns.

7.1.2 Lifecycle Management Effectiveness. Lifecycle evaluation asks whether memory remains
reliable through memory formation, retrieval, consolidation, and selective forgetting. Because
evidence arrives over time, evaluation protocols must preserve the order in which information
becomes available. S-EMBER [161] releases egocentric events as a stream and evaluates both the
answer and its supporting time span. LifeDialBench [206] restricts each query to memory formed
beforehand, creating an online protocol for continuous lifelogging. WorldMemArena [85] scores
formation, updating, retrieval, and use separately, exposing failures at different lifecycle stages.
The timing of a query also matters when evaluating memory compression. PA-Bench [213]

withholds the recall question until cache selection is complete and measures retained fact blocks
alongside answer accuracy. On synthetic personal conversations, its comparisons show how query-
informed selection can overstate the ability to retain facts for unknown future questions. This
protocol tests whether useful information survives compression before the system knows which
part will be needed.

Once new evidence arrives, evaluation shifts to consolidation and updating. MemoryBench [3]
reveals task feedback incrementally and tests whether execution outcomes become reusable ex-
perience. PERMA [90] and Memora [147] introduce changing preferences and obsolete facts,
distinguishing the adoption of new evidence from continued use of stale memory. PM-Bench [86]
extends temporal change to prospective memory by testing whether plans are retained, revised,
canceled, or triggered when conditions are met. Useful measures include post-update consistency,
stale-memory use, transfer across tasks, and missed or false triggers.

Forgetting tests whether target information stops influencing the systemwhile unrelated memory
remains available. MemoryAgentBench [59] includes selective forgetting in incremental interactions
and measures both outcomes. Tests of deployment-time memorization [30] follow deleted source
records into derived summaries, extending verification beyond the source record.

7.1.3 Personalization Quality. Personalization evaluation asks whether personal history improves
responses and actions for the current user. MOBIMEM [92] derives user facts, preferences, and
experience from prior tasks. It then tests whether an agent can recover omitted conditions and
use them during execution. AndroidIntent, introduced with PersonalAlign [96], builds ambiguous
requests and proactive assistance tasks from long Android histories. It evaluates implicit preference
recovery and recognition of user routines. Relevant outcomes include profile alignment, task
success, recovered user constraints, and the quality of proactive assistance.

Personal memory must also be used selectively. OP-Bench [58] treats irrelevant recall, repeated
personalization, and sycophantic responses as distinct forms of overpersonalization. MemPrivacy-
Bench [31] organizes cases by sensitivity and jointly measures privacy preservation, task utility,
and processing latency. Appropriate-use rates, leakage rates, and personalized task performance
therefore capture complementary aspects of user alignment.

7.1.4 On-Device Runtime Cost. Resource evaluation should distinguish direct measurements from
indicators of computational workload. MobileRAG [111] reports retrieval-stage memory use, time
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to first token, and energy per query on a Galaxy S24. MUSE [202] measures retrieval throughput
and index construction time on mobile SoCs, with energy measurements covering the construction
interval. FOCAL [190] characterizes desktop processing through model-call counts and token
consumption, while leaving latency and energy measurements to future work. BudgetBench [118]
complements these studies by checking context-budget feasibility and accounting failures at indi-
vidual agent calls.

Measurements of individual stages reveal where resources are spent, but their implications
depend on how those stages interact. A shorter response time may, for example, rely on additional
storage or work performed between requests. Assessing the budgets in Section 2.2.3 therefore
requires examining query processing and memory maintenance together under the same oper-
ating conditions. Tracking how this balance changes as histories grow helps determine whether
improvements in individual components support sustained on-device operation.

7.2 Benchmarks
Available evaluation resources fall into general agent-memory benchmarks and device-context
benchmarks. General benchmarks offer controlled dialogue histories, event streams, or agent
trajectories, enabling methods to be compared under common inputs. Device-context benchmarks
introduce personal records, continuous sensing, or device interaction tasks to expose memory
demands that arise in use. For on-device methods, the two groups are complementary. General
benchmarks provide a cross-system capability reference, while device-context benchmarks capture
performance under particular hardware and interaction conditions.

Table 7-1 summarizes the scenarios and main evaluation focus of representative resources.

Table 7-1. General and device-context benchmarks for agent memory

Benchmark Scenario Evaluation focus Link

General
LoCoMo [97] Dialogue Recall across dialogue sessions Link
LongMemEval [170] Dialogue Recall and reasoning over evolving dialogue histories Link
MemBench [143] Agent interaction Factual and reflective memory Link
MemoryAgentBench [59] Agent interaction Retrieval and learning from incremental history Link
MemoryBench [3] Agent tasks Learning from task feedback Link
WorldMemArena [85] Agent interaction Memory maintenance and use during interaction Link
Mem2ActBench [127] Tool use Tool use with remembered constraints Link
MemoryArena [53] Agent tasks Task completion using experience from earlier sessions Link
Memora [147] Dialogue Updating outdated personal information Link
PM-Bench [86] Personal assistance Remembering intentions and acting when triggered Link
LongMemEval-V2 [169] Web interaction Recall of environmental knowledge and experience Link
AMA-Bench [204] Agent tasks State tracking and causal reasoning over agent histories Link
PA-Bench [213] Personal assistance Fact retention after compression for unknown queries —
BudgetBench [118] Agent tasks Compliance with context budgets at each agent call Link

Device context
MobileMem [39] Mobile applications Recall across application histories Link
MobileMem-Omni [40] Mobile applications Recall across multimodal histories Link
MEMARENA [196] Dialogue Recall with access control —
Memory-QA [61] Egocentric records Retrieval of events by time and place Link
S-EMBER [161] Egocentric records Event recall and temporal localization in video streams Link

https://github.com/snap-research/locomo
https://github.com/xiaowu0162/LongMemEval
https://github.com/import-myself/Membench
https://github.com/HUST-AI-HYZ/MemoryAgentBench
https://github.com/THUIR/MemoryBench
https://github.com/UCSB-AI/WorldMemArena
https://github.com/Cantaloupe-M/Mem2ActBench
https://github.com/ZexueHe/MemoryArena
https://github.com/geniesinc/Memora
https://github.com/genglinliu/PMBench
https://github.com/xiaowu0162/LongMemEval-V2
https://github.com/AMA-Bench/AMA-Bench
https://github.com/aviskaar/budgetbench
https://github.com/zjunlp/MobileMem
https://github.com/zjunlp/MobileMem
https://github.com/facebookresearch/MemoryQA
https://github.com/facebookresearch/S-EMBER
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Table 7-1 (continued)

Benchmark Scenario Evaluation focus Link

LifeDialBench [206] Lifelogging Recall from continuous dialogue Link
MemGUI-Bench [87] Mobile GUI Information retention and reuse across GUI interactions Link
AndroidWorld-M [154] Mobile GUI Task completion using past information —
Memory-World [154] Mobile GUI Retention of transient information —
DataScope [84] Mobile GUI Tracking information across applications —
AndroidIntent [96] Mobile GUI Inference of implicit user intent from personal history Link
MobileIAR [173] Mobile GUI Inference of implicit user intent from demonstrations Link
PSPA-Bench [107] Mobile GUI Planning with user preferences —
DesktopBench [190] Desktop activity Summarization of desktop activity Link
HME-QA [112] Egocentric records Recall of past events with limited capture Link
EgoLifeQA [183] Egocentric records Recall and integration of events across multiple days Link
M3-Bench [93] Video understanding Reasoning over long videos with multimodal evidence Link
MEMENTO [75] Embodied tasks Task completion using personal knowledge Link

7.2.1 General Agent-Memory Benchmarks. Multi-session dialogue provides the most established
structure for general memory benchmarks. LoCoMo [97] uses extended conversations to test factual
recall, cross-record integration, and temporal relations. Event summarization and multimodal
generation broaden the task beyond question answering. LongMemEval [170] constructs evidence-
controlled questions around locating information, reasoning across sessions, and handling changes
in history. It includes abstention cases and histories of varying lengths. Human-authored questions
and evidence are embedded in model-expanded, manually revised conversations with substantial
distractor content. This design requires systems to recover dispersed evidence over long time spans.

Other benchmarks treatmemory as an online process rather than a fixed context.MemBench [143]
combines user profiles, multi-session records, and question answering under participatory and
observational settings. MemoryAgentBench [59] converts existing long-context datasets and newly
constructed tasks into round-by-round interactions, so agents receive history incrementally. Mem-
oryBench [3], WorldMemArena [85], Memora [147], and PM-Bench [86] organize instances as
time-ordered sequences. New evidence can revise earlier memory, and each test query or action
depends only on history available at that point.
Task-oriented benchmarks use tool calls, linked task episodes, or full agent trajectories as the

memory source. Mem2ActBench [127] constructs tool-use cases whose constraints are distributed
across earlier dialogue. MemoryArena [53] preserves dependencies between tasks completed in
different sessions. LongMemEval-V2 [169] and AMA-Bench [204] retain environment state and
interaction history in agent trajectories, then query environmental knowledge or past experience.
Taken together, general benchmarks place memory in long-horizon settings where histories

evolve and later tasks depend on earlier interaction. Success requires agents to preserve relevant
evidence, incorporate feedback, and carry experience into subsequent answers or actions. Their
shared task structures support method comparison and provide a broad capability reference for
on-device systems.

7.2.2 Device-Context Benchmarks. Device-context benchmarks draw on the data streams and
interaction structures associated with particular device form factors. For mobile GUI agents, An-
droidWorld [120] is a widely reused programmable environment. It generates tasks across Android
applications from parameterized instructions and verifies success against application state. Several
mobile agent memory studies adopt this environment [84, 92, 141, 176, 207]. STAMP evaluates its
trained agent on memory-dependent tasks in AndroidWorld-M [154]. Memory-specific benchmarks

https://github.com/RayNeo-AI-2025/LifeDialBench
https://github.com/lgy0404/MemGUI-Bench
https://github.com/iLearn-Lab/ACL26-PersonalAlign
https://github.com/MadeAgents/Quick-on-the-Uptake
https://huggingface.co/datasets/HaoranYin/desktopbench
https://github.com/yahskapar/EgoTrigger
https://github.com/EvolvingLMMs-Lab/EgoLife
https://github.com/bytedance-seed/m3-agent
https://github.com/Connoriginal/MEMENTO


On-Device Agent Memory: Forms, Lifecycle Management, and Personalization 43

encode historical dependence directly. MemGUI-Bench [87] requires agents to retain information
across page, application, or trial boundaries. Memory-World [154] and DataScope [84] use transient
variables or distractor-rich cross-application objects as the information to retain. By marking where
past information becomes relevant, these resources connect earlier screens to later actions.

Another family of mobile resources retains longer personal application histories. MobileMem [39]
uses volunteer profiles and phone-use metadata to generate de-identified application content,
organizing records and user-assistant dialogue into continuous trajectories. The later MobileMem
report [40] extends this setting with MobileMem-Omni. Persona and phone-use priors guide the
synthesis of year-scale histories, while bilingual dialogue and generated images introduce textual
and visual evidence across applications. These complementary settings support evaluation of
recall, temporal reasoning, knowledge updating, and implicit preferences. AndroidIntent [96],
MobileIAR [173], and PSPA-Bench [107] pair personal histories or demonstrations with later mobile
tasks, thereby embedding implicit user information in action-oriented instances.
Desktop benchmarks organize data around continuous screenshots and task sessions. Desk-

topBench [190] reconstructs activity sessions from VideoGUI, including interleaved tasks and
interrupted tasks that later resume. Each screenshot is labeled for task membership, retention value,
and summary content. A session therefore preserves both interface changes and task switching.

Head-worn benchmarks are built primarily from egocentric video and image streams. Ego4D [50]
provides a large-scale collection of first-person video and an episodic-memory task that localizes
answer-bearing time segments. Later benchmarks use egocentric records for long-video question
answering and for evaluating sparse capture. HME-QA [112] and Memory-QA [61] add capture-cost
constraints or spatiotemporal image metadata. EgoLife extends this setting across days through
multimodal, multi-view recordings fromMeta Aria glasses. EgoLifeQA [183] asks about daily events
and longer-term patterns, sometimes requiring evidence from different days. EgoGraph [142] and
EgoMemory [145] reuse these records for entity-relation modeling and experience-retrieval tasks.

Personal sensing systems generate continuous health time series rather than interface histories.
PHIA [103] builds synthetic user records from large Fitbit and Pixel Watch datasets. Its questions
combine automatically scored analysis with open-ended interpretation of trends and personal
behavior.
Embodied benchmarks use visual observations and long task trajectories. M3-Bench [93] pairs

long video records with questions that require multiple pieces of evidence and cross-modal rea-
soning. MEMENTO [75] links memory-acquisition episodes to personalized tasks in simulated
homes. STaR [192] constructs questions about spatial, object, and event information from navigation
histories. All three require agents to use earlier observations in later tasks.
Overall, device-context benchmarks embed memory evaluation in the data streams and inter-

action patterns associated with particular form factors. Whether the source is a GUI trace or a
continuous sensor stream, the agent must retain goal-relevant evidence and reuse it in later re-
sponses or actions. These resources reveal how memory requirements change across devices and
can guide design choices for memory formation, retrieval, and updating.

8 OPEN CHALLENGES AND FUTURE DIRECTIONS
Advances in on-device memory are expanding how agents draw on personal experience, yet
important limitations remain in sustained everyday use. Understanding these limitations requires
attention to interactions across the memory lifecycle and to the conditions under which existing
capabilities remain effective.
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8.1 Resource-Aware Lifecycle Management
On-device memory shares limited compute and memory capacity with model inference, while
ongoing maintenance adds work beyond individual queries [111, 202]. Moving costly consolidation
out of the response path already reduces the burden of immediate interaction [46]. Extending this
approach to sustained operation on a device requires maintenance schedules to follow changes
in resource availability while keeping updates timely. Whether such coordination delivers lasting
gains depends on how it behaves as both the memory and the workload evolve.
Task feedback has also made it possible to learn joint policies for long-term memory and

active context, linking retention decisions to downstream outcomes [191]. Sparse, delayed rewards
complicate credit assignment when several memory decisions shape the same outcome. Future
work should establish how much history such learning needs and whether its benefits justify the
cost of training and running the manager.
Further directions include wear-aware memory placement [29] and recurrent-state restoration

of persistent context [49]. Their value needs to be established through sustained agent workloads
on target devices.

8.2 Reliable Memory Evolution
Reliability depends on how well memory preserves the evidence behind its claims as that memory
evolves. Existing systems retain the temporal history of facts or separate source records from
editable memory, allowing later judgments to be checked against their evidence [11, 184]. Access
to a source does not, however, establish that successive summaries remain faithful to its meaning.
Evaluations of continuous lifelogs show that lossy compression can remove context needed for
later answers [206].
A further concern arises when one summary becomes evidence for the next. If an unverified

interpretation survives successive revisions and appears in several records, their agreement may
be mistaken for independent corroboration. Reliability checks need to follow these dependencies
across revisions and distinguish independent support from repeated use of the same source.

Editable personal memory already gives users a way to correct individual records [166]. Keeping
the rest of thememory consistent with those corrections requires a broader view ofwhich summaries
and inferences depend on each claim. On devices that cannot retain every source indefinitely, an
open question is which evidence and links are sufficient to support later verification and repair.

8.3 Continual Personalization
A user’s choices acquire meaning from the circumstances in which they are made. Clarification
before action and correction afterward already help agents fill information gaps and revise prefer-
ences [83]. Temporal benchmarks nevertheless show that preference inference remains difficult
across long event sequences and interaction domains [90]. In everyday interaction, feedback may
leave unclear whether a user is rejecting an action or revising a lasting preference. Continual per-
sonalization needs to carry this uncertainty forward, allowing later evidence to revise the judgment.
If an agent filters its actions through existing preferences, it may also restrict the evidence available
to revise its understanding of the user.
Even an accurate account of a preference does not establish its relevance to the current task.

Benchmarks of overpersonalization show that unnecessary use of personal history can pull a
response away from the user’s request [58]. Work on proactive assistance likewise considers the
value of help alongside the cost of interruption [114]. Future systems need to separate a preference’s
relevance to the present task from evidence that the preference itself has changed. Clarification
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can resolve some uncertainty, but its value depends on the decisions it improves and the attention
it asks of the user.

8.4 Privacy Protection in Memory Use
Local storage and safeguards on outgoing information already provide ways to limit the exposure
of personal memory [13, 31]. Research on interactions with third parties nevertheless shows that
manipulated task contexts can elicit disclosures unrelated to the user’s request [10]. For persistent
memory, restrictions attached only to a source record may leave its summaries and inferences
without clear authorization for later use. Combining records may also reveal sensitive information
that restrictions on individual records do not adequately cover. An open question is how to carry
these restrictions through derivation while reassessing permitted use as tasks and purposes change.

8.5 Verifiable Forgetting
Experiments that extend deletion from source records to derived summaries have reduced measured
textual residue to zero within the tested settings [30]. They provide a basis for coordinated deletion,
but evidence for other representations and residual effects must be established separately.

When an experience is retained in explicit memory and also used for model adaptation, erasure
must address both the stored record and its learned influence. The scope of a request needs to be
made explicit, with checks for residual effects that also assess preservation of unrelated capabilities.
Existing execution proofs can verify that an agreed model update was performed, but they do
not establish that the target information has ceased to influence the model [98]. Likewise, a failed
recovery attempt supports conclusions only within the conditions and probes used. Verification
should relate the operations performed to the effects actually assessed, so that a claim of forgetting
has a clear and testable scope.

Users also need an intelligible account of what a deletion request achieved. Yet the records kept
to explain that outcome may themselves retain sensitive information. An audit trail should make
the outcome open to inspection without creating another repository for the information the user
asked to remove.

8.6 Long-Term Evaluation on Real Devices
Recent benchmarks have extended evaluation to connected tasks and changing preferences, with
some explicitly preserving the order of information arrival [53, 90, 206]. Controlled temporal tasks
can compare memory capabilities under the same history. In continuing interaction, memory also
shapes the actions an agent takes and, through those actions, the information it encounters next.
Diverging trajectories are therefore part of the effect to be understood. Connecting comparisons
under fixed histories with studies of sustained interaction could show which memory decisions
deliver lasting benefits, and how those benefits change with use.
Device experiments already provide measurements of retrieval, generation, and index mainte-

nance under specific workloads [111, 202]. Sustained studies can reveal how these costs accumulate
as memory grows and how background work affects ordinary interaction. They should also track
the time users spend correcting and managing memory, asking whether this burden declines as the
system adapts.

9 CONCLUSION
This survey has brought together research on on-device agent memory, spanning its foundations,
representations, lifecycle management, personalization, deployment, and evaluation. Comparing
textual, vector, KV-cache, graph-structured, and parametric memory clarifies how their basic
units shape trade-offs in access, updating, and resource use. Extending the analysis to formation,
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retrieval, evolution, and forgetting connects memory use to the work of keeping information
available and current within device budgets. In personalized applications, memory connects past
experience with present needs through preference learning, personal reference resolution, and
proactive assistance. Privacy safeguards and user control govern the retention and use of personal
information throughout these applications. Deployment and evaluation studies connect these
designs to specific devices and tasks, revealing where memory runs and which resource demands
have been measured.
As personal histories grow and user needs change, further evidence is needed on memory

reliability through updating and forgetting. Long-term studies on real devices could help assess
whether its benefits for later tasks can be sustained within available resource budgets. We hope the
taxonomy and evidence assembled here help researchers and practitioners compare designs, assess
their applicability, and develop reliable on-device memory under user control.
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