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Abstract

Textual user profiling is an effective paradigm
for LLM-based recommendation, but existing
methods usually treat profile generation as
a one-shot summarization problem. This
limitation becomes more severe in long-history
recommendation, where early preference
signals may be overcompressed and recent
behaviors may be overemphasized. We propose
LUPE, a Long-history User Profile Evolution
framework for LLM-based recommendation.
Instead of generating a static profile from
the full history, LUPE maintains a persistent
textual profile and updates it progressively over
temporally ordered interaction chunks. This
allows the model to preserve long-term pref-
erences while incorporating new behavioral
evidence. To learn how profiles should evolve,
LUPE optimizes a profile evolution policy via
reinforcement learning using feedback from a
frozen downstream LLM-based recommender.
This allows the model to directly align profile
updates with recommendation utility rather
than relying on heuristic or supervised profile
targets.  Experiments on Yelp, Amazon
CDs and Vinyl, and Amazon Books show
that LUPE consistently outperforms strong
baselines on both rating prediction and ranking
tasks. Further analyses show that explicit
profile evolution is especially helpful for
users with long and heterogeneous interaction
histories. = The code repository: https:
//github.com/LongHistoryProfile/long_
history_profile.

1 Introduction

Large language models (LLMs) have recently be-
come a promising paradigm for recommender sys-
tems due to their strong semantic understanding
and reasoning ability (Wang and Lim, 2023; Gao
et al., 2023; Bao et al., 2023; Xi et al., 2024; Ren
et al., 2024; Jiang et al., 2025). Compared with
traditional ID-based methods, LL.M-based recom-
mendation represents user preferences in natural

language, providing a more expressive and inter-
pretable basis for personalization. Prior work has
explored this direction through instruction tuning,
knowledge augmentation, representation learning,
and reinforcement learning-based alignment (Bao
et al., 2023; Jiang et al., 2025; Xi et al., 2024;
Ren et al., 2024; Gao et al., 2025; Lin et al., 2025;
Fang et al., 2025). Among these approaches, tex-
tual user profiling has emerged as an effective way
to connect LLLMs with personalized recommenda-
tion. Instead of directly feeding full interaction
histories into the model, user profiling summarizes
preference signals into a compact textual represen-
tation, improving both efficiency and interpretabil-
ity (Zhang, 2024; Wang et al., 2025). Prior studies
show that such profiles can substantially improve
personalization quality (Zhang, 2024; Wang et al.,
2025).

However, long-history user modeling remains
a key challenge for LLM-based recommendation.
In real-world systems, active users often accumu-
late hundreds of interactions over extended peri-
ods, making it difficult to encode the entire history
within a limited textual context. Long contexts
introduce redundancy and noise, weaken impor-
tant signals, and make it harder to identify which
past behaviors remain relevant (Xia et al., 2025;
Zhu et al., 2024; Lin et al., 2024). Even with ex-
tended context windows, full-history prompting
becomes increasingly costly and difficult to scale
across users.

This issue is evident in real-world datasets. For
example, in Amazon Books 2023 (Hou et al., 2024),
8,080 users have histories longer than 32k tokens
and 1,333 users exceed 128k tokens, making full-
history prompting impractical for large-scale de-
ployment. These statistics suggest that full-history
prompting can quickly become costly, making
budget-efficient serving and broad deployment in-
creasingly difficult as user histories grow longer.

This challenge is further compounded by the
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temporal nature of user preferences. User inter-
ests are not static: some preferences remain sta-
ble over time, while others gradually weaken or
newly emerge (Zhou et al., 2018, 2019; Pi et al.,
2020). Therefore, long-history recommendation
is not only a context-length problem, but also a
temporal modeling problem. In this setting, it is in-
sufficient to merely compress the full history once;
instead, the model should preserve enduring prefer-
ence signals while continuously incorporating new
behavioral evidence.

Existing methods only partially address this
challenge. LLM-based recommendation methods
mainly improve task alignment or profile genera-
tion (Bao et al., 2023; Jiang et al., 2025; Gao et al.,
2025; Lin et al., 2025; Yang et al., 2023; Zhang,
2024; Wang et al., 2025; Fang et al., 2025), while
lifelong behavior modeling methods focus on han-
dling long sequential histories through hierarchi-
cal search, retrieval, or incremental inference (Xia
et al., 2025; Zhu et al., 2024; Lin et al., 2024).
Although some prior work leverages downstream
recommendation signals to improve profile con-
struction, most existing approaches still treat user
representation as a static or one-shot summariza-
tion process. As a result, they do not explicitly
model how a user profile should be progressively
updated as new behaviors arrive over long histo-
ries, nor how such updates should be optimized for
downstream recommendation utility.

In this work, we formulate long-history user
modeling for LLM-based recommendation as a
profile evolution problem. Rather than viewing
a user profile as a one-shot summary, we treat it
as a persistent state that continuously evolves by
integrating new behavioral evidence while preserv-
ing stable long-term preferences. This perspective
shifts user modeling from static summarization to
a sequential decision process over evolving repre-
sentations.

Based on this idea, we propose LUPE, a Long-
history User Profile Evolution framework for LLM-
based recommendation. LUPE processes tempo-
rally ordered behavior segments and incrementally
updates the user profile in a stage-wise manner.
Instead of relying on predefined update rules or
supervised profile targets, LUPE learns a profile
evolution policy directly from downstream recom-
mendation feedback via reinforcement learning.
This enables the model to automatically balance
historical consistency with responsiveness to re-
cent user behavior, and to optimize profiles for

decision-relevant downstream utility. The resulting
evolved profile serves as a compact yet temporally-
aware representation that better preserves prefer-
ence signals relevant for recommendation. Experi-
mental results show that LUPE achieves strong and
consistent performance across multiple interaction-
based recommendation benchmarks, with particu-
larly clear gains in ranking and accuracy metrics.
Further analyses demonstrate that explicitly mod-
eling profile evolution and learning it from down-
stream feedback is especially beneficial for users
with long and heterogeneous interaction histories.
Our main contributions are summarized as follows:

* We introduce profile evolution as a principled
formulation for long-history LLM-based recom-
mendation, reframing user modeling as a sequen-
tial state update process rather than static profile
summarization.

* We propose LUPE, a reinforcement learning
framework that learns a profile evolution pol-
icy to update textual user representations from
downstream recommendation feedback, enabling
adaptive and utility-driven user modeling.

* We empirically demonstrate that LUPE con-
sistently achieves strong performance on long-
history recommendation benchmarks, and pro-
vide analysis showing its effectiveness for mod-
eling complex and heterogeneous user behavior.

2 Related Work

2.1 Long-History User Modeling for
Recommendation

Modeling long user histories is a central challenge
in recommendation. Early sequential methods such
as DIN (Zhou et al., 2018), DIEN (Zhou et al.,
2019), and SIM (Pi et al., 2020) model target-aware
interests and temporal dynamics, but mainly op-
erate on ID-based behavior sequences. More re-
cent LLM-based methods, including Rella (Lin
et al., 2024), LIBER (Zhu et al., 2024), and HiT-
LBM (Xia et al., 2025), introduce retrieval, summa-
rization, or hierarchical chunking to improve long-
sequence behavior understanding. PersonaX (Shi
et al., 2025), PURE (Bang and Song, 2025), and
Locate-Forget-Update (Liu et al., 2025a) further
consider segmented histories, continuous profile
maintenance, or representation adaptation under
preference shifts. However, these methods mainly
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focus on behavior understanding, profile mainte-
nance, or representation updating, rather than ex-
plicitly modeling how a textual user profile should
be progressively updated over long interaction his-
tories.

2.2 Profiles in Recommendation

User profiles are a classical tool for personal-
ized recommendation. Early methods relied on
structured or hand-crafted profile attributes, such
as CRESDUP (Chen et al., 2007) and UPC-
Sim (Widiyaningtyas et al., 2021). Recent LLM-
based approaches move toward natural-language
profile generation, including PALR (Yang et al.,
2023), KAR (Xi et al., 2024), Guided Profile Gen-
eration (Zhang, 2024), and End-to-end Training
for Recommendation with Language-based User
Profiles (Gao et al., 2024). These methods high-
light the value of semantic user representations, but
mainly focus on profile construction or optimiza-
tion rather than profile updating under long and
evolving histories.

2.3 Reinforcement Learning for LLM-based
Recommendation

Recent studies also explore reinforcement learn-
ing to align LLM-based recommendation with
downstream recommendation objectives. Let-
tinGo (Wang et al., 2025) improves user profile
generation with downstream feedback, while Re-
cLM (Jiang et al., 2025), Rec-R1 (Lin et al., 2025),
and SPRec (Gao et al., 2025) apply reinforcement
learning to recommendation instruction tuning,
closed-loop policy learning, and self-play-based
debiasing, respectively. DUET (Chen et al., 2026)
further incorporates reinforcement learning into
joint user-item profile optimization. These meth-
ods demonstrate the effectiveness of downstream
RL supervision, but focus on optimizing profile
generation or recommendation behavior rather than
the progressive evolution of user profiles over long
histories. In contrast, our method treats profile
updating as a sequential evolution process, progres-
sively refining a textual user profile over history
chunks and optimizing this process with GRPO.

3 Method

3.1 Problem Setup

For each user u, let the chronological interaction
history be

Hu - {T15T27 cee )TT})

where r; denotes the ¢-th review interaction con-
taining review text and rating. For notational sim-
plicity, we omit the user index u, and all variables
are defined with respect to an individual user.

To model long histories progressively, the se-
quence is partitioned into chronological interaction
chunks, each corresponding to one stage of profile
updating:

R = {T(S—I)K+la R 7TSK}7

where K is the chunk size. At stage s, the model
maintains a textual profile state P;_; and updates
it as

PS = f@(PS—lvRS)'

To evaluate profile quality, each chunk is asso-
ciated with the next interaction. If R ends at step
sK, the target item 75 and rating ys correspond to
interaction 75x 1. The evolved profile P; together
with the target item is used by a downstream predic-
tor to estimate ¢/, which provides the reward signal
for training. The goal is to learn a profile evolution
policy that progressively updates user profiles to
better support downstream recommendation.

3.2 Long-history User Profile Evolution

Figure 1 illustrates the overall framework of LUPE.
We formulate long-history user modeling as a fex-
tual profile evolution problem. Instead of gener-
ating a static profile from the entire interaction
history, LUPE maintains a persistent textual pro-
file that evolves as new behavioral evidence arrives.
This recursive formulation allows the model to cap-
ture long interaction histories while maintaining a
compact representation of user preferences.

At stage s, the model receives the existing profile
state Ps_; together with the newly observed inter-
action chunk 75 and generates an updated profile
P, = fo(Ps—1, Rs), where fy denotes the profile
evolution model. At each stage, the model updates
the existing profile by integrating newly observed
interactions, allowing the profile to progressively
accumulate long-term preference signals while in-
corporating recent behavioral evidence. Concep-
tually, the profile functions as a persistent prefer-
ence state whose evolution is modeled in natural
language space. Figure 2 shows an example of a
single profile evolution process.
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Title: The Girl on the Train
Rating: 5%

Description: A psychological
thriller with unreliable
harration...
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... The user strongly prefers suspenseful
psychological thrillers with twists and values
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LUPE: Long-History User Profile Evolution

J

Figure 1: Overview of LUPE. Given a long interaction history, LUPE partitions the sequence into chronological
interaction chunks. The user profile is treated as a persistent textual state that evolves sequentially over these chunks.
At each stage, the profile evolution model generates candidate profile updates, which are evaluated by a frozen
downstream predictor to produce reward signals for reinforcement learning.

A key challenge is determining how the pro-
file should evolve when new behavioral evidence
arrives. Since there is no ground-truth target pro-
file and surface-level textual similarity does not
necessarily reflect recommendation utility, LUPE
learns the profile evolution policy directly from
downstream recommendation feedback via rein-
forcement learning.

To provide such feedback, we employ a frozen
LLM-based recommendation model, referred to
as the downstream predictor, instantiated using
Qwen3-8B in an instruction-following setting.
Given a user profile and a target item description,
the model predicts the rating that the user would
assign to the item and outputs it in a structured
<rating> format. The predictor operates in a zero-
shot manner without task-specific fine-tuning, and
item descriptions are constructed from available
metadata such as titles and textual attributes. To
ensure numerical stability, we constrain the output
format and enforce two-decimal precision. We em-
pirically observe that the predictor produces stable
and consistent outputs under a fixed prompt tem-
plate, enabling reliable rewards during training. De-
tails of the predictor are provided in Appendix A.2.

Specifically, for each training instance, the
model samples a group of candidate updated pro-
files

{ﬁs(g)}?zl ~ fH(Ps—h R$)7

where G denotes the group size. Each candidate
profile is evaluated by the downstream predictor

Qgg) = g¢(ﬁs(g),ls)7

which estimates the rating that the user would as-
sign to the target item.

We define the reward based on rating prediction
accuracy

~(9)
9 Z 1 |ys — 9s |7

M

where y; is the ground-truth rating and M denotes
the maximum rating gap (e.g., M = 4 for a 1-5
rating scale). This formulation yields rewards in
the range [0, 1], where higher values correspond to
more accurate predictions.

Although the same downstream predictor is used
for both training and evaluation, it remains strictly
frozen throughout the entire process. The evolu-
tion model only observes scalar reward signals and
has no access to the predictor’s internal states or
gradients, preventing direct overfitting to the evalu-
ator. Instead, it must improve the informativeness
of the generated profiles so that they better support
downstream recommendation. Moreover, since the
predictor operates solely on the textual profile and
item description, useful preference signals must be
explicitly encoded in the profile rather than relying
on prompt-specific artifacts.
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Prompted State-Update Input

#i## Task

First, explain what is retained, strengthened, weakened,
added, and ignored. Then update the user’s preference
profile by integrating recent reviews with the existing
long-term profile.

#it# Existing User Profile (long-term)

{...The user prefers psychological thrillers with strong
suspense and tension. They also show some interest in
slower literary fiction. Their ratings are often high for
immersive and emotionally engaging books...}

### Recent User Reviews (most recent last)

{

Gone Girl (5x): “Sharp tension, very addictive.”

The Silent Patient (4%): “Strong suspense and atmosphere,
ending was clever.”

The Girl on the Train (5%): “Twisty, tense, and hard to put
down.”

J LUPE Profile Evolution Model |

Structured State-Update Output

<reason>

Retain: stable preference for psychological thrillers.
Strengthen: interest in suspenseful, twist-driven plots.
Weaken: earlier tendency toward slower literary fiction.
Add: appreciation for atmospheric storytelling.

Ignore: isolated weak details with little cross-review support.
</reason>

<user_profile>

The user strongly prefers psychological thrillers with sus-
penseful, twist-driven plots. They value tension, immersive
pacing, and atmospheric storytelling. Interest in slower liter-
ary fiction appears less prominent in recent behavior.
</user_profile>

Figure 2: A single profile evolution step in LUPE. The
model updates the existing textual profile using a newly
observed review chunk through explicit reasoning.

Following GRPO, rewards within each candidate
group are normalized to compute advantages, and
the evolution policy is updated accordingly. This
continuous reward signal enables the model to cap-
ture incremental improvements in profile quality
and supports stable learning of the profile evolu-
tion policy. See Appendix A.1 for the full training
algorithm.

4 Experiment

4.1 Experimental Settings

Datasets. We conduct experiments on three review-
based recommendation datasets: Amazon Books,
Amazon CDs and Vinyl, and Yelp. For Amazon,
we use the Amazon Reviews 2023! (Hou et al.,

"https://amazon-reviews-2023.github.io/

Dataset Split #User #Review Len Range AvgLen
Train (ID) 3,798 656346  [100,499]  172.81

Yelp Test (ID) 422 72,734 [100,490]  172.36
Test (OOD) 145 111,068  [502,3048]  765.99

Amazon CDs 11 (D) 920 153,818  [100,497]  167.19

an‘g“é;’n“yl S Test (ID) 102 16736  [102,401]  164.08
Test (OOD) 34 24387 [513,1912]  717.26
Train (ID) 5283 928,799  [100,499]  175.81

Amazon

Boos Test (ID) 587 105,036  [100,493]  178.94
Test (OOD) 238 179,781  [500,3134]  755.38

Table 1: Dataset statistics for the in-distribution (ID)
and out-of-distribution (OOD) settings.

2024) 5-core Books and CDs and Vinyl subsets.
For Yelp, we use the Yelp Open Dataset.” To study
long-history recommendation, we retain users with
at least 100 interactions. Users with history lengths
in [100, 500) form the in-distribution (ID) setting,
where users are split into training and test sets with
a 9:1 ratio at the user level. We further construct
an out-of-distribution (OOD) test set using users
with at least 500 interactions, enabling evaluation
on much longer histories. Detailed dataset statistics
are reported in Table 1.

Evaluation Protocol and Metrics. We evaluate all
methods under a rolling user-history protocol. For
each test user, evaluation instances are constructed
every 10 interactions in chronological order. At
each step, only interactions before the target are
used as history. Based on the observed history, each
method builds a user profile, which is fed into the
downstream predictor to estimate the target rating;
the predicted score is then used for ranking.

For rating prediction, we report three widely
adopted metrics (Wang et al., 2025; Fang et al.,
2025): MAE, RMSE, and Accuracy. Since the pre-
dictor outputs continuous ratings with two-decimal
precision, we define Accuracy with a tolerance
threshold: a prediction is correct if its absolute
error is no greater than 0.5.

For ranking evaluation, each target interaction is
paired with a candidate set containing the ground-
truth item and 9 negative items, following re-
cent LLM-based recommendation studies such as
AgentCF (Zhang et al., 2024) and AgentCF++ (Liu
et al., 2025b). The negatives are sampled from a
hard-negative pool constructed by EASE (Steck,
2019). Candidate items are ranked by predicted
scores, and we report NDCG@ [/5/10. This pro-
tocol serves as a controlled ranking evaluation

2https://business.yelp.com/data/resources/
open-dataset/
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for comparing profile construction methods under
the same candidate set, while Appendix B.2 fur-
ther reports an industrial-style top-100 retrieval-
then-reranking evaluation using Swing (Yang et al.,
2020).

Baselines. We compare with representative base-
lines covering direct history modeling, LLM-based
representation learning, profile generation, and
explicit reasoning. All History Rating uses the
full interaction history without explicit profiling.
KAR (Xi et al., 2024) incorporates LLM-extracted
user/item knowledge, while RLMRec (Ren et al.,
2024) learns semantic representations from re-
views and aligns them with collaborative signals.
PALR (Yang et al., 2023) formulates recommenda-
tion as language-based ranking; LettinGo (Wang
et al., 2025) optimizes profiles generated from re-
cent interactions; and Reason4Rec (Fang et al.,
2025) performs multi-step reasoning over user his-
tory. All methods use the same rolling protocol
with their original history settings: full history for
All History Rating, KAR, RLMRec, and PALR, re-
cent 70 interactions for LettinGo, and recent 10
interactions for Reason4Rec.

4.2 Main Results

Table 2 presents the main results of our method and
the baselines on in-distribution datasets. We use
Qwen3-8B (Team, 2025) as the backbone model
for profile generation and downstream prediction.
Detailed GRPO training settings are summarized
in Appendix C.1.

Strong overall results. LUPE demonstrates strong
performance across all datasets, with particularly
consistent gains in Accuracy and ranking metrics.
On the Book dataset, LUPE achieves 55.98% Ac-
curacy, surpassing LettinGo (Wang et al., 2025) by
5.60 points. On Yelp, it further improves Accuracy
to 40.08%, again outperforming the strongest base-
lines by clear margins. On Amazon CDs and Vinyl,
although LettinGo achieves slightly better MAE
and RMSE, LUPE attains the highest Accuracy
and competitive ranking performance, indicating
improved utility for recommendation scenarios.
Better than structured and reasoning-based
baselines. Compared with representative base-
lines such as KAR (Xi et al.,, 2024) and Rea-
son4Rec (Fang et al., 2025), our method consis-
tently provides stronger prediction results. On
Book, for example, our method reduces MAE to
0.5525, compared with 0.7752 for KAR and 0.7036
for Reason4Rec, while also achieving the best Ac-

curacy. This suggests that our method captures
user preference signals more effectively than ap-
proaches based on predefined knowledge structures
or explicit multi-step reasoning.

Clear advantages in ranking. The improvement
is even more evident in downstream ranking. Our
method achieves the best NDCG@1/5/10 on all
three datasets, with the largest gains appearing
on Book. For instance, NDCG@1 improves from
0.3566 with LettinGo to 0.5962, and NDCG@10
rises from 0.6122 to 0.7704. These results indi-
cate that the learned profiles are more effective at
distinguishing the true target item from hard neg-
atives, leading to better ranking quality in down-
stream recommendation. Appendix B.2 further
shows that LUPE remains effective in an industrial-
style top-100 retrieval-then-reranking setting using
Swing (Yang et al., 2020).

4.3 Ablation Study

Effect of reinforcement learning. We compare
the full model with w/o RL, which removes reward-
based optimization. As shown in Table 3, reinforce-
ment learning consistently improves downstream
performance on all three datasets, especially in
Accuracy and ranking metrics. The gain is particu-
larly clear on Amazon CDs and Vinyl and Amazon
Books, where Accuracy improves by more than 10
points, while Yelp also shows a notable increase
from 35.25% to 40.08%. Similar trends are ob-
served on ranking performance.

Effect of Backbone Scale. We further analyze
the effect of model scale on the CD dataset by ap-
plying our method to Qwen3-4B, Qwen3-8B, and
Qwen3-14B. Table 4 shows that backbone scale af-
fects downstream performance, with larger models
generally providing stronger profile evolution and
reasoning ability. The improvements, however, are
not strictly linear, suggesting diminishing returns
at higher scales.

Effect of history chunk size. We evaluate chunk
sizes of 5, 10, and 20 on Amazon CDs and Viny],
with each model trained under its corresponding
chunk size and tested under the same protocol. Ta-
ble 5 shows that chunk size 5 achieves the best Ac-
curacy and NDCG@1/5/10, indicating that more
frequent updates better preserve decision-relevant
preference signals. In contrast, chunk size 20 per-
forms worse, suggesting that overly coarse updates
weaken profile evolution.

Cross-evaluator robustness. We evaluate LUPE
with a different frozen predictor, Llama-3 8B, on
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Method Yelp Amazon CDs and Vinyl Amazon Books

MAE RMSE Acc(%) N@1 N@5 N@10 MAE RMSE Acc(%) N@1 N@5 N@10 MAE RMSE Acc(%) N@1 N@5 N@10
All History Rating 1.1650 1.4758 30.36  0.1223 0.2379 0.4324 09835 1.3666 2790  0.1542 0.3509 04975 1.0263 1.3132 20.79  0.1530 0.3507 0.4927
KAR 0.8593  1.1032 34.33 0.1983 0.3396 0.4638 0.7456 1.0740 3791 0.1244 0.3117 0.4680 0.7373 0.9531 40.24  0.1786 0.4065 0.5356
RLMRec 0.9536  1.2214  30.04 0.1536 0.2964 0.4392 0.8065 1.1547  39.89  0.1805 0.3263 0.5187 0.7708 0.9945 3694 0.2257 04674 0.5723
PALR 1.0890 13765 2522  0.1655 0.3066 0.4749 0.8530 1.1798 3563 0.2355 0.3695 0.5242 0.8244 1.0774 3453  0.1928 0.4309 0.5371
LG 0.9134 12583 3506 02167 0.3691 0.5089 0.6037 0.9697 50.16  0.2512 0.3898 0.5371 0.6041 0.9006 50.38 0.3566 0.4987 0.6122
R4Rec 0.9093 1.2672 36.15 0.1812 0.3274 0.4624 0.6980 1.0446 47.55 02218 0.3359 0.5529 0.7036 1.0409 48.43 0.2607 0.4274 0.5468
Ours 0.8287 1.1373  40.08  0.2278 0.4579 0.5478 0.6144 1.0325 55.14  0.2967 0.4843 0.5919 0.5525 0.9233 5598 0.5962 0.7168 0.7704

Table 2: Main results on Yelp, Amazon CDs and Vinyl, and Amazon Books. Baselines include KAR (Xi et al.,
2024), RLMRec (Ren et al., 2024), PALR (Yang et al., 2023), LG (Wang et al., 2025), and R4Rec (Fang et al., 2025).
For rating prediction, lower MAE/RMSE and higher Acc indicate better performance. For ranking evaluation,
higher N@1/5/10 indicates better performance, where N@K denotes NDCG@K. Best results are shown in bold.

Method Yelp Amazon CDs and Vinyl Amazon Books
MAE RMSE Acc(%) N@1 N@5 N@10 MAE RMSE Acc(%) N@1 N@5 N@10 MAE RMSE Acc(%) N@1 N@5 Ne@10
w/oRL 0.8438 1.0954 3525 02084 0.3519 0.5023 0.7084 1.0131 4398 0.1605 0.3536 0.4979 0.7285 09734 41.74 02324 04231 0.5469

Ours 0.8287 1.1373  40.08  0.2278 0.4579 0.5478 0.6144 1.0325 55.14 0.2967 0.4843 0.5919 0.5525 0.9233 5598 0.5962 0.7168 0.7704

Table 3: Effect of reinforcement learning on Yelp, Amazon CDs and Vinyl, and Amazon Books. “w/o RL” removes
reward-based optimization from the profile controller. N@K denotes NDCG@K. Best results are shown in bold.

Backbone  MAE RMSE Acc(%) Nel Nes Neiw 4.4 Out-of-Distribution Analysis on
Qwen3-4B 06159 1.0551 5289 02490 04909 05778 History-Length Dynamics
Qwen3-8B 06144 10325 5514 02967 04843 05919

Qwen3-14B  0.6299 09961 5630  0.2895 0.5261 0.6171

Table 4: Effect of backbone scale on the Amazon CDs
and Vinyl dataset. N@K denotes NDCG@K.

We further analyze how rating prediction accuracy
varies with user history length on Yelp, Amazon
CDs and Vinyl, and Amazon Books. This analysis
is conducted on the out-of-distribution (OOD) test

dfll:::?;yze MAE RMSE Acc(%) N@l N@s Nelo §pht, w.hose users all have at least 500 historical
interactions. For each user, we also evaluate accu-
5 06139 11329 6168 03074 05649 0.6213 : .
r ry 10-th interaction h -th
10 0614 10325 5514 02967 04843 05010 oY at every 0-th interaction step up to the 500 t
20 06775 10820 5352 02506 04154 05557  interaction. The full OOD results are reported in

Table 5: Effect of history chunk size on the Amazon
CDs and Vinyl dataset. N@K denotes NDCG@K.

Appendix Table 7. For each history length, we aver-
age accuracy over all corresponding test instances.
To improve readability, we smooth the raw curves
using a centered running average with window size

Method MAE RMSE Acc(%) N@l N@5 Nelo
All History Rating 08192 12924 2677 01431 03397 04483 10.

KAR 07456 10082 3665  0.1934 03898 0.4462 . L

RLMRec 07665 10568 3887 01710 03705 0.5441 Figure 3 shows that our method maintains the
PALR 08372 11452 3673 02538 03834 0.5506 .

LettinGo 0.6532 09432 4839 02704 04192 05272 strongest overall trend across most history lengths
Reason4Rec 07754 10736 4298 02392 03046 0.5474 : : :

Ours 06838 09867 5296 03294 04934 03748 on all three datasets. This advantage is especially

Table 6: Cross-evaluator robustness on the Amazon CDs
and Vinyl dataset using a different frozen downstream
predictor, Llama-3 8B. N@K denotes NDCG@K. Best
results are shown in bold.

Amazon CDs and Vinyl, while keeping the gen-
erated profiles and rolling protocol unchanged.
As shown in Table 6, LUPE remains the best-
performing method, improving over the strongest
baseline by 4.57 Accuracy points and 0.0590 /
0.0742 / 0.0242 in NDCG@1/5/10. This indi-
cates that LUPE’s gains are not tied to the original
Qwen3-based evaluator and transfer across frozen
predictors.

clear on Amazon Books, where our method stays
above the baselines for nearly the entire trajectory.
On Amazon CDs and Vinyl, it also achieves the
best overall curve, while LettinGo and Reason4Rec
are only competitive in limited local segments. On
Yelp, although all methods fluctuate more, our
method remains at or near the top for most his-
tory lengths. We also observe that Reason4Rec
shows larger oscillations, especially at longer his-
tories, consistent with its reliance on only the most
recent 10 interactions. Similarly, LettinGo tends
to decline in the later part of the trajectory, likely
because it only uses the most recent 70 interactions
and thus cannot fully preserve longer-range pref-
erence signals. We note that the OOD trends are
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Figure 3: Accuracy across different user history lengths under the rolling evaluation protocol.
R S PP s S P PP .
User History i Target Item - Generated Profile & Prediction
) i g R
Review#25 i i LettinGo (Recent 70 reviews only)
Item Title: McGillin's Olde Ale House | | ) ina:
Rating: 5.0, excellent cheap bar with ! ! Predlchoa? R(l'l'lf'lg" ZSTX . .
they have daily specials, tues is the best with 35 | ! ! ..The user is sensitive to overpriced experiences and
cent amazing wings and dollar mugs ... weds is 50 | ! poyiew#281 ! places that are not transparent about pricing. Negative

cent tacos, mon is half priced pizza, really good
specials. food is excellent ...

Review#68

[
1
1
1
1
1
1
1
i
! | Item Title: The Pour House - Westmont ! i Y-
| | Rating: 4.0, , always crowded, get | ! Original Review:
| | there early or make reservations ... met up for

; | drinks and light food, started with the pretzel

. | bites which are very cheaply priced ... really good

! | beer cheese ...

1

1

1

1

1

1

1

1

Review#277

Item Title: Pappou's Pizza Pub

Rating: 1.0, the prices on the physical menu that
you're handed don't match the prices that
you're charged at the end of the meal. our

i your sauces less spicy ...

1
server ... should have told us that before !
ordering. !

1
|

E Item Title: Applebee's 6rill + Bar
i Ground-truth Rating: 4.0

i always solid. fast, fresh food.

i friendly servers. good specials,
i good draft list, half priced

| appetizers are a must. only

| negative is you guys have to make ;

! reactions are more likely when pricing details feel

! misleading or when service communication creates

! frustration. Price fairness, service transparency, and

! expectation mismatch remain prominent factors in the
: user's profile...

g U
1

! Prediction Rating: 4.12

!"...The user maintains a generous and consistent rating

; tendency, ggner‘al ly appreciating good service and food,
; low price, with a preference for friendly, reliable, and

; clean establishments. The user responds favorably to

; places that provide satisfying , smooth

; service, and a welcoming overall experience. Good value,
; dependable service, and a positive dining atmosphere

; remain stable signals... K

Figure 4: Case study from Yelp.

based on smoothed curves and primarily serve as
qualitative evidence.

4.5 Case Study

We present representative case studies from all
three datasets.
Yelp. Figure 4 presents a late-stage target item,
review #281 (Applebee’s Grill + Bar), whose key
preference signals occur much earlier. Reviews
#25 and #68 reveal stable preferences for food
quality, drinks, specials, and value, while recent
review #277 adds a negative short-window signal
about pricing and service transparency. LettinGo
is biased by this recent negative evidence and un-
derestimates the target item, whereas our method
preserves the long-term preference signals and pre-
dicts closer to the ground truth.

Additional representative case studies are pro-
vided in Appendix B.3.

4.6 Training Dynamics and Token Efficiency

Training Dynamics. We train LUPE separately
on each dataset using the same procedure. Taking
Amazon CDs and Vinyl as an example, the training

split contains 920 users and 153,818 interactions,
with history lengths ranging from 100 to 497 (av-
erage 167.19). Training is conducted segment by
segment, where each segment corresponds to one
pass over the training users. We use Qwen3-8B
as the policy model and train with 4 x A100 80GB
GPUs. Each segment takes about 1 hour, and train-
ing becomes largely stable after around the fifth
segment. Figure 5 shows the training curves on
Amazon CDs and Vinyl: the reward rises quickly
in the early segments and then stabilizes at a high
level, while the KL loss first increases and then
gradually settles into a smoother range, indicating
stable RL optimization under KL regularization.

0.925
0.900 [ \ { 0.03
0.875 I

©0.8501;

5
£0.825 l

It

MM‘J"‘J
£ 0.800 '
0.775 ‘

001 . NV}"’"
0.750

0.725 0.00¢7
25 50 75 100125150175200 50 100 150 200
Step Step

|
1

Figure 5: Training curves on Amazon CDs and Vinyl.
Left: reward. Right: KL loss.
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Input Token Multiples Compared to Ours
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Figure 6: Input token multiples compared to LUPE as
history length increases.

Input Token Efficiency. We compare input to-
ken costs under the rolling evaluation protocol. As
shown in Figure 6, full-history prompting grows
nearly linearly and exceeds 40X the cost of LUPE
at longer horizons, while LettinGo is still about
4—6x more expensive despite truncation. By pro-
cessing only one interaction chunk plus a compact
profile state, LUPE keeps input size nearly con-
stant and requires only 1298.61 tokens on average,
showing better scalability for long-history recom-
mendation.

5 Conclusion

In this paper, we presented LUPE, a long-history
user profile evolution framework for LLM-based
recommendation. Instead of treating user profiling
as a one-shot summary over the full interaction his-
tory, LUPE models user preference as a persistent
textual profile that is progressively updated over
chronological interaction chunks. This provides a
scalable way to handle long and diverse histories
while preserving temporal coherence.

A key aspect of LUPE is that profile updating is
directly optimized with downstream recommenda-
tion performance. At each stage, the model updates
the previous profile state using the newly observed
interaction chunk, and reinforcement learning en-
courages profile transitions that lead to better rec-
ommendation outcomes. As a result, the learned
profile can preserve stable long-term preferences
while adapting to newly emerged interests.

Experiments on multiple real-world interaction-
based recommendation benchmarks show that
LUPE consistently achieves strong performance
on both rating prediction and ranking tasks. The re-
sults suggest that explicit profile evolution is more
effective than static profile generation for long-
history recommendation, especially when user his-
tories are long and heterogeneous.

Limitations

Our study has several limitations. First, LUPE
introduces higher training complexity than one-
shot profiling methods, since it requires staged
profile updates and reinforcement learning opti-
mization. Second, our experiments are conducted
on interaction-based recommendation datasets, so
its generalization to other settings, such as sparse
implicit-feedback or multi-domain scenarios, still
needs further validation. Third, the profile evolu-
tion model is optimized with a frozen downstream
recommender, which helps isolate the effect of pro-
file quality but may limit adaptability to other rec-
ommendation architectures. Finally, the current
method uses a fixed history segmentation strat-
egy, which may not always align with real pref-
erence shifts. Exploring lighter training schemes,
broader evaluation settings, and more adaptive up-
date mechanisms is an important direction for fu-
ture work.
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A Supplementary Method Details
A.1 Training Algorithm

Here we provide the full training procedure of
LUPE, described in Algorithm 1.

A.2 Frozen Downstream Rating Predictor

The downstream predictor is a frozen LLM-based
rating estimator instantiated with Qwen3-8B. It
takes as input the evolved textual user profile to-
gether with the target item information, including
the item title and description, and predicts the rat-
ing that the user would assign to the target item.

We implement the predictor using prompted gen-
eration. The model is instructed to output exactly
one <rating> tag containing a numeric score be-
tween 1.00 and 5.00. To support fine-grained re-
ward comparison in reinforcement learning, we
require the predictor to return ratings with two-
decimal precision. This continuous-valued output
allows the reward to distinguish incremental dif-
ferences in prediction error, rather than collapsing
them into coarse integer-level matches.

Algorithm 1 LUPE Training

Require: Training user set Uyqin; profile evolu-
tion model fy; frozen downstream predictor
g¢; chunk size K; group size G; batch size B
Ensure: Trained profile evolution model fy
1: Initialize all user profiles in Uy;ain as empty
2: s+ 1
3: while U in # @ do
4: for each mini-batch B C Uy, ,in with |B] =
B do

5: R5 < the s-th history chunks of users
inB
iB < the next target items after R>
7: ySB < the corresponding ground-truth
ratings
8: PS¢  fy(PB | RE)
9: ySB,lzG “ g¢(f)83,1:G’ 1?’)
10: rewardf’lzG —1-— 7‘3'?_]5;’;’10'
11 6 « GRPO(f, ro)
12: end for
13: P, « fo(Ps—1,Ry)
14: Remove users that do not have a valid (s+
1)-th target interaction from U, ain
15: s+—s+1

16: end while
17: return fy

The predictor remains fixed throughout both
training and inference. As a result, improvements
in downstream prediction performance can be at-
tributed to better user profile evolution rather than
changes in the evaluator itself.

Figure 7 illustrates the simplified prompting
structure used by the frozen rating predictor.

B Additional Analysis

B.1 Results on the Out-of-Distribution Split

We report the full results on the out-of-distribution
(OOD) split in Table 7.

B.2 Industrial-Style
Retrieval-then-Reranking Evaluation

To complement the controlled hard-negative rank-
ing protocol used in the main experiments, we
further evaluate LUPE in an industrial-style two-
stage retrieval-then-reranking setting. Specifically,
we first use Swing (Yang et al., 2020), an item-
to-item similarity-based retrieval method used in
large-scale e-commerce recommendation systems,
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Method Yelp

Amazon CDs and Vinyl Amazon Books

MAE RMSE Acc (%) MAE RMSE Acc (%) MAE RMSE Acc (%)
All History Rating 1.0671 1.5009 28.53 0.5798 1.2439 29.47 0.7671 1.0086 38.53
KAR (Xi et al., 2024) 0.8083 1.0317 38.34 0.7151 0.9694 42.53 0.7296 0.9259 41.04
RLMRec (Ren et al., 2024) 0.9138 1.1799 34.05 0.7887 1.0431 34.44 0.7594 0.9637 38.29
PALR (Yang et al., 2023) 1.0021 1.2801 28.64 0.7938 1.0423 31.33 0.7435 0.9407 37.80
LettinGo (Wang et al., 2025) 0.7482 0.9630 42.09 0.6345 0.9888 51.43 0.6681 0.9804 49.02
Reason4Rec (Fang et al., 2025) 0.8093 1.0672 38.15 0.6980 1.0090 46.88 0.7457 0.9409 42.34
Ours 0.7482 0.9981 43.86 0.6030 0.9570 58.99 0.6332 0.8617 51.92

Table 7: Main results on the out-of-distribution (OOD) split. The OOD split contains users with substantially longer
histories than those in the training set. Lower MAE/RMSE and higher Acc indicate better performance. Best results

are shown in bold.

Method Yelp Amazon CDs and Vinyl Amazon Books

N@1 N@5 N@10 MRR N@1l N@5 N@10 MRR N@1 N@5 N@10 MRR
All History Rating 0.0365 0.0587 0.0914 0.0631 0.0359 0.0690 0.0845 0.0810 0.0594 0.0827 0.1208 0.1051
KAR (Xi et al., 2024) 0.0308 0.0766  0.1072  0.0863 0.0362 0.0854 0.1176  0.1090 0.0713  0.1121 0.1805 0.1371
RLMRec (Ren et al., 2024) 0.0513  0.1217 0.1577 0.1372 0.0380  0.1190 0.1627  0.1367 0.0680  0.1226  0.1960  0.1598
PALR (Yang et al., 2023) 0.0959 0.1447 0.2035 0.1846 0.0806  0.1458 0.1949 0.1576 0.1598 0.1870  0.2268  0.1968
LettinGo (Wang et al., 2025) 0.1219  0.1996  0.2409  0.2051 0.1436  0.1919 0.2193  0.2070 0.1825 02249 0.2757 0.2564
Reason4Rec (Fang et al., 2025)  0.0830  0.1185 0.1702  0.1477 0.1031  0.1289  0.1990  0.1406 0.1230  0.1494  0.2056  0.1661
LUPE 0.1309 0.2035 0.2528 0.2171 0.1542  0.2118 0.2335  0.2203 0.1881 0.2342 0.2942  0.2746

Table 8: Industrial-style retrieval-then-reranking evaluation on Yelp, Amazon CDs and Vinyl, and Amazon Books.

N@K denotes NDCG@K. Best results are shown in bold.

Prompted Rating Prediction Input

#it# Task

Predict the rating (1.00-5.00) that the user would give
to the target item based strictly on the user profile and
item information. Output exactly one <rating> tag with
two-decimal precision.

#i## User Profile
{...The user strongly prefers psychological thrillers with
suspenseful, twist-driven plots and immersive pacing...}

#it# Item

Title: The Silent Patient

Description: A psychological thriller featuring suspense,
tension, and a strong twist ending.

| FROZEN RATING PREDICTOR |

Structured Rating Output
<rating>4.27</rating>

Figure 7: Prompted downstream rating prediction in
LUPE. The frozen predictor receives the evolved textual
user profile together with the target item information and
outputs one continuous rating in a constrained <rating>
format.

to retrieve a top-100 candidate set for each tar-
get interaction. Then, each method reranks the
retrieved candidates using its constructed user pro-
file or history representation and the same frozen
downstream predictor. Since this remains a single-
positive evaluation setting, we additionally report
MRR to directly measure the rank position of the

ground-truth item. Results are shown in Table 8.

Table 8 shows that LUPE remains effective
under the industrial-style retrieval-then-reranking
setting. Across all three datasets, LUPE consis-
tently achieves the best NDCG@1, NDCG@5,
NDCG@10, and MRR. The gains on NDCG@1
and MRR are particularly important because the
evaluation follows a single-positive ranking setup,
where the rank position of the ground-truth item
directly reflects top-rank recommendation quality.
These results indicate that the evolved user profile
is not only useful in the controlled hard-negative
protocol, but also helps place the ground-truth item
near the top of a retrieved top-100 candidate list.
Overall, this suggests that LUPE can naturally
serve as a profile-aware reranking component in
candidate-generation-plus-reranking recommenda-
tion systems.

B.3 Case Study

Amazon CDs and Vinyl. Figure 8 shows a late-
stage target item (#181, Homecoming: Live In Or-
lando) whose key signal is not simply whether the
user is generally positive, but whether a release is
judged as truly exceptional or merely strong. Ear-
lier reviews already reflect this distinction. In re-
view #21, the user emphasizes polished production
and memorable large-scale sound, while review
#78 explicitly states that an album is enjoyable
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1
User History i Target Item

j Review#21

Item Title: The New Earth

Rating: 5.0, this album captures a very uplifting
and expansive sound, and it feels ambitious in
both concept and execution. the arrangements
are rich, the ,and the
music has a sense of scale that makes it
memorable ...

eview#78

Item Title: A Christmas Celebration

Rating: 4.0, this is enjoyable and well produced,
but it does not quite reach the same level as the
strongest albums in the collection, the
performance is solid and appealing, though not
especially exceptional in the long run ...

| Review#176

Ltem Title: Worship

Rating: 6.0, this is a strong live recording with
energetic performance and emotional presence.
the album works especially well in capturing
atmosphere and audi tion, and it
stands out as one of the more memorable recent
releases from this group ...

é Review#181

; Orlando

i Orlgmal Review:

]
1
1
1
1
1
1
1
|
1
1
|
1
1
1
1
1
|
1
1
|
1
1
1

; Ltem Title: Homecoming: Live In
i Ground-truth Rating: 4.0

; this live album is enjoyable and
well executed, with strong
musncnl energy and a polished
over'all presentation. however,
; ! while it is clearly a good release,
; it does not feel as distinctive or
; outstanding as the very best
; entries in the discography ...

________ R R it R

i Generated Profile & Prediction

.
i LettinGo (Recent 70 reviews only)
i Prediction Rating: 5.00%

...The user demonstrates a very generous and enthusiastic !
i r-ahng tendency, with frequent top scores and a strong

1 positive orientation toward live recordings, polished

i production, and emotionally engaging performances. The
1 profile emphasizes broad appreciation for uplifting music,
! strong atmosphere, and memorable listening experiences,
! but places less weight on the distinction between
! excellen‘r works cmd merely good ones...

.Pr‘edcc‘hon Rating: 4.31

! ...The user shows a stable tendency to assign 5.0 ratings

! to exceptional works and 4.0 ratings to albums that are

! strong but do not fully reach the highest standard.

i Revnews consistently focus on performance quality,

, emotional impact, and the broader

i artistic value of the recording. Across the history, the
 user distinguishes between memorable, standout releases
! and works that are enjoyable, well-produced, and solid,

! yet not truly exceptional... ;
J

Figure 8: Case study from Amazon CDs and Vinyl.

and well produced but “does not quite reach the
same level” as the strongest works. A recent re-
view (#176) further highlights appreciation for live
recording quality, atmosphere, and performance
energy. LettinGo captures the user’s broad enthu-
siasm for live recordings and polished production,
but fails to preserve the finer-grained calibration be-
tween exceptional works and albums that are good
yet not top-tier, and therefore overestimates the
target (5.00). In contrast, our method retains this
long-term evaluative pattern and correctly places
the target closer to the ground-truth rating of 4.0.
Amazon Books. Figure 9 shows a user whose
target item appears very late in the sequence (re-
view #251). Earlier reviews already reveal stable
fine-grained preferences: review #27 emphasizes
courtroom drama, plot, and mystery, while review
#66 again highlights courtroom drama and well-
developed characters. At the same time, a recent
review (#241) introduces a strong negative signal
centered on filler, boredom, and explicit language.
LettinGo appears to overreact to this recent local
evidence and predicts a much lower score, while
our method preserves the earlier positive prefer-
ence structure together with a more faithful rating
calibration. As a result, our prediction matches the
ground-truth rating of 5.0 much more closely than
LettinGo.

B.4 Feature visualization of generated profiles

We further analyze the semantic structure of gener-
ated user profiles through t-SNE(Van der Maaten
and Hinton, 2008) visualization. For each dataset,

we randomly sample 10 users and collect all gen-
erated profiles associated with these users from the
rollout data. We then encode the profile texts using
all-mpnet-base-v2 (Song et al., 2020) and project
the resulting embeddings into two dimensions us-
ing t-SNE. Profiles from the same user are shown
with the same color.

Figure 10 compares the profile distributions pro-
duced by LettinGo and our method. A clear pat-
tern is that the profiles generated by our method
form much more compact and better-separated user-
specific clusters across all three datasets, whereas
LettinGo often produces more mixed and diffuse
distributions. This difference is particularly evident
on Amazon Books and Amazon CDs and Vinyl,
where the clusters under our method are visually
distinct, while LettinGo exhibits substantial over-
lap among different users. On Yelp, although the
distributions are inherently noisier, our method still
shows noticeably improved cluster compactness
and inter-user separation. These results suggest that
our structured profile update mechanism produces
more consistent and discriminative user representa-
tions, which helps explain the stronger downstream
recommendation performance observed in the main
results.

C Experiment Setup

C.1 Training Details

We train the policy model using GRPO imple-
mented in the verl framework. Table 9 summa-
rizes the main training hyperparameters.
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User History

. Review#27

Item Title: Incriminating Evidence

seemed to me the court room drama was a lot like
the previous one. It was a good plot and mystery.

Rating: 4.0, A good sequel to the first book but it | -

eview#66

Item Title: The Reform Artists

Rating: 5.0, This was very enlightening on a
subject I knew very little about but certainly one
that should be brought to everyone's attention.
Loved the court room drama. Characters very
well developed you can be attached easily. My
only problem with the story is for me it could
have been less technical in their spy descriptions.
I did love the story.

Review#241

Item Title: Alibi Defense: (David Brunelle Legal
Thriller Series Book 14)

Rating: 2.0, the plot was ok but so much filler
taking up space it was just boring all the way
through. didn't care for the f bombs being
thrown in randomly either, would not recommend.

| Review##251

E Item Title: Murder in the Hollows
' Ground-truth Rating: 5.0

1
; Original Review:

| good plot and character r . -
i development. enjoyed the story ; OUrs (Full review history)
i and twist at the end. i liked jake
i and his family will be interesting
i to see how things go for him back ; a stable long-term preference for stories with good plot,
i in his home town. there are a few | mystery/twists, courtroom drama, and well-developed

i curse words but not bad.

Target Item

i LettinGo (Recent 70 reviews only)

i Prediction Rating: 3.82%

! ...The user tends to be more cautious in rating and is

! sensitive to negative reading experiences such as vulgar

! language, filler, and loss of engagement. The user is less

! tolerant of books that feel boring, poorly paced, or

! weighed down by distracting content, and is more likely to
! lower the rating when these issues interfere with

! narrative coherence and enjoyment...

; Prediction Rating: 5.00
; ... The user consistently gives generous ratings and shows

i characters. The user remains highly responsive to
| immersive storytelling and character depth, and continues
i to value narrative substance even when minor flaws are

i present. Mild explicit language does not prevent the user
i from assigning a high rating when the story, drama, and

i character development are strong...

Figure 9: Case study from Amazon Books.

Hyperparameter Value
Rollout backend vLLM
Rollout samples per prompt 8

Rollout temperature 1.0
Training batch size 32
Learning rate 1x1076
Max prompt length 8192
Max response length 1024

KL loss coefficient 0.001

KL loss type low_var_kl
KL in reward Disabled
Entropy coefficient 0
Gradient checkpointing Enabled
Actor dynamic batch size True
Reference log-prob dynamic batch size True
Rollout log-prob dynamic batch size True

Table 9: Main training hyperparameters used in RL
optimization.

C.2 Baseline Prompts

KAR Prompt

Task: Analyze user preferences based on busi-
ness reviewing history

Input: {user_history} - User’s business review-
ing history with sentiments over time
Instructions:

1. Analyze the user’s preferences considering
business names and categories

2. Take into account sentiment patterns over
time

3. Provide clear explanations based on review-
ing history details

4. Consider other pertinent factors that may
influence preferences

PALR Prompt

Task: Summarize user preferences using key-
words.

Input: {user_history} - historical businesses
with user sentiments.

Output Format: An itemized list ranked by

importance.
Template:

* KEY_WORD_1: "HIS-
TORY_BUSINESS_1", "HIS-
TORY_BUSINESS_2"

* KEY_WORD_2: "HIS-

TORY_BUSINESS 3"
Instructions:

1. Extract key preference indicators from
user interaction history.

2. Rank keywords by importance.

RLMRec Prompt

Role: Business recommendation assistant
Task: Determine business types a user is likely
to enjoy

Input Format:

* Title: Business name

* Categories: Business categories

* Sentiment: User sentiment toward business

Output Requirements:
1. JSON format only
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(¢) LettinGo on Amazon CDs
and Vinyl

(d) Ours on Amazon CDs and
Vinyl

(e) LettinGo on Amazon
Books

(f) Ours on Amazon Books

Figure 10: t-SNE visualization of generated user pro-
files on Yelp, Amazon CDs and Vinyl, and Amazon
Books. For each dataset, we randomly sample 10 users
and plot the embeddings of all generated profiles from
these users. Profiles with the same color belong to the
same user. Compared with LettinGo, our method pro-
duces more compact and better-separated user-specific

clusters.

2. Structure:

{

}

Input:
{user_history}

"summarization": "Types of businesses user
likely enjoys" (<100 words),

"reasoning": "Brief explanation for summa-
rization" (no word limit)

3. No additional text outside JSON

INTERACTION

ITEMS:

LG Prompt

You will serve as an assistant to help me gener-
ate a user profile based on this user’s sentiments
history to better understand this users’ interest
and thus predict his/her sentiment about a target
item. I will provide you with some behavior his-
tory of the user in this format: [item attributes
and sentiment]. The user profile you generate
should contain as much useful content as possi-
ble to help predict the user’s sentiment towards
a new business.

USER HISTORY: {user_history}.

PROFILE YOU GENERATE:

R4Rec Prompt (Reasoner)

User Review History

(H,, organized as below)

1. Title of Item 1

Positive Aspects: [Aspect 1], [Aspect 2], ...
Negative Aspects: [Aspect 1], [Aspect 2], ...
User Preference Elements: [Preference 1],
[Preference 2], ...

2. Title of Item 2

Positive Aspects: [Aspect 1], [Aspect 2], ...
Negative Aspects: [Aspect 1], [Aspect 2], ...
User Preference Elements: [Preference 1],
[Preference 2], ...

Item Review History by Other Users

(H; organized in the same format as above)
Task: Analyze whether the user will like the
new Music ¢ based on the user’s preferences
and the item’s features. Provide your rationale
in one concise paragraph.

D The Use of Large Language Models

We used a Large Language Model (LLM) solely
for editorial support, such as improving grammar,
refining phrasing, and enhancing readability. All
substantive aspects of this work, including the core
ideas, method development, experimental setup,
implementation, and result analysis, were carried
out by the authors independently. The LLM was
not involved in forming the research questions, de-
signing the methodology, conducting the experi-
ments, or drawing conclusions from the findings.
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