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Abstract
User behavior modeling lies at the heart of personalized ap-
plications such as recommender systems and intelligent assis-
tants. With the rise of Large Language Model (LLM)-based
agents, user preference representation has evolved from latent
embeddings to semantic memory. However, understanding
user preferences from implicit interactions remains challeng-
ing, as agents need to infer preferences from sparse behavioral
signals such as clicks and purchases without explicit supervi-
sion. Current approaches typically rely on a single, unstruc-
tured summary to represent user preferences, updated through
simple overwriting. However, this design is inherently subop-
timal: users exhibit multi-faceted interests that get conflated in
a single summary, preferences evolve over time yet naive over-
writing causes interest forgetting, and individual interactions
are often sparse, necessitating collaborative signals from sim-
ilar users. To address this, we present STEAM (STructured
and Evolving Agent Memory), a novel memory framework
that reimagines how agent memory is organized and updated
for user behavior modeling. STEAM decomposes user prefer-
ences into fine-grained atomic memory units, each capturing a
distinct interest dimension with explicit links to observed be-
haviors. To exploit collaborative patterns, STEAM organizes
semantically similar memories across users into communi-
ties and generates prototype memories for signal propagation.
The framework further incorporates adaptive evolution mech-
anisms, including consolidation for refining existing memo-
ries and formation for capturing emerging interests. Experi-
ments on three real-world recommendation datasets demon-
strate that STEAM consistently improves recommendation ac-
curacy, preference retention, and diversity.

1 Introduction
LLM-based agents (Masterman et al. 2024; Guo et al. 2024a)
have become a promising paradigm for modeling users in
personalized applications such as intelligent assistants (Li
et al. 2024) and recommender systems (Huang et al. 2025a;
Peng et al. 2025; Zhang et al. 2025a). A central capability of
these agents is memory (Hu et al. 2025; Zhang et al. 2025b;
Wu et al. 2025), which transforms historical interactions into
persistent user representations that can be retrieved for fu-
ture prediction and decision making. While existing memory
studies primarily focus on explicitly stated information in di-
alogue (Lei, Li, and Zhang 2025; Tan et al. 2025; Zhong
et al. 2024; Maharana et al. 2024; Yu et al. 2025), user be-
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[TASK] Given user behavior history, which would he choose between Dave and Mother?

Unstructured Memory

I prefer heartwarming romance with 
comedic elements, focusing on family 
life, emotional connections.

our proposed STEAM 
I prefer hearted humor, rich character growth, 
complex family life.         

I prefer time travel stories that are full of 
humor, nostalgia, and adventure.

I like intense storytelling with emotional 
depth and suspenseful moments.    

Memory Retrieval

[Top-k Memory] I prefer hearted humor, rich 
character growth, complex family life.

[Top-k Linked Memory] I prefer stories with vivid 
character development, complex relationships, but   
a warm and healing tone.
[Interaction] ‘Evita’, ‘Dave’

Based on preferences for humor and character 
development story styles, ‘Dave’ is better.

I recommend ‘Mother’ because it blends 
sharp humor with engaging family dynamics, 
featuring witty characters, an intriguing, 
emotional plot.

I prefer heartwarming stories with 
emotional connections, blending 
exciting sci-fi adventures, time travel, 
and family dynamics.

I prefer clever comedies with intriguing 
plots, featuring witty characters, crime 
elements, and a touch of suspense.

I prefer clever comedies with intriguing plots, 
featuring witty characters, crime elements, 
and a touch of suspense.

Memory Retrieval
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Figure 1: Comparison of unstructured single summary mem-
ory and our proposed STEAM for user behavior modeling in
real recommendation scenario.

havior modeling requires agents to infer latent preferences
from implicit signals such as clicks, ratings, and purchases.

Unlike dialogue, user behaviors reveal preferences only
implicitly. Existing user agents therefore infer latent interests
from behavioral signals, use the resulting memory to predict
future actions, and revise it through self-reflection on sub-
sequent feedback. However, without explicit preference la-
bels, accurate memory evolution remains difficult. As shown
on the left of Fig. 1, representative methods (Zhang et al.
2024a,b; Cai et al. 2025; Guo et al. 2024b) typically com-
press user preferences into a single unstructured summary
and rewrite it as new behaviors arrive. Repeated rewriting
mixes newly observed interests with previous ones, leaving
persistent, secondary, and emerging preferences entangled
in the same representation. In Fig. 1, interests in family sto-
ries, time-travel adventures, and suspenseful comedies are
gradually blended, allowing irrelevant evidence to interfere
with retrieval and prediction. These limitations share a com-
mon cause: existing approaches treat the entire user profile
as the basic unit of representation, evolution, and associa-
tion, although different behaviors reflect different preference
dimensions. This leads to three memory-specific challenges.
1) Disentangling Multi-Dimensional Preferences. Users



often exhibit multiple distinct or related interests. Compress-
ing them into one summary blurs their boundaries and intro-
duces irrelevant evidence during retrieval. Memory should
instead represent coherent preference dimensions separately
with their supporting behaviors. 2) Controllable Evolution
of Dynamic Interests. User interests may persist, strengthen,
or emerge over time. Holistic rewriting can accumulate re-
dundancy or obscure earlier preferences. Memory evolution
should consolidate compatible evidence into existing units
and create new units for emerging interests. 3) Exploiting
Fine-Grained Collaborative Signals. Sparse personal his-
tories may provide insufficient evidence, while independently
maintained summaries cannot connect related preference di-
mensions across users. As shown on the right of Fig. 1,
linking atomic memories retrieves cross-user evidence about
humor and character development, supporting the prediction.
This motivates collaboration at the preference level rather
than the whole-user level.

Accordingly, we replace the conventional single-summary
paradigm with a compositional memory of fine-grained
atomic units that collectively represent diverse user inter-
ests. We propose STEAM (STructured and Evolving Agent
Memory), a self-evolving framework for user behavior mod-
eling. As shown on the right of Fig. 1, STEAM links each
memory unit to its supporting interactions and to cross-user
memory communities of semantically related interests, en-
abling collaborative signal exploitation. Based on this struc-
ture, STEAM jointly supports community construction and
memory evolution. It captures multi-hop memory connec-
tions to identify collaborative users and builds prototype
memories for each community, enabling collaborative prop-
agation without graph convolution. Meanwhile, it consoli-
dates memories with similar interests and creates new units
for emerging preferences. Experiments on three real-world
datasets demonstrate the effectiveness of STEAM in recom-
mendation, long-term preference retention, and diversity.

Our main contributions are summarized as follows:
• We propose atomic memories that disentangle het-

erogeneous user preferences and support independent,
feedback-driven evolution.

• We organize cross-user atomic memories into prototype-
guided communities, enabling structured multi-hop col-
laborative retrieval beyond direct semantic neighbors.

• Experiments on three datasets demonstrate consistent
gains in recommendation effectiveness, long-term pref-
erence retention, and recommendation diversity.

2 Preliminary
2.1 Problem Formulation
Given a user set U and an item set I, for each user u ∈ U ,
a dedicated agent equipped with a memory module is as-
signed to track the user’s evolving preferences. The memory
refinement phase spans timestamps 1 to t, during which the
agent iteratively predicts user behaviors and refines its mem-
ory through discrepancies between the prediction and the
ground-truth. In the subsequent inference phase, the agent
leverages the accumulated memory to generate personalized

content (e.g., recommend items) tailored to the user’s pref-
erences. In this context, effective user preference modeling
serves as the foundation for accurate next behavior prediction
in user-centric applications.

2.2 Memory-Centric User Modeling Pipeline
Existing agent memory systems for user behavior modeling
generally follow a two-stage pipeline consisting of mem-
ory refinement and inference. A brief review of representa-
tive memory architectures and LLM-based recommendation
agents is provided in Appendix A.
• Memory Refinement Phase. Following (Zhang et al.

2024b; Cai et al. 2025), taking user u as an example, at each
timestamp t, the assigned agent is tasked with simulating user
u’s selection between two candidate items ipos and ineg . The
agent utilizes its memory mt and current interaction records
st to generate a predicted selection at:

at = LLM(mt, st, ipos, ineg). (1)

Through self-reflection, by analyzing the discrepancy be-
tween the user’s actual choice it+1 and predicted selection at,
the agent refines its understanding of the user’s preferences
rt, with its memory evolving accordingly.

rt = LLM(at, it+1). (2)

The entire interaction episode can thus be represented as:

τ = {(s1, a1, r1), (s2, a2, r2), . . . , (st, at, rt)}, (3)

through which the agent continuously adapts to dynamic user
interests and progressively refines its memory.
• Inference Phase. For evaluation, existing methods formu-
late the task as a ranking problem to assess the fidelity of
agentic user behavior modeling. Given a candidate set, the
agent leverages refined memory and historical records to pro-
duce a personalized ranking. We evaluate performance using
recommendation accuracy and diversity.

3 Methodology
To address agentic user behavior modeling, we propose
STEAM, a systematic framework that represents user memory
as structured units to disentangle diverse interests. It contin-
uously refines memory through three operations: Memory
Formation creates units for emerging interests; Commu-
nity Construction, inspired by graph convolutional recom-
mendation, identifies high-order neighbors aligned with fine-
grained preferences; and Memory Evolution consolidates
similar memories or forms new ones for novel preferences.

For next-behavior inference, STEAM retrieves memory
from local to global, first querying relevant personal mem-
ories and then accessing collaborative memories through
memory communities. During refinement, each agent alter-
nates between forward prediction and backward reflection
to evolve its memory; during inference, it uses the refined
memory to generate personalized content without reflection.



Title: Eat Drink Man Woman
Category: Romance/Comedy

Title: Back to the Future
Category: Children/Sci Fic

Title: The Sting
Category: Comedy/Crime
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Figure 2: Overview of STEAM. (a–b) Memory construction: Memory Formation extracts preferences from user behavior, while
Community Construction builds first-order relations, discovers communities via 2-hop BFS, and summarizes them as prototypes.
(c) Memory Retrieval queries local memories before accessing collaborative ones through prototypes. (d) Memory Evolution
reflects on simulated behaviors to consolidate existing memories or create new ones.

3.1 Memory Formation
We transform the memory paradigm in user behavior model-
ing into a set of atomic memory units. During self-reflection,
if the agent identifies a new aspect of user interest, a new
memory is formed. Each memory is a structured represen-
tation capturing a distinct aspect of user interest, consisting
of content c, semantic embedding e, associated interaction
behaviors I , and community link L:

m = {c, e, I, L},
e = fenc(c),

(4)

where c describes the preference in natural language, e is
its semantic embedding computed by a text encoder fenc,
I records interaction behaviors such as item clicks or pur-
chases, and L stores the link to memory community.

For memory community discovery, we assign each mem-
ory a global index and store its semantic embedding in a
shared spaceM.

3.2 Community Construction
•Motivation. The expressiveness of individual memories is
inherently constrained by sparse user interactions. To allevi-
ate this limitation, we organize semantically related memory
units across users into communities, allowing collaborative
signals to be shared at the level of fine-grained preferences.
Rather than treating each retrieved semantic neighbor inde-
pendently, STEAM constructs a memory relation graph and
explores bounded multi-hop neighborhoods.
• Relation Extraction. When a new memory mi is formed,
STEAM leverages its semantic embedding ei to retrieve se-
mantically related memories from the shared embedding
space, which are regarded as first-order collaborative neigh-
bors. For each memory mj ∈ M, we compute their cosine

similarity, and then identify the top-k1 most similar memo-
ries Ni:

Ni = {rank(simi,j) ≤ k1, mj ∈M}, (5)
where Ni excludes memory units belonging to the same
user as mi. We instantiate an undirected semantic relation
between mi and each memory in Ni. Collectively, these
relations form a cross-user memory graphG = (V, E), where
the nodes are atomic memories and the edges represent first-
order semantic associations.
• Community Exploration. Relation extraction is per-
formed online whenever a new memory is created, while
community construction is triggered only after the current
memory refinement batch is completed. Given a batch of
newly formed memories {mi}Bi=1, their first-order semantic
relations are first inserted into the existing memory graph.
Direct semantic neighbors capture only pairwise similar-
ity and may miss useful collaborative evidence connected
through intermediate preference units. We therefore perform
bounded graph exploration to identify structured multi-hop
associations without treating all globally similar memories
as independent evidence.

Specifically, we perform bounded 2-hop graph exploration
using the newly inserted memories as exploration roots:

Ci = {mj ∈ V | dG(mi,mj) ≤ 2}, (6)
where dG(mi,mj) denotes the shortest-path distance be-
tween mi and mj in G. We define Ci as the 2-hop memory
community rooted at mi. Different communities may over-
lap, and a memory can participate in multiple communities
when it connects several related preference dimensions. Such
overlap preserves multiple collaborative contexts rather than
enforcing a disjoint partition of the memory graph. Through
this structure, collaborative retrieval provides access not only
to semantically related preference descriptions but also to



their associated interaction attributes, offering item-level ev-
idence for recommendation.

Each explored memory community is represented by a
prototype memory pk with summarized content ck, semantic
embedding ek, and member links Lk:

pk = {ck, ek, Lk}, (7)

where ek = fenc(ck) andLk = Ck. Correspondingly, the link
attribute of each member memory is updated to reference its
prototype:

Li ← Li ∪ {pk}, ∀mi ∈ Ck. (8)

The prototype serves as a routing abstraction. During in-
ference, it guides the agent toward relevant communities,
from which candidate-relevant atomic memories and their
supporting interactions are further selected as collaborative
evidence. This structure connects users through shared pref-
erence dimensions while preserving fine-grained evidence
for personalized prediction.

3.3 Memory Retrieval
STEAM operates in a local-to-global manner during memory
retrieval. At local level, given a candidate item set Ic, the
agent computes the semantic embeddings of each candidate
and retrieves the top-k2 relevant memoriesMret from its own
memory module:

Mret = {mj | rank(simc,j) ≤ k2}, (9)

where simc,j is the similarity between candidate item ic ∈ Ic
and memory mj . At the global level, the agent traces the link
attribute ofMret to locate prototype memories and explores
their communities, leveraging similar preferences as collab-
orative signals. The retrieved local and global memories are
then jointly exploited to generate a predicted selection.

3.4 Memory Evolution
After the agent generates recommendations based on re-
trieved memories, it reflects on the decision by comparing
it with the real user behavior. This reflection triggers one of
two evolution operations: consolidation or formation.

When a newly generated insight semantically overlaps
with an existing memory, the agent performs consolidation:
it leverages the LLM to merge their contents into a uni-
fied form, recomputes its semantic embedding, and appends
the new interaction to its interaction attribute. The updated
memory retains its link to the prototype memory. Through
consolidation, redundant memories are eliminated, refining
the overall preference representations.

If the reflection reveals a new aspect of user interest not
captured by existing memories, the agent performs formation
to construct a new memory, as detailed in Section 3.1. The
complete procedure is summarized in Appendix B.

4 Experiments
4.1 Experimental Settings
• Datasets. We evaluate STEAM on three widely used
recommendation datasets covering diverse domains: Ama-
zon CDs, Amazon Clothing, and MovieLens-100K. For all

datasets, we use the data processing and evaluation splits by
RecBole (Zhao et al. 2022) to ensure fair comparison. Table 1
summarizes their statistics, with detailed dataset descriptions
and preprocessing procedures provided in Appendix C.1.

Datasets #Users #Items #Inters. Sparsity
CDs 112,135 73,304 1,441,330 99.982%
Clothing 443,895 353,709 5,956,426 99.996%
ML-100K 943 1,341 98,996 92.172%

Table 1: Statistics of the preprocessed datasets

• Baselines. We compare STEAM with the follow-
ing recommendation methods, grouped by user model-
ing approach: 1) Without User Representation. Pop recom-
mends by item popularity; BM25 (Robertson and Zaragoza
2009) ranks candidates by textual similarity to interacted
items. 2) Latent Embedding Methods. BPR (Rendle et al.
2012) optimizes user/item embeddings via BPR loss; SAS-
Rec (Kang and McAuley 2018) captures sequential patterns
through self-attention. 3) LLM-based Semantic Modeling.
LLMRank (Hou et al. 2024) verbalizes user behavior se-
quences and ranks via LLMs’ contextual understanding; In-
teRecAgent (Huang et al. 2025b) extracts and updates user
profiles from conversation history; AgentCF (Zhang et al.
2024b) employs user and item agents to preserve preferences
and collaborative signals, updating memory via simulated
interactions; AFL (Cai et al. 2025) refines the agent’s under-
standing of user preferences through a feedback loop between
user and recommender agents.
• Implementation Details. We use GPT-3.5-Turbo as the de-
fault backbone for all LLM-based methods, while results with
additional backbones (Claude-Haiku-4.5, Llama-3-70B, and
GPT-5.1) are reported in Appendix D, demonstrating con-
sistent performance trends across different LLMs. The hyper
parameter k1=2, k2=1, and all-MiniLM-L6-v2 is used for
semantic retrieval. We discuss the hyperparameter sensitiv-
ity in Section 4.6. Following (Cai et al. 2025), we utilize a
randomly sampled subset of 1000 users for Amazon and all
users for ML-100K in subsequent studies. More comprehen-
sive implementation details are provided in Appendix C.2.

4.2 Recommendation Evaluation
• Evaluation Settings. Since the quality of learned
user memory is not directly observable, we evaluate it
through downstream recommendation. Following (Zhang
et al. 2024b; Cai et al. 2025), each LLM-based agent ranks
a shared candidate set containing the ground-truth next
item and nine randomly sampled non-interacted items. Pop,
BM25, BPRfull, and SASRecfull instead rank the full item cat-
alog and are reported only as protocol-different references.
For InteRecAgent, each ranking instance is formulated as a
single recommendation turn following its original protocol.
We report NDCG@K for K ∈ {1, 5, 10}.
•Recommendation Performance. The results are reported
in Table 2. 1) Impact of Sparse Supervision. The substan-
tial degradation from full-data BPR and SASRec to their



Method CDs Clothing ML-100K
N@1 N@5 N@10 N@1 N@5 N@10 N@1 N@5 N@10

Pop† 0.1037 0.2359 0.4217 0.0787 0.1321 0.3794 0.0743 0.1192 0.3718
BM25† 0.1267 0.2197 0.4176 0.0947 0.1511 0.3892 0.0647 0.1062 0.3658
BPR†

full 0.1754 0.4191 0.5236 0.2154 0.3312 0.4748 0.1053 0.2143 0.4172
SASRec†full 0.3509 0.6857 0.7248 0.3804 0.4896 0.5906 0.1148 0.6404 0.6573
BPRsample 0.1127 0.3101 0.4328 0.1043 0.2131 0.4094 0.1007 0.1814 0.4019
SASRecsample 0.1938 0.4051 0.4937 0.2164 0.3152 0.4826 0.1627 0.3136 0.4618
LLMRank 0.0507 0.1789 0.3832 0.0604 0.1902 0.3917 0.0509 0.2013 0.3981
InteRecAgent 0.0608 0.2199 0.4054 0.1606 0.3414 0.4639 0.1044 0.1601 0.3956
AgentCF 0.1706 0.3927 0.5098 0.1704 0.3572 0.5071 0.1406 0.3261 0.4804
AFL 0.2107 0.3916 0.5281 0.2108 0.3909 0.5132 0.1509 0.3314 0.4792
STEAM (Ours) 0.3270∗ 0.5321∗ 0.6004∗ 0.2860∗ 0.5332∗ 0.6151∗ 0.1780∗ 0.4068∗ 0.5087∗
Rel. Improv. +55.20% +31.35% +13.69% +32.16% +36.40% +19.86% +9.40% +22.75% +5.89%

Table 2: Recommendation performance comparison. N@K denotes NDCG@K. Among methods evaluated on the shared 10-
item candidate sets, the best and second-best results are highlighted in bold and underlined, respectively. Methods marked with
† are evaluated under the full-catalog protocol and are included only as references. Relative improvements are computed against
the strongest sampled-data baseline for each metric. ∗ denotes a statistically significant improvement over that baseline under
paired testing (p < 0.05).

Stage Metric CDs Clothing ML-100K
GPT-3.5-Turbo AFL Ours GPT-3.5-Turbo AFL Ours GPT-3.5-Turbo AFL Ours

Early Precision 0.1693 0.3279 0.3462 0.1598 0.1620 0.3724 0.0919 0.0958 0.2044
F1 0.2481 0.3423 0.3847 0.2695 0.2678 0.4945 0.1740 0.1698 0.2948

Middle Precision 0.2260 0.3679 0.3798 0.2057 0.2095 0.3457 0.1478 0.1526 0.2229
F1 0.3169 0.3944 0.4219 0.3132 0.3216 0.4673 0.2356 0.2372 0.3154

Recent Precision 0.2827 0.4079 0.4107 0.2516 0.2570 0.2880 0.2037 0.2094 0.2254
F1 0.3857 0.4465 0.4528 0.3569 0.3754 0.4086 0.2972 0.3046 0.3225

Table 3: Preference retention performance across early, middle, and recent interaction stages. Bold and underlined values denote
the best and second-best results, respectively.

sampled-data variants demonstrates the sensitivity of ID-
based recommenders to limited interaction supervision. In
contrast, LLM-based agents can exploit item semantics in
addition to behavioral supervision, which may partly ex-
plain their stronger performance in the sampled setting.
2) Effectiveness of Memory Refinement. AgentCF, AFL,
and STEAM generally outperform LLMRank, which directly
ranks candidates from raw interaction histories. This sug-
gests that explicitly refining and retrieving user memory can
better consolidate preference evidence across interactions
than relying solely on in-context histories. 3) STEAM Per-
formance. Under the sampled-data setting, STEAM achieves
the best performance on all nine metrics. The gains are gen-
erally larger on the two sparse Amazon datasets, indicating
that structured atomic memories and cross-user collabora-
tive signals are particularly useful when personal interaction
supervision is limited. The contribution of each component
is further examined in the ablation study.

4.3 Long-term Preference Retention Evaluation
• Motivation. While next-item recommendation evaluates
subsequent behavior prediction, it does not directly mea-
sure whether the memory preserves preferences expressed at
different stages of interaction history. Following the binary
preference-discrimination protocol adopted in prior user-
agent studies (Zhang et al. 2024a; Cai et al. 2025), we evalu-
ate whether the final memory retains preferences expressed
during the early, middle, and recent stages of user interaction.
• Evaluation Settings. Each user sequence is divided into
five temporal intervals, with one positive interaction held out
from each interval before memory refinement. Intervals 1–
2, 3, and 4–5 define the Early, Middle, and Recent stages,
respectively. For each held-out positive, we sample nine non-
interacted items to form a 10-item candidate set. The agent
independently predicts whether the user would prefer each
candidate, from which Precision and F1 are computed. Can-
didate sets and evaluation instructions are fixed across meth-
ods. The metrics are first computed for each interval and then
macro-averaged within each temporal stage.



• Preference Retention Performance. Table 3 shows that
STEAM outperforms GPT-3.5-Turbo and AFL across all
datasets, temporal stages, and metrics. The gains are par-
ticularly pronounced for early-stage preferences on Clothing
and ML-100K, indicating that structured atomic memories
better preserve preference evidence expressed earlier in the
interaction history. Moreover, STEAM exhibits smaller or
comparable F1 variation between the early and recent stages,
suggesting more balanced retention across time rather than a
bias toward only the latest interactions.

AgentCF STEAM w/o Atomic Mem Unit STEAM

(a) ILD (b) Entropy

Figure 3: Recommendation diversity under the 100-item can-
didate setting. Panels (a) and (b) report ILD@5 and En-
tropy@5, respectively.

4.4 Diversity Evaluation
• Evaluation Settings. For each user, we construct a candi-
date pool consisting of the held-out positive item and 99
randomly sampled non-interacted items shared across all
methods. Following (Yin et al. 2023), we evaluate the top-5
recommendations using two complementary metrics: Intra-
List Distance (ILD) and Entropy. ILD measures the average
semantic dissimilarity among recommended items, while
Entropy measures the diversity and balance of their cate-
gory distribution. We compare STEAM with AgentCF and
STEAM w/o AMU, where atomic memory units are replaced
with a single user summary while all other procedures re-
main unchanged. AFL is excluded because it relies on an
external recommender to generate candidate lists, making its
diversity dependent on a separately trained model.
• Diversity Performance. While Table 2 demonstrates
the strong recommendation effectiveness of STEAM under
the shared candidate-ranking protocol, Fig. 3 shows that
STEAM also achieves consistently higher diversity under the
more challenging 100-item candidate setting. Meanwhile,
STEAM maintains competitive recommendation accuracy,
indicating that the diversity gains are not achieved at the
expense of recommendation relevance. It obtains the high-
est ILD@5 and Entropy@5 on all three datasets, indicating
greater semantic variation and a more balanced category dis-
tribution. Replacing atomic memory units with a single user
summary consistently reduces both diversity metrics and rec-
ommendation effectiveness, with particularly clear Entropy
degradation on Clothing and ML-100K, while still outper-
forming AgentCF. These results suggest that fine-grained

Case 2: Memory-enhanced recommendation
Query: Which film will user pick between Dave and Mother?
# Memory Retrieval
Query: Dave
· top-k memory: [m1](sim=0.88)
· top-k linked memory: [m5](sim=0.95)
· [m5] interaction: ‘Dave’
Query: Mother
· top-k memory: [m1](sim=0.69)
· top-k linked memory: [m5](sim=0.64)
· [m5] interaction: ‘Dave’
# Recommendation: Dave

strong collaborative signal!

Case 1: Collaborative Signal Exploration
# History
[h1] Eat Drink Man Woman (Romance/Comedy)
[h2] Back to the Future (Children/Sci Fic)
[h3] The Sting (Comedy/Crime)
[h4]The Maltese Falcon (Black/Crime)

# Atomic Memory
[m1] I prefer humor, rich character, complex family relationships. ~[h1]
[m3] I like scientific storytelling that evokes nostalgia. ~[h2]
[m4] I appreciate suspense stories with complex characters. ~[h3,h4]

# Previous Memory Bank
[m5] lighthearted tone…~ [interaction] Dave (Romance/Comedy)
[m2] personal growth…~ [interaction] Evita (Drama/Biography)
[m6] humor adventures with time travel…~ [interaction] Back to the 
Future (Children/Sci Fic)
[m8] high-energy action, suspenseful moments…~ [interaction] 
Broken Arrow (Action/Thriller)

m1

m2 m5

m4 m8

m3 m6

# Prototype Memory
[p1] I enjoy complex relationships, but a warm tone. ~[m1,m2,m5]
[p2] I prefer time travel stories. ~[m3,m6]
[p3] I prefer suspense stories. ~[m4, m8]

Figure 4: Case study of case1: collaborative memory con-
struction and case2: collaborative evidence retrieval for rec-
ommendation.

atomic memory representation contributes to both recom-
mendation quality and diversity: preserving distinct prefer-
ence dimensions enables the agent to retrieve evidence from
multiple interests and produce relevant lists with broader
semantic and categorical coverage.

4.5 Case Study
To intuitively examine how STEAM models and leverages
collaborative signals, we present two cases in Fig. 4. In
Case 1, we illustrate preference modeling for the interac-
tion sequence {h1, h2, h3, h4}. During atomic memory for-
mation, h3 and h4 both express a preference for suspense
stories in the crime genre, and m4 consolidates their com-
patible evidence. During community exploration, (m1,m2)
and (m2,m5) form first-order associations. A 2-hop BFS
therefore identifies the community {m1,m2,m5}, which
is summarized into a prototype while retaining links to its
constituent atomic memories. In Case 2, the agent predicts
whether the user will choose Dave or Mother. Personal re-
trieval first identifies m1, but this evidence alone provides
limited candidate-specific support. Through the associated



Method CDs Clothing ML-100K
N@1 N@5 N@10 N@1 N@5 N@10 N@1 N@5 N@10

STEAM 0.3270 0.5321 0.6004 0.2860 0.5332 0.6151 0.1780 0.4068 0.5087
STEAM w/o AMU 0.2300 0.4947 0.5765 0.2700 0.5005 0.5782 0.1300 0.3404 0.4796
STEAM w/o ME 0.2400 0.4973 0.5835 0.2280 0.4958 0.5635 0.1350 0.3287 0.4785
STEAM w/o MC 0.2600 0.5017 0.5886 0.2300 0.4966 0.5640 0.1400 0.3295 0.4788
STEAM w/o CC 0.2800 0.4992 0.5906 0.2600 0.5023 0.5790 0.1600 0.3691 0.5060
STEAM w/ Direct-kNN 0.3000 0.5146 0.5948 0.2750 0.5183 0.5957 0.1450 0.3554 0.4913

Table 4: Ablation results on three datasets. N@K denotes NDCG@K.

prototype p1, the agent further retrieves cross-user atomic
memory m5, which is unavailable from personal memory
alone and has the highest semantic similarity to Dave. Its in-
teraction attribute provides candidate-consistent behavioral
evidence, helping resolve the ambiguity and supporting the fi-
nal selection of Dave. This example illustrates how structured
community retrieval supplements personal memory with rel-
evant collaborative evidence rather than merely retrieving
independent semantic neighbors.

4.6 In-depth Analysis
• Impact of Different Components of STEAM. We eval-
uate five variants covering memory representation, evo-
lution, and collaborative retrieval. 1) STEAM w/o AMU:
atomic memories in Section 3.1 are replaced with a sin-
gle user summary. 2) STEAM w/o ME: feedback-driven evo-
lution is removed, leaving the initialized memory bank
fixed. 3) STEAM w/o MC: new interests are appended with-
out consolidating overlapping units. 4) STEAM w/o CC:
community construction and cross-user retrieval in Sec-
tion 3.2 are removed, retaining only personal memories.
5) STEAM w/ Direct-kNN: community construction is re-
placed by direct retrieval of semantically similar cross-user
atomic memories under the same evidence budget.

Table 4 shows that component contributions vary across
datasets. Replacing atomic memories with a single summary
substantially degrades performance, especially on CDs and
ML-100K, supporting fine-grained preference representa-
tion. Removing memory evolution or consolidation also con-
sistently hurts performance: the former prevents emerging
preferences from being incorporated, while the latter retains
overlapping units that may introduce redundant or conflict-
ing evidence. This supports that evolution and consolida-
tion jointly maintain coherent user representations. Commu-
nity construction generally brings clearer gains on Amazon
datasets. Direct-kNN improves over personal-only retrieval
on these datasets but remains below the full STEAM, show-
ing that communities and prototypes organize collaborative
evidence more effectively than independent semantic neigh-
bors. On ML-100K, community removal has a smaller effect,
whereas Direct-kNN underperforms personal-only retrieval,
suggesting that unstructured cross-user evidence may add
noise when personal signals are sufficient. Overall, atomic
representation, controlled evolution, and structured commu-
nity retrieval provide complementary benefits.

• Impact of Hyperparameters. We analyze k1, the number
of global atomic memories considered for relation extraction
in Eq. (5), and k2, the number of local memories retrieved for
each candidate. Figure 5 reports the results on CDs and Cloth-
ing due to space constraints, with consistent trends observed
across both datasets and k1 = 2, k2 = 1 achieving the best
performance among the tested settings. A small k1 fails to
capture sufficient cross-user relations, limiting the coverage
of collaborative evidence, whereas a large value introduces
noisy edges that weaken the semantic coherence of mem-
ory communities. Similarly, an overly large k2 may retrieve
weakly related personal preferences and introduce distract-
ing evidence into the LLM context. These results indicate
that collaborative retrieval benefits more from compact and
precise evidence than from simply expanding the retrieved
context.
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Figure 5: Sensitivity to k1 and k2 measured by NDCG@10.

5 Conclusion
In this paper, we focus on agent memory mechanisms for user
behavior modeling. To address key challenges of preference
diversity, dynamics, and sparsity, we transform single sum-
mary memory into fine-grained atomic memory units. We
propose STEAM, a self-evolving memory framework that
consolidates and evolves atomic memories to capture di-
verse and evolving preferences, while organizing them into
communities with prototype memories to model collabora-
tive signals. Experiments on recommendation tasks validate
the effectiveness of STEAM. We hope this work inspires fur-
ther research on structured memory mechanisms for effective
LLM-based agents in user behavior modeling and beyond.
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