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Abstract

Large language model (LLM)-enhanced se-
quential recommendation typically aims to im-
prove two core components: user semantic
embedding extraction and utilization. Despite
promising results, existing methods still have
two limitations: 1) In the extraction stage,
most methods directly input long interaction
sequence fragments into LLM for preference
summarization. However, excessively long se-
quences increase inference difficulty, making
it challenging to reliably infer accurate user
embeddings. 2) In the utilization stage, most
methods employ the same semantic embedding
utilization strategy for all users, neglecting the
differences caused by user activity levels, lead-
ing to suboptimal performance. To address
these issues, we propose HSUGA, which intro-
duces a simple yet effective plugin for each of
the two core components: Hierarchical Seman-
tic Understanding (HSU) and Group-Aware
Alignment (GAA). HSU performs a staged two-
phase preference mining and models preference
evolution through constrained editing opera-
tions, thereby improving the reliability of user
semantic extraction. GAA adjusts the inten-
sity of semantic utilization based on user activ-
ity levels, providing weaker alignment for ac-
tive users and stronger guidance for users with
sparse historical data. Finally, extensive experi-
ments on three benchmark datasets demonstrate
the effectiveness and compatibility of HSUGA.

1 Introduction

With the rapid advances in large language models
(LLMs), their reasoning abilities and world knowl-
edge have increasingly been leveraged to enhance
sequential recommender systems. As shown in
Figure 1, the development of LLM-enabled sequen-
tial recommendation algorithms typically aims to
improve two core components: semantic embed-
ding extraction (Liu et al., 2024b, 2025a) and se-
mantic embedding utilization (Wang et al., 2024;
Qin et al., 2024). The former leverages LLMs to

infer and summarize user preferences from inter-
action sequences, producing semantic representa-
tions, while the latter incorporates item-level se-
mantics and LLM-inferred user preferences into
sequential recommendation models, enabling more
informative user–item matching than traditional
ID-based approaches.
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Figure 1: An overview of LLM-enhanced sequential
recommendation, including the two core components:
user semantic embedding extraction and utilization.

Despite promising progress, existing methods
still face two limitations aligned with the above
components. First, in the semantic embedding ex-
traction stage, many methods directly feed long
interaction histories into an LLM to infer user-
preference semantics; excessively long sequences
increase the difficulty of reasoning and can suf-
fer from the lost-in-the-middle issue, making it
challenging to reliably infer accurate user embed-
dings. Second, in the semantic embedding utiliza-
tion stage, most methods treat all users equally
when performing semantic embedding utilization
operations (e.g., applying the same strategy or in-
tensity to neighbor retrieval or alignment), over-
looking activity-dependent differences and thus
yielding suboptimal performance.

To address these issues, we propose the Hierar-
chical Semantic Understanding and Group-aware
Alignment (HSUGA) framework. This framework
provides simple and effective plugins for the two
core components mentioned above: Hierarchical
Semantic Understanding (HSU) and Group-Aware
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Alignment (GAA). The former yields more reliable
semantic embeddings by modeling a controllable
process of preference evolution, while the latter
enables the use of semantic embeddings for spe-
cific groups. This enables our HSUGA to be in-
tegrated with existing LLM-enhanced sequential
recommendation models, further improving their
performance.

Specifically, HSU improves semantic embed-
ding extraction under long interaction histories by
decomposing the history into multiple interaction
stages and performing stage-wise preference min-
ing and interest evolution. In other words, HSU
adopts a two-stage preference mining scheme: it
first mines stage-level preferences from a man-
ageable interaction segment, and then updates the
evolving user semantics accordingly. To prevent
preference evolution in an open-ended semantic
space, HSU further constrains the updating process
through a hierarchical, interpretable editing design.
Concretely, the LLM first selects one of several
predefined atomic edit types (e.g., Add, Delete, Up-
date, or Retain) to determine the nature of prefer-
ence change explicitly, and then executes the corre-
sponding update. This hierarchical decomposition,
from operation selection to execution, reduces se-
mantic ambiguity and effectively prevents error
accumulation across iterative stages, thereby allow-
ing the model to maintain a stable, fine-grained
representation of evolving user interests. Building
on refined user semantics, GAA enhances seman-
tic utilization by adaptively adjusting utilization
intensity across user groups. For active users with
rich historical signals, GAA applies weaker align-
ment to avoid over-regularization and unnecessary
bias. For long-tail users with sparse histories, GAA
provides stronger guidance to compensate for insuf-
ficient behavioral evidence. Such group-dependent
adjustment better matches group-specific needs and
improves overall recommendation quality.

Our contributions are summarized as follows,

• We propose two plug-and-play components, Hi-
erarchical Semantic Understanding (HSU) and
Group-Aware Alignment (GAA), which can be
integrated into existing sequential recommenders
to enhance semantic embedding extraction and
semantic utilization.

• We design a Hierarchical Semantic Understand-
ing module that performs stage-wise, two-stage
preference mining and constrains preference evo-

lution through predefined edit operations to en-
able controllable and reliable updates.

• We propose a Group-Aware Alignment mod-
ule that adaptively adjusts the intensity of se-
mantic utilization across user groups, and exten-
sive experiments on three benchmark datasets
demonstrate the effectiveness and robustness of
HSUGA.

2 Related Work

2.1 Long-tail Sequential Recommendation
Traditional sequential recommendation mod-
els, such as GRU4Rec (Hidasi et al., 2015),
SASRec (Kang and McAuley, 2018), and
BERT4Rec (Sun et al., 2019), effectively cap-
ture sequential dependencies through recurrent or
attention-based architectures. However, they strug-
gle with the long-tail problem, in which most
users have sparse, imbalanced interaction histo-
ries, making reliable preference modeling diffi-
cult. To address this challenge, approaches such
as CITIES (Jang et al., 2020) employ counterfac-
tual inference to reduce bias in preference esti-
mation for users with few interactions, whereas
MELT (Kim et al., 2023) leverages meta-learning
to improve recommendations for users with few
interactions. Despite these advances, traditional
models generally lack the semantic understanding
and reasoning capabilities needed to handle sparse,
long-tail scenarios robustly, motivating the integra-
tion of LLMs into sequential recommendation.

2.2 LLMs for Sequential Recommendation
Large language models (LLMs) have recently been
applied to sequential recommendation to enhance
semantic understanding and reasoning over user in-
teractions. Existing LLM-based sequential recom-
mendation methods can be broadly categorized into
two types (Lin et al., 2025): (1) LLMs as the pri-
mary recommendation engine, directly predicting
the following items from interaction sequences (Li
et al., 2023), e.g., RLMRec (Ren et al., 2024) and
LLMInit (Hu et al., 2024; Harte et al., 2023); and
(2) LLMs as auxiliary components to augment
traditional sequence encoders, which can be fur-
ther divided into two directions (Liu et al., 2025b):
knowledge augmentation, where LLMs extract user
semantic representations that can be further lever-
aged for neighbor retrieval, preference alignment,
or embedding refinement (Xi et al., 2024; Ren et al.,
2024; Liu et al., 2024a); and model augmentation,

14775



Top-K Predict

Dangle
Earrings

Hydrating
Serum

Bracelet

...

Skirt

User Profile User Profile User Profile
Hierarchical Semantic Understanding

women's tops
women's skirts
accessories

Interest Extractor Interest Updater Interest Updater

......

Stage 1 Stage nStage 2

women's 
accessories

women's tops
dresses

 User Emb

User History SRS Backbone

User Interaction
History

Necklace

Bracelet

...

Skirt

1

2

Sweater

User Embedding Extraction Module User Embedding Utilization Module

retrieve

...

Head UserTail User

...

Top K

SRS Backbone

Top K

SRS Backbone SRS Backbone

Filter

retrieve

SRS Backbone

Similarity
3

4 4

Group-Aware Alignment

Interest Updater

Semantic User Embedding

Operation execution

Stage i

Add

Delete

Update

retain

User Profile User Profile
women's tops
women's skirts
accessories

Operation Select

women's
accessories

Figure 2: The overview of the proposed HSUGA framework

where LLM hidden representations are used to en-
hance components of traditional sequential models,
such as item embeddings (Hu et al., 2024; Harte
et al., 2023; Liu et al., 2025a).

3 Method

3.1 Problem Formulation
Let U = {u1, u2, . . . , uM} be the set of users and
I = {i1, i2, . . . , iN} be the set of items. For each
user u ∈ U , the historical interaction sequence is
Su = [i1, i2, . . . , iT ] where T is the length of the
user’s historical interactions. The goal of sequential
recommendation is to predict the next item iT+1

that the user is most likely to interact with, based
on the historical sequence Su.

In practice, this prediction is cast as a ranking
problem: given Su, a model assigns a relevance
score to candidate items and produces a Top-K rec-
ommendation list, where the ground-truth follow-
ing item iT+1 should be ranked as high as possible.
Accordingly, we evaluate the quality of recommen-
dations using standard Top-K ranking metrics (e.g.,
NDCG@K and HR@K).

3.2 Overview
Figure 2 depicts HSUGA, a backbone-agnostic
framework comprising two simple yet effective plu-
gins designed to enhance the capabilities of back-
bone models for semantic embedding extraction
and utilization: Hierarchical Semantic Understand-
ing (HSU) and Group-Aware Alignment (GAA).
HSU produces a user semantic embedding that cap-
tures stage-wise preference evolution via control-
lable updates. HSU can be used on its own by
fusing the semantic embedding with the sequential

encoder output via a generic fusion operator, or
in conjunction with GAA, serving as the semantic
reference for user-level retrieval. GAA is a generic
utilization module that injects group-specific se-
mantic guidance into existing LLM4Rec pipelines;
it can be instantiated as alignment-based regular-
ization (e.g., self-distillation) or as other utilization
operators that leverage retrieved semantics to en-
hance preferences. In our implementation, GAA
aggregates retrieved user representations to form a
neighbor-informed embedding and applies a user-
level self-distillation loss to align the target user
with this aggregated representation, with the uti-
lization intensity adjusted across user groups. The
recommendation loss and the self-distillation loss
are jointly optimized during end-to-end training.
Similarly, GAA can be used alone or in combina-
tion with HSU. In our experiments, we will analyze
the compatibility of HSU and GAA with different
backbone models separately.

3.3 Hierarchical Semantic Understanding
Existing LLM-based user semantic embedding ex-
traction methods typically input the complete inter-
action history or long interaction segments directly
into an LLM to infer user preference semantic em-
beddings (Zheng et al., 2024; Zhu et al., 2024;
Wang et al., 2025). However, excessively long
contexts increase the difficulty of reasoning and
may suffer from the lost-in-the-middle issue, ren-
dering the inferred user semantic vectors unreli-
able. Inspired by the CoT and hierarchical rea-
soning paradigms (Wei et al., 2022; Gao et al.,
2025; Zhao et al., 2026), we propose a hierarchical
semantic understanding inference strategy to ex-
tract user-preference semantic vectors. Specifically,
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the user interaction sequence is divided into fixed-
length stages, enabling iterative semantic embed-
dings. Within each stage, the update is decomposed
into two sequential steps—Operation Selection and
Operation Execution—which constrain the LLM to
choose from predefined atomic edit types and apply
them in a structured manner. This design mitigates
semantic ambiguity, prevents error accumulation,
and ensures interpretable, fine-grained modeling of
user semantic vectors.
Operation Selection. Motivated by editable LLM
memory systems (Zhong et al., 2024; Wang et al.,
2023), which perform fine-grained insert, remove,
and update operations for interpretable memory
control, we define four atomic operations—Add,
Delete, Update, and Retain—to cover all possible
user interest transitions in a unified framework. At
each stage, the LLM determines how to update
the user’s interest state based on the current-stage
interaction and the historical summary.
Operation Execution. Once the operation type
is determined, the model executes it to update the
user’s interest state. Specifically, Add introduces
new concepts extracted from the current stage,
Delete removes outdated interests, Update refines
existing preferences, and Retain keeps the current
summary unchanged. The prompt templates for
each operation are provided in Appendix A.1. Fi-
nally, the resulting user interest representation can
be obtained either from the LLM’s final hidden
layer or by vectorizing the textual summary using
an external embedding model (Xi et al., 2024).

3.4 Group-Aware Alignment
Existing LLM-based semantic embedding utiliza-
tion methods typically apply the same semantic
embedding usage operation uniformly across users.
The prevailing paradigm for this operation involves
aligning a user’s semantic embeddings with those
of their neighbors (Qin et al., 2024; Wang et al.,
2024), thereby neglecting the heterogeneous se-
mantic distributions exhibited in the representation
space by users with different interaction frequen-
cies. Long-tail users, limited by sparse interactions,
tend to form unstable representations, whereas ac-
tive users usually have denser and more consistent
representations. A uniform alignment strategy may
therefore under-enhance long-tail users while intro-
ducing noisy neighbors for active users. To address
this issue, we introduce a group-aware alignment
mechanism that adjusts retrieval and alignment ac-
cording to user activity. Specifically, we partition

users into active and long-tail groups by ranking
users by nu: the top 20% are treated as active users,
and the remaining 80% as long-tail users. For long-
tail users, we retrieve more neighbors to enrich
sparse semantics; for active users, we apply a finer
filtering strategy to suppress noisy neighbors. For-
mally, we first compute the candidate neighbor set
for each user u based on cosine similarity of em-
beddings:

N (g)
u = arg max

v⊂U\{u}

K∑

i=1

cosine(eu, evi), (1)

where eu and ev are the semantic embeddings of
users u and v, and K depends on the user group
G(u) ∈ {long-tail, active}. For long-tail users, all
retrieved neighbors are kept:

N long-tail
u = N (g)

u . (2)

For active users, neighbors are further filtered by
Pearson similarity to remove noisy connections.
Instead of using a fixed absolute similarity thresh-
old, we adopt a percentile-based threshold within
each user’s similarity distribution. Formally, let
Su = {Pearson(u, v′) | v′ ∈ N

(g)
u } denote the sim-

ilarity set between user u and its candidate neigh-
bors, and let Qτ (Su) denote the τ -th percentile of
Su. The filtered neighbor set for active users is
defined as:

N active
u = {v ∈ N (g)

u | Pearson(u, v) ≥ Qτ (Su)}.
(3)

Self-Distillation Loss For each target user u, we
denote the final neighbor set after group-aware re-
trieval and filtering as Nu. Specifically, long-tail
users use the neighbors obtained from group-level
retrieval directly, while active users apply an addi-
tional filter based on Pearson similarity to remove
noisy neighbors. The average representation of
neighbors serves as the teacher mediator, whereas
the representation of the target user serves as the
student mediator. We achieve alignment between
the semantic embeddings of different users and re-
fined neighbors using the following self-distillation
loss:

LSD =
1

|U|
∑

u∈U

∥∥∥∥∥f(u)−
1

|Nu|
∑

v∈Nu

f(v)

∥∥∥∥∥

2

(4)

where f(·) is the sequence encoder that maps a
user’s interaction sequence to a representation.
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Panel Dataset Model Setting GRU4Rec BERT4Rec SASRec
HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10

Panel A:
baselines
+ GAA

Steam

LLMEmb Base 0.5390 0.3104 0.6187 0.3674 0.5645 0.3276
+GAA 0.5411* 0.3117* 0.6250* 0.3782* 0.5779* 0.3372*

LLM2Rec Base 0.5064 0.2892 0.5176 0.2981 0.4489 0.2484
+GAA 0.5254* 0.3048* 0.5889* 0.3490* 0.4625* 0.2632*

LLMESR Base 0.5562 0.3259 0.6325 0.3851 0.5950 0.3522
+GAA 0.5574* 0.3269* 0.6373* 0.3927* 0.5963* 0.3597*

Fashion

LLMEmb Base 0.5212 0.4515 0.5293 0.4508 0.5631 0.4923
+GAA 0.5230* 0.4528* 0.5277* 0.4531* 0.5651* 0.4940*

LLM2Rec Base 0.4885 0.4208 0.5397 0.4540 0.5198 0.4476
+GAA 0.4852* 0.4212* 0.5571* 0.4708* 0.5887* 0.5063*

LLMESR Base 0.5409 0.4567 0.5487 0.4529 0.5619 0.4743
+GAA 0.5464* 0.4593* 0.5681* 0.4779* 0.5872* 0.4930*

Beauty

LLMEmb Base 0.4844 0.3058 0.5444 0.3575 0.5379 0.3616
+GAA 0.4860* 0.3071* 0.5464* 0.3592* 0.5380* 0.3639*

LLM2Rec Base 0.3808 0.2231 0.5328 0.3480 0.5412 0.3589
+GAA 0.3862* 0.2284* 0.5605* 0.3734* 0.5591* 0.3800*

LLMESR Base 0.4917 0.3140 0.5393 0.3590 0.5672 0.3713
+GAA 0.4925* 0.3155* 0.5523* 0.3645* 0.5724* 0.3769*

Panel B:
baselines
+ HSU

Steam

ICSRec Base 0.5625 0.3374 0.5762 0.3513 0.5627 0.3400
+HSU 0.5701* 0.3394* 0.5839* 0.3571* 0.5711* 0.3429*

RCL Base 0.5743 0.3428 0.5276 0.3038 0.5444 0.3170
+HSU 0.5880* 0.3548* 0.5438* 0.3146* 0.5572* 0.3258*

LLMESR Base 0.5562 0.3259 0.6325 0.3851 0.5950 0.3522
+HSU 0.5587* 0.3277* 0.6398* 0.3845* 0.5970* 0.3591*

Fashion

ICSRec Base 0.4822 0.4013 0.4884 0.4272 0.4549 0.3962
+HSU 0.4923* 0.4288* 0.5143* 0.4310* 0.5048* 0.4461*

RCL Base 0.4963 0.4193 0.4703 0.3877 0.4812 0.4321
+HSU 0.5037* 0.4296* 0.4819* 0.4195* 0.4850* 0.4352*

LLMESR Base 0.5409 0.4567 0.5487 0.4529 0.5619 0.4743
+HSU 0.5485* 0.4597* 0.5623* 0.4732* 0.5841* 0.4904*

Beauty

ICSRec Base 0.3978 0.2469 0.3988 0.2396 0.3828 0.2521
+HSU 0.4011* 0.2573* 0.4029* 0.2409* 0.4239* 0.2731*

RCL Base 0.3981 0.2668 0.3579 0.2117 0.3818 0.2496
+HSU 0.4054* 0.2724* 0.3819* 0.2352* 0.4061* 0.2677*

LLMESR Base 0.4917 0.3140 0.5393 0.3590 0.5672 0.3713
+HSU 0.4933* 0.3145* 0.5651* 0.3781* 0.5765* 0.3820*

Table 1: HR@10 and NDCG@10 (higher is better) on three datasets with three backbones. Panel A
adds GAA as a usage plug-in to baselines that focus on improving semantic representation extraction
(LLMEmb/LLM2Rec/LLMESR); Panel B adds HSU as a representation plug-in to baselines that focus on improv-
ing the utilization of semantic embedding (ICSRec/RCL/LLMESR). ∗: significant over Base (paired t-test, p<0.05);
bold: better of Base/+ pair.

3.5 Train and Inference
Our framework is backbone-agnostic and can be
equipped with any sequential encoder. HSU and
GAA are two plug-and-play components that can
be used independently or jointly. Given a user
ui, the sequential encoder produces a collaborative
representation hui , and the preference score for
item vj is computed as:

ŷui,j = e⊤j hui , (5)

where ej is the embedding of item vj . We employ a
pairwise ranking loss to encourage the ground-truth
item to be ranked higher than negative samples:

LRank = −
∑

u∈U

|Su|∑

k=1

log σ
(
ŷ+u,k − ŷ−u,k

)
. (6)

Using HSU alone. HSU produces a user seman-
tic embedding sui , which can be fused with hui

through a generic fusion operator ϕ(·) (e.g., addi-
tion, gating, or concatenation followed by projec-
tion):

h̃ui = ϕ(hui , sui), (7)

and the score is computed by ŷui,j = e⊤j h̃ui .

Using GAA alone. GAA augments the standard
recommendation objective by introducing an align-
ment loss LAlign (instantiated as self-distillation in
our implementation), which regularizes the target
user representation with group-specific guidance.

Using HSUGA. When combined, HSU provides
the semantic reference for GAA, i.e., the user se-
mantic embedding sui is used to retrieve similar
users for neighbor-based utilization, and GAA ap-
plies the alignment objective on top of the recom-
mendation loss.
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Dataset Model Overall Tail Item Head Item Tail User Head User

H@10 N@10 H@10 N@10 H@10 N@10 H@10 N@10 H@10 N@10

Fashion

GRU4Rec 0.4799 0.3414 0.0004 0.0001 0.6708 0.4772 0.3725 0.2217 0.6191 0.4965
- CITIES 0.4762 0.3743 0.0252 0.0103 0.6557 0.5191 0.3729 0.2501 0.6103 0.5354
- MELT 0.4884 0.3975 0.0291 0.0112 0.6712 0.5513 0.3890 0.2770 0.6173 0.5538
- RLMRec 0.4795 0.3808 0.0253 0.0105 0.6603 0.5282 0.3773 0.2577 0.6120 0.5405
- LLMInit 0.4864 0.4095 0.0250 0.0104 0.6702 0.5684 0.3852 0.2973 0.6177 0.5550
- LLM-ESR 0.5409 0.4567 0.0807 0.0384 0.7242 0.6233 0.4560 0.3568 0.6512 0.5864
- HSUGA 0.5485* 0.4615* 0.0868* 0.0399* 0.7323* 0.6294* 0.4652* 0.3602* 0.6565* 0.5930*
Bert4Rec 0.4831 0.3422 0.0004 0.0001 0.6752 0.4784 0.3751 0.2132 0.6231 0.5096
- CITIES 0.4926 0.4090 0.0223 0.0099 0.6799 0.5679 0.3952 0.2975 0.6190 0.5535
- MELT 0.4897 0.3810 0.0059 0.0019 0.6823 0.5319 0.3842 0.2514 0.6266 0.5491
- RLMRec 0.4744 0.3567 0.0044 0.0015 0.6615 0.4981 0.3626 0.2268 0.6194 0.5251
- LLMInit 0.4854 0.4035 0.0328 0.0161 0.6655 0.5577 0.3773 0.2846 0.6255 0.5578
- LLM-ESR 0.5487 0.4529 0.0525 0.0225 0.7462 0.6243 0.4629 0.3460 0.6599 0.5916
- HSUGA 0.5667* 0.4802* 0.0834* 0.0408* 0.7592* 0.6551* 0.4874* 0.3822* 0.6696* 0.6072*
SASRec 0.4720 0.3738 0.0266 0.0125 0.6492 0.5177 0.3632 0.2437 0.6130 0.5426
- CITIES 0.4923 0.4423 0.0407 0.0214 0.6721 0.6098 0.3936 0.3392 0.6203 0.5760
- MELT 0.4875 0.4150 0.0368 0.0144 0.6670 0.5745 0.3792 0.2933 0.6280 0.5729
- RLMRec 0.4982 0.4457 0.0410 0.0223 0.6803 0.6143 0.3990 0.3415 0.6270 0.5808
- LLMInit 0.5119 0.4492 0.0596 0.0305 0.6920 0.6159 0.4184 0.3501 0.6332 0.5777
- LLM-ESR 0.5619 0.4743 0.1095 0.0520 0.7420 0.6424 0.4811 0.3769 0.6668 0.6005
- HSUGA 0.5880* 0.4943* 0.1602* 0.0766* 0.7583* 0.6606* 0.5172* 0.4048* 0.6797* 0.6104*

Beauty

GRU4Rec 0.3683 0.2276 0.0796 0.0567 0.4371 0.2683 0.3584 0.2191 0.4135 0.2663
- CITIES 0.2456 0.1400 0.1122 0.0760 0.2774 0.1552 0.2382 0.1346 0.2795 0.1645
- MELT 0.3702 0.2161 0.0009 0.0003 0.4582 0.2675 0.3637 0.2116 0.3997 0.2365
- RLMRec 0.3668 0.2278 0.0080 0.0060 0.4357 0.2688 0.3576 0.2202 0.4089 0.2626
- LLMInit 0.4151 0.2713 0.0896 0.0637 0.4928 0.3208 0.4059 0.2621 0.4571 0.3133
- LLM-ESR 0.4917 0.3140 0.1547 0.0801 0.5721 0.3698 0.4851 0.3079 0.5220 0.3420
- HSUGA 0.4936* 0.3190* 0.1550* 0.0856* 0.5743* 0.3747* 0.4868* 0.3123* 0.5248* 0.3495*
Bert4Rec 0.3984 0.2367 0.0101 0.0038 0.4910 0.2922 0.3851 0.2272 0.4593 0.2801
- CITIES 0.3961 0.2339 0.0023 0.0008 0.4900 0.2895 0.3832 0.2250 0.4551 0.2746
- MELT 0.4716 0.2965 0.0709 0.0291 0.5671 0.3603 0.4596 0.2865 0.5263 0.3423
- RLMRec 0.3977 0.2365 0.0090 0.0032 0.4903 0.2921 0.3853 0.2277 0.4539 0.2765
- LLMInit 0.5029 0.3209 0.0927 0.0451 0.6007 0.3867 0.4919 0.3117 0.5530 0.3632
- LLM-ESR 0.5393 0.3590 0.1379 0.0745 0.6350 0.4269 0.5295 0.3507 0.5839 0.3972
- HSUGA 0.5711* 0.3804* 0.1829* 0.0947* 0.6637* 0.4486* 0.5624* 0.3734* 0.6106* 0.4128*
SASRec 0.4287 0.2570 0.0348 0.0243 0.5226 0.3125 0.4199 0.2515 0.4687 0.2822
- CITIES 0.2256 0.1413 0.1363 0.0897 0.2468 0.1536 0.2215 0.1406 0.2441 0.1444
- MELT 0.4334 0.2775 0.0460 0.0172 0.5258 0.3995 0.4233 0.2673 0.4796 0.3241
- RLMRec 0.4460 0.3075 0.0924 0.0658 0.5303 0.3652 0.4365 0.3016 0.4892 0.3345
- LLMInit 0.5455 0.3656 0.1714 0.0965 0.6347 0.4298 0.5359 0.3592 0.5893 0.3948
- LLM-ESR 0.5672 0.3713 0.2257 0.1108 0.6486 0.4334 0.5581 0.3643 0.6087 0.4032
- HSUGA 0.5831* 0.3911* 0.2415* 0.1250* 0.6646* 0.4546* 0.5726* 0.3835* 0.6313* 0.4260*

Table 2: Overall performance of HSUGA vs. baselines. Best results in bold; *: significant vs. best baseline
(p < 0.05, paired t-test).

The final training objective is:

L = LRank + α · LSD, (8)

where α controls the relative weight of the align-
ment loss.

4 Experiment

4.1 Experiment Settings
Dataset. We evaluate HSUGA on three real-
world datasets, i.e., Steam (Kang and McAuley,
2018), Amazon Fashion, and Amazon Beauty (Ni
et al., 2019). We follow prior sequential recom-
mendation work (Kang and McAuley, 2018; Liu
et al., 2024b) for preprocessing and data splitting.

Dataset statistics and additional preprocessing de-
tails are provided in Appendix B.1.

Baselines. To ensure rigorous evaluation across
representative sequential architectures, we adopt
three widely used backbone recommenders:
GRU4Rec (Hidasi et al., 2015), BERT4Rec (Sun
et al., 2019), and SASRec (Kang and McAuley,
2018). Implementation details are provided in Ap-
pendix B.2, while the complete baseline list and
evaluation protocols are provided in Appendix B.3

4.2 Compatibility Study
The purpose of this study is to verify that our two
plug-and-play components can be inserted into ex-
isting LLM-enhanced sequential recommendation
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models and still yield consistent improvements. As
shown in Table 1, adding GAA to baseline models
that focus on improving semantic representation ex-
traction (Panel A) and injecting HSU into baseline
models that focus on improving the utilization of
semantic embeddings (Panel B) generally improves
HR@10 and NDCG@10 across datasets and back-
bones, indicating that group-specific utilization and
controllable stage-wise semantics provide comple-
mentary gains beyond existing designs.

4.3 Overall Performance
Overall Comparison. As shown in Table 2,
HSUGA consistently achieves the best HR@10
and NDCG@10 across all datasets, demonstrat-
ing the effectiveness of jointly integrating HSU
and GAA. The gains primarily arise from coupling
controllable, stage-wise user semantics with group-
specific semantic utilization, which yields more
reliable representations and stronger supervision
for sequential recommendation. Detailed results on
Steam are reported in Appendix C.2.
Long-tail Comparison. HSUGA also delivers
the strongest performance on tail users and tail
items across datasets, indicating its robustness un-
der sparse interaction scenarios. This improvement
is driven by group-specific utilization, which pro-
vides stronger guidance for users with sparse his-
tories while avoiding overregularization for users
with rich historical signals.

4.4 Ablation & Component Study
We conduct ablation and component studies on
Hierarchical Semantic Understanding (HSU) and
Group-Aware Alignment (GAA) using three back-
bones on the Fashion dataset (Table 3). We con-
sider: (i) w/o Add/Delete/Update/Retain, which
removes one editing operation; (ii) w/o Interest
Updater, which removes HSU and falls back to
standard propagation (Zheng et al., 2024); (iii) w/o
Group-Aware SD, which disables the entire group-
aware design by treating all users uniformly (same
neighbor number and no active-user filter); and
(iv) w/o Active-user Filter, which removes only
the active-user filter while keeping group-aware
neighbor allocation.
Results and discussion. Table 3 shows that remov-
ing any editing operation or the whole interest up-
dater degrades performance, verifying the necessity
of controllable edits for stable interest evolution.
For alignment, removing the group-aware design
yields the most significant drop, and further remov-

ing only the active-user filter also consistently hurts
performance, confirming the complementary bene-
fits of HSU and GAA.

4.5 Robustness Analysis
We further evaluate the robustness of HSUGA from
two perspectives: the sensitivity to grouping and
filtering thresholds in GAA, and the effect of LLM
capacity in HSU.

Sensitivity to Grouping and Filtering Thresh-
olds. Since GAA introduces user grouping and
neighbor filtering, we first examine whether
HSUGA is sensitive to these design choices. We
conduct this analysis on the Steam dataset using
BERT4Rec as the backbone with the full HSUGA
framework. Specifically, we vary the user-group
segmentation threshold among {15%, 20%, 25%},
where the top-ranked users (by interaction fre-
quency) are treated as active users, and the remain-
ing users are regarded as long-tail users.

For the similarity filtering threshold in GAA,
instead of using a fixed absolute similarity score,
we adopt a percentile-based threshold within each
user’s similarity distribution. We evaluate three
representative percentile levels, i.e., the 25th, 50th,
and 75th percentiles. Table 4 summarizes the re-
sults. For the default 20% split, we report the main-
experiment result, while for the alternative split
settings, we report the performance range across
the three percentile levels.

The results show that HSUGA is robust to both
the grouping ratio and the filtering strength, with
only small performance fluctuations across differ-
ent settings. This indicates that the proposed group-
aware design does not rely on a narrowly tuned
hyperparameter choice and generalizes well under
different long-tail distribution assumptions.

Similar user number sensitivity. Figure 3a
shows that the optimal neighbor number differs
across user groups: long-tail users generally ben-
efit from more neighbors. In comparison, active
users peak with fewer neighbors and may degrade
when retrieving too many. This indicates that ex-
cessive neighbors can introduce noise for active
users, whereas additional neighbors provide proper
signals for sparse histories.

Stage length sensitivity. Taking Steam as an ex-
ample, we changed the stage length to 13, 9, and
7, corresponding to the 75th, 50th, and 25th per-
centiles, respectively, and the results are shown
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Backbone Model
Overall Tail Item Head Item Tail User Head User

H@10 N@10 H@10 N@10 H@10 N@10 H@10 N@10 H@10 N@10

GRU4Rec

HSUGA 0.5562 0.4655 0.1007 0.0483 0.7375 0.6315 0.4758 0.3664 0.6605 0.5939

- w/o add 0.5497 0.4598 0.0937 0.0450 0.7313 0.6249 0.4662 0.3587 0.6581 0.5909
- w/o delete 0.5488 0.4602 0.0920 0.0442 0.7306 0.6258 0.4658 0.3595 0.6564 0.5908
- w/o update 0.5496 0.4598 0.0929 0.0448 0.7314 0.6250 0.4654 0.3579 0.6587 0.5920
- w/o retain 0.5480 0.4585 0.0883 0.0421 0.7310 0.6243 0.4632 0.3562 0.6580 0.5911

- w/o Interest Updater 0.5464 0.4593 0.0964 0.0436 0.7396 0.6248 0.4726 0.3571 0.6652 0.5919
- w/o Group-Aware SD 0.5485 0.4597 0.0978 0.0457 0.7280 0.6245 0.4654 0.3586 0.6564 0.5909
- w/o Active User Filter 0.5445 0.4621 0.0934 0.0438 0.7241 0.6286 0.4613 0.3628 0.6524 0.5909

BERT4Rec

HSUGA 0.5774 0.4838 0.1046 0.0476 0.7656 0.6575 0.4991 0.3888 0.6790 0.6069

- w/o add 0.5695 0.4773 0.0868 0.0405 0.7616 0.6512 0.4884 0.3793 0.6747 0.6043
- w/o delete 0.5713 0.4787 0.0915 0.0420 0.7623 0.6525 0.4917 0.3818 0.6744 0.6044
- w/o update 0.5687 0.4773 0.0879 0.0407 0.7602 0.6511 0.4877 0.3801 0.6738 0.6033
- w/o retain 0.5678 0.4779 0.0852 0.0398 0.7600 0.6523 0.4871 0.3811 0.6725 0.6035

- w/o Interest Updater 0.5681 0.4779 0.0844 0.0395 0.7607 0.6525 0.4882 0.3814 0.6717 0.6031
- w/o Group-Aware SD 0.5623 0.4732 0.0714 0.0326 0.7578 0.6486 0.4795 0.3732 0.6698 0.6028
- w/o Active User Filter 0.5656 0.4793 0.0818 0.0395 0.7583 0.6543 0.4847 0.3814 0.6706 0.6063

SASRec

HSUGA 0.5946 0.4979 0.1930 0.0971 0.7544 0.6575 0.5202 0.4107 0.6911 0.6111

- w/o add 0.5881 0.4921 0.1746 0.0822 0.7527 0.6552 0.5157 0.4015 0.6820 0.6095
- w/o delete 0.5892 0.4929 0.1773 0.0835 0.7531 0.6558 0.5174 0.4030 0.6822 0.6094
- w/o update 0.5869 0.4929 0.1720 0.0850 0.7520 0.6552 0.5144 0.4026 0.6809 0.6099
- w/o retain 0.5845 0.4918 0.1657 0.0796 0.7511 0.6559 0.5122 0.4022 0.6782 0.6081

- w/o Interest Updater 0.5872 0.4930 0.1784 0.0872 0.7499 0.6545 0.5146 0.4034 0.6813 0.6093
- w/o Group-Aware SD 0.5841 0.4904 0.1573 0.0764 0.7540 0.6553 0.5083 0.3991 0.6824 0.6088
- w/o Active User Filter 0.5903 0.4928 0.1745 0.0814 0.7558 0.6565 0.5190 0.4018 0.6827 0.6108

Table 3: Ablation study on the Fashion dataset with different backbone models.

Setting H@10 N@10

Default (20%) 0.6445 0.3975
15% split 0.6457–0.6465 0.3992–0.4003
25% split 0.6417–0.6437 0.3952–0.3973

Table 4: Robustness of HSUGA to user-group segmen-
tation and percentile-based similarity filtering on the
Steam dataset with the BERT4Rec backbone. For the
default 20% split, we report the main-experiment result;
for alternative split settings, we report the performance
range across three percentile levels (25th, 50th, 75th).

Method H@10 N@10

CoT-7B 0.6341 0.3861
CoT-14B 0.6391 0.3892
HSUGA-7B 0.6445 0.3975
HSUGA-14B 0.6586 0.4087

Table 5: Effect of LLM capacity on the Steam dataset
with the BERT4Rec backbone.

in Figure 3b. We observe that performance re-
mains stable across different settings, indicating
that HSUGA is robust to changes in stage length.

Effect of LLM Capacity. We further investigate
whether the gain of HSUGA mainly comes from
scaling the LLM. We replace Qwen2.5-7B-Instruct
with Qwen2.5-14B-Instruct and compare HSUGA
against standard CoT prompting under both model
sizes.
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Number of Similar Users
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0.3560

0.3555

Average NDCG@10
tail_sim_users long_sim_users

(a) Effect of number of sim-
ilar users.

gru bert
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(b) Effect of stage length.

Figure 3: Hyper-parameter analysis on the Steam
dataset: (a) impact of the number of retrieved similar
users N (g)

u on SasRec, and (b) impact of stage length
on model performance.

As shown in Table 5, both methods benefit from
larger LLMs, but HSUGA consistently outper-
forms standard CoT under both capacities. No-
tably, HSUGA with a 7B model already surpasses
CoT with a 14B model, indicating that the improve-
ment is not merely due to model scaling but primar-
ily stems from the proposed hierarchical seman-
tic understanding strategy. This is also consistent
with the fact that test-time scaling can benefit from
structured inference (Zhang et al., 2025; Sun et al.,
2026).

4.6 Case Study
Finally, we conduct a case study on the Beauty
dataset to illustrate how our method edits user in-
terests across different stages. We select a repre-

14781



Images Stage Interactions (genres) Operation LLM Explanation Interests

• 3D Animal Lion Print Long Sleeve T-
shirt (Top)

• Solid V-neck Long Sleeve Chiffon
Shirt (Top)

Modification
Existing interest in
women’s tops is refined;
focus shifted to long-
sleeve styles

• Plus-size women’s
long-sleeve tops

• skirts
• Accessories

• Silver Plated Chain Heart Key Pen-
dant Bracelet (accessories)

• 2-Layer Tassel Pendant Necklace (ac-
cessories)

• Hollow Out Enamel Necklace (acces-
sories)

Deletion Shift away from tops and
skirts; focus now on ac-
cessories

• Plus-size women’s
long-sleeve tops

• skirts
• Accessories

• Chunky Turquoise Pendant Necklace
Set (accessories)

• Chunky Twist Tribal Bib Necklace
(accessories)

• QIYUN.Z Leaf Pendant Bib Necklace
Set (accessories)

Retain User continues interest
in accessories; no edits
needed

• Accessories

• Ribbon Buckle Pendant Necklace (Ac-
cessory)

• Chunky Tribal Drop Beaded Necklace
(Accessory)

• Babydoll Dress with Collar Red L
(Clothing)

Addition
Addition of women’s
clothing (babydoll
dresses) while retaining
accessory interests

• Accessories
• +Women’s clothing

(babydoll dresses)

Table 6: Case study of interest evolution across four stages on the fashion dataset.

Method Offline Time (s/user) Incremental Update Avg Input Tokens Avg Output Tokens Memory (MB)

Standard CoT 0.189 full re-inference 964.7 517.3 1215.6
HSU 0.381 stage-wise, ∼272 ms/stage 644.9 (per stage) 284.7 (per stage) 1221.0

Table 7: Efficiency comparison between HSU and standard full-sequence CoT inference. HSU introduces staged
processing, which slightly increases offline cost but enables incremental updates and reduces redundant computation.
Token statistics for HSU are reported per stage.

sentative user and examine five consecutive stages
of interactions. As shown in Table 6, At Stage 1,
due to the occurrence of long-sleeve items in the
interaction records, the LLM performs a modifi-
cation operation, updating the interest to Plus-size
women’s long-sleeve tops. At Stage 3, as all interac-
tion records belong to accessories, the LLM applies
a deletion operation to remove previous interests.
At Stage 4, the user interest remains unchanged.
Finally, at Stage 5, the user starts clicking clothing-
related items again, prompting the LLM to perform
an addition operation, resulting in the final interest:
accessories; Women’s clothing (babydoll dresses).
Additional cases are provided in Appendix C.1.

4.7 Efficiency Analysis
We provide a quantitative comparison between
HSU and standard full-sequence CoT inference
in Table 7. The results demonstrate that while HSU
incurs moderately higher offline cost due to staged
processing, it enables efficient incremental updates

and avoids redundant recomputation over the full
interaction history.

5 Conclusion

In this paper, we propose HSUGA, a backbone-
agnostic framework that includes two pluggable
modules to improve the performance of LLM-
enhanced sequential recommendation. The first
module, Hierarchical Semantic Understanding, up-
dates user interests stage by stage through a hierar-
chical strategy for selecting and executing opera-
tions. To further address the long-tail user problem,
Group-Aware Alignment first distinguishes between
active and long-tail users and then optimizes re-
trieval for active users to reduce noise. Extensive
experiments on three real-world datasets demon-
strate that HSUGA effectively alleviates the long-
tail problem, achieves substantial improvements
over state-of-the-art methods, and maintains con-
sistent gains when integrated into different LLM-
enhanced sequential recommendation models.
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Limitations

Although HSUGA can capture users’ evolving in-
terests in a fine-grained manner within the LLM
context window and avoids the combinatorial ex-
plosion of sub-tasks, it still incurs considerable
computational overhead in real-world industrial
scenarios. To alleviate this, users are grouped ac-
cording to the number of stages so that inference
can be parallelized within each group. In future
work, we plan to explore more time-efficient strate-
gies that maintain fine-grained preference model-
ing while keeping inference costs within acceptable
bounds.
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A Supplement to Method

A.1 Prompt Design
In Section 3.3, we obtain user semantic embed-
dings by converting historical interactions into tex-
tual form and feeding them into the LLM. To adapt
to different item attributes, dataset-specific tem-
plates are designed, as shown in Figure 4a. Fig-
ure 4b presents the prompt for inferring user inter-
ests at the first stage.

A.2 LLM Inference
During user interest inference, the last two inter-
acted items are excluded, as they are reserved for
validation and testing.

To improve inference efficiency, we adopt a
structured and scalable strategy tailored to HSU.
Specifically, users are first partitioned by fixed se-
quence lengths and then grouped by the number
of stages, enabling parallel inference across users
within each group. In addition, the staged design
of HSU naturally supports incremental updates, in
which only newly arrived interaction stages require
processing, thereby avoiding redundant recompu-
tation over the full history. Furthermore, the use
of structured prompts with widely shared prefixes
enables effective cache reuse in modern inference
engines (e.g., vLLM), thereby reducing token-level
overhead.

These design choices collectively make HSU
amenable to efficient large-scale deployment.

B Experimental Settings

B.1 Dataset and Preprocessing
Our data preprocessing follows the procedures in
SASRec (Kang and McAuley, 2018). We filter out
users with fewer than three interacted items (since
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(a) Prompt for User History Template

(b) Prompt for User Interest Inference at Stage 1

(c) Prompt for User Interest Drift Selection Inference from
Stage 2 onwards

(d) Prompt for User Interest Edit Operation from Stage 2
onwards

Figure 4: Prompts for user history and interest infer-
ence/edit.

cold-start users are not our focus). For dataset
splitting, the last and penultimate items of each
interaction sequence serve as test and validation
samples, respectively.

Dataset Statistics. Statistics of the preprocessed
datasets are reported in Table 8.

Dataset # Users # Items Sparsity Avg.len
Steam 23,310 5,237 99.74% 13.56
Fashion 9,049 4,722 99.92% 3.82
Beauty 52,204 57,289 99.99% 7.57

Table 8: Statistics of datasets.

Long-tail user Split. Following prior studies on
long-tailed sequential recommendation (Jang et al.,
2020; Kim et al., 2023), we divide both users and
items into head and tail groups. Let nu denote the
number of interactions of user u, and pv denote the
popularity of item v, defined as the total number of
interactions it receives. We rank users and items in
descending order according to nu and pv, respec-
tively. The top 20% are defined as head users and
head items, denoted as Uhead and Vhead, following
the Pareto principle (Box and Meyer, 1986). The
remaining 80% are treated as tail users and tail
items, i.e., Utail = U \ Uhead and Vtail = V \ Vhead.

To comprehensively evaluate model perfor-
mance under long-tail settings, we report results
not only on the overall population but also on dif-
ferent user and item groups (head/tail splits), which
allows us to explicitly assess improvements for tail
users and tail items.

B.2 Implementation Details
All experiments are conducted on a server equipped
with an Intel Xeon E5-2680 v4 CPU and Tesla
V100S GPUs. The implementation is based on
Python 3.9.5, PyTorch 1.12.0+cu102, and Trans-
formers 4.46.3.

For hyperparameter tuning, we select the config-
uration that achieves the best NDCG@10 on the
validation set and perform a grid search over key
parameters. Specifically, the candidate neighbor
set size N

(g)
u is searched over {2, 6, 10, 14, 18}.

For neighbor filtering, instead of using a global
threshold, we adopt a user-specific strategy based
on similarity distributions. For each user, we com-
pute the Pearson similarity between the user and
its candidate neighbors, and determine the filter-
ing threshold via percentile-based selection within
this distribution. Specifically, given a percentile
level τ , the user-specific threshold is defined as
τu = Qτ (Su), where Su denotes the Pearson sim-
ilarity set between user u and its candidate neigh-
bors. In practice, we search the percentile level τ
over octile-based cutoffs.

The weight of the self-distillation loss α is
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Images Stage Interactions (genres) Operation LLM Explanation Interests

• Planetary Annihilation: TITANS
(Strategy, Simulation)

• Far Cry 4 (Action, Adventure)
• Trine Enchanted Edition (Indie, Ad-

venture)

Retain
User maintains stable interests
in Action, Adventure, Indie,
Strategy, Simulation; no edits re-
quired

• Action
• Adventure
• Indie
• Strategy
• Simulation

• Planetbase (Indie, Simulation, Strat-
egy)

• Fallout 4 (RPG, Adventure)
• Undertale (Indie, RPG)
• Next Car Game: Wreckfest (Racing,

Simulation)

Addition
New interactions reveal emerg-
ing interests in RPG and Racing;
these genres are added to exist-
ing interests

• Action
• Adventure
• Indie
• Strategy
• Simulation
• +RPG
• +Racing

• Trine 3 (Action, Adventure, Indie)
• Just Cause 3 (Action, Adventure)
• Blitzkrieg 3 (Strategy)
• Outlast (Action, Adventure, Indie,

Horror)

Deletion Reduced engagement with RPG
and Racing; these genres are re-
moved from the user’s interests

• Action
• Adventure
• Indie
• Strategy
• Simulation
• RPG
• Racing

• Iron Snout (Indie, Action)
• Age of Empires II HD (Strategy)
• Life is Strange (Adventure)
• Risk of Rain (Indie, Action, RPG)
• Total War Battles: KINGDOM (Strat-

egy)

Deletion User reduces engagement with
Simulation; retain Action, Ad-
venture, Indie, Strategy

• Action
• Adventure
• Indie
• Strategy
• Simulation

Table 9: Case study of interest evolution across four consecutive stages on the Steam dataset. Each image visualizes
a user interaction item at a given stage. Interests are shown in red, and LLM Explanation provides the rationale for
edit operations.

searched over {1, 0.5, 0.1, 0.05, 0.01}. Other back-
bone hyperparameters are kept consistent with
LLM-ESR (Liu et al., 2024b). To reduce random-
ness, we report the average performance over three
independent runs with random seeds {42, 43, 44}.

B.3 Baselines and Evaluation Protocol
Baselines. We consider three widely used back-
bone sequential recommenders:

• GRU4Rec (Hidasi et al., 2015): A recurrent
neural network-based model that captures se-
quential patterns via gated recurrent units.

• BERT4Rec (Sun et al., 2019): A bidirec-
tional Transformer-based model that leverages
masked item prediction to learn deep contex-
tual representations.

• SASRec (Kang and McAuley, 2018): A self-
attention-based sequential recommender that
models long-range dependencies using Trans-
former architectures.

For overall performance comparison (Table 2),
we include representative long-tail and LLM-
enhanced methods:

• CITIES (Jang et al., 2020): A counterfactual
inference-based framework that mitigates pop-
ularity bias for tail items.

• MELT (Kim et al., 2023): A meta-learning-
based method that improves recommendation
for sparse users and items.

• RLMRec (Ren et al., 2024): Enhances user
and item representations using LLM-derived
semantic knowledge.

• LLMInit (Hu et al., 2024; Harte et al.,
2023): Initializes recommendation models
with LLM-generated embeddings.

• LLM-ESR (Liu et al., 2024b): A two-stage
LLM-enhanced framework that improves both
semantic extraction and utilization.
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Dataset Model Overall Tail Item Head Item Tail User Head User

H@10 N@10 H@10 N@10 H@10 N@10 H@10 N@10 H@10 N@10

Steam

GRU4Rec 0.5397 0.3102 0.0550 0.0187 0.7485 0.4358 0.5525 0.3178 0.4858 0.2783
- CITIES 0.5448 0.3193 0.0442 0.0151 0.7605 0.4503 0.5559 0.3267 0.4979 0.2878
- MELT 0.5376 0.3229 0.0291 0.0099 0.7567 0.4577 0.5476 0.3295 0.4956 0.2950
- RLMRec 0.5510 0.3242 0.0326 0.0104 0.7742 0.4594 0.5606 0.3313 0.5104 0.2940
- LLMInit 0.5493 0.3230 0.0368 0.0124 0.7701 0.4568 0.5593 0.3300 0.5071 0.2937
- LLM-ESR 0.5562 0.3259 0.1262 0.0488 0.7848 0.4628 0.5660 0.3328 0.5148 0.2969
- HSUGA 0.6015* 0.3570* 0.1311* 0.0503* 0.8046* 0.4891* 0.6112* 0.3646* 0.5624* 0.3252*

Bert4Rec 0.4822 0.2742 0.0003 0.0001 0.6898 0.3923 0.4977 0.2841 0.4165 0.2325
- CITIES 0.5664 0.3334 0.1075 0.0407 0.7641 0.4595 0.5706 0.3362 0.5485 0.3218
- MELT 0.5579 0.3337 0.0157 0.0053 0.7914 0.4751 0.5710 0.3426 0.5024 0.2960
- RLMRec 0.5801 0.3454 0.1267 0.0483 0.7754 0.4733 0.5855 0.3483 0.5568 0.3329
- LLMInit 0.5732 0.3420 0.1394 0.0572 0.7601 0.4647 0.5749 0.3430 0.5663 0.3378
- LLM-ESR 0.6325 0.3851 0.2335 0.1086 0.8043 0.5042 0.6411 0.3924 0.5961 0.3544
- HSUGA 0.6445* 0.3975* 0.2392* 0.1102 0.8190* 0.5213* 0.6516* 0.4036* 0.6141* 0.3718*

SASRec 0.4722 0.2712 0.0003 0.0001 0.6754 0.3880 0.4878 0.2805 0.4062 0.2318
- CITIES 0.5563 0.3232 0.1611 0.0690 0.7266 0.4327 0.5649 0.3292 0.5201 0.2978
- MELT 0.5010 0.2915 0.0059 0.0020 0.6568 0.3826 0.5192 0.3023 0.4433 0.2573
- RLMRec 0.5660 0.3315 0.1808 0.0804 0.7319 0.4396 0.5769 0.3394 0.5198 0.2982
- LLMInit 0.5601 0.3281 0.1719 0.0741 0.7273 0.4375 0.5682 0.3339 0.5260 0.3034
- LLM-ESR 0.5950 0.3522 0.1740 0.0746 0.7764* 0.4718 0.6090 0.3626 0.5361 0.3086
- HSUGA 0.6019* 0.3565* 0.2004* 0.0876* 0.7748 0.4724* 0.6144* 0.3665* 0.5487* 0.3146*

Table 10: Overall performance of HSUGA vs. baselines. Best results in bold; *: significant vs. best baseline
(p < 0.05, paired t-test).

For the compatibility study (Table 1), we con-
sider representative LLM-based methods from two
perspectives, i.e., semantic embedding extraction
and utilization:

• LLMEmb (Liu et al., 2025a): Uses LLMs
to directly encode user interaction sequences
into semantic embeddings. It treats LLMs as
semantic encoders for generating user repre-
sentations, which can then be integrated into
sequential recommenders.

• LLM2Rec (He et al., 2025): Employs LLMs
as general-purpose embedding models and
aligns the generated representations with rec-
ommendation objectives, enabling effective
semantic modeling of user preferences.

• ICSRec (Qin et al., 2024): Introduces
intent-aware contrastive learning across subse-
quences to better capture multiple user intents
and improve the utilization of semantic repre-
sentations.

• RCL (Wang et al., 2024): Proposes a relative
contrastive learning framework that selects
similarity-based positive samples, enhancing

semantic alignment in sequential recommen-
dation.

Evaluation Metrics. We evaluate performance
on the Top-10 recommendation list and report Hit
Rate at 10 (HR@10) and Normalized Discounted
Cumulative Gain at 10 (NDCG@10).

Candidate Set Construction. For each test in-
stance, we follow the standard sampled ranking
protocol (Kang and McAuley, 2018): we sample
100 items that the user has not interacted with as
negatives and add the ground-truth item to form the
candidate set.

C More Experimental Results

C.1 Case study
We further conduct a case study on the Steam
dataset to illustrate how our method edits user in-
terests across four consecutive stages (Table 9). At
Stage 13, the user interacts with items such as Plan-
etary Annihilation: TITANS, Far Cry 4, and Trine
Enchanted Edition, which mostly belong to Action,
Adventure, Indie, Strategy, and Simulation genres.
Since these interactions align with the user’s ex-
isting interests, the LLM chooses to retain them,
keeping all prior interests unchanged.
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At Stage 14, the user engages with Planetbase,
Fallout 4, Undertale, and Next Car Game: Wreck-
fest, introducing new genres including RPG and
Racing. The LLM identifies these emerging inter-
ests and performs additional operations, incorpo-
rating RPG and Racing into the user’s interest set
while retaining the previously established genres.

At Stage 15, interactions with Trine 3, Just Cause
3, Blitzkrieg 3, and Outlast show reduced engage-
ment with previously added RPG and Racing gen-
res. The LLM responds with deletion operations,
removing RPG and Racing from the user’s current
interest representation while maintaining Action,
Adventure, Indie, Strategy, and Simulation.

At Stage 16, the user’s interactions, including
Iron Snout, Age of Empires II HD, Life is Strange,
Risk of Rain, and Total War Battles: KINGDOM,
indicate that Simulation is no longer frequently en-
gaged with. The LLM performs another deletion,
removing Simulation from the interest set while
keeping other stable genres, such as Action, Ad-
venture, Indie, and Strategy, intact.

This hierarchical semantic understanding pro-
cess demonstrates our method’s ability to capture
fine-grained interest evolution, reflecting both the
emergence of new interests and the decline of ex-
isting ones, thereby providing a dynamic and inter-
pretable model of user preferences over time.

C.2 Additional Results on the Steam Dataset
Table 10 presents the performance of HSUGA and
all baselines on the Steam dataset across three back-
bone encoders: SASRec, Bert4Rec, and GRU4Rec.
Overall, HSUGA consistently outperforms the
baselines on both overall and long-tail metrics.
The only exception is observed in the Head-item
HR@10 for SASRec, where HSUGA is slightly
below LLM-ESR. For all other metrics, including
NDCG@10 and long-tail items, HSUGA achieves
the highest scores, confirming the robustness and
effectiveness of the Hierarchical Semantic Under-
standing and Group-Aware Alignment modules
across different backbones.
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