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ABSTRACT
Recently, memory management has become a key infrastructure for

LLM-based agents, as it directly affects long-horizon reasoning, per-

sonalized responses, and knowledge reuse. However, existing LLM

memory systems typically adopt a coarse-grained (utility-agnostic

or heuristic utility) manner that treats heterogeneous user-LLM

interaction records uniformly, leading to redundant and low-impact

records persisting in the memory repository. To address this chal-

lenge, we presentMemLens, a value-aware memory management

system that takes memory records as first-class data objects. Mem-
Lens provides an end-to-end interactive analytics dashboard that

exposes the complete memory lifecycle, including Shapley-style

memory evaluation, value-aware storage, and memory-assisted re-

sponse. Through a study-copilot application, the system enables

users to inspect memory values, visualize hierarchical memory

structures, and compare various memory management strategies in

terms of response quality, retrieval latency, and token consumption.

Therefore, ourMemLens can serve as an efficient, interpretable, and

personalized long-term memory management system for agents.
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1 INTRODUCTION
Memory data management has emerged as a key infrastructure

layer for LLM-based agents, enabling long-horizon task execution,

personalized interactions, and cross-session knowledge reuse. From
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Figure 1: Comparison between (a) utility-agnostic memory
management and (b) value-aware memory management.

a data management perspective, agent memory is inherently hetero-
geneous. Beyond dialogue histories, reusable memory may also arise

from intermediate reasoning traces, retrieved documents, and tool

execution outputs. As agents operate over longer sessions, records

accumulate into a growing repository of reusable context, making

effective memory management increasingly important.

However, existing LLM memory systems [1, 3, 4, 10] typically

manage memory in a coarse-grained manner. They either retain
nearly all candidate records or compress them using summary-
oriented heuristics, without explicitly modeling which memory

units are truly useful for future tasks. As memory accumulates, the

utility-agnostic or heuristic scoring strategy allows redundant and

low-impact records to persist in the repository, which can dilute

task-relevant context, enlarge the retrieval space, and consume

unnecessary token overhead during response generation (see Fig. 1).

The core challenge is that memory usefulness is neither uniform
nor static. A memory unit that is beneficial for one future query

may be irrelevant for another, and its contribution may also depend

on which other memory units are already available. Thus, effective

memory management requires more than generic summarization. It

requires a principled way to estimate the downstream utility of het-

erogeneous memory units, while keeping such estimation efficient
enough to support practical storage and retrieval decisions.

To address this challenge, we presentMemLens, a value-aware
memory management system with interactive analytics for LLM-

based agents.MemLens manages memory based on its value, i.e.,
contribution of a memory unit to downstream response quality.

Specifically, it decomposes archived interactions into fine-grained

memory units, estimates their utility for downstream reasoning

https://doi.org/XX.XX/XXX.XX
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:info@vldb.org
https://doi.org/XX.XX/XXX.XX


using a lightweight proxy model together with LLM-based scor-

ing, selectively retains high-value memory, and injects concise yet

effective memory into LLM context at response time. As the useful-

ness of a memory unit may depend on which other memory units

are already available, MemLens models memory value through

Shapley-style marginal contribution analysis, and makes this valua-

tion practical via an efficient sampling-based approximation. These

designs yield a unified memory lifecycle spanning memory evalua-
tion, value-aware storage, and memory-assisted response.

We demonstrateMemLens through a study-copilot application,

where users can interactively explore the full memory lifecycle.

Specifically, users can: (i) inspect how archived user-LLM interac-

tions are decomposed into memory units and assigned value-aware

scores; (ii) visualize how the memory evolves as retention is guided

by value thresholds and hierarchical organization; and (iii) compare

various memory management strategies, including store-all, agent-
based summarization, and proposed value-aware strategy, in terms

of response quality, retrieval latency, and token consumption.

Contributions. The main contributions are summarized as fol-

lows: (i) We introduce a value-aware memory management para-

digm for LLM-based agents that explicitly models memory value

as downstream utility, enabling selective retention of high-impact

memory units. (ii)We design an end-to-endmemory lifecycle frame-

work that integrates memory valuation, value-aware storage, and

memory-assisted response, providing a unified and interpretable

mechanism for long-term memory management in LLM-based

agents. (iii) We develop an interactive demonstration system that

visualizes memory value, storage evolution, and response behavior,

allowing users to directly observe how different memory strategies

affect response quality, retrieval latency, and token consumption.

Figure 2: System Overview of MemLens

2 MEMLENS OVERVIEW
Overview.MemLens is a value-aware memory management sys-

tem that shifts how LLM-based agents store and utilize long-term

memory. As illustrated in Fig. 2, it integrates three core compo-

nents, including memory data evaluation, value-aware memory

storage, and memory-assisted response. The system treats hetero-

geneous records originating from the LLM-based agent’s reason-

ing process (such as dialogue histories, retrieved knowledge, and

chain-of-thought traces) as candidate memory records. Instead of

indiscriminately storing all records, MemLens explicitly quantifies

their utility and selectively retains only the high-value ones. During

query response, the system retrieves and injects the concise but

effective memories to support complex reasoning, enabling more

accurate responses with significantly lower token overhead.

Furthermore, MemLens also features an interactive analytics

dashboard that makes value-aware memory management transpar-

ent and visible. Users can inspect memory values on MemLens ,
where each record is assigned a utility score and aggregated into

global views such as value distributions and retention ratios, en-

abling identification of the critical versus redundant memories. The

system also presents an interpretable storage view that highlights

salient keywords and evolving user preference profiles, revealing

how long-term memory structures are continuously shaped. In

addition, MemLens enables side-by-side comparison of different

memory management strategies (e.g., store-all, agent-based sum-

marization, and value-aware storage), reporting response quality,

retrieval latency, and token consumption on testing datasets, which

allows users to directly observe how value-aware memory reduces

unnecessary context while enhancing the response quality.

Workflow. MemLens implements a value-aware memory lifecycle

that enables LLM agents to retain and utilize the long-term mem-

ory. Once the user archives a session, the system can decompose

raw records into fine-grained memory units and organize them

into a hierarchical structure with multiple levels of abstraction.

Then, each memory unit is assigned a value using a widely-adopted

Shapley-value-based framework [6, 7] that captures its contribu-

tion to downstream reasoning performance. Guided by these values,

MemLens selectively preserves high-value memories and continu-

ously updates a user preference profile. Finally, the system responds

to the user query by retrieving relevant memory units and using the

user profile, then injecting them into the LLM context to enhance re-

sponse quality while avoiding unnecessary context expansion. The

above closed-loop lifecycle allowsMemLens to maintain compact

yet high-impact and personalized memory records adaptively.

3 MEMLENS SYSTEM DESIGN
3.1 Memory Data Evaluation
MemLens treats memory records as first-class data objects and

quantifies their value via a principled Shapley-value-based ap-

proach in two steps: memory unit construction and value estimation.

Memory Unit Construction.MemLens converts raw user-LLM

interaction records into structured memory units. Firstly, for fine-

grained analysis, the raw record is segmented into sentence-level

atomic units. The system then groups the memory units into multi-

level summaries via LLMs, providing a hierarchical memory struc-

ture that captures both detailed semantics and high-level knowl-

edge. We maintain provenance links from summarized nodes to the

atomic memory units as well to avoid the information loss. This

design allows theMemLens system to replace multiple low-utility

fragments into a single high-value alternative, which potentially

improves both storage efficiency and memory quality.

Memory Value Estimation.MemLens assesses the utility of each

memory unit through an LLM-as-Judge utility score, which is a

different judge model from the one employed during memory valu-

atio and measures unit contribution to the downstream reasoning

task. Intuitively, a memory unit is valuable if it can significantly

improve the output quality of a lightweight proxy model M𝑝 with



limited reasoning capability. By default, MemLens uses Qwen2.5-7B

as the proxy model in EduMemBench, while the dashboard allows

users to switch among different lightweight models. Specifically,

given the original user query 𝑞 and its related memory units subset

𝑆 ⊆ M = {𝑚1,𝑚2, · · · ,𝑚𝑀 }, we can formalize the utility function

V(·) of a unit set 𝑆 as follows,

V𝑞 (𝑆) = Score
(
M𝑝 (𝑞 ⊕ 𝑆)

)
− Score

(
M𝑝 (𝑞)

)
, (1)

where M𝑝 is the proxy model, ⊕ denotes the prompts injection

operation, and Score(·) can be implemented via LLM-as-Judge

approaches. As Eq. (1) enablesMemLens to qualify the utility of a

set of memory units 𝑆 , we can define the value of a memory unit

𝑚𝑖 ∈ M by extending the widely-adopted Shapley value as follows.

Definition 1 (Memory Shapley Value). Given a user query task
𝑞 and its related memory unitsM = {𝑚1, . . . ,𝑚𝑀 } from the user-LLM
interactions, the memory value of𝑚𝑖 can be formally defined as,

𝜙 (𝑚𝑖 ) =
∑︁

𝑆⊆M\{𝑚𝑖 }

|𝑆 |!(𝑀 − |𝑆 | − 1)!
𝑀!

[
V𝑞 (𝑆 ∪ {𝑚𝑖 }) − V𝑞 (𝑆)

]
,

(2)

where𝑀 is the total number of memory units. The Memory Shapley
Value (MS-value) extends the Shapley value-based data valuation
concepts and inherits some required fairness properties, such as null
player (or no-free-riders), symmetric fairness, and linear-additivity.

To support in-time interactive memory data analytics and feed-

back, we further extend a stratified sampling strategy [8] to approx-

imate memory values efficiently, where subsets 𝑆 are grouped by

size, and samples are drawn proportionally to reduce approxima-

tion errors. Then, the evaluation time complexity can be reduced

to 𝑂 (𝜌𝑀), where 𝜌 is the sampling budget and 𝜌 is usually set to

20 ∼ 100 for efficient interactive latency. In summary, this module

enables us to save high-utility memories selectively and provides

transparent and fine-grained insight into the value of memory units.

3.2 Value-Aware Memory Storage
Building upon the computed Memory Shapley values, this module

implements a value-aware memory storage that handles memory

retention, organization, and evolution under explicit utility con-

straints, providing a compact yet high-utility memory warehouse

that balances storage cost and reasoning performance.

Value-Aware Storage Strategy. For memory units M and their

associated with values {𝜙 (𝑚𝑖 )}, MemLens can make selectively

storage by a value threshold 𝜏 , M∗ = {𝑚𝑖 ∈ M | 𝜙 (𝑚𝑖 ) ≥ 𝜏}, allow-
ing users to flexibly adjust 𝜏 and explore a trade-off between storage

cost and downstream reasoning performance. We also achieve inter-

active threshold tuning to provide immediate feedback on memory

size, compression rate, and expected utility inMemLens system.

Memory Organization and Consolidation. InMemLens , the
saved memory units are organized into a hierarchical tree derived

from previous multi-level abstractions. As sentence-level atomic

memory units have been grouped into higher-level semantic nodes,

they can form a memory tree in which leaf nodes are atomic mem-

ory units and internal nodes represent their high-level abstractions.

To reduce memory redundancy,MemLens will incrementally add

a new memory unit to the existing memory tree. Specifically, the

system applies an LLM-aided consolidation operator to decide how

to handle 𝑚′
: (i) merge 𝑚′

into an existing node, (ii) update an

existing node in memory tree, or (iii) insert𝑚′
as a new node. The

operator first computes semantic similarity between the incoming

memory unit and existing nodes. Highly similar nodes are merged,

partially overlapping nodes are updated, and unrelated units are

inserted as new nodes. The memory tree is also visualized in Mem-
Lens , allowing users to inspect memory organization and semantic

relationships directly.

Interactive Memory Analytics. Our demonstration system also

provides an interactive analytics interface to improve transparency

and interpretability of the memory lifecycle. Specifically, the user

profiles are constructed as a structured summary of retained high-

value memory units and injected as system prompts, which pro-

vides a word-cloud-based exploration of saved memory content, and

presents key memory statistics, including value distributions, mem-

ory size, and compression rates. These allow users to observe how a

value-aware storage strategy affects the saved LLM memory units.

3.3 Memory-Assisted Response
This module uses value-aware memories and user profiles to gener-

ate personalized responses, then allows users to archive completed

sessions for continuous memory evolution and management.

Response Generation. MemLens first uses the user preference
profile, constructed from historical high-value memories, as the sys-
tem prompts to maintain consistent personalization across sessions.

Then, the system retrieves relevant memories from the integrated

vector database and re-ranks the retrieved units based on their

MS-value 𝜙 (𝑚), prioritizing units that are both semantically rele-

vant and empirically high-utility. These selected memory units are

injected into the LLM prompts to enhance response quality.

Memory Archiving. Finally, the user can archive the interaction

records and feed them into the value-aware memory pipeline for

memory unit construction, value estimation, and selective storage,

which establishes a closed-loop LLM memory lifecycle that contin-

uously adapts to evolving user behavior and query requirements.

4 DEMONSTRATION SCENARIOS
We demonstrate MemLens through an interactive study-copilot

scenario, where it assists students in understanding key concepts,

creating profiles, and maintaining memory across sessions.

Simulation Environment. To emulate realistic user behavior,

we construct a synthetic benchmark dataset, EduMemBench, con-
taining over 2,000 multi-turn dialogue sessions generated by an

LLM-based student agent, covering core database topics such as

transactions, indexing, and concurrency control. Based on these in-

teractions, we further derive a testing set of 500 query–answer pairs

with reference answers, enabling systematic evaluation of memory-

assisted response quality, retrieval latency and token consumption

overhead under different memory management strategies.

Interactive Demonstration Workflow. The MemLens provides
three coordinated interfaces corresponding to the LLM memory

lifecycle: (i) memory evaluation, (ii) value-aware memory storage,
and (iii) memory-assisted response. Through MemLens users can
interactively explore how LLMmemory units are valued, organized,

and utilized, which creates a complete end-to-end experience.



Figure 3: Memory Evaluation Interface

(i) Memory Evaluation Interface (in Fig. 3). Users can first explore

how memory values are assigned. ① The system supports config-

urable evaluation settings, allowing users to select different LLMs

as scoring models and lightweight proxy models for utility esti-

mation. ② Each archived session is decomposed into fine-grained

memory units, whose values are visualized via color-coded high-

lights, enabling immediate identification of high- and low-value

memory fragments. ③ An interactive threshold controller allows

users to dynamically adjust the retention threshold and observe

corresponding changes in memory compression. ④ The memory

evaluation interface further presents value distributions, revealing

the empirical patterns of memory across multiple sessions.

Figure 4: Value-Aware Memory Storage Interface

(ii) Value-Aware Memory Storage Interface (in Fig. 4). Users then

inspect how memory is organized and stored. ① The system visual-

izes the hierarchical memory structure as an interactive tree, where

node colors encode memory utility. Users can explore the tree by

clicking nodes in the memory tree to examine their contents and

semantic relationships. ② This panel continuously updates a user

preference profile derived from retained memories, reflecting long-

term learning behavior. ③ This panel presents memory statistics

(e.g., memory unit size, compression rate, and storage capacity),

enabling users to observe how value-aware storage reshapes the

memory repository. ④ MemLens also provides a word-cloud view

that highlights the key concepts in stored memory based on their

frequency, enabling users to quickly grasp the dominant memory

patterns during their personalized knowledge learning process.

(iii) Memory-Assisted Response Interface. (in Fig. 5). Finally, users

interact with the system in real time to observe the impact of mem-

ory on responses, which helps them to recall previous interactions.

①Users can select different vector backends (e.g., FAISS [2]) to set

system configurations. ②The system generates responses using

Figure 5: Memory-Assisted Response Interface

both retrieved memory and user profiles, allowing users to ob-

serve improvements in answer relevance and consistency directly.

③Users can archive completed sessions, triggering the full mem-

ory pipeline, thereby closing the memory lifecycle. ④This panel

supports benchmarking across different memory strategies and

also presents scores of response quality, retrieval time, and token

consumption in a radar plot, enabling users to observe the trade-

offs and advantages of various memory strategies. Experiments on

EduMemBench shows that the value-aware strategy consistently

improves the trade-off among response quality, latency, and to-

ken consumption. Though EduMemBench is used as the primary

demonstration workload, MemLens is benchmark-agnostic and can

be readily extended to public long-term memory benchmarks such

as LoCoMo[5] and LongMemEval[9].
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