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Abstract

With the rise of smart personal devices, service-oriented
human-agent interactions have become increasingly preva-
lent. This trend highlights the need for personalized dialogue
assistants that can understand user-specific traits to accu-
rately interpret requirements and tailor responses to individ-
ual preferences. However, existing approaches often overlook
the complexities of long-term interactions and fail to cap-
ture users’ subjective characteristics. To address these gaps,
we present PAL-Bench, a new benchmark designed to eval-
uate the personalization capabilities of service-oriented as-
sistants in long-term user-agent interactions. In the absence
of available real-world data, we develop a multi-step LLM-
based synthesis pipeline, which is further verified and re-
fined by human annotators. This process yields PAL-Set,
the first Chinese dataset comprising multi-session user logs
and dialogue histories, which serves as the foundation for
PAL-Bench. Furthermore, to improve personalized service-
oriented interactions, we propose H2Memory, a hierarchi-
cal and heterogeneous memory framework that incorporates
retrieval-augmented generation to improve personalized re-
sponse generation. Comprehensive experiments on both our
PAL-Bench and an external dataset demonstrate the effective-
ness of the proposed memory framework.

Code, Dataset and Appendix —
https://github.com/hzp3517/Mem-PAL

Introduction

The development of mobile internet has significantly en-
hanced interactions between users and their personal smart
devices, such as using smart bands to monitor health, send-
ing messages via smartphones, or conversing with virtual as-
sistants. We refer to this pattern of communication as user-
agent interaction, where the agent can access both the user’s
behavioral history and prior dialogue context. In such sce-
narios, an ideal service-oriented assistant should effectively
leverage this interaction history for personalized modeling.
This allows the assistant to deliver tailored solutions that
align with individual user preferences and needs, without
requiring cumbersome and repetitive explanations (Ha et al.
2024), much like seeking help from a familiar pal.
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Figure 1: An example of our long-term, multi-session user-
agent interaction data. The assistant is expected to leverage
the historical interaction data (shown in lighter color) for
memory modeling, enabling a more accurate understanding
of user requirements and delivery of preference-aligned re-
sponses in the current dialogue.

Despite growing interest in service-oriented dialogue sys-
tems (e.g., medical assistants (Zhang et al. 2023), psycho-
logical counseling (Zhang et al. 2024c,a), and mobile vir-
tual assistants (Guan et al. 2024), etc.), most existing ap-
proaches treat users uniformly and lack the capacity to gen-
erate truly personalized responses. On the other hand, some
recent studies have begun exploring long-term dialogue sce-
narios (Xu, Szlam, and Weston 2022; Maharana et al. 2024;
Wu et al. 2025b), introducing benchmarks that focus on re-
trieving personal facts from long-term interactions. How-
ever, these efforts often overlook the more subjective and nu-
anced task of modeling user preferences and individualized
requirements. Moreover, their histories are typically limited



to dialogues, ignoring user behavioral records—an essential
component of real-world user-agent interactions. To the best
of our knowledge, only Wang et al. (2024b) have consid-
ered app screenshots as a form of behavioral history, but
their dataset is not publicly available due to privacy con-
cerns, which limits progress in developing and evaluating
personalized service-oriented systems.

To address these challenges, we propose the first bench-
mark for personalized user-agent interaction, PAL-Bench.
It introduces three evaluation tasks—Requirement Restate-
ment, Solution Proposal, and Multi-turn Dialogue Interac-
tion—designed to evaluate the capability of service-oriented
dialogue assistants to understand and adapt to users’ person-
alized requirements and preferences. Since collecting real-
world long-term interaction data is costly and constrained
by privacy concerns, we design a multi-stage, LLM-based
data synthesis pipeline that incorporates verification and re-
finement procedures, resulting in a PAL-Set. This Chinese-
language dataset contains both user behavior logs and user-
assistant dialogues. As shown in Figure 1, PAL-Set captures
realistic long-term interaction patterns: it features 100 users,
each with an average of 29 sessions, 996 behavioral logs,
and 401 dialogue turns. We also perform a human evalua-
tion on the dataset, which confirms the high quality of the
generated data.

To further support personalized modeling in these scenar-
ios, we propose H2Memory, a hierarchical and heteroge-
neous memory framework. In contrast to previous long-term
memory modeling approaches (Wang et al. 2025; Yuan et al.
2025; Zhong et al. 2024; Ong et al. 2024), our approach ex-
plicitly models different forms of user history (e.g., behav-
iors versus dialogues) and introduces a two-level memory
storage tailored to capture subjective user requirements and
preferences, with update mechanisms for persona dynamics.
Equipped with H2Memory and a retrieval-augmented gener-
ation (RAGQG) strategy, assistants are better positioned to serve
personalized, context-aware responses, as required by PAL-
Bench. We also validate the generalizability of our method
on an external dataset.

Our contributions are threefold: (1) We present PAL-
Bench, the first Chinese benchmark for long-term user-agent
interactions supported by a scalable LLM-based data synthe-
sis and human refinement pipeline. It features three tasks fo-
cused on modeling user personalized requirements and pref-
erences. (2) We propose H2Memory, a hierarchical and het-
erogeneous memory framework that supports effective mod-
eling, retrieval, and updating of diverse interaction histories
for personalized service delivery. (3) We demonstrate the
quality of our PAL-Bench dataset through human evaluation,
and validate the effectiveness of H*Memory via comprehen-
sive experimental analysis on both PAL-Bench and an ex-
ternal dataset, advancing research in personalized dialogue
systems.

PAL-Bench
Dataset Construction

User interaction records over the long term often reflect sta-
ble user profiles and traits at the macro level, while ex-
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hibiting dynamic changes at finer granularity. To simulate
such patterns, we design a multi-stage generation pipeline
(Figure 2). We first define each user’s overall profile and
create a corresponding persona. The persona is then ex-
panded into multiple session-specific scenarios, which serve
as fine-grained control signals for synthesizing interaction
records. All synthesis steps are automatically performed us-
ing Qwen2.5-Max (Team 2024), followed by verification
and refinement steps to ensure data quality.

Profile and Persona We begin by generating a basic pro-
file for each user, including gender, age, personality, and
brief descriptions across four aspects: work, health, family,
and leisure. Building on this profile, we further synthesize a
persona that includes: (i) a personal timeline spanning sev-
eral months, outlining monthly objective events to guaran-
tee temporal coherence; and (ii) a set of user traits, covering
multiple general requirement types with corresponding pref-
erence descriptions, to support subjective consistency over
long-term interactions.

Session-specific Information Since our ultimate goal is
to synthesize multi-session interaction records, we need to
expand the initial profile and persona into multiple session-
specific pieces of information, which serve as references for
the subsequent interaction records synthesis. We first ex-
pand the timeline for each month into multiple requirement-
oriented situation entries. Each situation entry is a brief de-
scription composed of a few sentences, revolving around
several requirement types predefined in the user’s traits. We
then expand each situation entry into a diary-style expe-
rience description that captures rich, detailed, and behav-
iorally grounded events over the same period. These ex-
periences will help synthesize subsequent objective, time-
stamped logs. For the guidance of synthesizing dialogues,
we further construct a dialogue framework based on each
situation.

Specifically, each dialogue framework may consist of
multiple fopics, with each topic containing two parts: “Re-
quirements” and “Solutions”. The “Requirements” part in-
cludes three components: user query, implicit needs, and re-
quirement. The user query represents the user’s initial ques-
tion for each topic, typically brief and underspecified to re-
flect real-world user behavior. The implicit needs section in-
cludes two entries that are not explicitly stated in the query
but are relevant to the user’s background or experiences and
are expected to be inferred by the assistant. The require-
ment section combines the user query and implicit needs de-
scribed above to offer a complete description of the user’s
intent. For the “Solutions” part, we first generate 8 diverse
candidate solutions that are all considered generally reason-
able. Then we identify 2 positive solutions (highly aligned
with the user’s preferences) and 2 negative solutions (not
aligned) among these candidates based on the predefined
user profile and persona.

Interaction Records The long-term interaction records
are the final output of our synthesis pipeline, comprising
multi-session logs and dialogues that are accessible to the as-
sistant. For log synthesis, we prompt the LLM to simulate a
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Figure 2: Overview of the generative pipeline for PAL-Set. We design a multi-stage LLM-based synthesis process to pro-
gressively specify the control information for interaction record generation. Additional verification and refinement steps are

employed to ensure the final data quality.

variety of platforms on a user’s personal device and generate
a series of records that indirectly reflect the diverse events
experienced by the user. For dialogue synthesis, we ensure
that the generated dialogues adhere to the corresponding di-
alogue framework and reflect realistic flows commonly seen
in service-oriented interactions. To achieve this, we define
a set of dialogue actions for both user and assistant utter-
ances. We also construct utterance-level dialogue templates
that specify the action of each utterance and its linkage to
specific components of the dialogue framework. These tem-
plates can ensure that the synthesized dialogues are consis-
tent with our intended dialogue flows and content settings.

Data Verification and Refinement To ensure the quality
of data synthesis, we employ a series of data verification
and refinement methods. For each LLM-based generation
step, we define a specific output format and set up valida-
tion rules. The output is automatically checked after each
generation, and a regeneration process would be triggered
if the output does not meet the rules. For the final logs and
dialogues, we further perform validation and correction, tar-
geting the following issues: (1) Log entries that do not match
the specified type; (2) Dialogue utterances that are inconsis-
tent with their assigned action; (3) Content that contradicts
the user’s profile or persona.

Dataset Analysis

Our PAL-Set contains 100 synthetic users, each associated
with long-term, multi-session interaction records. For each
user, sessions are divided into a history set and a query set.
The query set includes all sessions from the last month of
interaction and serves as the evaluation samples, while the
history set comprises all earlier sessions and is used solely
as contextual input. Note that a query set may contain mul-
tiple sessions, and earlier sessions within the query set can
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History  Query
Avg. # sessions 25.7 33
Avg. # logs 888.7 107.5
Avg. # dialogue turns ~ 361.7 39.3
Avg. # dialogue topics  62.5 8.3
Avg. # months 8.4 1.0

Table 1: Statistics of PAL-Set. Each value represents the av-
erage across 100 users.

also serve as part of the history when evaluating later ses-
sions. Table 1 summarizes the key statistics of PAL-Set. Our
dataset features a long interaction span (9.4 months on aver-
age) and a relatively large number of sessions (29 sessions)
for each user, offering a rich long-term context.

In addition, we conduct human evaluations to verify
whether the generated logs and dialogues align with the pre-
defined user profiles and personas. Annotators rated each
sample on a scale from 1 (non-matching) to 3 (completely
matching). The average scores were 2.75 for logs and 2.67
for dialogues, indicating that the synthetic data is highly
consistent with the intended user characteristics, demon-
strating the high quality of our dataset.

Evaluation Tasks

Based on PAL-Set, we design three evaluation tasks as part
of PAL-Bench: two single-turn question-answering tasks
and one multi-turn dialogue interaction task. These tasks as-
sess the assistant’s ability to understand user requirements
and generate personalized responses.

1) Requirement Restatement. This task evaluates the assis-
tant’s ability to accurately infer the user’s complete require-
ment from user histories in a single-turn QA setting. The



input is the initial user query for each topic in the query
set, while the expected output is the corresponding com-
plete requirement description. We use BLEU score (Pap-
ineni et al. 2002) as the objective metric. Since the refer-
ence requirement descriptions are relatively abstract, we ad-
ditionally introduce a GPT-4-based evaluation to specifically
assess whether the generated content successfully captures
the implicit needs that are not explicitly stated in the initial
query, forming GPT-4 Scores for this task.

2) Solution Proposal. This task evaluates the assistant’s
ability to understand user-specific preferences based on user
histories and provide responses that meet these preferences
in a single-turn QA format. It consists of two subtasks:
“solution generation” and “solution selection”. In “solution
generation”, the assistant is required to generate a solution
description based on the given complete requirement. We
evaluate the output with the BLEU score as an objective met-
ric, taking the 2 predefined positive solutions in the dialogue
framework as references. In “solution selection”, the assis-
tant is additionally presented with the 8 candidate solutions
and asked to identify the 2 positive ones. A Selection Score
is then calculated based on the preference labels of the se-
lected solutions.

3) Multi-turn Dialogue Interaction. Since our ultimate
goal is to enhance the assistant’s performance in dialogue,
we design evaluation tasks specifically targeting multi-turn
interactions. Considering the high cost of interacting with
real users, we take advantage of the strong role-playing abil-
ities of LLMs (Chen et al. 2024) to construct a User-LLM
that simulates the predefined users in PAL-Set and interacts
with the assistant. We also introduce an Evaluation-LLM re-
sponsible for automatically assessing the interaction quality
of different memory modeling methods, which focuses on
two key dimensions: requirement understanding (the assis-
tant’s ability to accurately clarify the user’s actual needs) and
preference understanding (the extent to which the assistant’s
proposed solutions align with user preferences). We conduct
pairwise comparative evaluations on both these two dimen-
sions, and report the Win-Tie—Lose counts for our method
over all evaluation samples. To reduce the effects of LLM
randomness and positional bias on the evaluation, we follow
the FairEval framework (Wang et al. 2024a) to evaluate each
pair 6 times with different input orders. In addition, we con-
duct human evaluations and analyze their correlation with
LLM-based evaluations, as detailed in the Appendix.

H?Memory Framework
Problem Formulation

In our user-agent interaction scenario, each session .S con-
sists of a series of logs L = {l1,1s,...,1,,} and a dialogue
D = {uy,ay,...,ut, as }, where [ denotes a log record, v and
a denote user and assistant utterances, respectively. Given
the current session S, the logs collected between the end of
D._; and the beginning of the D, are taken as L.. We define
the interaction history H as all previous sessions along with
the latest logs L.: H = {{L1, D1}, ..., {Le—1,Dc—1}, Lc}-
Let @ denote the user’s inquiry (along with preceding di-
alogue context, if any) in the current dialogue D., and R
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denote the assistant’s generated response. The task is for-
malized as: R = Assistant(H, Q).

However, due to the long-term nature of interactions, the
original H can be prohibitively large and redundant, mak-
ing it unsuitable as direct input. Therefore, we encode H
into a concise and structured memory M, from which rel-
evant entries are retrieved to support personalized response
generation. As shown in Figure 3, our method integrates a
hierarchical heterogeneous memory structure with retrieval-
augmented generation (RAG).

Memory Construction

In user-agent interaction scenarios, both logs and dialogues
exhibit substantial heterogeneity—in their information for-
mats and in the user persona perspectives they convey. A
single memory structure cannot effectively capture both
aspects. To address this, we adopt a differentiated mem-
ory organization tailored to long-term histories. For frag-
mented logs, we explicitly construct relational edges to form
coherent and contextually complete situation descriptions.
For service-oriented dialogues, which often follow dynamic
topic flows, we define topic-level schemas and extract struc-
tured outlines to reflect the evolving conversation patterns.
Building on these specific memory entries, we further sum-
marize and abstract the user’s overarching background and
traits, resulting in a hierarchical two-tier memory structure.

Log Graph Logs are fragmented observations reflecting
user behavior. To construct a coherent understanding of user
experiences over time, we explicitly model the relationships
between log entries. Inspired by the commonsense knowl-
edge graphs that connect knowledge nodes via various rela-
tion edges (Hwang et al. 2021), we instruct the LLM to iden-
tify relational edges (including the Caused_by and Follows
types) between logs in each session, forming relation set
YT = LLM(L). These relations connect log entries chrono-
logically, resulting in connected subgraphs {G', ..., G4}.
We then instruct the LLM to generate a situation descrip-
tion s, for each subgraph G;, integrating the logs through
their relations. The situation entries corresponding to each
subgraph constitute the first part of the memory in the j-th

session, denoted M7, = {s7, ..., ) }.

Background Since a single situation entry cannot com-
prehensively reflect all aspects of the user’s overall back-
ground, we construct a long-term background memory Mp
by summarizing across all situation entries in H. We de-
fine several fixed aspects (e.g., work, family) and maintain a
paragraph summary per aspect. Given that the user’s expe-
riences continuously evolves over time, to ensure the back-
ground remains up-to-date, we adopt a recursive memory
updating mechanism (Wang et al. 2025) for M. Given the

MY, of the j-th session, the updating process is: M 1(3] ) =
LLM(MY ™Y ML),

Additionally, we use the LLM to associate each situation
entry s; in M¢ with one or more aspects in Mp, forming
a multi-valued mapping Fgp : Mg — P(Mpg), where
P(Mp) is the power set of Mp.
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Figure 3: Overview of our method. We propose a hierarchical and heterogeneous memory mechanism (H>Memory) to model
user characteristics in user—agent interactions. Information from different sources is separately encoded into concrete- and
abstract-level memory entries. The most relevant entries from each part are retrieved to enable personalized, retrieval-augmented

response generation.

Topic Outline A service-oriented dialogue may involve
discussions on multiple topics, with each topic containing
both the clarification of user requirements and the discus-
sion of solutions. For each topic ¢ in the dialogue, we de-
fine an information schema {r,o,p}. Here, r represents
the user requirements reflected in the topic, o includes the
multiple solutions provided by the assistant along with the
user’s feedback on each solution, and p summarizes the
user’s preference of solutions for the topic. The topic out-
line formed based on this schema can extract the key points
of relevant topics from the original dialogue. Therefore, we
guide the LLM to segment each dialogue D into 7 topic-
specific parts and generate a set of such outlines 7', where
T = {t1,...,t; }. However, users often express their require-
ments in dialogues quite briefly, lacking the background or
situation, which are often reflected in the logs from the cor-
responding period. To effectively integrate information from
both sources, we retrieve k situation entries s from Mé. of
the corresponding j-th session that are most relevant to the
requirement 7. Based on this, we rewrite the r into a more
detailed description 7, i.e., # = LLM(r, R(s)), where R(s)
denotes the retrieved situation entries related to . We per-
form requirement rewriting for each r in 7" to get T, and add

these outlines to the memory bank, i.e., M%j ) = Méj VaT.

Principle We further abstract several overall requirement
types and corresponding preference principles from numer-
ous specific topic outlines to form the memory Mp. To be
specific, we first initialize Mp using all dialogues in the
history set. All requirements (denoted as r) extracted from
these dialogues are encoded as features, and then we apply
the KMeans clustering algorithm to obtain n clusters. For
each cluster C;, we instruct the LLM to extract the require-
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ment type y; and preference principle p; from bunch of spe-
cific descriptions (r; & p;) belonging to the C;. Thus, we
obtain Mp = {~, p}. Note that we retain the cluster assign-
ments of all specific requirements, thereby forming a map-
ping Frp : My — Mp.

Considering that the query set may contain multiple ses-
sions, M p needs to be continuously updated for new query
sessions. For a requirement entry r, we first find the clos-
est cluster center C;, then update C; with the features of r,
and send both the previous v; and the current r to the LLM,
prompting it to update the ~y; if necessary. We perform a sim-
ilar update for the corresponding p; as well.

Memory-based RAG

The final hierarchical and heterogeneous memory structure
isM = {Mg, Mp, My, Mp}, where M and M7 encode
concrete-level information extracted from logs and dialogue
context, respectively, while Mp and Mp capture abstract-
level information. For an inquiry @) in the current j-th ses-
sion, we retrieve relevant entries from each part of M as per-
sonalized context. Specifically, we first retrieve the & most
relevant entries from the recent situation memory MY, and
then find the corresponding long-term background from Mp
for the aspects associated with these situations. Next, we re-
trieve the k most relevant entries from the memory bank of
the entire My part, since we consider that user traits are
more stable factors in the long term compared to situations,
and we further find the abstract principles in Mp corre-
sponding to the specific topic entries. The whole retrieval
process can be represented as:

m = {R(M), Fap(R(ML)), R(MY),
Fre(R(MP))}



Methods Requirement Restatement Solution Proposal
B-1 B-2 B-3 B-4 G-Score | B-1 B-2 B-3 B-4 S-Score

Vanilla (w/o log) 1359 576 258 141 17.50 18.85 6.96 352 2.06 18.95
Vanilla (with log) 19.71 885 410 2.29 23.00 19.76  7.68 4.00 232 2288
Turn-level RAG 22774 10.54 494  2.69 26.85 19.15 743 389 229 24.09
Session-level RAG 23.81 11.24 542 3.06 29.33 19.66 7.80 4.00 233 33.78
RecurSum (Wang et al. 2025) 2329 10.64 495 275 28.36 19.890 759 396 226 @ 25.61
ConditionMem (Yuan et al. 2025) | 23.31 1042 4.86 2.66 27.78 1942 742 385 222 2549
MemoryBank (Zhong et al. 2024) | 23.89 11.11 523 2091 28.57 2049 8.12 4.07 234 2985
H”>Memory (ours) 26.67 12.18 5.68 3.09 32.54 2224 838 439 2.65 38.32
H2Memory (w/o Mg) 2632 1193 542 293 30.90 22.19 824 435 262 3771
H?Memory (w/o Mp) 2622 1195 553 3.05 31.30 21.84 8.17 419 246  36.69
H2Memory (w/o Mr) 2404 11.01 520 2.82 28.00 1823 649 321 186  28.09
H>Memory (w/o Mp) 26.33 1190 544 290 31.51 2197 8.16 423 249 3626

Table 2: Performance of the requirement restatement and solution proposal tasks. B-1 to B-4 represent BLEU scores. G-Score
and S-Score denote the GPT-4 Score and the Selection Score described in “Evaluation Tasks”, respectively.

where m denotes the retrieved personalized information, en-
abling us to realize a personalized augmented response gen-
eration process R = LLM(m, Q).

Experiments
Experimental Setting
Implementation Details For retrieval, we use the
“paraphrase-multilingual-mpnet-base-v2” (Reimers and

Gurevych 2019; Song et al. 2020) as the encoder to extract
text features from memory entries and queries, retrieving
the top k 3 most similar memory entries each time
by cosine similarity. Qwen-Max-0428 is the base model
(i.e., the Assistant-LLM) for memory construction and
response generation in all experiments. In the multi-turn
dialogue interaction task, User-LLM and Evaluation-LLM
are Qwen2.5-Max and GPT-4-turbo, respectively.

Compared Baselines We compare our method with sev-
eral baseline approaches using the same base model. Vanilla
(w/o log) refers to using only the current query as input with-
out any interaction history, while Vanilla (with log) includes
the logs from the current session but still excludes previ-
ous sessions. Turn-level RAG and Session-level RAG retrieve
historical dialogues at different granularities (utterance-level
and session-level), respectively, while also incorporating
logs from the current session. We also reimplement three
prior memory-based methods: RecurSum(Wang et al. 2025),
ConditionMem(Yuan et al. 2025), and MemoryBank(Zhong
et al. 2024). As these methods did not originally account for
logs in PAL-Bench, we add basic log processing for a fairer
comparison. Furthermore, all retrieval-based baselines fol-
low the same retrieval settings as our method.

Experimental Results on PAL-Bench

1) Requirement Restatement The left part of Table 2
presents the experimental results for the requirement restate-
ment task. Incorporating logs under the vanilla setting im-
proves performance, confirming that the logs in our PAL-
Set are meaningfully related to user requirements. Further
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gains are observed when incorporating long-term historical
information, suggesting that PAL-Set effectively captures
the consistency of users’ intrinsic characteristics over time.
Our proposed H2Memory framework achieves the best per-
formance among all baselines, demonstrating its effective-
ness in understanding requirements.

We also perform an ablation study on the four compo-
nents of our memory structure. Among them, the relevant
requirement descriptions in M extracted from historical di-
alogues provide the most significant contribution to under-
standing the current user needs. Nonetheless, the other mem-
ory components also yield measurable benefits, highlighting
the complementary nature of the full memory design.

2) Solution Proposal The right part of Table 2 presents
the experimental results for the solution proposal task. The
overall trends mirror those observed in the requirement re-
statement task: the constructed long-term interaction records
in our PAL-Set can effectively reflect specific user prefer-
ences, and our proposed method excels at modeling such
preferences. Notably, our approach achieves a significant ad-
vantage over all baselines, particularly in the selection score.
This indicates that user preferences tend to be abstract and
nuanced, requiring more sophisticated modeling strategies
beyond simple fact extraction from interaction history. Ad-
ditionally, the ablation results reveal: removing Mp (back-
ground memory) leads to a larger performance drop than
removing Mg (situation memory), which is the reverse of
the trend observed in the requirement restatement task. This
highlights that user preferences are more stable, high-level
traits that accumulate over time, whereas requirements are
more contextually grounded in recent events.

3) Multi-turn Dialogue Interaction Table 3 presents the
“Win/Tie/Lose” statistics of our method in comparison with
multiple baseline methods on the multi-turn dialogue inter-
action task. The results indicate that our method exhibits
the most significant advantage over the vanilla baseline,
which does not incorporate any interaction history. More-
over, our method consistently outperforms other memory-



Ours vs Baseline Requirement Preference

Vanilla (w/olog)  478/29/319 480/18/328
Vanilla (with log) 447/33/346 452/22/352
RecurSum 421/29/376 439/18/369
ConditionMem 396/42 /388 413/19/39%4
MemoryBank 449 /33 /344  452/25/349

Table 3: Performance of the multi-turn dialogue interaction
task. We report the “Win/Tie/Lose” numbers of our method
compared to other baseline methods across all query topics.

Methods Accuracy
Vanilla 10.00
RecurSum (Wang et al. 2025) 10.00
ConditionMem (Yuan et al. 2025) 40.00
MemoryBank (Zhong et al. 2024) 23.33
Ours (M7 + Mp) 50.00
Ours (M) 40.00
Ours (Mp) 46.67

Table 4: Experimental results on the ‘“single-session-
preference” subset in LongMemEval (Wu et al. 2025b).

based methods across both requirement and preference un-
derstanding dimensions. These findings suggest that our pro-
posed dual-level heterogeneous memory modeling mecha-
nism is effective in multi-turn dialogue settings and holds
promise for improving user satisfaction in interactions. A
qualitative case study is provided in the Appendix to further
illustrate these outcomes.

While our method achieves strong overall performance,
it still incurs a non-negligible number of “Lose” cases in
the comparison with the vanilla baseline. We consider the
primary reason is that, although the User-LLM follows pre-
defined personas and dialogue actions, its utterances retain
some randomness, which may also be a factor that guides
Assistant-LLM responses toward varying content and affects
their evaluation. Nonetheless, despite the existence of this
factor, the overall trend clearly supports the effectiveness of
our method in improving multi-turn dialogue interaction.

Validation on External Dataset

To verify the generalizability of our method, we also con-
duct experiments on the “single-session-preference” sub-
set of LongMemEval (Wu et al. 2025b) since its scenario
is most similar to our PAL-Bench, with a focus on under-
standing user preferences. Besides, this dataset is in English,
which can evaluate the applicability of our method to differ-
ent languages. However, their data only contains dialogues
without logs. Therefore, we only employ the dialogue mod-
eling component (M + Mp) of our proposed H?Memory
framework in this experiment.

As shown in Table 4, combining both specific-level mem-
ory (M) and abstract-level memory (M p) achieves the best
performance and outperforms other approaches, demonstrat-
ing the generalizability of our method on external data be-
yond our PAL-Bench.
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Related Work

Long-term Dialogue Benchmarks. Recently, several long-
term dialogue benchmarks have been proposed to facilitate
research on personalized dialogue systems. Xu, Szlam, and
Weston (2022) construct a multi-session dialogue dataset
MSC by extending the Persona-Chat (Zhang et al. 2018).
Jang, Boo, and Kim (2023) build a multi-session dialogue
dataset CC, which includes relationships between dialogue
roles. In addition, SHARE (Kim, Park, and Chang 2024)
and LoCoMo (Maharana et al. 2024) construct long-term di-
alogue datasets featuring shared memory and multi-modal
histories, respectively. While the above works mainly fo-
cus on human-human interactions, some benchmarks also
address user-assistant interactions and evaluate different as-
pects of assistant capabilities. LongMemEval (Wu et al.
2025b) mainly focuses on the extraction and recall of user
facts from dialogue history, with only a small subset address-
ing user preferences. ImplexConv (Li et al. 2025) centers on
implicit reasoning over subtle information, and MapDia (Wu
et al. 2025a) aims to enable proactive topic-shifting by assis-
tants. However, these works overlook the subjective charac-
teristics of users, and they do not consider user behavior his-
tories in user-agent interaction settings. These are the main
differences from our proposed PAL-Bench.

Personalized Response Generation Methods. Personal-
ized response generation methods fall into three categories.
The first directly includes all user history in the prompt, but
this only works for models with long-context support and
often misses key personalized details. The second type is
memory parameterization (Ma et al. 2021; Zhang, Kim, and
Liu 2024; Zhang et al. 2024b; Liu et al. 2024), but such
methods cannot explicitly organize memory entries to han-
dle complex personalized scenarios, and they are unsuitable
for API-based LLMs since parameter fine-tuning is needed.
The third type constructs external memories and employs
retrieval-augmented generation (RAG) methods to enhance
generation (Lu et al. 2023; Zhong et al. 2024; Wang et al.
2024b; Yuan et al. 2025). Our work also falls into this type,
but unlike previous studies, we design a hierarchical and
heterogeneous memory structure for service-oriented user-
agent interaction scenarios.

Conclusion

In this work, we focus on personalized, long-term, service-
oriented interactions. To support research in this area, we
design a multi-stage data synthesis pipeline and construct
the first Chinese user-agent long-term interaction dataset,
PAL-Set. Building on this, we introduce a new evaluation
benchmark, PAL-Bench, aimed at assessing assistants’ abil-
ities to understand user requirements and preferences based
on long-term interaction histories. Additionally, we propose
a hierarchical and heterogeneous memory modeling frame-
work, H2Memory, to improve response generation in per-
sonalized dialogue settings. Experimental results demon-
strate the effectiveness of our proposed memory framework.
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