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Abstract

Recent studies indicate a fundamental incom-
patibility between ID representations and lan-
guage model (LM) representations, as they cap-
ture behavioral and semantic spaces respec-
tively. This mismatch leads LM representa-
tions to consistently underperform ID repre-
sentations in recommendation tasks. In this
work, we revisit this problem and show, from
an information-theoretic perspective, that LLM
representations retain all discriminative infor-
mation in ID representations. Based on this,
we introduce a Profile-then-Embedding (PtE)
framework for recommendation, consisting of
a Profile Stage, in which semantic user and
item profiles are generated jointly through
LLM-based bidirectional reasoning over user-
item interactions, and a Personalized Embed-
ding Stage, which encodes these profiles into
task-aligned recommendation embeddings. We
demonstrate PtE’s effectiveness across three
benchmark datasets, including cold-start and
long-tail scenarios, achieving substantial gains
in both discriminative and generative recom-
mendation models.

1 Introduction

Conventional recommender systems rely on ID rep-
resentations to capture user—item interaction pat-
terns (He et al., 2020; Wu et al., 2023), effectively
modeling collaborative filtering signals but lack-
ing semantic transferability, which leads to strong
domain dependency and cold-start issues (Chen
etal., 2024; Zhu et al., 2021; Wang et al., 2024). In
contrast, LLMs provide rich semantic priors that
enhance generalization and reasoning (Hu et al.,
2024Db), yet their representations do not explic-
itly encode collaborative filtering signals and thus
cannot fully replace ID-based collaborative filter-
ing (Hu et al., 2025).

Prior work has explored integrating these two
representations to combine their complementary
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Figure 1: Distribution visualization of ID Embedding,
Fusion Embedding and LLM Embedding.

strengths through three main strategies: (i) Seman-
tic reconstruction—randomly initialized ID rep-
resentations are aligned with language represen-
tations via auxiliary modules (Ren et al., 2024);
(i1) Semantic initialization—ID representations are
initialized with language representations and fur-
ther updated during training (Wang et al., 2025b;
Hu et al., 2024b; Qu et al., 2024); (iii) Adaptive
projection—trainable adapters map semantic rep-
resentations into the behavioral space (Liu et al.,
2025; Sheng et al., 2024; Zhang et al., 2024; Yuan
et al., 2023). Despite partially injecting semantics,
these approaches fail to construct a unified repre-
sentation space, leaving item semantics and user
behaviors misaligned, and still fundamentally rely
on ID representations—degrading to random or
empty vectors for new users or items, which limits
cold-start performance.

This motivates two key questions: (1) Can LLM
representations fully subsume the collaborative fil-
tering signals encoded by ID embeddings? (2) If so,
how can these signals be effectively disentangled
and exploited, especially under cold-start settings?
We first conduct an experiment in Figure 1, show-
ing that ID embeddings exhibit a compact distribu-
tion, whereas LLM embeddings are more dispersed,
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with fused embeddings combining both character-
istics, indicating a nested relationship. Building
on this observation, we formalize a representation
sufficiency theory, demonstrating that the collabo-
rative signals captured by ID embeddings are fully
representable within the semantic space of LLMs.
Moreover, fused embeddings do not contain strictly
more information than native LLM embeddings,
placing them between ID and LLM representations
in the sufficiency hierarchy. Despite the theoretical
sufficiency of LLM embeddings, they often under-
perform empirically. We believe this is because
collaborative filtering signals, although encoded
within the high-dimensional semantic space, are
deeply entangled with semantic information and
noise, making them difficult for downstream rec-
ommendation models to leverage effectively. This
motivates the need for a mechanism that explic-
itly surfaces and disentangles collaborative signals
before embedding, ensuring that these signals are
both interpretable and actionable.

To address this gap between theoretical suffi-
ciency and practical effectiveness, we propose a
Profile-then-Embedding framework for recommen-
dation. In this framework, LLMs first perform bidi-
rectional reasoning over user-item interactions to
generate high-quality semantic profiles, explicitly
surfacing collaborative signals that are otherwise
entangled with high-dimensional semantic noise.
The reasoning process is iterative and interactive,
allowing user and item representations to mutually
enhance each other, resulting in more accurate and
interpretable profiles. These profiles are then en-
coded into low-dimensional embeddings that are
task-aligned and optimized for recommendation
objectives, preserving both the collaborative infor-
mation and personalized characteristics of users
and items. By decoupling the reasoning of col-
laborative signals from embedding generation, our
framework effectively bridges the gap between the
theoretical representational sufficiency of LLMs
and their practical utility in recommendation tasks.

Our contributions are as follows:

* We provide an information-theoretic analysis
revealing that LLM embeddings can theoret-
ically capture all collaborative signals in ID
embeddings.

* We propose a Profile-then-Embedding frame-
work, where LLMs jointly reason over user-
item interactions to generate semantic profiles,

which are then encoded into task-aligned em-
beddings.

» Extensive experiments on real-world bench-
marks demonstrate consistent improvements
over state-of-the-art methods.

2 Related Work

2.1 Language Model Representations

Large language models (LLMs) have demonstrated
remarkable representational capacity, encoding
not only lexical and syntactic knowledge (Vuli¢
et al., 2020) but also higher-level abstractions such
as color (Patel and Pavlick, 2022), spatial rela-
tions (Zha et al., 2025), and game states (Li et al.,
2022). These embeddings are often evaluated via
techniques such as linear probing (Merullo et al.,
2022) or linear mapping (Alain and Bengio, 2016),
which reveal that LLM hidden states form a com-
pact, expressive, and highly transferable represen-
tation space (Ren et al., 2024; Wang et al., 2025a).
Such findings suggest that LLM embeddings can
serve as general-purpose representations, with the
potential to replace traditional ID embeddings in
downstream tasks.

2.2 LLMs for Recommendation

Integrating LLMs into recommender systems has
attracted increasing interest, and existing methods
can be broadly categorized into three paradigms:
Semantic augmentation: LM-enhanced recom-
menders incorporate LLM embeddings alongside
traditional ID embeddings (Chen et al., 2025; Singh
et al., 2024), capturing fine-grained semantic re-
lationships to improve recommendation quality.
Modality encoding: LLMs are used as feature
extractors to encode textual content, such as item
descriptions and reviews, which are then aligned
with behavioral data (Lin et al., 2025; Yuan et al.,
2023). These approaches still rely primarily on
ID embeddings, using LLLM features as auxiliary
signals. LM-as-recommender: Some works refor-
mulate recommendation as a text generation task,
prompting or fine-tuning LLMs to generate items
directly (Zhang et al., 2025; Tang et al., 2025).
While this paradigm achieves competitive results,
it faces challenges in scalability and modeling long
user-item interaction sequences. Despite these ef-
forts, most methods leverage LLMs indirectly, leav-
ing open the question of whether LLM embeddings
alone can serve as a unified backbone for recom-
mendation. Our work aims to address this gap by
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exploring fully LM-driven recommendation archi-
tectures.

3 Theoretical Foundations

This section revisits the representational relation-
ship among ID embeddings, LLM embeddings, and
their fusion from a principled information-theoretic
perspective. We ground our analysis in classical
results from statistical decision theory, notably sta-
tistical sufficiency (Casella and Berger, 2024). Our
goal is to establish a clear information ordering
among representations and to explain why fusion
embeddings, despite their empirical utility, cannot
exceed the predictive capacity of native LLM em-
beddings.

3.1 Preliminaries: Statistical Sufficiency and
Dominance

We formalize the predictive power of an embedding
via the notion of statistical sufficiency.

Definition 1 (Statistical Sufficiency). An em-
bedding U is said to be sufficient for predicting
a downstream variable Y relative to another em-
bedding V if there exists a (possibly stochastic)
mapping 7 such that

PY | V) :/P(Y (U =w)dn(u| V). (1)

Intuitively, this means that V' can be simulated from
U without any loss of predictive information about
Y. This notion induces a partial order over repre-
sentations, known as the Blackwell order (Black-
well, 1953). If U is sufficient for V, then U is said
to Blackwell-dominate V.

3.2 Information Sufficiency Index

To quantitatively measure predictive informative-
ness, we adopt the Information Sufficiency Index
(1S1). For an embedding U, it is defined as

IS(U — V) =
inffe}'e(v) E[ — log f(V)]

2

Remark. When the conditional model family Cg
is sufficiently expressive, Zs can be viewed as a
normalized form of mutual information. Crucially,
it is monotone under Blackwell dominance: if U
dominates V, then Zs(U — Y) > Zs(V — Y).
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Figure 2: Case study of ID Embedding, Fusion Embed-
ding and LLM Embedding.

3.3 Information Dominance of LLM
Embeddings

We now present our main theoretical result and the
proof is in Appendix B.

Theorem 1 (Information Dominance of LLM Em-
beddings). For any downstream task Y, the follow-
ing hold:

Is(Zm —Y) > Is(Ziu—Y), 3)
IS(qus — Y) S Ig(Zlm — Y), (4)

where Zss = §(Zig, Zim) denotes any determinis-
tic fusion embedding.

3.4 Case Study

To illustrate the theoretical results in Section 3.3,
we present a case study comparing the predictive
informativeness of ID embeddings Zjq, LLM em-
beddings Zj,, and their fusion Zg,s in Figure 2.
Specifically, the ID embeddings are derived from
SASRec (Kang and McAuley, 2018), while the
LLM embeddings are obtained from LLaMa3-
8B (Shui et al., 2024). The fusion embedding
Zys 18 constructed by processing Ziq and Zyy, sep-
arately through MLPs and then combining them.
Our experiments indicate that LLM embeddings
effectively preserve all discriminative information
contained in the ID embeddings. Furthermore, the
fusion embeddings do not contain more predictive
information than the LLM embeddings: LLM em-
beddings account for over 95% of the information
in the fusion embeddings, whereas the fusion em-
beddings only explain less than 85% of the infor-
mation in the LLM embeddings. These findings
empirically corroborate Theorem 1, confirming that
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fusion embedding cannot surpass the predictive ca-
pacity of LLM embeddings.

4 Methods

We propose Profile-then-Embedding (PtE), a two-
stage framework that tightly integrates semantic
reasoning from large language models (LLMs)
with collaborative signals from user—item inter-
actions. The framework consists of: (i) a Pro-
file Stage, which performs bidirectional LLM-
based representation generation for users and items,
and (ii) a Personalized Embedding Stage, which
aligns semantic profiles with collaborative struc-
tures through preference-aware optimization. This
design unifies semantic understanding and collab-
orative information in a closed-loop manner, en-
abling robust representation learning under sparse
and cold-start scenarios.

4.1 Profile Stage

We introduce a Bidirectional LLM Representa-
tion Generation mechanism that explicitly seman-
ticizes collaborative information and injects it into
the LLM representation space. Formally, our goal
is to learn semantic user and item profiles, p, € T
and p, € T, where 7 denotes the space of natu-
ral language representations generated by an LLM.
Unlike conventional approaches that treat users and
items independently, we jointly construct p,, and
pv through iterative bidirectional generation, en-
abling mutual enhancement via semantic feedback.

4.1.1 User Representation

User representations form the foundation of the
bidirectional profiling framework. For a target
user u, we first construct a collaborative neighbor-
hood N (u) based on historical interaction overlap.
Given interaction sets V,, and Vs, we define the
interest overlap ratio as

Vu NV
S(uvu,) = ’ ’V ’ ’7

(&)
and select users ranked highest according to
s(u,u’) to form V(). Conditioned on the interac-
tion history of  and its collaborative neighbors, an
LLM M generates a semantic user profile

pu =MV, {(Vu | eN(w)}), (6)

where p, summarizes latent preferences and be-
havioral patterns in natural language. We fine-tune
a base LLM(LLaMa3-8B (Shui et al., 2024)) on

such generated profiles, enabling the model to in-
ternalize collaborative signals and produce collab-
oratively enhanced user representations even under
sparse observations.

4.1.2 Item Representation

Items often lack sufficient textual descriptions. To
address this limitation, we infer item semantics
from the users who prefer them. For an item v, let
U(v) denote the set of users who have interacted
with it. We generate the item profile by condition-
ing the LLM on the semantic user profiles of I/ (v):

Pv = M({pu | u € U(U)}, xv)a (7

where x,, denotes optional item-side metadata. The
resulting p, captures shared semantic characteris-
tics induced by collaborative user behavior. The
generated item profiles are then fed back as con-
textual signals for refining user profiles, enabling
mutual enhancement between user and item repre-
sentations.

4.1.3 Bidirectional Closed-Loop Optimization

User and item profile generation are integrated into
a bidirectional closed-loop process. Starting from
an initial user profile pqgo), we iteratively update

user and item representations as

pl) = M, ({p) | u e U(v)}),

(8)
pz(f+l) = Mu(vw {pq(;t) ‘ (S Vu})y

where M, and M, denote user- and item-
conditioned generation operators. This iterative
process is repeated for a bounded number of iter-
ations until the representations exhibit negligible
changes across successive steps, yielding final pro-
files p; and p}. The loop naturally provides a
self-supervised learning signal by encouraging con-
sistency between user-induced and item-induced
semantics, unifying collaborative structure and tex-
tual meaning in a shared representation space. The
convergence analysis is provided in Appendix B.2.

4.2 Personalized Embedding

Although LLM-based profiling captures rich se-
mantic preferences, it often leads to homogenized
representations across users and items due to shared
prompts and global optimization objectives. To
preserve individual specificity while maintaining
collaborative consistency, we adopt Group Relative
Policy Optimization (GRPO; (Shao et al., 2024)).
For clarity, we describe the optimization process
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for users, with an analogous formulation applied to
items.

Group-wise Profile Sampling. For each user
u, we sample a group of candidate semantic pro-
files {p&k) 5:1 by varying prompts, decoding tem-
peratures, or random seeds. Each profile pl(f) is
a natural-language description generated by the

LLM.

Reward Decomposition. Instead of optimizing
absolute rewards, GRPO (Shao et al., 2024) op-
timizes relative preference ordering within each
group. The reward of a candidate profile p, is
defined as

R(pu) = )\c Rcollab (pu) + >\d Rdist(pu)7 (9)

where Rco1ap enforces alignment with collaborative
signals, and Rgis encourages personalization via
inter-user distinctiveness.

Collaborative Alignment Reward. Let Z(u) de-
note the historical interacted items of user u, and
fenc(+) be a text encoder shared across users. We
define the collaborative reward as

Rcollab(pu) = Z COS(fenc(F’u)» fenc(i)) )

Z(w)l i€Z(u)
(10)
which encourages the semantic profile to cover the

user’s historical interests in the embedding space.

Distinctiveness Reward. Let N(u) denote a
neighborhood of users with similar interaction his-
tories (e.g., based on ID embeddings). To discour-
age profile collapse, we define

1

Rdist(pu) - - |N(U)|

Z COS(fenC(pu)a év) )
vEN (u)
(11)

where €, denotes the current embedding of neigh-
boring user v. This term penalizes semantic simi-
larity to nearby users, thereby promoting individu-
alized representations.

Group-Relative  Optimization = Objective.
Given the group of profiles for user u, we compute
the group-average reward R, = % Zﬁ(zl R(p(uk)).
The GRPO (Shao et al., 2024) objective maximizes

the expected relative advantage:

ZKjloga<R( g’f>)—Ru) . (12

k=1

m/\:’imlx E,

where o(-) is the sigmoid function. This group-
relative formulation explicitly suppresses mode col-
lapse while preserving collaborative consistency.

Embedding Extraction. After optimization, the
final personalized user embedding is obtained by
encoding the highest-ranked profile:

Zy = fenc (arg m(%fi R( '(uk))> . (13)
Pu

The resulting embedding z,, is used as the semantic
user representation in downstream recommenda-
tion models.

S Experiment

5.1 Experimental Settings

Table 1: Statistics of datasets.

Dataset #users #items # Interactions Density
Movies 20,515 44,014 637,157 99.93%
Toys 19,412 11,924 138,444 99.94%
Sports 35,598 18,357 256,598 99.96%

5.1.1 Datasets

We evaluate PtE on three real-world Amazon
datasets. The Movies dataset (Hou et al., 2024)
contains detailed metadata and user reviews span-
ning from June 1996 to September 2023. The
Toys dataset (McAuley et al., 2015) covers user re-
views and product information for toys and games
between June 1996 and July 2014. The Sports
dataset (McAuley et al., 2015) includes reviews and
metadata for sports and outdoor products within the
same period. The overall statistics of the processed
datasets are summarized in Table 1 and Table 2.

Table 2: The statistics of datasets

Dataset # Users #Items Sparsity Avg.length
Yelp 15,720 11,383  99.89% 12.23
Fashion 9,049 4,722 99.92% 3.82
Beauty 52,204 57,289  99.99% 7.57

5.1.2 Experimental Settings

For a thorough evaluation, we consider two exper-
imental protocols: leave-one-out and cold-start
user settings. Leave-One-Out Setting (Kang and
McAuley, 2018): In this protocol, the final item in
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each user’s interaction history is reserved for test-
ing, the penultimate item is used for validation, and
the remaining interactions constitute the training
set. This setup is widely adopted in sequential rec-
ommendation tasks. However, it assumes that every
user appears in the training data, which makes it
unsuitable for evaluating cold-start scenarios where
users have very limited historical interactions. To
address this limitation, we also adopt the cold-start
user setting (Yang et al., 2023). Here, users are
chronologically sorted by the timestamp of their
last interaction, and the most recent users are held
out for validation and testing, enabling a more re-
alistic evaluation of recommendation performance
under cold-start conditions.

5.1.3 Backbones and Implementations

To demonstrate the versatility of PtE, we eval-
uate it on two representative sequential recom-
mendation models: SASRec (Kang and McAuley,
2018) and DreamRec (Yang et al., 2023). SAS-
Rec exemplifies the traditional discriminative
paradigm, whereas DreamRec embodies the gen-
erative paradigm via diffusion models. For SAS-
Rec, we adopt the InfoNCE loss (Oord et al., 2018)
with 64 negative samples, while for DreamRec, we
employ the standard MSE loss (Ho et al., 2020)
commonly used in Gaussian-based diffusion frame-
works. By spanning both discriminative and gener-
ative paradigms, this setup highlights the general-
ity of PtE and its adaptability to diverse modeling
frameworks.

5.1.4 Baselines

We compare PtE with representative language-
guided ID embedding learning approaches, cov-
ering semantic initialization, semantic reconstruc-
tion, adaptive projection, and hybrid alignment
strategies. RLMRec (Ren et al., 2024) is adapted
to sequential recommendation with two variants:
RLMRec-Gen, which maps language embeddings
into the behavioral space, and RLMRec-Con,
which aligns ID embeddings to semantic space.
LLMInit (Harte et al., 2023; Hu et al., 2024b; Qu
et al., 2024) directly initializes ID embeddings
with language embeddings, where PCA is applied
for dimensional alignment. MoRec (Yuan et al.,
2023) and UniSRec (Hou et al., 2022) employ
adaptor-based transformations to bridge semantic
and behavioral representations, with UniSRec fur-
ther leveraging a mixture-of-experts mechanism.
WhitenRec (Zhang et al., 2024; Su et al., 2021)

decorrelates language embeddings via whitening
before projection. LLM-ESR (Liu et al., 2024)
integrates semantic initialization and adaptive pro-
jection under a dual-view modeling framework to
address long-tail challenges. iDreamRec (Hu et al.,
2024a) adopts diffusion-based modeling to learn
consistent language embeddings for recommenda-
tion. Finally, AlphaFuse (Hu et al., 2025) fuses
LLM and ID embeddings via SVD-based space
decomposition, enabling plug-and-play integration
across both discriminative and generative recom-
menders.

5.2 Cold-start Evaluation

We evaluate the cold-start generalization of Profile-
then-Embedding (PtE) under both discrimina-
tive and generative sequential backbones, instan-
tiating it on SASRec and DreamRec (Table 3).
Across all datasets and metrics, PtE consistently
outperforms strong baselines such as AlphaFuse,
LLMInit, and RLMRec, with particularly large
gains on the sparse and long-tailed Toys and Sports
datasets. This highlights PtE’s effectiveness in cold-
start regimes with limited behavioral supervision.
We further observe that many language-enhanced
methods suffer substantial degradation under the
generative DreamRec backbone, despite competi-
tive performance with discriminative models. This
reveals a key limitation of directly injecting LLM-
derived semantics: under sparse supervision, early
semantic commitment can cause misalignment that
is difficult to correct and is amplified by autoregres-
sive generation. In contrast, PtE remains robust
across both backbones due to its profile-first de-
sign, which introduces semantic profiles as an ex-
plicit intermediate abstraction. By enabling LLM
reasoning at the profile level while deferring task
alignment to embedding learning, PtE decouples
semantic reasoning from behavioral adaptation, re-
ducing irreversible semantic—behavioral misalign-
ment. Overall, these results suggest that effective
cold-start recommendation benefits from a princi-
pled abstraction barrier rather than tighter semantic
fusion, with PtE enabling stable knowledge transfer
across data sparsity and modeling paradigms.

5.3 Leave-One-Out Evaluation on Long-Tail
Users

To further examine robustness under long-tail distri-
butions, we evaluate our Profile-then-Embedding
(PtE) framework using a leave-one-out (LOO) pro-
tocol following LLM-ESR (Liu et al., 2024). We
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Table 3: Performance comparison across different backbones and methods on three datasets with cold-start user
settings. Boldface indicates the highest score, while underlining denotes the second-best result among the models.

Backbone ‘ Method ‘ Movies ‘ Toys ‘ Sports
| | Ne10 M@0 Ne@20 M@20 | Nel0 M@0 N@0 M@0 | Nel0 Mel0 Ne@20 M@20
Base 00338 00238 00429 00263 | 00255 00191 00321 00210 | 00073 00049 00101  0.0057
MoRec 00154 00105 00205 00119 | 00114 00069 00146 00078 | 0.0098  0.0074  0.0109  0.0077
UniSRec 00232 00160 00303 00179 | 00271 00191 00311 00202 | 00071 00051  0.0084  0.0055
WhitenRec 00168 00116 00223 00131 | 00258 00181  0.0304 00194 | 00115 00081  0.0141  0.0088
RLMRec-Con | 0.0346  0.0244  0.0441  0.0269 | 0.0266 00185 00304 00195 | 00089  0.0058 00107  0.0063
SASRec | RLMRec-Gen | 0.0355 ~ 0.0252  0.0449 00278 | 0.0303 00246 00347  0.0257 | 0.0080  0.0054 00102  0.0060
LLMInit 00370  0.0264 00470 00291 | 00275 00215 00313 00225 | 0.0083  0.0055 00102  0.0060
LLM-ESR 00139 00094 00192 00108 | 00122 00104 00153 00112 | 00101 00075 00118  0.0079
AlphaFuse 00459 00324 00574 00355 | 0.0339 00287 00376  0.0297 | 00137  0.0098 00158  0.0104
P(E 00523 0.0436  0.0689  0.0472 | 0.0473  0.0398  0.0511  0.0435 | 0.0179  0.0145  0.0236  0.0137
Best Impr. +13.94% +3457% +20.03% +32.96% | +39.53% +38.68% +35.90% +46.46% | +30.66% +47.96% +49.37% +31.73%
Base 0.0016 00013 00018 00014 | 00383 00333 00392 00336 | 00158 00132 00170  0.0135
iDreamRec 00226 00180 00262 00189 | 00350 00301 00373 00307 | 00141 00119 00155  0.0123
MoRec 00002 00002  0.0003  0.0002 | 0.0030 00026 00034 00027 | 00012 00010  0.0017  0.0012
UniSRec 0.0021 00014 00030 00017 | 0.0014 00008 00022 00010 | 0.0004 00002  0.0008  0.0003
WhitenRec 0.0007  0.0006  0.0008  0.0006 | 0.0029 00021  0.0034 00022 | 0.0026 00019 00030  0.0021
DreamRec | RLMRec 0.0016 00013 00019 00014 | 00376 00321 00388 00325 | 00160 00135 00172  0.0138
LLMInit 00082  0.0056 00113 00065 | 00198 00179 00214 00184 | 00075 00065  0.0086  0.0068
LLM-ESR 0.0007 00004  0.0010  0.0005 | 0.0073 00061  0.0090 00066 | 0.0045  0.0037  0.0048  0.0037
AlphaFuse 00246 00201 00279 00209 | 0.0408  0.0348 00425 00353 | 00165 00139 00174 00142
P(E 00359  0.0317  0.0384  0.0306 | 0.0517  0.0461  0.0533 00469 | 0.0245 00218  0.0224  0.0181
Best Impr. +45.93% +57.71% +37.63% +46.41% | +26.72% +32.47% +2541% +32.86% | +48.48% +56.83% +28.74% +27.46%
Table 4: Performance comparison across different methods on three datasets with long-tail settings.
Dataset ‘ Model ‘ Overall ‘ Tail Item Head Item ‘ Tail User ‘ Head User
| R@10 | N@10 | R@I0 | N@10 | R@l10 | N@10 | R@10 | N@10 | R@10 | N@l0
SASRec 0.5940 | 0.3597 | 0.1142 0.0495 | 0.7353 | 0.4511 | 0.5893 | 0.3578 | 0.6122 | 0.3672
LLM-ESR | 0.6673 | 0.4208 | 0.1893 0.0845 0.8080 | 0.5199 | 0.6685 | 0.4229 | 0.6627 | 0.4128
Yelp AlphaFuse | 0.6631 | 04219 | 0.1815 0.0775 | 0.8048 | 0.5232 | 0.6617 | 0.4239 | 0.6585 | 0.4141
PtE 0.6746 | 0.4263 | 0.2009 0.0931 | 0.8173 | 0.5466 | 0.6782 | 0.4296 | 0.6740 | 0.4295
Best Impr. | +1.09% | +1.04% | +6.13% | +10.18% | +1.15% | +4.47% | +1.45% | +1.34% | +1.71% | +3.72%
SASRec 0.4956 | 0.4429 | 0.0454 0.0235 | 0.6748 | 0.6099 | 0.3967 | 0.3390 | 0.6239 | 0.5777
LLM-ESR | 0.5619 | 0.4743 | 0.1095 0.0520 | 0.7420 | 0.6424 | 0.4811 | 0.3769 | 0.6668 | 0.6005
Fashion | AlphaFuse | 0.6008 | 0.5103 | 0.2601 0.1646 | 0.7364 | 0.6479 | 0.5352 | 0.4276 | 0.6860 | 0.6175
PtE 0.6362 | 0.5429 | 0.3074 | 0.2457 | 0.7682 | 0.6618 | 0.5738 | 0.4621 | 0.7082 | 0.6493
Best Impr. | +5.89% | +6.39% | +18.19% | +49.27% | +3.53% | +2.15% | +7.21% | +8.07% | +3.24% | +5.15%
SASRec 0.4388 | 0.3030 | 0.0870 0.0649 | 0.5227 | 0.3598 | 0.4270 | 0.2941 | 0.4926 | 0.3438
LLM-ESR | 0.5672 | 0.3713 | 0.2257 0.1108 | 0.6486 | 0.4334 | 0.5581 | 0.3643 | 0.6087 | 0.4032
Beauty | AlphaFuse | 0.5793 | 0.4046 | 0.1625 0.1006 | 0.6787 | 0.4771 | 0.5692 | 0.3984 | 0.6258 | 0.4326
PtE 0.6254 | 0.4395 | 0.2634 0.1426 | 0.7052 | 0.5129 | 0.6058 | 0.4165 | 0.6621 | 0.4762
Best Impr. | +7.96% | +8.63% | +16.70% | +28.70% | +3.90% | +7.50% | +6.43% | +4.54% | +5.80% | +10.08%

compare against strong baselines, all instantiated
with the SASRec backbone. Results are summa-
rized in Table 4. Across all datasets and long-tail
regimes—including tail items, tail users, and their
combinations—PtE consistently achieves superior
performance. In particular, the improvements are
most pronounced for tail users and tail items, where
relative gains reach up to 49% in N@10 and R@10
over the strongest baseline. These settings repre-
sent an extreme sparsity regime, where removing a
single interaction significantly alters the available
supervision and exposes the stability of user and
item representations. The leave-one-out protocol
highlights a key limitation of existing language-
enhanced methods: when semantic signals are di-

rectly injected or fused at the instance level, repre-
sentations become highly sensitive to the presence
or absence of individual interactions. This sensi-
tivity is especially detrimental for long-tail users,
whose preference modeling relies on only a few
observations, leading to unstable or inconsistent
representations under minimal perturbations. In
contrast, PtE remains robust under LOO evalua-
tion due to its profile-first design. By prompting
LLMs to perform bidirectional reasoning over lim-
ited interaction histories, PtE constructs compact
semantic profiles that encode high-level preference
hypotheses rather than instance-specific signals.
These profiles serve as a stable semantic prior that
is subsequently embedded under recommendation-
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Table 5: Ablation results on the Amazon Movies dataset (Cold-start setting).

Model Variant Movies Toys Sports
N@10 M@10 N@20 M@20 | N@10 M@10 N@20 M@20 | Ne10 M@10 N@20 M@20
PtEr. 0.0523 0.0436  0.0689 0.0472 | 0.0473 0.0398 0.0511 0.0435 | 0.0179 0.0145 0.0236 0.0137
No Profile (Direct Embedding) 0.0451 0.0368 0.0592 0.0391 | 0.0398 0.0327 0.0426 0.0358 | 0.0142 0.0116 0.0189 0.0109
User-only Profiling 0.0489 0.0401 0.0645 0.0438 | 0.0435 0.0365 0.0472 0.0401 | 0.0163 0.0132 0.0211 0.0124
Item-only Profiling 0.0495 0.0407 0.0653 0.0445 | 0.0442 0.0371 0.0480 0.0408 | 0.0167 0.0135 00217 0.0127
Single-pass Profiling 0.0501 0.0415 0.0667 0.0453 | 0.0456 0.0382 0.0493 0.0419 | 0.0172 0.0140 0.0225 0.0132
No GRPO 0.0490 0.0403 0.0651 0.0440 | 0.0440 0.0369 0.0476 0.0404 | 0.0165 0.0133 0.0214 0.0126
GRPO w/o Distinctiveness 0.0508 0.0421 0.0673 0.0460 | 0.0462 0.0387 0.0499 0.0423 | 0.0174 0.0141 0.0229 0.0134
GRPO w/o Collaborative Alignment | 0.0467 0.0382 0.0614 0.0410 | 0.0411 0.0340 0.0448 0.0376 | 0.0151 0.0122 0.0198 0.0116
Table 6: Ablation results on the Yelp dataset (Long-Tail setting).
Model Variant Overall Tail Item Head Item Tail User Head User
R@10 N@10 | R@10 N@10 | R@10 N@10 | R@10 N@10 | R@Q10 N@10
PtErup 0.6746  0.4263 | 0.2009 0.0931 | 0.8173 0.5466 | 0.6782 0.4296 | 0.6740 0.4295
No Profile (Direct Embedding) 0.5982  0.3715 | 0.1523 0.0687 | 0.7436 0.4892 | 0.6015 0.3748 | 0.5978 0.3751
User-only Profiling 0.6354 0.3987 | 0.1768 0.0812 | 0.7825 0.5143 | 0.6389 0.4021 | 0.6350 0.4024
Item-only Profiling 0.6487 0.4072 | 0.1851 0.0856 | 0.7962 0.5278 | 0.6521 0.4105 | 0.6483 0.4108
Single-pass Profiling 0.6623 0.4185 | 0.1934 0.0892 | 0.8087 0.5385 | 0.6657 0.4228 | 0.6619 0.4231
No GRPO 0.6512 0.4106 | 0.1840 0.0851 | 0.7998 0.5289 | 0.6547 0.4139 | 0.6509 0.4142
GRPO w/o Distinctiveness 0.6669 0.4209 | 0.1912 0.0884 | 0.8126 0.5417 | 0.6703 0.4246 | 0.6662 0.4248
GRPO w/o Collaborative Alignment | 0.6118 0.3826 | 0.1627 0.0734 | 0.7604 0.5012 | 0.6152 0.3859 | 0.6115 0.3861

driven supervision, reducing representation drift
when individual interactions are removed. As a
result, PtE achieves stronger generalization across
tail users, tail items, and their combinations. Over-
all, the leave-one-out results demonstrate that ef-
fective long-tail recommendation requires not only
richer semantic information, but also a representa-
tion strategy that preserves preference consistency
under extremely sparse supervision. The profile-
to-embedding paradigm adopted by PtE provides
such stability, complementing its strong perfor-
mance in cold-start settings.

5.4 Ablation Study

We conduct ablation studies on Amazon Movies
under cold-start settings and on Yelp under long-
tail distributions, both using the SASRec backbone.
The evaluated variants are summarized in Table 6.
In cold-start scenarios, removing profile genera-
tion (No Profile) leads to the largest performance
drop, confirming that directly embedding dense
LLM representations is insufficient under extreme
sparsity. Partial profiling (user-only or item-only)
improves over direct embedding but consistently
underperforms the full model, highlighting the im-
portance of jointly modeling user and item seman-
tics. Single-pass profiling further degrades perfor-
mance, indicating that iterative refinement is nec-
essary to stabilize semantic abstraction. Moreover,
ablating GRPO (Shao et al., 2024) reveals that col-
laborative alignment is critical for cold-start gen-
eralization, with particularly pronounced effects

on highly sparse domains such as Toys and Sports.
Under long-tail distributions, PtE r,,;; consistently
achieves the best performance across overall, tail-
item, and tail-user splits. Direct embedding suffers
severe degradation on tail entities, while partial pro-
filing yields only limited gains. Removing collabo-
rative alignment in GRPO causes the largest drops
on tail items, whereas removing distinctiveness
mainly affects overall ranking quality. Together,
these results indicate that PtE’s effectiveness in
long-tail settings arises from combining profile-
level semantic abstraction with collaborative-aware
embedding optimization.

6 Conclusion

We analyze the gap between the theoretical expres-
siveness and empirical effectiveness of LLM rep-
resentations in recommendation. Although LLM
embeddings subsume collaborative signals from
ID representations, their practical utility is lim-
ited by semantic entanglement and objective mis-
alignment. We therefore propose Profile-then-
Embedding (PtE), which decouples semantic rea-
soning from representation learning via explicit se-
mantic profiles and downstream embedding align-
ment. Experiments demonstrate that PtE consis-
tently outperforms fusion-based methods, high-
lighting the importance of disciplined semantic
utilization over direct representation fusion.
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Limitations

Our design prioritizes representational clarity and
semantic controllability, which leads the profile
generation stage to adopt an iterative formulation.
While this choice favors stable and interpretable
semantic profiles, it naturally introduces additional
computational overhead. Exploring more compact
distillation schemes and the use of lightweight,
domain-adapted LLMs offers a natural extension
to further improve efficiency without altering the
core framework. In addition, although our analy-
sis provides principled insights into semantic dis-
entanglement, a more formal characterization of
the disentanglement dynamics and their theoretical
connection to downstream performance remains an
interesting avenue for future investigation.
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A Detailed Experimental Setup
A.1 Baseline Methods

We compare PtE with a broad range of language-
guided ID embedding learning strategies, includ-
ing semantic reconstruction, semantic initialization,
adaptive projection, and other representative base-
lines. Specifically, RLMRec (Ren et al., 2024),
originally designed for collaborative filtering, is
adapted to sequential recommendation with two
variants: RLMRec-Gen, which maps language em-
beddings into behavioral space via a two-layer
MLP using similarity deviations from ID embed-
dings as a regularization term, and RLMRec-Con,
which projects ID embeddings into semantic space
through a two-layer MLP and aligns them against
language embeddings. LLMInit (Harte et al., 2023;
Hu et al., 2024b; Qu et al., 2024) initializes ID
embeddings directly with language embeddings,
where we further apply PCA for dimensionality
reduction to better align with behavioral space.
MoRec (Yuan et al., 2023) employs a pre-trained
modal encoder followed by a dense layer for dimen-
sion transformation, while UniSRec (Hou et al.,
2022) leverages a mixture-of-experts enhanced
adaptor to process language embeddings. Whiten-
Rec (Zhang et al., 2024; Su et al., 2021) applies
whitening to decorrelate highly similar language
embeddings, followed by an MLP adaptor to pro-
duce final item embeddings. LLM-ESR (Liu et al.,
2024) proposes a dual-view modeling framework
that integrates semantic initialization and adaptive
projection to address long-tail issues in users and
items. Finally, iDreamRec (Hu et al., 2024a) in-
troduces diffusion models to learn consistent lan-
guage embeddings for recommendation, with a

variance-preserving linear transformation. Alpha-
Fuse (Hu et al., 2025) fuses standardized LLM
embeddings and learned ID embeddings by SVD-
based space decomposition, achieving seamless
integration without auxiliary modules and broad
adaptability across discriminative and generative
recommendation frameworks.

A.1.1 Implementation Detail.

For our experiments, we follow the dataset splits
and code from LLM-ESR (Liu et al., 2024),
replicating their leave-one-out results and ad-
justing only the learning rate for AlphaFuse to
{0.001,0.0001,0.00001}. In the cold-start user
setting, item textual attributes and descriptions
are concatenated and encoded using OpenAl’s
text-embedding-3 to obtain language embed-
dings. For SASRec, the final item embeddings
are fixed to 128 dimensions and ID embeddings
to 64 for both AlphaFuse and LLM-ESR, with In-
foNCE loss (Oord et al., 2018) applied using 64
negative samples; additional loss coefficients for
baselines are set to 0.1 or 1 following the orig-
inal works (Liu et al., 2024; Ren et al., 2024).
For DreamRec, the original dimension of language
embeddings is retained without clipping, making
RLMRec-Con and RLMRec-Gen similar, while
LLM-ESR allocates equal dimensions to seman-
tic and collaborative views and employs MSE
loss (Ho et al., 2020) without negative samples;
additional loss coefficients are fixed as in the origi-
nal papers. For ALPHAFUSE, the null space is se-
lected with thresholds {0.001,0.01,0.1,0.25,0.5},
replacing original values with E1D € RN*dn ini-
tialized from a standard Gaussian distribution. All
models are implemented in Python 3.7 with Py-
Torch 1.12.1 on an Nvidia GeForce RTX 3090,
trained with a batch size of 256 and learning rates
{0.01,0.001,0.0001,0.00001} using the Adam
optimizer, with early stopping based on valida-
tion performance and all random seeds fixed to
22 for reproducibility. Evaluation follows the all-
rank protocol (He et al., 2020; Ren et al., 2024;
Wu et al., 2021), measuring performance across
all items with Normalized Discounted Cumulative
Gain (N@K) and Mean Reciprocal Rank (M @K).
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B Theoretical Analysis

The analysis in Section 3 establishes an information-theoretic upper bound under exact sufficiency and
Bayes-optimal decision rules. We now extend this framework to settings that more faithfully reflect
modern representation learning, where representations are not sufficient and predictors are constrained to
finite hypothesis classes.

B.1 Proof of Theorem 1

We consider two latent variables Xj,,, Xjq, representing distinct semantic sources captured by LLM
embeddings and ID-based embeddings, respectively. The downstream target Y depends on both:

Y ~ P(Y | Xim, Xia)- (14)
Representations are generated as
Zim = $(Xim), Zia = P (Xia), (15)
and the fusion representation is
Zsus = 9(Zim; Zia)- (16)

No sufficiency assumption is imposed between Zj,,, and Zq.

B.1.1 Prediction Under a Restricted Hypothesis Class

Let H denote a restricted hypothesis class (e.g., linear predictors or shallow networks). Define the
‘H-restricted Bayes risk:

Ru(Z = Y) = inf E[((h(2),Y)). (17)

This quantity captures both information content and accessibility of that information under architectural
constraints.

B.1.2 Approximate Sufficiency

Definition 1 (e-Approximate Sufficiency). A representation U is said to be e-sufficient for Y relative to a
hypothesis class H if
Ru(U —=Y) <R (Y)+e, (18)

where R*(Y') denotes the Bayes-optimal risk.

B.1.3 Main Result: Fusion Can Strictly Improve Approximate Sufficiency

Theorem 2 (Fusion Improves Approximate Sufficiency). There exist distributions P (X, Xiq,Y') and
hypothesis classes H such that:

RH(qus — Y) < R’H(Zlm — Y), (19)
RH(qus — Y) < R’H(Zid — Y), (20)

even though
R*(Ztys = Y) =R (Zim, Ziga = Y). 21

Proof Sketch. Consider a binary classification task where Y depends on a nonlinear interaction between
Xim and Xjq. Assume H consists of linear predictors.

Individually, neither Zy,,, nor Z;q admits a linear decision boundary with low error. However, a fusion
representation Zg,s that explicitly encodes interaction features (e.g., concatenation followed by a fixed
nonlinear map) renders the task linearly separable.

Thus, while no representation dominates in the Blackwell sense, Zy,s is strictly more e-sufficient under

H. O
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B.1.4 Interpretation

Theorem 2 formalizes a key practical insight: fusion gains arise precisely when individual representations
are not sufficient and when predictors are capacity-limited. In contrast, the Blackwell-based upper bound
characterizes an idealized asymptotic regime and should be interpreted as a theoretical ceiling rather than
a prescription against fusion.

B.2 Convergence Analysis

Theorem 3 (Stability of Bidirectional Profile Refinement). Assume that the user- and item-conditioned
generation operators M, and M, are p-Lipschitz continuous with respect to a semantic distance metric
d(-,-) on the profile space T, where 0 < p < 1. Then the bidirectional closed-loop update in Eq. (9)

produces a sequence of user and item profiles {pg), pq(f)} that converges to a stable representation. In
particular, the semantic discrepancy between successive iterations decays geometrically, and the profiles
reach an approximate fixed point within a finite number of steps.

Proof. We analyze the evolution of semantic profiles under the bidirectional update. At iteration ¢, the
item profile is generated from the current user profiles as

p) = My ({p{) | u € U(v)}),
and the user profile is subsequently updated via
P = My (Vus {pY) | 0 € V}).
By the p-Lipschitz continuity of M,,, for any two successive user profile states we have
a(p.p¢ ) < p-d(pf0. 0l V)
Similarly, applying the Lipschitz continuity of M, yields
a(p{*,pl) < p-a(p?,pI7Y).
Combining the two inequalities gives
a(pi,pl) < o d(pl, pEY).
Since 0 < p < 1, the discrepancy between successive user profiles decreases geometrically. An analogous

argument holds for item profiles. Therefore, the bidirectional update constitutes a contraction mapping on
the joint semantic profile space, and the iterative process converges to a stable representation. O
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