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Abstract

Sequential recommendation models dynamic
user preferences but is constrained by the
long-tail distribution of real-world interac-
tions. While LLM-derived text embeddings
provide semantic priors to alleviate data spar-
sity, existing adaptation methods are hindered
by popularity bias during semantic projec-
tion and semantic prior erosion during se-
quence training. In this paper, we pro-
pose Adversarial Debiasing and Asymmetric
Alignment (ADAA), a framework designed
to alleviate these representation bottlenecks.
Specifically, ADAA incorporates an adversar-
ial debiasing mechanism to decouple interac-
tion frequency factors from the projected em-
beddings, yielding debiased semantic repre-
sentations. Furthermore, it employs an asym-
metric anchoring strategy during the sequence
training phase. This strategy restricts the op-
timization space of sparse items to preserve
their injected semantic priors, while permitting
head items to flexibly fit sequential transition
patterns. Through a parameter-level injection
mechanism, ADAA integrates offline-aligned
semantics without introducing additional pa-
rameters to the online architecture. Exten-
sive experiments on three real-world datasets
demonstrate that ADAA improves long-tail rec-
ommendation accuracy while preserving the
online inference efficiency of the original se-
quential backbone.

1 Introduction

Sequential Recommendation (SR) models dynamic
user preferences by mining chronological interac-
tion histories (Tang and Wang, 2018a; Wang et al.,
2019; Peng et al., 2025). The efficacy of these
methods relies on capturing sequential transition
patterns and behavioral dependencies from discrete
item identifiers (IDs) (Kang and McAuley, 2018;

*Equal contribution.
†Corresponding author.

Figure 1: Performance comparison between SAS-
Rec and SASRec+LLMInit across different frequency-
stratified user and item groups on the Yelp dataset.

Sun et al., 2019). However, real-world feedback
data typically follows a long-tail distribution (Yin
et al., 2012; Abdollahpouri et al., 2017). While
a fraction of popular items yields well-optimized
representations through abundant interactions, the
majority of items lack sufficient records (Hou et al.,
2022b; Kang et al., 2019). Consequently, existing
ID-based models fail to establish reliable transition
contexts for these sparse items (Jang et al., 2020;
Kim et al., 2023), leading to representation degrada-
tion and compromised recommendation accuracy.

Recent research leverages Large Language Mod-
els (LLMs) to alleviate data sparsity in long-tail rec-
ommendation (Wu et al., 2024; Zhao et al., 2021).
Derived from extensive text corpora, LLM embed-
dings encode semantic priors that provide seman-
tic information beyond collaborative interaction
signals (Hou et al., 2024; Bao et al., 2023). In
this work, LLM embeddings refer to precomputed
text embeddings extracted from item metadata by
a frozen language model before recommendation
training, rather than online generative reasoning
during recommendation. A preliminary experi-
ment on the Yelp dataset demonstrates that initial-
izing the SASRec backbone (Kang and McAuley,
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2018) with LLM embeddings improves overall rec-
ommendation accuracy. However, a frequency-
stratified performance analysis reveals an uneven
distribution of these gains. As illustrated in Fig-
ure 1, the overall improvements are largely concen-
trated on head items, whereas the enhancements
for tail items remain marginal. This observation
suggests that standard semantic initialization alone
is insufficient to effectively address the long-tail
challenge.

This skewed performance improvement indi-
cates that simply injecting semantic priors is insuffi-
cient to resolve the long-tail issue. We attribute this
to three challenges in existing semantic adaptation
methods:

i) Inadequate Semantic Alignment: Textual
semantics encode content attributes, whereas
collaborative IDs capture behavioral co-
occurrences. This discrepancy causes an in-
herent structural incompatibility. Bridging
this gap via standard uniform projections of-
ten discards fine-grained semantic features,
inducing an information bottleneck.

ii) Popularity Bias in Projection: Standard
alignment processes are dominated by the in-
teraction signals of head items, which embeds
a popularity bias into the learned mapping.
Applying this biased projector to tail items de-
grades their semantic representations, causing
collaborative popularity factors to override
their intrinsic textual features (Zhang et al.,
2021; Wei et al., 2021; Zheng et al., 2021).

iii) Semantic Prior Erosion: As user sequences
consist largely of popular items, the repre-
sentation updating process is skewed toward
high-frequency interactions. For tail items,
this biased dynamic erodes their initialized
semantic priors, negating the benefits of LLM
enhancement.

To address these challenges, we propose the
Adversarial Debiasing and Asymmetric Alignment
(ADAA), a framework that integrates textual se-
mantic priors into sequential models to mitigate
the representation bottlenecks of long-tail items.
Specifically, to bridge the structural incompatibil-
ity between semantic and collaborative spaces, we
develop Collaborative Anchored Semantic Align-
ment. By recognizing that popular items inher-
ently possess stable collaborative representations,
we utilize them as reliable targets to guide the cross-
space mapping. This anchors the projection pro-

cess, aligning the feature spaces while preventing
the loss of fine-grained semantic properties. Sec-
ond, to prevent the mapping rules from overfitting
head-item frequencies, we introduce an Adversarial
Popularity Debiasing mechanism. By formulating
the frequency discrepancy as a domain adaptation
problem (Ganin et al., 2016; Tzeng et al., 2017),
we employ an adversarial minimax game to decou-
ple popularity attributes from the projected embed-
dings (Ganin and Lempitsky, 2015; Goodfellow
et al., 2014), yielding a debiased mapping func-
tion. Third, to mitigate semantic prior erosion dur-
ing sequence training, we propose an Asymmetric
Semantic Anchoring strategy. Since sparse items
lack sufficient interactions for reliable representa-
tion updating, this mechanism applies asymmet-
ric constraints to restrict their optimization space,
thereby preserving the injected semantic structures.
Concurrently, it permits head items to flexibly fit
sequential transition patterns. By systematically
mitigating these adaptation bottlenecks, ADAA im-
proves long-tail recommendation accuracy while
preserving the architectural integrity and computa-
tional efficiency of the underlying sequential back-
bone.

While ADAA builds on established training ob-
jectives such as contrastive alignment, adversarial
debiasing, and representation regularization, its key
contribution is to identify and implement a head-
tail asymmetric adaptation strategy: head items
are anchored toward reliable collaborative repre-
sentations, whereas tail items are anchored toward
semantic priors derived from item text. The main
contributions of this work are summarized as fol-
lows:

• We identify three challenges in applying LLMs
to long-tail recommendation, and advocate an
asymmetric modeling philosophy tailored to item
frequencies.

• We propose ADAA, a two-stage adaptation
framework that combines adversarial semantic
projection with head-tail asymmetric anchoring,
preserving collaborative signals for head items
and semantic priors for tail items.

• We introduce a non-intrusive parameter injec-
tion strategy. Extensive experiments demonstrate
ADAA significantly improves tail-item accuracy
while maintaining the online inference cost of
vanilla backbones.
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2 Preliminary

2.1 Sequential Recommendation

Let U and V be the user and item sets. For each user
u ∈ U with a chronological interaction sequence
Su = [v1, . . . , v|Su|], sequential recommendation
aims to predict the next item v+ ∈ V by maximiz-
ing:

argmax
v∈V

P (v+ = v | Su). (1)

Real-world interactions typically follow a long-
tail distribution. Let pv denote item v’s popularity
(total historical interactions). Sorting V by descend-
ing pv, we follow the empirical Pareto principle
(Newman, 2005) to designate the top 20% of items
as the head set VH . The remaining 80% constitutes
the sparse tail set VT = V \ VH . This extreme data
imbalance (|VT | ≫ |VH |) poses the core optimiza-
tion challenge addressed in this work.

2.2 Generalized Sequential Encoder

Each item v ∈ V is parameterized by a trainable
collaborative ID embedding eidv ∈ Rd. To cap-
ture inherent textual features, we additionally intro-
duce a static semantic embedding ellmv ∈ Rdllm , ex-
tracted via text-embedding-ada-002 (Neelakan-
tan et al., 2022) from item metadata. The raw tex-
tual metadata of items is formatted into natural
language descriptions to query the frozen LLM.
The exact, structured prompt templates employed
for each dataset are presented in Appendix A.1.

A generalized, backbone-agnostic sequential en-
coder fθ(·) processes the stacked input matrix
ESu = [ev1 , . . . , ev|Su| ] to generate a user pref-
erence vector:

hu = fθ(ESu). (2)

The prediction score for a candidate item v is then
computed via the inner product ŷu,v ∝ h⊤

u ev.

3 The Framework of ADAA

Figure 2 illustrates the ADAA framework, which
leverages textual side information to enhance long-
tail sequential recommendation. First, Collabo-
rative Anchored Semantic Alignment projects
LLM-encoded features into the collaborative space
using head items as targets. Next, Adversarial Do-
main Adaptation for Popularity Debiasing em-
ploys adversarial training to decouple interaction
frequencies from the projected embeddings, miti-
gating popularity bias. Finally, Parameter-Level

Injection and Asymmetric Alignment initializes
the sequential backbone with these debiased repre-
sentations. During sequence training, asymmetric
anchoring constraints preserve tail-item semantic
priors while enabling head items to capture sequen-
tial transition patterns.

3.1 Collaborative Anchored Semantic
Alignment

LLM semantic embeddings and collaborative ID
representations inherently reside in heterogeneous
latent spaces. To effectively utilize textual priors
for recommendation, these semantic representa-
tions must be projected into the collaborative space.
To achieve this cross-space mapping while preserv-
ing the intrinsic semantic topology, we introduce a
collaborative-anchored alignment mechanism con-
strained to the head set VH .
Collaborative Anchor Extraction. Cross-space
alignment requires reliable reference targets. We
first pre-train the sequential backbone fθ using
standard sequence modeling objectives. Given
the dense interactions within VH , this pre-training
yields stable collaborative embeddings, denoted as
Eid

H ∈ R|VH |×d. We freeze Eid
H to prevent repre-

sentation drift during the alignment phase. These
frozen embeddings serve as structural anchors for
the subsequent semantic projection, isolating the
alignment process from the under-optimized tail
representations.
Frequency-Aware Semantic Projection. We in-
troduce an MLP projector P (·) to map the static
semantic embeddings ellmi into the collaborative
space. Directly applying Mean Squared Error
(MSE) enforces absolute coordinate regression,
which collapses diverse semantic representations
into dense collaborative regions and erases their
intrinsic variance.

To prevent mapping collapse, we optimize a con-
trastive objective (Gutmann and Hyvärinen, 2010;
Chen et al., 2020) based on relative similarities.
By treating paired semantic and collaborative em-
beddings of the same item as positive instances
and other intra-batch anchors as negatives, the con-
trastive loss for item i in a sampled batch B is:

LNCE(i) =

− log
exp(sim(P̃ (ellmi ), ẽidi )/τ)∑
j∈B exp(sim(P̃ (ellmi ), ẽidj )/τ)

,
(3)

where x̃ = x/∥x∥2 denotes the ℓ2-normalized vec-
tor, τ is the temperature, and sim(·) denotes cosine
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Figure 2: Overview of the proposed ADAA Framework. Frozen semantic embeddings are transformed by a projector
trained with collaborative embeddings via dual-metric retention and adversarial head–tail discrimination. During
sequential training, tail and head items are anchored to semantic and collaborative embeddings, respectively.

similarity.
Since the stability of collaborative representa-

tions correlates with interaction frequencies, sparse
items yield unreliable alignment targets. To mit-
igate interference from these sparse anchors, we
scale the contrastive loss with a frequency-based
weight ci:

ci = ω × log(count(i) + 1)

log(countmax + 1)
+ b, (4)

where ω and b are scaling hyperparameters. The
overall alignment loss is the frequency-weighted
batch average:

Lalign =

∑
i∈B ci · LNCE(i)∑

i∈B ci
. (5)

This formulation removes magnitude biases via ℓ2-
normalization and ensures the alignment process
is guided primarily by the reliable collaborative
signals of head items.

3.2 Adversarial Domain Adaptation for
Popularity Debiasing

While the projector P (·) establishes a valid cross-
space mapping on head items, applying it directly
to tail items introduces popularity bias. Because
head-item collaborative targets are dominated by
high-frequency interactions, P (·) inadvertently fits
these popularity-specific features during alignment.
Applying this unconstrained projector to tail items
shifts their semantic representations into high-
frequency regions. To mitigate this, we propose

an adversarial adaptation mechanism to decouple
popularity bias from the mapped features.
Adversarial Popularity Decoupling. We formu-
late popularity debiasing as a domain adaptation
problem (Ganin et al., 2016; Tzeng et al., 2017). By
treating the high-frequency head set VH and low-
frequency tail set VT as distinct feature domains,
we train a domain discriminator D(·) to identify
the frequency origin of the projected semantic fea-
ture zi = P (ellmi ). The discriminator classifies zi
into either the head domain (di = 1) or the tail do-
main (di = 0), optimized via binary cross-entropy
loss:

Ladv = −Evi∈V
[
di logD(zi)

+ (1− di) log(1−D(zi))
]
.

(6)

To decouple the popularity bias, we establish a
minimax game between P (·) and D(·) via a Gradi-
ent Reversal Layer (GRL) (Ganin and Lempitsky,
2015). While D(·) minimizes the domain classi-
fication error, P (·) is optimized to maximize the
discriminator’s uncertainty. This compels P (·) to
discard popularity-specific attributes, yielding de-
biased semantic representations and reducing the
influence of item interaction frequencies on the
projected representations.
Dual-Metric Mapping Retention. Relying exclu-
sively on the adversarial objective risks mapping
collapse. Optimizing P (·) solely to maximize dis-
criminator uncertainty may cause it to map diverse
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inputs into a constant vector, which destroys item
distinctiveness and discards valid mapping rules.

To prevent this degradation, we apply a dual-
metric retention loss Lret to the head items, inte-
grating Mean Squared Error and cosine similarity:

Lret =
∑

vi∈VH

(
∥P (ellmi )− eidi ∥22

+ γ · (1− sim(P (ellmi ), eidi ))
)
,

(7)

where γ is a scaling weight. The Mean Squared Er-
ror bounds the absolute coordinate distance, while
the cosine similarity maintains directional align-
ment against magnitude perturbations from adver-
sarial updates.

We optimize the objective Lproj = Lret+λLadv,
where λ controls the adversarial penalty. This en-
ables P (·) to decouple popularity features while
preserving cross-space topology. The resulting de-
biased semantic representations are then injected
into the sequential encoder.

3.3 Parameter-Level Injection and
Asymmetric Alignment

The final phase conducts sequence training of the
recommendation backbone via parameter-level ini-
tialization and asymmetric anchoring.
Non-intrusive Semantic Initialization. Existing
methods often integrate heterogeneous features via
auxiliary cross-attention or gating layers (Wu et al.,
2019; Hou et al., 2022a; Zhou et al., 2022). Such
structural modifications alter the computational
graph and increase inference latency.

To avoid structural fusion, we employ a
parameter-level injection strategy. Projecting the
static LLM embeddings through P ∗(·) yields
a global, debiased semantic matrix Z∗ =
P ∗(Ellm) ∈ R|V|×d. We initialize the item em-
bedding matrix of the sequential backbone fθ by
directly overwriting it with Z∗.
Asymmetric Semantic Anchoring. Following ini-
tialization, fθ is optimized via the standard sequen-
tial objective Lseq. However, sequence training is
skewed toward high-frequency collaborative sig-
nals. For sparse tail items VT , this biased opti-
mization causes representation drift, altering their
initialized semantic priors.

To address this, we introduce an asymmetric
anchoring constraint Lanchor. We assign distinct
reference targets êi based on the frequency domain

of each item:

êi =

{
eidi , if vi ∈ VH

z∗i , if vi ∈ VT

(8)

Let hi denote the updated embedding of item vi
during sequence adaptation. The constraint is:

Lanchor =
∑

vi∈V
(1− sim(hi, êi)). (9)

This asymmetric design serves distinct purposes.
For head items, aligning with the pre-trained col-
laborative ID eidi functions as knowledge distilla-
tion (Hinton et al., 2015; Tang and Wang, 2018b),
transferring collaborative transition patterns into
semantic representations. For tail items, aligning
with their own debiased semantic feature z∗i acts as
an elastic regularization, anchoring representations
against high-frequency gradients. We apply an ex-
ponentially decaying coefficient α(e) = α0 · ηe
where η ∈ (0, 1) at epoch e. The overall objective
is:

L = Lseq + α(e)Lanchor. (10)

This decaying weight prioritizes structural preser-
vation initially and shifts focus toward personalized
sequence modeling as training progresses.

3.4 Training and Inference
Training. Optimization follows a decoupled
pipeline. First, keeping the static semantic embed-
dings Ellm and pre-trained collaborative anchors
Eid

H frozen, we optimize the projector P (·) using
the joint objective:

Ltrain = Lalign + Lret + λLadv. (11)

After convergence, the learned projector P ∗(·) gen-
erates the global debiased semantic matrix Z∗ =
P ∗(Ellm) to initialize the embedding layer of the
sequential backbone fθ. The backbone fθ then
undergoes sequence training, regularized by the
asymmetric anchoring objective:

Ltune = Lseq + α(e)Lanchor. (12)

Inference. ADAA preserves the architectural
integrity of the sequential backbone through
parameter-level injection. Item text embeddings are
precomputed offline, and auxiliary training compo-
nents, including the language model, P (·), D(·),
and anchoring targets, are discarded post-training.
Inference relies solely on the forward propagation
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of the optimized backbone fθ, ensuring long-tail ac-
curacy improvements without increasing online in-
ference time or space complexity. Detailed training
and inference procedures are provided in Appendix
A.2.

4 Experiments

4.1 Experimental Settings

Dataset. Three public real-world datasets are uti-
lized for performance evaluation: Yelp, Amazon
Fashion, and Amazon Beauty (Ni et al., 2019;
McAuley et al., 2015). More comprehensive de-
tails are provided in Appendix B.1. Following the
common practice in sequential recommendation,
we conduct standardized preprocessing and data
splitting. The detailed statistics and preprocessing
steps are summarized in Appendix B.2.

Baselines. To evaluate the effectiveness and flexi-
bility of ADAA, we implement it and all competing
baselines upon two representative backbones: SAS-
Rec (Kang and McAuley, 2018) and BERT4Rec
(Sun et al., 2019). We compare ADAA against two
categories of baselines: (1) traditional long-tail en-
hancement frameworks, including CITIES (Jang
et al., 2020) and MELT (Kim et al., 2023); and
(2) LLM-based enhancement methods, including
RLMRec (Ren et al., 2024), LLMInit (Hu et al.,
2024; Harte et al., 2023), SRA-CL (Cui et al.,
2026), and LLM-ESR (Liu et al., 2024). Appendix
B.3 provides further details on these baselines.

Evaluation Metrics. We evaluate the recommen-
dation performance using the Top-10 ranking list.
Specifically, we adopt the widely-used Hit Rate
(H@10) and Normalized Discounted Cumulative
Gain (N@10). Following common practice in se-
quential recommendation and the evaluation proto-
col of LLM-ESR, for each ground-truth item in the
test set, we randomly sample 100 non-interacted
items as negatives to calculate the main metrics.
However, sampled metrics may be inconsistent
with full-ranking metrics and may not always
preserve the relative ordering of methods (Krich-
ene and Rendle, 2020). Therefore, we addition-
ally conduct full-catalog ranking evaluation in Ap-
pendix C.1, where each ground-truth item is ranked
against all eligible unseen items. All implemen-
tations follow the configurations specified in Ap-
pendix B.4.

4.2 Comparison with Baselines

Table 1 summarizes the overall performance of all
evaluated models. Overall, our proposed ADAA
yields highly competitive results, establishing a
new state-of-the-art on the vast majority of evalu-
ation metrics. From the detailed comparison, we
draw the following in-depth observations.

Overall Performance Comparison. Compared
to traditional ID-based backbones, ADAA consis-
tently improves performance, suggesting that se-
mantic priors effectively mitigate representational
limitations caused by interaction sparsity. Further-
more, ADAA outperforms existing LLM-enhanced
baselines on most metrics. While standard seman-
tic adaptation often suffers from popularity bias and
the erosion of semantic structures during optimiza-
tion, ADAA addresses these issues systematically.
By decoupling interaction frequencies via adver-
sarial learning and asymmetric anchoring, ADAA
provides a stable, backbone-agnostic paradigm for
sequential recommendation.

Performance on Long-Tail Items. As shown in
Table 1, ADAA achieves leading performance on
tail items across most evaluations, followed by the
competitive LLM-ESR. The general superiority of
LLM-enhanced baselines (e.g., LLMInit, SRA-CL)
over pure ID-based backbones confirms that seman-
tic priors effectively mitigate collaborative signal
scarcity.

More importantly, ADAA achieves a more bal-
anced improvement across tail and head groups
in most scenarios. Rather than completely elim-
inating the common “seesaw effect” in long-tail
recommendation, ADAA substantially alleviates it
by improving tail-item accuracy while maintaining
competitive head-item performance. This balance
is attributed to the synergy of adversarial adapta-
tion, which reduces popularity bias, and asymmet-
ric anchoring, which mitigates the semantic-prior
erosion of tail items during sequence training. We
further verify in Appendix C.1 that ADAA’s tail-
item gains persist under full-catalog ranking rather
than arising from sampled candidates.

Performance on Long-Tail Users. Regarding tail
users, ADAA consistently outperforms all base-
lines, including MELT and LLMInit. While MELT
is specifically devised to enhance tail-user repre-
sentations, it underperforms ADAA due to its limi-
tations in relying solely on collaborative perspec-
tives.
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Table 1: Overall recommendation performance on three datasets. The best and second-best results are indicated in
bold and underlined, respectively.

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

Yelp

SASRec 0.5724 0.3413 0.0763 0.0318 0.7184 0.4324 0.5782 0.3456 0.5501 0.3247
- CITIES 0.5828 0.3540 0.1532 0.0700 0.7093 0.4376 0.5785 0.3511 0.5994 0.3649
- MELT 0.6257 0.3791 0.1015 0.0371 0.7801 0.4799 0.6246 0.3804 0.6299 0.3744
- RLMRec 0.5990 0.3623 0.0953 0.0412 0.7474 0.4568 0.5966 0.3613 0.6084 0.3658
- LLMInit 0.6415 0.3997 0.1760 0.0789 0.7785 0.4941 0.6403 0.4010 0.6462 0.3948
- SRA-CL 0.6534 0.4169 0.1312 0.0564 0.8072 0.5231 0.6518 0.4170 0.6597 0.4166
- LLM-ESR 0.6673 0.4208 0.1893 0.0845 0.8080 0.5199 0.6685 0.4229 0.6627 0.4128
- ADAA 0.6770 0.4279 0.1927 0.0840 0.8196 0.5297 0.6769 0.4275 0.6772 0.4296
BERT4Rec 0.5812 0.3544 0.0173 0.0076 0.7473 0.4565 0.5840 0.3564 0.5707 0.3468
- CITIES 0.5249 0.3015 0.0041 0.0014 0.6783 0.3899 0.5274 0.3032 0.5155 0.2954
- MELT 0.6206 0.3770 0.0429 0.0149 0.7907 0.4836 0.6210 0.3780 0.6191 0.3733
- RLMRec 0.5306 0.3039 0.0104 0.0040 0.6938 0.3922 0.5351 0.3065 0.5137 0.2936
- LLMInit 0.6199 0.3781 0.0874 0.0330 0.7766 0.4797 0.6204 0.3796 0.6178 0.3723
- SRA-CL 0.6001 0.3663 0.1330 0.0655 0.7389 0.4528 0.5950 0.3622 0.6217 0.3837
- LLM-ESR 0.6623 0.4222 0.1227 0.0500 0.8212 0.5318 0.6637 0.4247 0.6571 0.4127
- ADAA 0.6765 0.4409 0.2178 0.0934 0.8216 0.5433 0.6785 0.4437 0.6689 0.4305

Beauty

SASRec 0.4388 0.3030 0.0870 0.0649 0.5227 0.3598 0.4270 0.2941 0.4926 0.3438
- 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
- SRA-CL 0.5044 0.3568 0.0827 0.0427 0.6019 0.4294 0.4921 0.3446 0.5587 0.4105
- LLM-ESR 0.5672 0.3713 0.2257 0.1108 0.6486 0.4334 0.5581 0.3643 0.6087 0.4032
- ADAA 0.5770 0.4046 0.2698 0.1572 0.6503 0.4637 0.5640 0.3916 0.6364 0.4644
BERT4Rec 0.4601 0.2935 0.0125 0.0051 0.5656 0.3616 0.4448 0.2812 0.5292 0.3491
- 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
- SRA-CL 0.4962 0.3196 0.0847 0.0454 0.5823 0.3719 0.4531 0.3015 0.5497 0.3667
- LLM-ESR 0.5393 0.3590 0.1379 0.0745 0.6350 0.4269 0.5295 0.3507 0.5839 0.3972
- ADAA 0.5498 0.3821 0.1556 0.0826 0.6428 0.4544 0.5439 0.3696 0.6124 0.4382

Fashion

SASRec 0.4956 0.4429 0.0454 0.0235 0.6748 0.6099 0.3967 0.3390 0.6239 0.5777
- 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
- SRA-CL 0.5262 0.4649 0.0589 0.0292 0.7097 0.6359 0.4263 0.3606 0.6557 0.6001
- LLM-ESR 0.5619 0.4743 0.1095 0.0520 0.7420 0.6424 0.4811 0.3769 0.6668 0.6005
- ADAA 0.6096 0.5240 0.2254 0.1342 0.7605 0.6771 0.5410 0.4444 0.6987 0.6272
BERT4Rec 0.5139 0.4041 0.0347 0.0131 0.7020 0.5575 0.4251 0.2995 0.6289 0.5396
- 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
- SRA-CL 0.5260 0.4129 0.0374 0.0178 0.7222 0.5681 0.4355 0.2981 0.6495 0.5618
- LLM-ESR 0.5487 0.4529 0.0525 0.0225 0.7462 0.6243 0.4629 0.3460 0.6599 0.5916
- ADAA 0.5688 0.4918 0.1041 0.0468 0.7513 0.6665 0.4933 0.4020 0.6668 0.6083

Table 2: Ablation study of ADAA on the Yelp dataset. We report the detailed HR@10 and NDCG@10 metrics
across different item and user groups. The best results are indicated in bold, and the second-best are underlined.

Architecture 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

w/o Adv 0.6246 0.3795 0.1317 0.0519 0.7698 0.4759 0.6268 0.3825 0.6164 0.3680
w/o FT 0.5070 0.3152 0.2992 0.1433 0.5387 0.3364 0.5129 0.3191 0.4845 0.3004
w/o Anc 0.6485 0.4003 0.1163 0.0473 0.8053 0.5042 0.6516 0.4024 0.6370 0.3922
Sym-Col 0.5892 0.3573 0.1096 0.0465 0.7305 0.4488 0.5847 0.3561 0.6066 0.3617
Sym-Sem 0.5924 0.3561 0.1499 0.0655 0.7127 0.4317 0.5944 0.3570 0.5845 0.3528
ADAA 0.6770 0.4279 0.1927 0.0840 0.8196 0.5297 0.6769 0.4275 0.6772 0.4296

4.3 Ablation Study

Table 2 details the ablation study of five ADAA
variants. w/o Adv removes the adversarial mecha-
nism, and its performance drop on tail items con-
firms that adversarial training is important for re-

ducing popularity bias. Beyond downstream perfor-
mance, Appendix C.2 directly probes the learned
representations and shows that adversarial debi-
asing substantially reduces recoverable popularity
information.
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w/o FT bypasses sequence training entirely. This
variant achieves the highest tail-item H@10/N@10,
indicating that directly preserving LLM-derived
semantic priors can strongly benefit sparse items.
However, it substantially sacrifices overall and
head-item performance, showing that it represents a
semantics-oriented extreme rather than a complete
sequential recommender. This result reveals an
overall–tail trade-off: maximizing semantic preser-
vation alone can improve tail items, but sequence
training remains necessary for capturing behavioral
transition patterns and maintaining overall recom-
mendation quality.

To analyze the anchoring mechanism, we evalu-
ate three variants. w/o Anc removes the anchoring
loss entirely, resulting in reduced tail-item accu-
racy and validating the need for structural regu-
larization. Under the same sequence-training set-
ting, full ADAA improves tail-item H@10/N@10
from 0.1163/0.0473 to 0.1927/0.0840 com-
pared with w/o Anc, while also improving
overall H@10/N@10 from 0.6485/0.4003 to
0.6770/0.4279. This shows that asymmetric an-
choring mitigates semantic-prior erosion during
necessary sequence adaptation, but does not claim
to inherit the maximal tail accuracy of the untrained
w/o FT variant.

The symmetric designs also prove suboptimal.
Sym-Col forces tail items to align with unreliable
sparse targets, while Sym-Sem prevents head items
from absorbing dense collaborative signals. Their
inferior performance indicates that the gain does
not come from regularization alone, but from as-
signing frequency-specific preservation targets to
head and tail items. These results show that asym-
metric anchoring provides a better balance between
preserving sparse-item semantics and learning col-
laborative transition patterns. Beyond removing in-
dividual components, we also test whether ADAA
depends on the specific 20/80 head-tail cutoff. Ap-
pendix C.3 shows that ADAA consistently im-
proves over SASRec across training-time head ra-
tios from 10% to 40%, indicating that the asym-
metric anchoring design is not tied to a single hard
split.

We further investigate the robustness of ADAA,
with the comprehensive hyper-parameter sensitivity
analysis presented in Appendix C.4. The efficiency
evaluation is detailed in Appendix C.5.

Figure 3: Performance across ten item popularity groups
on Yelp and Beauty using SASRec. G1 and G10 contain
the most and least popular items, respectively.

4.4 Group Analysis.

Figure 3 presents a fine-grained evaluation across
ten item frequency groups on the Yelp and Beauty
datasets. While the ID-based SASRec experi-
ences performance degradation on sparse tail items,
ADAA achieves competitive performance across
item popularity groups and improves over LLM-
ESR in many sparse-item groups. By decoupling in-
teraction frequency via adversarial learning, ADAA
generates debiased semantic representations that
provide robust semantic initialization for tail items.

Furthermore, ADAA substantially alleviates the
seesaw dilemma common in long-tail methods. It
improves sparse-item groups while maintaining
competitive performance on highly-interacted head
items. This suggests that our asymmetric anchor-
ing strategy helps preserve tail-item semantics from
erosion while enabling head items to capture col-
laborative patterns.

5 Related Work

5.1 Sequential Recommendation and the
Long-Tail Challenge

Sequential recommendation captures dynamic user
preferences from interaction histories, typically
parameterizing items as trainable ID embeddings
(Kang and McAuley, 2018; Sun et al., 2019). How-
ever, real-world interactions follow a long-tail dis-
tribution. For tail items, the scarcity of collab-
orative signals restricts embedding optimization,
leading to representation degradation (Xie et al.,
2022; Qiu et al., 2022).

Conventional ID-based approaches address this
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by optimizing the utilization of existing data
through structural signal transfer or dynamic regu-
larization. For example, CITIES (Jang et al., 2020)
infers tail representations using co-occurrences
with head items, while MELT (Kim et al., 2023)
employs curriculum learning to refine tail users
and items. Although effective, these intra-domain
strategies operate within a closed collaborative loop
bounded by available behavioral data. This limita-
tion necessitates external prior knowledge, prompt-
ing research into semantic modalities to establish
debiased semantic representations.

5.2 LLMs for Recommendation

To alleviate data sparsity, recent methods leverage
Large Language Models to encode textual informa-
tion (Peng et al., 2024; Shao et al., 2024). These
approaches generally follow two paradigms: archi-
tectural integration and representation alignment.
Architectural integration explicitly fuses LLM em-
beddings into the backbone. For instance, LLMInit
(Hu et al., 2024; Harte et al., 2023) explores selec-
tive initialization, and LLM-ESR (Liu et al., 2024)
combines semantic and collaborative features via
a dual-branch network. While improving tail-item
accuracy, these structural modifications introduce
computational overhead during online serving.

Alternatively, representation alignment bridges
semantic and collaborative spaces via auxiliary ob-
jectives. RLMRec (Ren et al., 2024) and SRA-
CL (Cui et al., 2026) employ contrastive learning,
while P5 (Geng et al., 2022) utilizes instruction tun-
ing. However, standard alignment struggles with
long-tail data. Because batch-sampled interactions
are skewed toward frequent items, the learned map-
ping overfits dense collaborative signals. This pop-
ularity bias shifts tail-item representations toward
popular clusters, degrading their initialized seman-
tic features. To address this, our framework utilizes
adversarial learning to decouple popularity factors
from the semantic mapping, reducing popularity
bias in knowledge injection while preserving the
inference efficiency of standard sequential back-
bones.

6 Conclusion

In this paper, we present ADAA to address
popularity-induced semantic distortion and seman-
tic prior erosion in long-tail sequential recommen-
dation. Our adversarial mechanism decouples
interaction frequencies during cross-space align-

ment, yielding debiased semantic representations
for both head and tail items. During sequence adap-
tation, the asymmetric semantic anchoring mech-
anism protects sparse tail items from being over-
written by head-dominated gradients while allow-
ing head items to capture collaborative patterns.
Experiments on three datasets demonstrate that
ADAA achieves competitive performance across
most metrics and substantially alleviates the seesaw
dilemma. Finally, its architecturally non-intrusive
design preserves the online inference efficiency of
vanilla sequential backbones.

Limitations

We acknowledge three primary limitations of
ADAA. First, our offline alignment pipeline en-
sures inference efficiency but requires frequent pro-
jector retraining in streaming scenarios with con-
tinuous new item arrivals. Second, the framework
relies on raw textual metadata. For items lacking
meaningful descriptions, the limited capability of
language-model text embeddings to provide dis-
tinguishable semantic representations restricts the
effectiveness of the adversarial debiasing mecha-
nism. Third, our experiments are conducted on
highly sparse but moderate-sized public datasets;
thus, the efficiency results should be interpreted as
evidence of unchanged online inference cost rather
than large-scale scalability.
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A Appendix

A.1 LLM Prompt Templates

To extract universal semantic representations from
textual metadata, we construct structured prompts
to query the Large Language Models (LLMs). To
ensure a strictly fair comparison and completely
isolate the effectiveness of our proposed ADAA
framework, we adopt the exact prompt templates
established by the baseline LLM-ESR. Specifi-
cally, we organize the available item attributes (e.g.,
brand, category, title) into natural language sen-
tences. Due to the diverse metadata fields recorded
across different domains, the prompt templates are
tailored for each dataset accordingly.

1. Prompt Template for Yelp:

ITEM PROMPT (YELP)

The point of interest has the following attributes:
name is <NAME>; category is <CATEGORY>; type is
<TYPE>; open status is <OPEN>; review count is
<COUNT>; city is <CITY>; average score is <STARS>.

2. Prompt Template for Amazon Beauty:

ITEM PROMPT (AMAZON BEAUTY)

The beauty item has the following attributes:
name is <TITLE>; brand is <BRAND>; price is
<PRICE>.
The item has the following features: <CATEGORIES>.
The item has the following descriptions:
<DESCRIPTION>.

3. Prompt Template for Amazon Fashion:

ITEM PROMPT (AMAZON FASHION)

The fashion item has the following attributes:
name is <TITLE>; brand is <BRAND>; date is <DATE>;
price is <PRICE>.
The item has the following features: <FEATURE>.
The item has the following descriptions:
<DESCRIPTION>.

A.2 Train and Inference Process

In this section, we provide the comprehensive exe-
cution pipeline of the proposed ADAA framework.
Algorithm 1 delineates the step-by-step operations
during both the decoupled training phase and the
highly efficient inference phase.

B Experiment Setting

B.1 Datasets

We conduct experiments on three public real-world
datasets: Yelp, Amazon Beauty, and Amazon Fash-
ion. These datasets are selected to cover diverse
application scenarios and evaluate the model’s per-
formance under data sparsity.

• Yelp1: A dataset widely used for business
recommendation, containing user check-in
records and reviews of local businesses. We
utilize the interaction sequences along with
the textual metadata (e.g., categories and busi-
ness names) of the point-of-interests to extract
semantic features.

• Amazon2: A collection of product re-
view datasets sourced from the Amazon e-
commerce platform. We adopt two sub-
categories for our evaluation: Beauty and
Fashion. Similar to Yelp, product titles, brand
names, and category descriptions are used as
textual metadata for LLM encoding.

B.2 Preprocessing

Following standard procedures in sequential rec-
ommendation, we convert all explicit ratings and
reviews into implicit feedback, treating them as
chronological interaction sequences based on times-
tamps. For data splitting, we adopt the leave-
one-out evaluation protocol. Specifically, for each
user’s interaction sequence, the most recent interac-
tion is held out for testing, the second most recent
interaction is used for validation, and all remain-
ing historical interactions are utilized for model
training. The detailed statistics of the preprocessed
datasets are summarized in Table 3.

Table 3: Statistics of the preprocessed datasets.

Dataset # Users # Items Avg. Length Sparsity

Yelp 15720 11383 12.23 99.89%
Beauty 52204 57289 7.57 99.99%
Fashion 9049 4722 3.82 99.92%

B.3 Backbones and Baseline Methods

To evaluate the effectiveness and compatibility of
ADAA, we instantiate our framework across two

1https://www.yelp.com/dataset
2http://jmcauley.ucsd.edu/data/amazon/
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Algorithm 1 Training and Inference of ADAA

Require: LLM embeddings Ellm,
collaborative anchors Eid

H , interactions S,
sequential backbone fθ.
Train Process

1: Initialize projector P (·) and discriminator
D(·).

2: for epoch = 1 to Eproj do
3: Compute joint projection loss by Eq. (11).
4: Update P (·), D(·) via adversarial process.
5: end for
6: Extract debiased semantics: Z∗ = P ∗(Ellm).
7: Initialize item embeddings of fθ with Z∗.
8: for epoch = 1 to Etune do
9: Compute training loss by Eq. (12).

10: Update backbone fθ by minimizing Ltune.
11: end for

Inference Process
12: for user sequence Su in test set do
13: Encode user preference by Eq. (2).
14: Compute scores ŷu,v ∝ h⊤

u ev for candi-
date items.

15: end for
16: return Top-N recommended items for all

users.

representative sequential recommendation back-
bones and compare it against six competitive base-
lines. These methods are categorized into three dis-
tinct paradigms based on their structural designs:

Sequential Recommendation Backbones:

• SASRec (Kang and McAuley, 2018): A
self-attention-based sequential recommenda-
tion model that employs a left-to-right Trans-
former architecture to capture directional user
preference transitions from historical interac-
tion histories.

• BERT4Rec (Sun et al., 2019): A bidirectional
sequential framework that utilizes a masked
language modeling objective to learn cloze-
style contextual dependencies within user in-
teraction sequences.

Traditional Long-Tail Enhancement Frame-
works:

• CITIES (Jang et al., 2020): A collaborative-
based framework designed for sparse recom-
mendations, which infers tail-item representa-
tions by modeling contextual co-occurrences
with frequent head items.

• MELT (Kim et al., 2023): A progressive cur-
riculum learning framework developed for
long-tail sequential recommendation, which
mutually refines and regularizes the represen-
tations of tail users and items.

LLM-Enhanced Recommendation Frame-
works:

• RLMRec (Ren et al., 2024): A framework
that utilizes Large Language Models to gener-
ate textual user and item profiles, incorporat-
ing the derived semantic embeddings to regu-
larize collaborative representation learning.

• LLMInit (Hu et al., 2024; Harte et al., 2023):
A semantic initialization strategy that lever-
ages pre-trained LLM embedding vectors to
directly overwrite the initial embedding pa-
rameters of the underlying sequential back-
bone.

• LLM-ESR (Liu et al., 2024): A dual-view
modeling architecture that integrates collabo-
rative signals and text semantics through a
retrieval-augmented self-distillation mecha-
nism to preserve tail-item properties.

• SRA-CL (Cui et al., 2026): A seman-
tic retrieval-augmented contrastive learning
paradigm that uses LLM textual features to
construct semantic indices, optimizing se-
quence representations via refined contrastive
sample pairs.

B.4 Implementation Details

All experiments are implemented in PyTorch and
conducted on an NVIDIA GPU platform. To
ensure a fair comparison, the core experimental
configurations are aligned with the state-of-the-
art baseline LLM-ESR. Specifically, the item em-
bedding dimension is set to 64, and the train-
ing batch size is configured to 128. All models
are optimized using the Adam optimizer with a
learning rate of 0.001 and a dropout rate of 0.5.
For the framework design of ADAA, the seman-
tic projector is instantiated as a two-layer MLP
incorporating a GELU activation function. For
hyper-parameter selection, the adversarial coeffi-
cient λ and the initial anchoring weight α0 are grid-
searched within {1e− 3, 1e− 2, 5e− 2, 0.1, 0.5}
and {5, 10, 15, 20, 25}, respectively.
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C Supplementary Experiments

C.1 Full-Catalog Ranking Evaluation

The main experiments follow the commonly used
sampled evaluation protocol, where each ground-
truth item is ranked against 100 randomly sampled
non-interacted items. To address the concern that
sampled evaluation may be sensitive to the sam-
pled candidates, we further conduct a full-catalog
ranking evaluation. For each test instance, we rank
the ground-truth item against all eligible unseen
items. The candidate set is kept identical when
computing Overall, Head-item, and Tail-item met-
rics. The group-specific metrics are obtained only
by dividing test instances according to whether the
ground-truth item belongs to the head or tail group;
the ranking candidates themselves are not restricted
to either group. Thus, each tail target competes di-
rectly with the full set of eligible head and tail
items.

Table 4 reports the full-ranking results over five
matched random seeds. We report mean ± stan-
dard deviation and conduct paired significance tests
over matched runs. As expected, the absolute met-
ric values under full-catalog ranking are lower than
those under sampled evaluation, because the rank-
ing task becomes substantially harder when the
candidate set includes all eligible unseen items.
Nevertheless, ADAA consistently achieves the best
performance across the reported item and user
groups. In particular, on the Yelp–SASRec setting,
where the sampled-protocol tail results of ADAA
and LLM-ESR are closest, ADAA improves the
tail-item H/N from .0050/.0021 achieved by the
strongest baseline LLM-ESR to .0062/.0029, and
the improvement is statistically significant. ADAA
also improves the overall H/N from .0482/.0241
to .0491/.0248.

These results show that ADAA’s tail-item im-
provement is preserved under the stricter full-
catalog protocol and is not an artifact of sampled
negative candidates. The gains also remain bal-
anced across head and tail groups, supporting our
claim that adversarial debiasing and asymmetric
anchoring improve tail recommendation while sub-
stantially alleviating the seesaw effect of sacrificing
head-item or user-group performance.

C.2 Popularity Probing Analysis

The recommendation ablation in Section 4.3 shows
that removing the adversarial objective hurts down-
stream tail-item performance, but it does not di-

rectly establish whether the projected embeddings
contain less popularity information. To provide di-
rect evidence, we conduct an independent post-hoc
probing analysis.

We freeze each representation and train external
probes to predict item popularity. Specifically, we
train a linear classifier and a two-layer MLP to pre-
dict head/tail membership on balanced and disjoint
item splits. These probes do not share parame-
ters with the discriminator used to train ADAA.
We also train a regression probe to predict log-
transformed interaction frequency, reporting its R2

and the Spearman correlation between predicted
and true popularity. All variants use identical item
splits and probe settings, and results are reported as
mean ± standard deviation over five random splits.

Table 5 reports the amount of popularity infor-
mation recoverable from different item representa-
tions. The results confirm that popularity is readily
recoverable from collaborative embeddings, which
achieve a linear AUC of .815 and an MLP AUC
of .864. The variant without adversarial debiasing
also retains substantial popularity information from
collaborative anchors, with a linear AUC of .718,
an MLP AUC of .763, a popularity-regression R2

of .275, and a Spearman correlation of .492.
After applying adversarial debiasing, recover-

able popularity information is substantially re-
duced. ADAA decreases linear AUC from .718
to .535 and MLP AUC from .763 to .571. The con-
tinuous popularity probes show the same pattern:
R2 decreases from .275 to .039, and Spearman’s ρ
decreases from .492 to .098. These reductions are
significant under paired tests over matched random
splits. ADAA therefore brings the projected repre-
sentations close to the low-popularity-information
semantic baseline.

We note that the nonlinear MLP probe still recov-
ers a small amount of popularity information, indi-
cating that the representations are not completely
popularity-free. These results indicate that ADAA
substantially reduces recoverable popularity infor-
mation, while not implying complete semantic–
popularity disentanglement. This direct probing
evidence complements the downstream ablation,
where removing the adversarial objective reduces
tail-item H/N from .1927/.0840 to .1317/.0519.

C.3 Sensitivity to the Head/Tail Training
Cutoff

ADAA uses the head/tail partition to decide
whether an item is anchored toward its collabo-
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Table 4: Full-ranking results on Yelp, Beauty, and Fashion. We report mean ± standard deviation and conducted
paired significance tests over matched runs. H/N denotes H@10/N@10. † indicates p < 0.05 versus the best
baseline under a paired test.

Dataset Model Overall Tail Item Head Item Tail User Head User

H/N H/N H/N H/N H/N

Yelp

SASRec .0254± .0018/.0118± .0009 .0003± .0001/.0001± .0001 .0496± .0027/.0233± .0014 .0252± .0015/.0121± .0007 .0260± .0024/.0105± .0012

- CITIES .0268± .0022/.0125± .0011 .0005± .0002/.0002± .0001 .0485± .0025/.0227± .0012 .0266± .0018/.0126± .0009 .0274± .0022/.0123± .0013

- MELT .0281± .0017/.0134± .0008 .0008± .0003/.0004± .0002 .0502± .0029/.0238± .0015 .0279± .0016/.0132± .0008 .0289± .0026/.0141± .0015

- RLMRec .0412± .0015/.0205± .0007 .0027± .0006/.0013± .0003 .0605± .0021/.0297± .0011 .0411± .0017/.0207± .0008 .0417± .0021/.0196± .0012

- LLMInit .0387± .0021/.0189± .0010 .0021± .0005/.0010± .0003 .0583± .0024/.0284± .0013 .0386± .0019/.0191± .0009 .0392± .0023/.0182± .0014

- SRA-CL .0435± .0019/.0218± .0012 .0034± .0004/.0016± .0002 .0631± .0026/.0308± .0015 .0434± .0020/.0221± .0011 .0438± .0025/.0208± .0014

- LLM-ESR .0482± .0016/.0241± .0009 .0050± .0005/.0021± .0003 .0643± .0021/.0319± .0012 .0481± .0021/.0243± .0010 .0485± .0028/.0233± .0015

- ADAA .0491± .0014/.0248± .0008† .0062± .0005/.0029± .0002† .0694± .0022/.0348± .0010† .0489± .0017/.0249± .0009† .0499± .0022/.0242± .0014†

BERT4Rec .0278± .0019/.0129± .0010 .0004± .0001/.0002± .0001 .0525± .0028/.0252± .0015 .0289± .0017/.0133± .0009 .0235± .0025/.0115± .0013

- CITIES .0290± .0023/.0136± .0012 .0006± .0002/.0003± .0001 .0512± .0026/.0245± .0013 .0298± .0019/.0137± .0010 .0260± .0023/.0132± .0014

- MELT .0305± .0018/.0145± .0009 .0009± .0003/.0005± .0002 .0531± .0030/.0256± .0016 .0312± .0016/.0144± .0008 .0278± .0027/.0151± .0016

- LLMInit .0415± .0022/.0204± .0011 .0024± .0005/.0012± .0003 .0615± .0025/.0302± .0014 .0418± .0021/.0206± .0010 .0402± .0024/.0198± .0015

- RLMRec .0438± .0016/.0218± .0008 .0030± .0006/.0015± .0003 .0632± .0022/.0312± .0012 .0440± .0015/.0220± .0007 .0430± .0022/.0210± .0013

- SRA-CL .0452± .0020/.0229± .0013 .0035± .0004/.0017± .0002 .0648± .0027/.0320± .0016 .0455± .0019/.0232± .0012 .0442± .0026/.0218± .0015

- LLM-ESR .0465± .0017/.0240± .0010 .0045± .0005/.0021± .0003 .0662± .0022/.0331± .0013 .0468± .0014/.0242± .0009 .0455± .0029/.0232± .0016

- ADAA .0482± .0015/.0249± .0008† .0055± .0005/.0026± .0002† .0685± .0023/.0345± .0011† .0485± .0013/.0251± .0008† .0470± .0023/.0243± .0015†

Beauty

SASRec .0185± .0012/.0082± .0007 .0001± .0001/.0000± .0000 .0362± .0021/.0175± .0011 .0178± .0010/.0078± .0006 .0215± .0022/.0098± .0010

- CITIES .0195± .0014/.0088± .0008 .0003± .0001/.0001± .0001 .0355± .0020/.0168± .0010 .0185± .0012/.0083± .0007 .0235± .0021/.0108± .0011

- MELT .0205± .0011/.0094± .0006 .0005± .0002/.0002± .0001 .0371± .0019/.0179± .0010 .0194± .0009/.0088± .0005 .0250± .0018/.0118± .0009

- LLMInit .0274± .0016/.0135± .0008 .0034± .0005/.0019± .0004 .0445± .0025/.0212± .0012 .0256± .0014/.0125± .0007 .0345± .0024/.0175± .0012

- RLMRec .0292± .0014/.0146± .0007 .0041± .0006/.0023± .0004 .0468± .0022/.0224± .0011 .0273± .0012/.0136± .0006 .0370± .0023/.0188± .0011

- SRA-CL .0308± .0018/.0155± .0010 .0047± .0005/.0027± .0004 .0481± .0027/.0235± .0014 .0288± .0016/.0144± .0009 .0390± .0026/.0198± .0014

- LLM-ESR .0327± .0018/.0171± .0010 .0055± .0007/.0032± .0006 .0493± .0022/.0244± .0012 .0305± .0016/.0160± .0009 .0415± .0025/.0215± .0013

- ADAA .0338± .0012/.0177± .0007† .0063± .0004/.0036± .0002† .0512± .0018/.0255± .0010† .0315± .0011/.0166± .0006† .0430± .0019/.0223± .0010†

BERT4Rec .0205± .0013/.0092± .0007 .0002± .0001/.0001± .0001 .0385± .0022/.0188± .0011 .0198± .0011/.0088± .0006 .0235± .0021/.0110± .0010

- CITIES .0218± .0015/.0098± .0008 .0004± .0002/.0002± .0001 .0378± .0021/.0182± .0010 .0209± .0013/.0093± .0007 .0255± .0022/.0120± .0011

- MELT .0228± .0012/.0105± .0006 .0006± .0002/.0003± .0001 .0392± .0020/.0192± .0010 .0218± .0010/.0099± .0005 .0270± .0019/.0130± .0009

- LLMInit .0298± .0017/.0148± .0009 .0038± .0005/.0021± .0004 .0468± .0026/.0225± .0013 .0281± .0015/.0138± .0008 .0368± .0025/.0188± .0012

- RLMRec .0318± .0015/.0159± .0008 .0045± .0006/.0025± .0004 .0492± .0023/.0238± .0012 .0299± .0013/.0148± .0007 .0395± .0024/.0202± .0011

- SRA-CL .0335± .0018/.0168± .0011 .0051± .0005/.0029± .0004 .0506± .0028/.0248± .0015 .0315± .0016/.0157± .0010 .0415± .0027/.0212± .0015

- LLM-ESR .0352± .0017/.0184± .0010 .0059± .0007/.0035± .0006 .0518± .0023/.0258± .0012 .0331± .0015/.0173± .0009 .0438± .0026/.0228± .0014

- ADAA .0365± .0012/.0191± .0007† .0068± .0004/.0039± .0002† .0538± .0019/.0270± .0010† .0343± .0011/.0179± .0006† .0455± .0020/.0238± .0010†

Fashion

SASRec .0122± .0010/.0054± .0006 .0001± .0001/.0000± .0000 .0245± .0018/.0112± .0009 .0115± .0009/.0051± .0005 .0150± .0016/.0068± .0008

- CITIES .0130± .0011/.0058± .0007 .0002± .0001/.0001± .0001 .0252± .0017/.0116± .0008 .0123± .0010/.0054± .0006 .0160± .0015/.0074± .0009

- MELT .0138± .0009/.0063± .0005 .0004± .0002/.0002± .0001 .0264± .0016/.0122± .0008 .0130± .0008/.0059± .0004 .0172± .0013/.0081± .0007

- LLMInit .0205± .0014/.0098± .0008 .0018± .0004/.0009± .0003 .0345± .0022/.0162± .0011 .0191± .0012/.0091± .0007 .0260± .0021/.0128± .0010

- RLMRec .0224± .0013/.0108± .0007 .0023± .0005/.0012± .0003 .0368± .0020/.0175± .0010 .0209± .0011/.0100± .0006 .0285± .0019/.0140± .0010

- SRA-CL .0238± .0016/.0116± .0009 .0028± .0004/.0015± .0003 .0382± .0024/.0184± .0012 .0221± .0014/.0107± .0008 .0305± .0023/.0151± .0012

- LLM-ESR .0255± .0015/.0126± .0008 .0035± .0006/.0018± .0004 .0398± .0019/.0195± .0011 .0238± .0013/.0116± .0007 .0325± .0022/.0165± .0011

- ADAA .0266± .0011/.0132± .0006† .0042± .0004/.0021± .0002† .0415± .0016/.0205± .0009† .0248± .0010/.0122± .0005† .0340± .0017/.0173± .0008†

BERT4Rec .0135± .0011/.0061± .0007 .0001± .0001/.0000± .0000 .0262± .0019/.0122± .0010 .0128± .0010/.0057± .0006 .0165± .0017/.0076± .0009

- CITIES .0143± .0012/.0065± .0008 .0003± .0001/.0001± .0001 .0270± .0018/.0126± .0009 .0135± .0011/.0061± .0007 .0175± .0016/.0082± .0010

- MELT .0151± .0010/.0070± .0006 .0005± .0002/.0002± .0001 .0282± .0017/.0132± .0009 .0142± .0009/.0065± .0005 .0188± .0014/.0090± .0008

- LLMInit .0221± .0015/.0107± .0009 .0021± .0004/.0011± .0003 .0365± .0023/.0175± .0012 .0206± .0013/.0099± .0008 .0280± .0022/.0138± .0011

- RLMRec .0242± .0014/.0118± .0008 .0026± .0005/.0014± .0003 .0388± .0021/.0188± .0011 .0226± .0012/.0110± .0007 .0305± .0020/.0152± .0011

- SRA-CL .0256± .0017/.0126± .0010 .0031± .0004/.0017± .0003 .0402± .0025/.0197± .0013 .0239± .0015/.0117± .0008 .0325± .0024/.0163± .0013

- LLM-ESR .0275± .0016/.0137± .0009 .0039± .0006/.0020± .0004 .0421± .0020/.0208± .0012 .0257± .0014/.0127± .0008 .0348± .0023/.0178± .0012

- ADAA .0287± .0012/.0144± .0007† .0047± .0004/.0024± .0002† .0438± .0017/.0218± .0010† .0268± .0011/.0133± .0006† .0365± .0018/.0188± .0009†

Table 5: Popularity information recoverable from differ-
ent item representations.

Representation Linear AUC↓ Linear BAcc↓ MLP AUC↓ MLP BAcc↓ Pop. R2 ↓ Spearman ρ ↓
Semantic .512± .011 .508± .009 .534± .014 .521± .012 .018± .004 .045± .011
Collaborative .815± .014 .742± .016 .864± .011 .785± .013 .442± .021 .668± .015
w/o Adv .718± .015 .654± .018 .763± .012 .692± .014 .275± .019 .492± .016
ADAA .535± .012† .522± .011† .571± .015† .548± .013† .039± .006† .098± .014†

Notes. BAcc denotes balanced accuracy; lower values indicate
less recoverable popularity information. † indicates a signifi-
cant reduction from w/o Adv under a paired test (p < 0.05).

rative ID representation or its debiased semantic
representation during sequence training. To exam-
ine whether the method depends on a specific 20/80
cutoff, we vary the training-time head ratio over
p ∈ {10, 15, 20, 25, 30, 40}%. For each value of p,
the top-p% most popular items receive collabora-
tive anchoring, while the remaining items receive
semantic anchoring. To isolate the effect of the
training threshold, we keep the evaluation groups
fixed at the original 20/80 split. All settings use the
same Yelp data split, SASRec backbone, hyperpa-

rameters, and full-catalog evaluation protocol.

Table 6 shows that ADAA outperforms SAS-
Rec on overall, head-item, and tail-item metrics
across all tested values of p. Overall and head-
item performance remain relatively stable: overall
H@10 ranges from .0482 to .0496, and N@10 from
.0242 to .0248. Tail-item performance generally
decreases as p increases, with identical reported
values at p = 20% and p = 25%.

These results indicate that ADAA’s gains are not
confined to the original 20/80 training split. They
also show that the cutoff affects the balance be-
tween head- and tail-item performance. The over-
all decline in tail performance is consistent with
assigning fewer items to semantic anchoring as p in-
creases. Across the tested range, ADAA improves
tail-item recommendation while maintaining head-
item performance above the backbone.
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Table 6: Sensitivity to the training-time head ratio on
Yelp–SASRec under full-catalog ranking.

Model Overall H/N Head H/N Tail H/N

SASRec .0254/.0118 .0496/.0233 .0003/.0001
ADAA (p = 10%) .0482/.0242 .0671/.0336 .0068/.0031
ADAA (p = 15%) .0489/.0246 .0683/.0344 .0065/.0030

ADAA (p = 20%) .0491/.0248 .0694/.0348 .0062/.0029
ADAA (p = 25%) .0495/.0247 .0688/.0346 .0062/.0029

ADAA (p = 30%) .0496/.0248 .0693/.0347 .0051/.0024

ADAA (p = 40%) .0491/.0244 .0691/.0345 .0042/.0019

Notes. H/N denotes H@10/N@10. The evaluation head/tail
groups remain fixed at the original 20/80 split for all rows.

C.4 Hyper-parameter Analysis

Figure 4 presents the sensitivity analyses conducted
on two hyper-parameters, the adversarial coeffi-
cient λ and the initial anchoring weight α0, to eval-
uate the robustness of ADAA across the evaluated
datasets.

The parameter λ controls the adversarial strength
during the semantic alignment phase. As observed,
the recommendation performance is limited when
λ is relatively small. This implies that a weak
adversarial penalty is insufficient to decouple the
popularity bias, causing tail representations to drift
toward dense collaborative regions. Conversely,
increasing λ beyond an optimal threshold leads to
a noticeable performance drop. A disproportion-
ately high adversarial weight dominates the joint
optimization objective, resulting in mapping col-
lapse where the projector fails to establish valid
cross-space mapping rules.

The parameter α0 determines the initial strength
of the asymmetric anchoring during the sequence
adaptation phase. A small α0 yields sub-optimal
outcomes, indicating that insufficient structural
constraints fail to prevent sparse items from repre-
sentation degradation when updated alongside head
items. However, performance also declines when
α0 is set too high. Overly strict anchoring con-
straints restrict the item embeddings to the static
semantic priors, thereby limiting the model’s flexi-
bility to fit dynamic user interactions and personal-
ized sequential patterns during training.

C.5 Efficiency Analysis

We evaluate the inference efficiency of ADAA from
both theoretical and empirical perspectives. Let
n, d, and L denote the sequence length, hidden
dimension, and number of backbone layers, respec-
tively. The theoretical time complexity of vanilla
SASRec is O(L(n2d+ nd2)). Through parameter-

Figure 4: Sensitivity analysis of the adversarial coef-
ficient λ and the initial anchoring weight α0 on three
datasets with the SASRec model.

level injection, ADAA maintains this exact theo-
retical bound. Similarly, SRA-CL matches this
complexity by bypassing its retrieval module dur-
ing inference. Conversely, LLM-ESR employs a
dual-view architecture with auxiliary adapters and
cross-attention, increasing its inference complexity
to approximately O(2L(n2d + nd2) + n2d) and
introducing significant computational overhead.

Table 7: Efficiency comparison during the online infer-
ence phase. Metrics include model parameters (Params),
Batch Latency (BL), Throughput (TP), and Peak GPU
Memory (Mem).

Method Params (M) BL (ms) TP (QPS) Mem (GB)

SASRec 0.78 2.39 53568.5 0.08
SRA-CL 0.87 2.39 53298.7 0.08
LLM-ESR 20.31 13.04 9795.7 0.33
ADAA 0.78 2.35 54591.4 0.08

Empirically, the online serving metrics in Ta-
ble 7, including model parameters (Params), Batch
Latency (BL), Throughput (TP), and Peak GPU
Memory (Mem), align with our theoretical deriva-
tions. ADAA preserves the exact parameter scale of
the vanilla backbone, achieving equivalent BL and
TP, whereas LLM-ESR incurs significantly higher
latency and parameter costs. Although SRA-CL
demonstrates comparable efficiency to ADAA, its
contrastive learning paradigm alters the backbone’s
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original training objective, potentially limiting its
compatibility with diverse generative sequence ar-
chitectures and overall recommendation accuracy.
By decoupling semantic alignment from sequence
encoding, ADAA provides a flexible integration
strategy that preserves both the architectural in-
tegrity and computational efficiency of the original
backbone.
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