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Abstract

Large Language Models (LLMs) provide rich
semantic representations for recommender sys-
tems, but their semantic similarity may not
align with collaborative preference patterns
captured by collaborative filtering (CF). Di-
rectly combining LLM and CF representations
can therefore distort the structural relationships
encoded in the interaction graph. We pro-
pose Structure-Preserving Alignment (SPA),
which reformulates CF-LLM integration as
language-supervised representation alignment.
SPA derives collaborative anchors from frozen
CF representations and aligns multiple LLM-
generated semantic views toward these anchors
through cross-profile view competition. The
aligned collaborative representations are then
used for structure-preserving two-channel re-
trieval, which constructs behavior-aware con-
text for downstream LLM-based preference pre-
diction. Experiments on multiple datasets and
CF backbones show that SPA consistently im-
proves click-through rate (CTR)-style binary
preference prediction.

1 Introduction

Large Language Models (LLMs) have recently
opened new opportunities for recommender sys-
tems by transforming textual descriptions of users
and items into rich semantic representations (Wu
et al., 2024; Zhu et al., 2025). These language-
derived representations capture high-level knowl-
edge about user interests, item attributes, and latent
intent, providing contextual signals that are not
explicitly encoded in traditional ID-based recom-
mendation models (Tsai et al., 2024; Kim et al.,
2024; Lin et al., 2025). Such semantic knowledge
is particularly valuable under limited downstream
supervision, where interaction data alone may be
insufficient to reliably estimate user preferences.
These observations suggest that language can serve
as a powerful auxiliary supervision signal for rec-
ommendation models.

Despite this promise, incorporating LLM-
derived semantics into collaborative recommenda-
tion remains challenging. Collaborative filtering
(CF) embeddings are learned from user—item inter-
action structures and therefore capture behavioral
similarity induced by the interaction graph (Wang
et al., 2019; He et al., 2020; Choi et al., 2025). In
contrast, LLM embeddings are optimized to cap-
ture linguistic and conceptual similarity in a se-
mantic space (Wu et al., 2024; Tsai et al., 2024).
Because these representations are learned from fun-
damentally different signals, semantic similarity
does not necessarily correspond to collaborative
preference similarity. Directly combining the two
representations can therefore weaken the collabo-
rative relationships that make CF effective.

To bridge this gap, recent methods have explored
integrating collaborative signals with language-
derived representations or LLM-based semantic in-
formation (Xu et al., 2024; Ren and Huang, 2025;
Liu et al., 2025). However, existing approaches
generally focus on incorporating semantic infor-
mation into recommendation rather than explicitly
preserving the collaborative neighborhood struc-
ture during semantic integration.

We argue that integrating language signals into
recommendation should be treated as a representa-
tion alignment problem rather than a feature fusion
problem. Instead of directly mixing heterogeneous
representations, language-derived semantics should
guide collaborative representation learning while
preserving the behavioral relationships captured by
CF, especially when multiple LLM-generated de-
scriptions provide complementary yet potentially
inconsistent semantic views.

To address these challenges, we propose
Structure-Preserving Alignment (SPA), a frame-
work that integrates language-derived seman-
tics into collaborative recommendation through
language-supervised representation alignment.
SPA treats collaborative representations from a
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frozen CF encoder as structural anchors and uses
multi-view semantic profiles generated by an LLM
as training-time supervision signals. Rather than us-
ing contrastive learning as a generic representation-
learning objective, SPA uses asymmetric alignment
to pull semantic views toward collaborative anchors
derived from frozen CF representations, while pre-
venting semantic supervision from updating the
collaborative encoder. In addition, SPA introduces
cross-profile view competition across alternative
semantic views of the same entity, providing rotat-
ing multi-view regularization over complementary
LLM-generated profiles.

After alignment, the projected collaborative rep-
resentations are used for structure-preserving two-
channel retrieval, which constructs behavior-aware
context for downstream LLM-based preference pre-
diction. During inference, SPA uses only projected
collaborative representations for retrieval, while
semantic profiles are used only during alignment
training. This design connects CF-anchored align-
ment with retrieval-based LLM prediction while
empirically retaining local collaborative structure
in the projected representations, without requiring
semantic profiles at inference time.

Extensive experiments across multiple CF back-
bones and few-shot LLM fine-tuning settings
demonstrate that SPA consistently improves click-
through rate (CTR) prediction performance. Fol-
lowing prior recommendation studies that formu-
late CTR prediction as a standard recommendation
task (Yuan et al., 2022), we evaluate SPA under a
CTR prediction setting, formulated as binary user—
item preference prediction, where the task is to
infer whether a user will prefer a target item rather
than ranking a candidate set.

The contributions of this work are summarized
as follows:

* We propose SPA, a framework that refor-
mulates CF-LLM integration as language-
supervised representation alignment, where
frozen collaborative embeddings provide sta-
ble structural references and semantic super-
vision is introduced only through trainable
projection networks. We evaluate structure re-
tention explicitly through neighborhood- and
correlation-based metrics.

* We introduce a CF-anchored contrastive align-
ment formulation that uses multiple LLM-
generated user/item profiles as semantic su-
pervision and incorporates cross-profile view

competition across alternative views of the
same entity, providing rotating same-entity
multi-view regularization across complemen-
tary semantic descriptions.

* We connect the aligned collaborative space
to structure-preserving two-channel retrieval
for downstream LL.M-based preference pre-
diction, leading to consistent improvements
across multiple CF backbones and few-shot
fine-tuning settings.

2 Related Work

2.1 LLM-based Recommendation and
Text—Behavior Alignment

Recent advances in LLMs have influenced rec-
ommender systems by enabling semantic reason-
ing over textual descriptions of users and items.
RelLa (Lin et al., 2024) constructs retrieval-
enhanced prompts from user interaction histo-
ries for LLM-based few-shot preference predic-
tion, TALLRec (Bao et al., 2023) adapts LLMs
through instruction tuning, and BIGRec (Bao et al.,
2025) investigates generative preference modeling.
GPT4Rec (Li et al., 2023) explores generative re-
trieval for recommendation, while LLM-KT (Wang
et al., 2026) studies multi-level alignment between
interaction representations and LLMs.

Despite these advances, aligning language-
derived representations with behavioral represen-
tations remains challenging because the two repre-
sentation types are learned under different objec-
tives and reside in heterogeneous latent spaces. In
contrast, our work focuses on structure-preserving
alignment, where collaborative embeddings serve
as structural anchors and LLM-derived semantic
views provide training-time supervision.

2.2 CTR Prediction Models

CTR prediction is a fundamental recommenda-
tion task that estimates the probability of user
interactions such as clicks or purchases. Prior
CTR models include feature-interaction meth-
ods such as Wide & Deep (Cheng et al., 2016),
AFM (Xiao et al., 2017), DeepFM (Guo et al.,,
2017), and DCN (Wang et al., 2017), as well as
recent user-preference modeling approaches such
as CREU (Xiang et al., 2025) and MWUF (Zhu
et al., 2021). Our work complements these models
by introducing CF-anchored alignment that incor-
porates LL.M-derived semantic knowledge while
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preserving local collaborative neighborhoods for
interaction-level preference prediction.

3 Method

We propose Structure-Preserving Alignment
(SPA), a framework that integrates language-
derived semantic knowledge into collaborative rec-
ommendation, as shown in Figure 1, while bet-
ter preserving local collaborative neighborhoods
learned from user—item interactions. Rather than di-
rectly fusing CF and semantic representations, SPA
uses collaborative representations as structural ref-
erences and aligns LLM-derived semantic views
toward their projected collaborative anchors using
in-batch contrast and cross-profile view competi-
tion. Semantic profiles are therefore used only as
training-time alignment supervision, while infer-
ence uses only projected collaborative representa-
tions.

The framework is organized into four stages:
(i) multi-view semantic profile generation and col-
laborative anchor construction, (ii) cross-profile
semantic alignment, (iii) structure-preserving two-
channel retrieval, and (iv) LLM-based preference
prediction. SPA follows a staged pipeline rather
than a single end-to-end differentiable objective.
The CF backbone is first trained and frozen; projec-
tion networks are optimized via contrastive align-
ment; a discrete Top-K retrieval module constructs
behavioral context outside the gradient path of
the alignment objective; and the LLM predictor
is fine-tuned separately on the Yes/No preference
objective. The overall algorithm is provided in
Appendix A.

3.1 Multi-View Semantic Profile Generation

To introduce semantic knowledge beyond interac-
tion data, we generate multiple semantic views
for users and items using a large language model.
Specifically, we employ Gemini-2.5-Flash (Co-
manici et al., 2025) to produce structured semantic
descriptions conditioned on user interaction his-
tories and item metadata. These LLM-generated
views provide complementary semantic interpreta-
tions of user preferences and item characteristics,
which later serve as supervision signals for the
alignment stage.

User semantic views. Let I/ denote the set of
users and Z denote the set of items. Let % de-
note the profiling history of user v with interaction
feedback and item metadata, and let H, ; denote

the target-specific history excluding the target in-
teraction and label.

Using a prompt template P,,, the LLM generates
multiple textual views from the user-level profiling
history H{rain;

Su = {Sgu)}vevu = LLM(Pu7HZrain>. (1)

These semantic profiles are generated once per user
and cached for semantic alignment; they are not
regenerated separately for individual user—target
prediction instances. Here, V,, denotes the set of
semantic views used for user profiling. In our im-
plementation, |V,| = 6, representing textual de-
scriptions derived from three behavioral perspec-
tives (recent, early, and global), each expressed in
two complementary forms: analysis and summary.
These semantic views capture diverse interpreta-
tions of user preference behavior.

Item semantic views. For each item j € Z, we
generate multiple textual views using item meta-
data. Let Q; denote the metadata associated with
item j, such as title, category, or textual descrip-
tion.

Using a prompt template P;, the LLM generates
semantic item views:

T = {1 }vev, = LLM(P;, Q)). ()

Likewise, item semantic profiles are generated once
from item metadata and cached for semantic align-
ment rather than regenerated for individual predic-
tion instances. Here, V; denotes the set of semantic
views used for item profiling. In our implemen-
tation, we set |V;| = 3. These views represent
different semantic perspectives of the same item.
Detailed view definitions and prompt designs are
provided in Appendices E and H, respectively.

Semantic encoding. The generated tex-
tual views are converted into dense semantic
representations using a frozen pretrained
encoder (-) implemented with mean pool-
ing over the final-layer hidden states of
Llama-3.1-8B-Instruct (Grattafiori et al.,
2024). The semantic encoder is used only for
offline representation extraction and remains
frozen throughout SPA training; the downstream
prediction model is fine-tuned separately with
LoRA (Hu et al., 2022).

22 = y(sP), 2 =yE”). G
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Figure 1: Overview of SPA as a four-stage pipeline. Given user—item interactions, SPA first generates multi-view
semantic profiles and collaborative embeddings, then aligns semantic representations to collaborative anchors using
in-batch negatives and cross-profile view competition. The aligned representations are used for structure-preserving
two-channel retrieval, which constructs behavior-aware context for downstream LLM-based preference prediction.

Here, z;; and z} denote the semantic embed-

dings corresponding to the v-th textual views of
user u and item j, respectively, and both lie in
the semantic representation space R%, where d,
denotes the semantic embedding dimension.

For each user and item, we collect the encoded
semantic views as Z,, = {z!*, | v € V,} and Z; =
{zzzj | v € V;}. These multi-view embeddings
are used as supervision signals in the subsequent
alignment stage.

3.2 Collaborative Anchor Construction

We obtain collaborative representations from the
user—item interaction graph using a graph-based
CF backbone. Let the collaborative training graph
be G = (U,Z,E), where £ contains interactions
available to collaborative representation learning
under the dataset-specific construction described
in Appendix B.1. Held-out target interactions are
excluded from £. A CF encoder fcg(-) such as
LightGCN (He et al., 2020), AutoCF (Xia et al.,
2023), or SGL (Wu et al., 2021) learns latent em-
beddings for both users and items:

cu = fcr(u), cj = fce(j), 4)

where c,,c; € R? denote collaborative em-
beddings capturing behavioral similarity induced
by the interaction topology, with d. denoting the
collaborative embedding dimension.

During alignment, the CF encoder is frozen and
only the projection networks are optimized. This
prevents semantic supervision from updating the
underlying CF encoder and keeps the original col-
laborative embeddings as stable references during
alignment, thereby isolating the effect of language-
derived supervision. Thus, the frozen collaborative

embeddings c,, and c; provide stable structural ref-
erences during alignment. The projected anchors
used in the contrastive objective are produced by
the trainable projection network f,(-); therefore,
the raw CF representations remain fixed while the
projection space can adapt to semantic supervision.

a, = norm(fq(cy)), a; = norm(fu(c;)). (5)

The projected vectors a,, and a; define collabo-
rative anchor representations that serve as reference
points for subsequent semantic alignment. This de-
sign restricts semantic adaptation to the projection
space while leaving the original CF embeddings
unchanged; the extent to which the projected repre-
sentations retain collaborative structure is evaluated
empirically in Appendix J.

3.3 Cross-Profile Semantic Alignment via
Collaborative Anchors

We treat collaborative representations as anchors
and semantic representations as auxiliary views,
resulting in an asymmetric alignment formulation.
Rather than directly fusing heterogeneous embed-
dings, SPA aligns semantic views with collabora-
tive anchors through a contrastive learning objec-
tive. User-side and item-side alignment losses fol-
low the same objective form and optimize a shared
collaborative projection space, allowing projected
user and item representations to be directly com-
pared during retrieval. For clarity, we present the
user-side formulation below; the item-side formu-
lation is provided in Appendix G.

Semantic View Representations. Let z!”/ and
2" denote semantic embeddings obtained from
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the textual profiles generated by the LLM, where
v indexes semantic views. To compare semantic
views with collaborative anchors in a shared align-
ment space, we project each semantic embedding
through a semantic projection network fs(-):
Sup = norm(fs(szfi)), Sjv = norm(fs(zfzf)).
(6)
Both collaborative anchors and semantic projec-
tions are ¢ normalized so that similarity compar-
isons can be performed using cosine similarity.

Positive, In-Batch Negative, and Cross-Profile
Competitor Construction. For each semantic
view v, we construct a positive pair between the col-
laborative anchor and the corresponding semantic
representation of the same entity, e.g., (&, Sy, for
users and (a;, s;,,) for items. To learn meaningful
alignment, we use two types of contrastive counter-
parts: in-batch negatives, which are semantic rep-
resentations from other entities sampled within the
same shuffled mini-batch, and cross-profile com-
petitors, which correspond to alternative semantic
views of the same entity. Importantly, cross-profile
competitors are not permanent negatives. During
an epoch, each semantic view is selected as the
positive in its own entity—view training instance
while participating as a cross-profile competitor
for the remaining view-specific instances. This
rotating optimization introduces same-entity multi-
view competition across complementary semantic
descriptions.

Contrastive Alignment Objective. Let 3 denote
a shuffled mini-batch of entity—view training in-
stances, where each training instance is represented
as (u,v) consisting of a user u and one of its se-
mantic views v. Accordingly, (up, vy) € B denotes
an arbitrary entity—view training instance sampled
from the same mini-batch. Let V,, denote the set
of semantic views associated with user u. For each
training instance (u, v) € B, the objective encour-
ages the semantic representation s,, ,, to align with
its collaborative anchor a,, contrasts it against
entity—view instances of other users in the mini-
batch, and incorporates the remaining semantic
views of the same user as cross-profile competitors
within the view-specific normalization.
We define the in-batch negative term as

D= " exp(sim(au sum)/7) . ()
(up,vp)EB
UpFU

We define the cross-profile competition term as

Z eXp(Sim(amSu,v’)/T); (8

v eV \{v}

cp
Du,v -

and the positive pair term as
DY = exp(sim(ay, su.u)/T) - )
The user-side alignment loss is then defined as

pos
> log P g?r’lv e
(u,0)€B u,v w,v u,v
(10)
Here, sim(-, -) denotes cosine similarity, and the
denominator consists of the positive, in-batch neg-
ative, and cross-profile competition terms. The in-
batch term captures entity—view training instances
of other users in the shuffled mini-batch, whereas
the cross-profile term incorporates the remaining
semantic views of the same user into the view-
specific contrastive normalization. These alterna-
tive views act as cross-profile competitors for the
current training instance, but are not assigned per-
manent negative roles because each view becomes
the positive in its own instance. Across the view-
specific losses, this rotating competition regularizes
the relative alignment of complementary semantic
views around the same collaborative anchor. The
objective does not explicitly enforce pairwise se-
mantic separation among same-entity views; alter-
native views participate only as competitors within
the current view-specific normalization, while each
view remains a positive in its own training instance.

user __
align —

b
|B]

Structure-Preserving Representation. After
alignment, inference uses only the projected collab-
orative representations:

r, = norm(fq(cy)), r; = norm(fy(c;)). (11)

These inference representations are obtained by ap-
plying the trained collaborative projection network
fa(+) to the frozen CF embeddings. Although se-
mantic embeddings are not used at inference, they
guide representation learning during training, al-
lowing the final representations to better preserve
collaborative structure while reflecting language-
derived supervision.

3.4 Structure-Preserving Two-Channel
Retrieval.

After semantic alignment, SPA obtains projected
collaborative representations for users and items.
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Let r, and r; denote the aligned representations for
user u and item j, respectively. At inference, the
collaborative projections f,(-) map both user and
item CF embeddings into the same alignment space
used for retrieval, whereas semantic projections
fs(+) are used only during alignment training.

Given a user u, a target item j;, and the target-
specific history #H,;, SPA constructs a compact
behavioral context through a two-channel retrieval
strategy. The first channel captures global prefer-
ence affinity by measuring similarity between the
user representation and historical items: sy7(jn) =
sim(ry, rj, ). The second channel captures target-
specific contextual relevance by measuring similar-
ity between the target item and historical items:
sr1(jn) = sim(rj,,rj,). Instead of combining
raw similarity scores directly, SPA aggregates
ranking signals from the two channels, as their
similarity-score distributions differ across the user—
item and item—item channels. Let rankg;(jp,) and
rank;r(j,) denote the zero-based rank positions
under the two channels, such that the highest-
ranked historical item has rank 0, and let A denote
the channel weight. The final retrieval score is
defined as

1 1
A

Score(jn) = (1—A) rankz (jn)+1
12

ranky g (jn)+1

The Top-K historical items according to
Score(-) form the retrieval context:

Cu = Top-K (Score(jn) | jn € Huyr).  (13)

The user—item channel captures global collabo-
rative preference patterns, whereas the item—item
channel emphasizes target-specific contextual rel-
evance within the user’s interaction history. By
combining both signals, SPA constructs a compact
yet target-aware behavioral context C,, that summa-
rizes the most informative historical evidence for
downstream preference prediction.

Because the Top-K retrieval operation is dis-
crete, it is used only to construct the behavioral
context for downstream LLM-based prediction and
is outside the gradient path of the alignment objec-
tive.

3.5 LLM-based Preference Prediction

After the retrieval stage, the retrieved historical
items form the collaborative retrieval context C,.
This context summarizes behaviorally relevant in-
teractions for the user with respect to the target

item. We convert C,, into a prompt, which is used
for downstream LLM-based preference prediction.

The instruction-tuned model is based on
Llama-3.1-8B-Instruct (Grattafiori et al., 2024).
Given a prompt containing available user attributes,
the constructed history context, and the target
item, the model predicts whether the user will
prefer the target item. User attributes are in-
cluded only when provided by the correspond-
ing dataset. Following the instruction format of
ReLLa (Lin et al., 2024), the model outputs a bi-
nary response (Yes/No), which is used for CTR
prediction. Details of prompt construction and
mixed-dataset training are provided in Appendix I.
For evaluation, we convert the Yes/No output dis-
tribution into a predicted preference probability:
Pyes = p(Yes)/ (p(Yes) + p(No)). Area Under
the ROC Curve (AUC) and Log Loss are computed
using pyes, and Accuracy (ACC) is computed by
thresholding it at 0.5.

4 Experiments

We conduct experiments to answer the following
research questions:

RQ1: Does SPA outperform strong CTR base-
lines and existing LLM-based recommendation
models? RQ2: How important is cross-profile con-
trastive alignment for learning behavior-consistent
representations? RQ3: How sensitive is SPA to
key semantic and retrieval configurations? RQ4: Is
SPA robust across different graph-based CF back-
bones (LightGCN, AutoCF, SGL)?

4.1 Experimental Settings

Datasets. We evaluate SPA on three widely
used recommendation benchmarks: MovieLens-
IM (ML-1M) (Harper and Konstan, 2015),
BookCrossing (Ziegler et al., 2005), and Amazon-
Movies (Hou et al., 2026). Following prior LLM-
based recommendation protocols (Lin et al., 2024;
Bao et al., 2023), we retain users with at least five
historical interactions. Dataset statistics, label con-
struction, sample construction, and feature fields
are summarized in Appendix B.

Evaluation Metrics. We report AUC, Log Loss,
and ACC. AUC evaluates discrimination between
positive and negative instances, Log Loss measures
probabilistic fit, and ACC reflects classification cor-
rectness. Following CTR practice (Guo et al., 2017;
Cheng et al., 2016), even small AUC improvements
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Table 1: (RQ1) Performance comparison on three datasets. Bold AUC values indicate the best overall results, and
underlined values indicate the strongest non-SPA baseline. Rel.Impr denotes SPA’s relative AUC improvement
over each matched baseline and is reported only for few-shot LLM-based models. Full-shot CTR comparisons are

contextual due to different information budgets.

Model ML-IM

BookCrossing Amazon-Movies

AUCT LogLoss| ACCT RelImpr AUCt LogLoss) ACCtT RelImpr AUCT LogLoss| ACCtT Rel.Impr
Traditional CTR Models (Full Training Data)
WD 0.5305 0.6996 0.5382 - 0.5171 0.5376 0.5376 - 0.7172 0.5352 0.7035 -
DeepFM  0.7432 0.6680 0.6756 - 0.6391 0.6883 0.5823 - 0.7273 0.3041 0.6275 -
Full-shot AFM 0.5113 0.6978 0.5367 - 0.5080 0.6910 0.4776 - 0.5725 0.3327 0.5705 -
DCN 0.7276 0.7369 0.6645 - 0.5956 0.6903 0.5788 - 0.7399 0.2812 0.6393 -
MWUF 0.7435 0.6722 0.6751 - 0.6509 0.6882 0.5872 - 0.7313 0.2943 0.7195 -
CREU 0.7434 0.6533 0.6752 - 0.6412 0.6876 0.5827 - 0.7315 0.3002 0.7134 -
LLM-based Models (Few-shot LLM Fine-tuning)
ReLLa 0.6734 0.6563 0.6202  17.95%  0.6786 0.6607 0.5905  5.16%  0.7217 0.4075 0.8516  10.36%
Few-shot 1% TALLRec 0.5536 0.6847 0.5424  4348%  0.6421 0.6520 0.6182 11.14% 0.6716 0.5293 0.7887  18.60%
h ?  BIGRec 0.5540 0.6841 0.5505  43.38%  0.6007 0.7298 05292  18.79%  0.7187 0.3980 0.8345 10.83%
SPA 0.7943 0.5603 0.7179 - 0.7136 0.6497 0.6258 - 0.7965 0.3242 0.8741 -
ReLLa 0.6870 0.6650 0.6281 16.72%  0.7117 0.6169 0.6607 2.80%  0.7658 0.3564 0.8747  6.37%
Few-shot 10% TALLRec  0.6007 0.6809 0.5704  33.49%  0.6963 0.6495 0.6382  5.07%  0.7446 0.3427 0.8602  9.40%
“  BIGRec 0.5909 0.6845 0.5625 3571%  0.7221 0.6004 0.6617 1.32%  0.7254 0.3355 0.8759  12.30%
SPA 0.8019 0.5377 0.7269 - 0.7316 0.6446 0.6349 - 0.8146 0.3103 0.8816 -

are considered meaningful. Detailed metric defini-
tions are provided in Appendix C.

Baselines. We compare SPA with representa-
tive CTR models—WD (Cheng et al., 2016),
DeepFM (Guo et al., 2017), AFM (Xiao et al.,
2017), DCN (Wang et al., 2017), MWUF (Zhu
et al., 2021), and CREU (Xiang et al., 2025)—and
LLM-based recommenders, including ReL.La (Lin
et al., 2024), TALLRec (Bao et al., 2023), and
BIGRec (Bao et al., 2025). We use the official im-
plementations of the baselines and adapt them to
the same processed train/test splits, binary prefer-
ence labels, and evaluation protocol used for SPA.
For ReLLLa, TALLRec, and BIGRec, we addition-
ally use Llama-3.1-8B-Instruct as a common
backbone and the same 1%/10% downstream fine-
tuning subsets, while retaining each method’s orig-
inal input construction and training configuration
unless otherwise stated.

Implementation Details. Experiments are con-
ducted on NVIDIA A100 GPUs. We use
Llama-3.1-8B-Instruct (Grattafiori et al., 2024)
in two distinct roles: a frozen semantic encoder for
offline profile encoding and a downstream prefer-
ence predictor fine-tuned with LoRA.

For the default Llama-3.1-8B-Instruct se-
mantic encoder, the semantic embedding dimen-
sion is dg = 4096. The CF embedding dimension
is d. = 64, and the projection output dimension is
d, = 256. The projection networks use a two-layer
architecture with hidden dimension 512 and ReLLU
activation. We set the contrastive temperature to
7 = 0.07 and the semantic perturbation magnitude

to € = 0.1. During alignment training, semantic
embeddings are perturbed using sign-preserving
normalized Gaussian noise before being passed to
the semantic projection network.

The projection networks are optimized using
Adam with a learning rate of 1x1073, weight de-
cay 1x107°, and batch size 2048. Alignment is
trained for 50 epochs. The CF encoder and seman-
tic representations remain fixed during alignment;
only the lightweight projection networks are opti-
mized.

For downstream preference prediction, LoRA
uses rank r=16, =32, and dropout 0.05. The
downstream predictor is optimized using AdamW
with a learning rate of 5x 104, batch size 256,
and 10 training epochs. Unless otherwise speci-
fied, hyperparameters were fixed globally across
all datasets before test-set evaluation and were not
tuned on the test set or separately optimized for
individual datasets. The 1% and 10% few-shot set-
tings apply only to downstream LLM fine-tuning in-
stances. CF training, semantic profiling, and align-
ment use the non-held-out interactions permitted
by the dataset-specific construction described in
Appendix B.1; no held-out evaluation target or la-
bel is used by these stages. Detailed offline costs
for semantic profile generation, semantic encoding,
and alignment training are reported in Appendix P.

4.2 Experimental Results

(RQ1) Performance Comparison. Table 1 re-
ports the performance comparison between SPA,
traditional CTR models, and recent LLM-based
recommendation approaches. Because preprocess-
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ing, label construction, few-shot sampling, and
evaluation protocols vary across studies, reported
scores may differ from those in prior work. For
the LLM-based comparisons, we adapt the official
baseline implementations to the common processed
splits, downstream fine-tuning budgets, and binary
user—item preference prediction protocol described
above.

SPA achieves the highest AUC across all three
datasets under both few-shot regimes. For RQI,
both the sequential-history context length and the
Top-K collaborative retrieval size are set to 15. In
the 1% setting, we use AutoCF for all datasets; in
the 10% setting, we use AutoCF for ML-1M and
BookCrossing and SGL for Amazon-Movies.

First, SPA achieves performance competitive
with or stronger than several full-shot CTR base-
lines. However, because SPA leverages pretrained
LLM-derived semantic knowledge whereas tradi-
tional CTR models rely mainly on interaction data
and structured features, this comparison should be
interpreted as contextual evidence under different
information budgets rather than as a controlled effi-
ciency comparison. For example, on ML-1M, the
strongest full-shot CTR baseline MWUF achieves
an AUC of 0.7435, whereas SPA reaches 0.8019 us-
ing only 10% of the LLM fine-tuning prediction in-
stances. Similar trends are observed on BookCross-
ing and Amazon-Movies, suggesting that LLM-
derived semantic supervision remains beneficial
when aligned with collaborative anchors, even with
limited downstream LLM fine-tuning data.

Second, SPA consistently improves over ex-
isting LLM-based recommenders under few-shot
LLM fine-tuning settings. In the 1% few-shot
regime, SPA achieves the best results across all
datasets. On ML-1M, SPA improves the AUC from
0.6734 (ReLLa) to 0.7943, with consistent improve-
ments observed across the other datasets. These
results show that the full SPA pipeline benefits
from combining multi-view semantic supervision
with collaborative representations under limited
downstream LLM fine-tuning; the contribution of
cross-profile competition is isolated separately in
RQ2.

Overall, these results suggest that SPA benefits
from using LL.M-derived semantics as alignment
supervision rather than directly fusing heteroge-
neous representations.

(RQ2) Ablation Study. Table 2 presents an ab-
lation study under the 1% few-shot setting with

Table 2: (RQ2) Ablation study under the 1% few-shot
setting with K = 10. We analyze the contribution
of semantic supervision and cross-profile contrastive
alignment in SPA.

Model ML-IM  BookCrossing Amazon-Movies
AUCT AUCT AUC?T

Single-Modality Baselines

CF-only 0.7773 0.6938 0.7552

Text-only 0.7591 0.7099 0.7595

Fusion Baseline

Naive Fusion 0.7765 0.6240 0.7889

SPA Variants

SPA w/o Cross-profile 0.7863 0.7068 0.7619

SPA w/o Augmentation  0.7876 0.7135 0.7923

SPA w/ Drop50 0.7846 0.7090 0.7914

SPA 0.7880 0.7164 0.7983

K = 10. We use the best-performing backbone
for each dataset according to Appendix M: Au-
toCF for ML-1M and SGL for BookCrossing and
Amazon-Movies. The single-modality baselines
show that both collaborative and language-derived
signals contain useful information for recommenda-
tion. The CF-only model performs well on ML-1M,
while the Text-only model performs competitively
on BookCrossing and Amazon-Movies. However,
both remain inferior to SPA, indicating that inte-
grating behavioral structure with language-derived
semantics is important for robust recommendation.

The naive fusion baseline, which directly con-
catenates CF and LLM embeddings, performs sub-
stantially worse than SPA, suggesting that such
direct combination is insufficient and may even
degrade performance due to the structural mis-
match between the two representation spaces. Thus,
Naive Fusion serves as a targeted control for testing
the fusion-vs-alignment hypothesis rather than an
exhaustive representative of all fusion-based LLM
recommenders.

Removing cross-profile competition (SPA w/o
Cross-profile) consistently reduces performance
across datasets, indicating that cross-profile view
competition provides effective multi-view regular-
ization across complementary semantic descrip-
tions.

The robustness variants further demonstrate the
stability of SPA. Removing semantic augmentation
(SPA w/o Augmentation), i.e., disabling additional
perturbation on semantic embeddings, slightly de-
grades performance, while Drop50, which ran-
domly drops 50% of semantic embedding features,
shows that SPA remains effective even under sub-
stantial semantic feature removal. This indicates
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that SPA learns robust collaborative embeddings
guided by semantic supervision, rather than relying
on fragile or noisy textual cues.

Overall, the full SPA model consistently
achieves the best performance across all datasets.
These results suggest that SPA’s gains arise from
the synergistic interaction among multi-view se-
mantic supervision, CF-anchored alignment, and
behavior-aware retrieval, rather than from a single
isolated component.

To further understand how SPA reshapes the
representation space, we visualize the learned em-
beddings using t-SNE and quantitatively evaluate
structure preservation using Top-10 neighborhood
overlap, Spearman’s p, and Pearson’s r; detailed
results are provided in Appendix J. Additional con-
trolled comparisons against Gated Fusion, CLIP-
style Alignment, and KD-style Alignment under a
unified protocol are reported in Appendix L.

(RQ3) Configuration Sensitivity. To assess the
robustness of semantic, alignment, and retrieval-
related design choices, we evaluate SPA under
different LLM semantic encoders (Llama-3.1-
8B-Instruct, Qwen2.5-7B-Instruct (Yang et al.,
2024), and Mistral-7B-Instruct-v0.3 (Jiang et al.,
2023)), semantic-view configurations, two-channel
retrieval weights ), and contrastive temperatures
7. For retrieval, A = 0 uses only the user—
item channel, capturing global preference but ig-
noring target-specific relevance, whereas A = 1
uses only the item—item channel, emphasizing lo-
cal relevance but losing user-specific signals; the
best performance is achieved around A = 0.6,
showing that combining both channels provides
the most informative behavioral context. For se-
mantic encoders, SPA remains effective across
Llama, Qwen, and Mistral, demonstrating the
alignment mechanism’s flexibility across diverse
latent spaces. Although Llama-3.1-8B-Instruct
achieves the strongest overall results, the perfor-
mance gaps vary across datasets, indicating that
the quality of the semantic embedding space can
materially affect downstream recommendation per-
formance. For view configuration, performance
improves with richer semantic views, indicating
that diverse behavioral perspectives provide more
robust alignment supervision than single-view de-
scriptions. For alignment sharpness, SPA performs
best around 7 = (0.07; lower temperatures may
overemphasize specific textual features, whereas
higher temperatures may weaken the structural sig-

nal from collaborative anchors. Full sensitivity
results for the semantic encoder, semantic-view
configuration, retrieval weight, contrastive temper-
ature, and projection-network architecture are pro-
vided in Appendix K. Appendix N further com-
pares raw cosine weighting, z-score calibrated ag-
gregation, and the proposed reciprocal-rank aggre-
gation.

(RQ4) Robustness Across Different CF Back-
bones. To evaluate the robustness of SPA, we
compare its performance using three representative
graph-based CF backbones: LightGCN, AutoCF,
and SGL. As shown in Table 22 in Appendix M,
we evaluate SPA across all datasets under both
the 1% and 10% downstream LLM fine-tuning
regimes with K € {5,10,15}. SPA maintains
strong performance across different backbones,
datasets, fine-tuning regimes, and history lengths.
Appendix O additionally examines SPA’s depen-
dence on collaborative-anchor quality by intention-
ally undertraining the CF backbone.

5 Conclusion

In this work, we propose SPA, a structure-
preserving alignment framework for integrating
language-derived semantics into collaborative rec-
ommendation. Instead of directly fusing het-
erogeneous representations, SPA derives collab-
orative anchors from frozen CF representations
and aligns multi-view semantic profiles using in-
batch contrast and cross-profile view competition.
This design enables language supervision to re-
fine projected collaborative representations while
empirically retaining local collaborative neighbor-
hoods learned from interaction data. Together, CF-
anchored alignment and two-channel retrieval im-
prove CTR prediction under limited downstream
supervision, showing an effective alternative to di-
rect feature fusion for integrating language-derived
semantics into recommendation.

6 Limitations

A broader challenge in language-supervised rec-
ommendation is that language-derived semantics
can be noisy, incomplete, or temporally outdated,
and their relationship to collaborative preference
may vary across recommendation settings. In ad-
dition, LLM-generated semantic profiles may vary
depending on prompt wording. Although SPA miti-
gates this issue by using multiple behavior-defined
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semantic views, we do not claim invariance to arbi-
trary prompt formulations.

This work addresses a narrower question:
whether language-derived supervision can improve
collaborative recommendation when semantic sig-
nals are introduced through alignment to CF an-
chors, rather than being directly mixed into col-
laborative representations. Under this scope, SPA
uses offline LLM-generated semantic profiles and
freezes the collaborative encoder during alignment
in order to isolate the effect of semantic super-
vision while better preserving local collaborative
neighborhoods learned from user—item interactions.
These choices leave open broader settings that re-
quire online semantic updates, fuller joint optimiza-
tion between semantic and collaborative represen-
tations, and evaluation beyond offline CTR pre-
diction, including top-/N ranking, session-based
recommendation, and strict cold-start generaliza-
tion.

The current study evaluates SPA with graph-
based CF backbones; extending the framework
to sequential recommenders such as SASRec or
BERT4Rec remains future work. SPA also depends
on the quality of the collaborative anchor space.
Our undertraining analysis shows that performance
degrades when the underlying CF encoder is insuf-
ficiently optimized, particularly on BookCrossing
and Amazon-Movies. Thus, SPA should not be
interpreted as compensating for arbitrarily poor col-
laborative representations; robustness to severely
degraded or cross-domain anchors remains an open
direction.

Finally, SPA leverages pretrained LLM-derived
semantic knowledge, whereas traditional CTR
baselines rely mainly on interaction data and struc-
tured features. Therefore, comparisons with full-
shot CTR models should be interpreted as con-
textual evidence under different information and
computational budgets rather than as controlled
efficiency comparisons. Moreover, the current
few-shot protocol constrains only the downstream
LLM fine-tuning stage, while CF training, semantic
profile generation, and alignment use the dataset-
specific non-held-out interaction data described in
Appendix B.1. Evaluating SPA under end-to-end
data-scarce conditions remains future work.
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A SPA Training and Inference Algorithm B Dataset Statistics and Construction

Algorithm 1: Training and Inference
Pipeline of SPA

1

e ® 9 &

10

11

12

13

19
20

21
22

23

24
25

26

27
28

29

Input: Training interaction graph G, profiling
histories H™", target-specific histories H., ¢, item
metadata Q;

Output: Binary preference prediction for a target
user—item pair

Stage 1: Profile Generation and CF Training

Generate multi-view semantic profiles Sy, 7; and
encode into dense embeddings Z,,, Z; via text
encoder )(-)

Train CF backbone fcr(-) on the full training graph
G to obtain collaborative embeddings c., c;; freeze
for

Stage 2: Cross-Profile Semantic Alignment

for each alignment epoch do

for each entity side e € {user, item} do

Sample a shuffled mini-batch of entity—view
training instances B

Apply semantic augmentation to semantic
view embeddings

Project collaborative embeddings and
semantic view embeddings using the
shared projection networks f, and f

Construct positive pairs, in-batch negatives
from other entities, and cross-profile
competitors from alternative views of the
same entity

Update the shared projection networks f,
and f, using the corresponding alignment
loss

end

end
Obtain final inference representations:
ry = norm(fq(cy)) and r; = norm(fq(c;))

Stage 3: Structure-Preserving Two-Channel
Retrieval
for each target triplet (u, ji, Hu,) do
Score each ji, € H.,: using user—item and
item—item ranking signals
Score(jn) = raﬂkél(?h)Jrl + raﬂkn?dh)Jrl
Retrieve Top- K items from H,, ¢ to construct
behavioral context C,,

end

Stage 4: LLM-Based Preference Prediction

Construct sequential prompts 7., and collaborative
prompts Teo11q5 from available user attributes,
history context, and target item j;

Sample Tseq and Teourap With equal probability
during LoRA fine-tuning on the 1%/10%
prediction-instance subset using the binary Yes/No
objective

Inference after Training

Retrieve C,, via two-channel retrieval using projected
collaborative representations

Compute pyes = p(Yes)/(p(Yes) + p(No)) with the
fine-tuned prediction LLM

We conduct experiments on three widely used rec-
ommendation benchmarks: MovieLens-1M (ML-
1M), BookCrossing, and Amazon-Movies. Table 3
summarizes the dataset statistics after preprocess-

ing.

Table 3: Dataset statistics after preprocessing. #Interac-
tions denotes the number of observed user—item interac-
tion records, not the number of constructed prediction
instances. #Fields denotes the number of categorical
feature fields; #Features denotes the total number of
unique feature values across all fields.

Dataset #Users #ltems #Interactions #Fields #Features

ML-1M 5,395 3,631 853,761 8 16,939
BookCrossing 4,653 4,289 87,891 8 912,268
Amazon-Movies 12,364 5,000 123,491 4 24,750

B.1 Data Preprocessing

Following prior LLM-based recommendation pro-
tocols (Lin et al., 2024; Bao et al., 2023), we con-
struct CTR prediction samples as binary user—item
preference prediction instances for all datasets.

For ML-1M and Amazon-Movies, all interac-
tions are sorted by global timestamp and split se-
quentially into training and test sets with a ratio of
8:1. For each prediction instance in these times-
tamped datasets, the target-specific history H,, ;
contains only interactions occurring before the tar-
get interaction; later interactions are excluded from
retrieval and prompt construction.

For BookCrossing, which does not provide
timestamps, the interacted items of each user are
randomly shuffled; the final item after shuffling is
used as the prediction target, and the remaining
items are used as the user history.

The resulting BookCrossing user-level predic-
tion instances are randomly divided into training
and test subsets with a ratio of 9:1. This split
applies to downstream prediction instances rather
than to the construction of the collaborative graph.

For collaborative representation learning on
BookCrossing, we use a transductive leave-one-
out construction. For each user, the held-out target
interaction is excluded from the CF graph, while
the user’s remaining non-target interactions are re-
tained. This allows test users to obtain collabora-
tive representations without exposing the held-out
target interaction or its label to the CF backbone.

Consequently, BookCrossing contributes one
user-level prediction instance per user, whereas
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ML-1M and Amazon-Movies construct interaction-
level prediction instances from timestamp-split tar-
get interactions.

For ML-1M and Amazon-Movies, the CF graph
is constructed from interactions available under the
chronological training split, with held-out test tar-
get interactions excluded. Across all datasets, eval-
uated users and target items are required to have
valid collaborative representations in the resulting
CF graph.

For each prediction instance, the target-specific
history H,, ; excludes the target interaction and its
label and is used for retrieval and prompt construc-
tion. Across all datasets, held-out evaluation tar-
get interactions and their labels are excluded from
the CF training signal, semantic profile generation,
alignment training, retrieval histories, and predic-
tion prompts.

B.2 Label Construction.

We convert dataset feedback values into binary pref-
erence labels.

e ML-1M contains user—-movie ratings from 1
to 5. Ratings > 4 are labeled as positive and
the rest as negative.

* BookCrossing contains user—book ratings
from O to 10. Ratings > 5 are labeled as
positive and the rest as negative.

* Amazon-Movies contains user—-movie ratings
from 1 to 5. Ratings > 4 are labeled as posi-
tive and the rest as negative.

B.3 Feature Fields for CTR Baselines.

For traditional CTR baselines, we use dataset-
specific structured feature fields. All categorical
features are label-encoded and mapped to trainable
dense embeddings. The feature fields are summa-
rized as follows:

e ML-1M: user and item identifiers, user de-
mographic attributes including gender, age,
occupation, and zipcode, and item metadata
including title and genre.

¢ BookCrossing: user and item identifiers, user
attributes including age and location, and
book metadata including publication year, ti-
tle, author, and publisher.

* Amazon-Movies: user and item identifiers,
item category, and title information.

C Evaluation Metrics

We evaluate model performance using AUC, Log
Loss, and ACC.

C.1 LLM-based prediction score.

For LLLM-based binary preference prediction, the
model is prompted to generate a Yes/No response.
We convert the Yes/No output distribution into a
predicted preference probability:

p(Yes
pi = (Yes)

= p(Yes) - p(No)’ (19

AUC and Log Loss are computed using p;, and
Accuracy is computed by thresholding p; at 0.5.

C.2 AUC.

The Area Under the ROC Curve (AUC) measures
the probability that a randomly chosen positive
instance is ranked higher than a randomly chosen
negative instance. Formally,

1
AUC = —— Z Z
PN 0

[1(3,» > 5) + %1(31- - sj)] |

where P and N denote the sets of positive and
negative samples, respectively, and s denotes the
predicted score. For LLM-based prediction, we use
p; as the predicted score s;.

C.3 Log Loss.

Log Loss evaluates the quality of probabilistic pre-
dictions:

N

1
LogLoss = N Z; (yz log p;
1=

+ (1 —y;) log(1 — py)),
(16)
where y; € {0, 1} is the ground-truth label and p;
is the predicted probability.

C4 Accuracy.

Accuracy (ACC) measures the proportion of correct
predictions:

N
1 .
ACC =+ ; (5 = i), (17)

where j; is obtained by thresholding p; at 0.5.
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D Reproducibility Details

To improve reproducibility, we summarize the uni-
fied protocol used across SPA and all baselines.
All methods are trained and evaluated under the
same processed splits, binary label construction,
and binary user—item preference prediction proto-
col. Dataset statistics, sample construction, and fea-
ture fields are described in Appendix B, and evalua-
tion metrics including LLM-based Yes/No probabil-
ity scoring are described in Appendix C. For SPA,
the CF backbone is trained first and then frozen,
projection networks are optimized with the con-
trastive alignment objective, and the downstream
LLM predictor is fine-tuned using retrieved behav-
ioral context. Prompt templates are provided in
Appendices H and 1.

LLM Baseline Reproduction. We control the
backbone, data, supervision budget, and evaluation
setting when comparing against ReLLa'!, TALL-
Rec?, and BIGRec?. Specifically, all three methods
are run with Llama-3.1-8B-Instruct, using the
same processed train/test partitions and the same
1% and 10% subsets of labeled prediction instances
used for downstream instruction tuning. Binary
preference labels and evaluation procedures are
also shared across the LLM-based methods. For
each baseline, we start from its publicly released
official implementation and modify only the com-
ponents needed to support the common backbone
and evaluation setting. The remaining method-
dependent choices are kept consistent with the orig-
inal implementation, including how interaction his-
tories and available input fields are organized, as
well as the corresponding LoRA and optimization
configurations.

E Semantic View Definitions

This appendix defines the semantic views used in
SPA. We construct multiple semantic views for
each user and item so that the alignment stage can
observe complementary language-derived descrip-
tions of the same entity. This design is motivated
by the fact that LLM-generated text may emphasize
different aspects of user behavior or item charac-
teristics depending on prompt formulation. Using
multiple views therefore provides more robust se-
mantic supervision and enables cross-profile con-

"https://github.com/LaVieEnRose365/RelLa
2https://github.com/SAI990323/TALLRec
3https://github.com/SAI990323/BIGRec

trastive alignment across alternative textual descrip-
tions.

E.1 User Semantic Views

To characterize complementary aspects of user pref-
erence behavior, we generate multiple semantic
views for each user from three history-based per-
spectives:

* Recent interaction behavior, which reflects
preference signals expressed in the later por-
tion of the available interaction history;

* Early interaction behavior, which captures
preference patterns from the earlier portion of
the available interaction history;

* Global preference behavior, which repre-
sents the user’s overall preference tendency
across the available interaction history.

For BookCrossing, the terms recent and early
are retained only as view identifiers. Because in-
teraction timestamps are unavailable, they refer to
the later and earlier segments of the preprocessing-
defined interaction order and do not imply chrono-
logical recency or temporal preference evolution.

For each perspective, the LLM produces two
complementary textual forms:

 an analysis view, which provides a detailed
interpretation of behavioral patterns and in-
ferred preferences;

* a summary view, which provides a concise
high-level description of the user’s dominant
interests.

Combining the three behavioral perspectives
with the two textual forms yields six user semantic
views:

(18)

Vu = {Ta’ T's; €a, eSagaugS}u

where 7, e, and g denote recent, early, and global
behavioral perspectives, respectively, and a and s
denote analysis and summary forms.

These six views provide diverse yet complemen-
tary semantic observations of the same user. In
SPA, they serve as multi-view semantic supervision
signals for alignment with collaborative anchor rep-
resentations.
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E.2 Item Semantic Views

For each item, we generate multiple semantic views
from item metadata such as title, category, and
textual description. The goal is to capture not only
the intrinsic semantic content of the item, but also
its potential compatibility or mismatch with user
preferences.

Specifically, the LLM produces three comple-
mentary item views:

* Profile view, describing the intrinsic semantic
content of the item;

 Like-oriented view, describing the types of
users or preferences that are likely to be at-
tracted to the item;

* Dislike-oriented view, describing the types
of users or preferences for which the item may
be a poor match.

These views define the item semantic view set:

Vj = {pm lm do}

where p,., l,, and d, denote profile, like-oriented,
and dislike-oriented semantic views.

Together, these views provide complementary
semantic descriptions of the same item from both
content and preference-compatibility perspectives.
They are used as multi-view semantic supervision
signals during alignment.

19)

F Cross-Profile Competitor Construction

SPA performs semantic alignment over entity—view
training instances. For each instance in a mini-
batch, its semantic representation forms the posi-
tive pair with the corresponding collaborative an-
chor, while entity—view instances from other enti-
ties in the mini-batch serve as in-batch negatives
and the remaining semantic views of the same en-
tity serve as cross-profile competitors. These cross-
profile competitors are view-specific competitors
rather than permanently negative semantic repre-
sentations, since each view serves as the positive in
its own training instance. As illustrated in Figure 2,
each entity—view training instance in a mini-batch
forms one positive pair, and the resulting view-
specific losses are averaged within the mini-batch.

The number of cross-profile competitors is fixed
by the predefined semantic-view configuration
rather than treated as a tunable hyperparameter:
each user has six semantic views and thus five

cross-profile competitors, whereas each item has
three semantic views and thus two cross-profile
competitors.

During each epoch, the training loader iterates
over all entity—view instances, so every semantic
view of each entity serves once as the positive
while acting as a cross-profile competitor for the re-
maining view-specific instances. This rotating con-
struction provides a same-entity multi-view regular-
izer across complementary semantic descriptions,
rather than selecting a single behavior-consistent
semantic view. Cross-profile competitors are used
only during semantic alignment training. The item-
side alignment follows the same procedure with its
corresponding semantic-view configuration.

G Item-side Alignment Formulation

For completeness, we provide the item-side formu-
lation of the alignment objective used in SPA. The
item-side formulation follows the same objective
form as the user-side formulation, with item indices
replacing user indices.

Let B denote a shuffled mini-batch of entity—
view training instances, where each training in-
stance is represented as (j, v) consisting of an item
j and one of its semantic views v. Accordingly,
(Jb, vp) € B denotes an arbitrary entity—view train-
ing instance sampled from the same mini-batch.

Let V; denote the set of semantic views associ-
ated with item j.

For each training instance (j,v) € B, the ob-
jective encourages the semantic representation s; ,,
to align with its collaborative anchor a;, contrasts
it against entity—view training instances of other
items in the mini-batch, and incorporates the re-
maining semantic views of the same item as cross-
profile competitors within the view-specific nor-
malization.

We define the in-batch negative term as

D", = > exp(sim(ay,sj,0,)/7). (20)
(Jvsvp)EB
Jo#d
and the cross-profile competition term as
D]C-i’) = Z exp(sim(aj,s;,.)/7), (1)
v eV\{v}
and the positive pair term as
DRC;S = exp(sim(aj,s;.)/7). (22)
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1. Entity-View Training Instances

3. Entity-View Contrastive Objective within a Mini-batch
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Figure 2: Cross-profile competitor construction. Entity—view instances are shuffled into mini-batches. For each
instance, its semantic view forms the positive pair with the corresponding collaborative anchor; views of other
entities serve as in-batch negatives, whereas alternative views of the same entity serve as cross-profile competitors.
Each view becomes the positive in its own instance over an epoch.

The item-side alignment loss is then defined as

pos

. 1 .
[’gl?g; = _E Z log Dpos + 5;2 I DP :
(j,'U)EB J7,v 2,V 2,v
(23)
Here, sim(-, -) denotes cosine similarity. As in
the user-side formulation, the denominator con-
sists of the positive, in-batch negative, and cross-
profile competition terms. The alternative semantic
views of the same item act as cross-profile com-
petitors for the current training instance, but are
not assigned fixed negative roles, since each view
becomes the positive in its own training instance.
The per-instance losses are averaged over the mini-
batch during optimization.

H Semantic Profiling Prompt Templates

This appendix presents the prompt templates used
to generate the user and item semantic views de-
fined in Appendix E. These prompts are designed
to produce structured and complementary language
descriptions that are later encoded into semantic
embeddings for alignment.

For users, we design prompts that capture com-
plementary preference patterns from the available
user history, including recent/early segments when
order is available and global behavioral patterns.
For items, we design prompts that capture both
intrinsic semantic content and preference-oriented
interpretations, including likely attraction and po-
tential mismatch signals. This separation is im-
portant because SPA relies on multiple semantic

observations of the same entity rather than a single
textual description.

H.1 User Profiling Prompt Templates

We use two user profiling prompt types. The
history-based prompt compares different portions
of the available user history, enabling the LLM to
capture local preference patterns and broader ten-
dencies. The general profile prompt summarizes
the user’s overall preference behavior across the
available user history. Together, these prompts sup-
port the construction of segment-level and global
semantic views in both analysis and summary
forms. The detailed prompt templates are provided
in Tables 4-7. In implementation, the history-based
template is instantiated separately for the recent and
early history segments, while the general-profile
template is instantiated once over the full profiling
history. Each request returns both an analysis and
a summary output, resulting in three generation
requests and six user semantic views per user.

H.2 Item Profiling Prompt Templates

We use two item profiling prompt types. The con-
tent profiling prompt generates a factual semantic
description of the item itself and is used to construct
the profile view. The preference-oriented prompt
generates user-attraction and user-mismatch de-
scriptions and is used to construct the like-oriented
and dislike-oriented views. This separation al-
lows SPA to model both intrinsic content semantics
and preference compatibility signals. The detailed
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Table 4: History-based user profiling prompt used to generate recent and early user semantic views for ML-1M.
The prompt encourages the LLM to compare recent interactions with earlier history and to produce both detailed

analysis and concise summary outputs. The same template is used for Amazon-Movies.

You are a movie preference analyst who interprets a user’s movie rating history.

Your goal:

* Explain why the user rated the most recent movie as they did.

* Identify any preference shift or consistency relative to the earliest record.
* Conclude with a concise User Description summarizing general taste.

Follow these steps:

1. Analyze the latest ratings for genre, tone, pacing, and emotional themes.

2. Derive at least 3 key Preference_Analysis insights highlighting changes or consistent traits.

3. In Rating_Reasoning, explain step-by-step reasoning (>3 steps) for why the user gave the most
recent movie its rating, grounding each step in evidence from the earlier rating or inferred taste
patterns.

4. Explicitly classify the pattern as “Shift” or “Consistency.”

5. End with one concise User_Description (<100 words) summarizing the user’s age, gender, and
overall viewing preference.

6. Assign Confidence: High / Medium / Low depending on how much evidence the two ratings
provide.

7. Output must strictly follow the JSON format below.

Output Format:

{ “Analysis”: { “Preference_Analysis”: [ “Insight 1”7, “Insight 2”, “Insight 3” 1],
“Rating_Reasoning”: { “Steps”: [ “1) ...”, “2) ...”,“3) ...”, “4) (optional) ...”
1, “Preference_Trend”: “Shift / Consistency” } }, “Summary”: { “User_Description”:

“A concise summary of the user’s overall movie preferences within 100 words.”,

“Confidence”: “High / Medium / Low” }}

User Information:
{text}

prompt templates are provided in Tables 8—11.

I Prompt Construction and Preference
Prediction

To capture both local behavioral signals and
structure-aware collaborative signals, we train the
LLM using a mixed dataset composed of two com-
plementary prompt types.

* Sequential prompt (7,.,): constructed from
the last K interactions when temporal order
is available, or otherwise from K interactions
selected from the available user history, cap-
turing local behavioral context.

¢ Collaborative prompt (7..;45): constructed
from the retrieval context C,, obtained from
the two-channel retrieval strategy, represent-

ing structurally relevant historical interac-
tions.

During training, prompts from 7se, and Teoiap
are sampled with equal probability. Both prompt
types share the same instruction format, differing
only in how the interaction history is constructed.
This strategy allows the model to learn both lo-
cal preference patterns and collaborative relevance
signals.

I.1 Final preference prediction prompts.

After structure-preserving retrieval, the selected
behavioral context is converted into dataset-specific
prompts and provided to the LLM together with
the target item. The model is then asked to predict
a binary Yes/No preference decision.

These prompts preserve a consistent decision
format across datasets while adapting to avail-
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Table 5: General user profiling prompt used to generate global user semantic views for ML-1M. The prompt
summarizes stable preference patterns over the full interaction history and produces both analysis and summary
outputs. The same template is used for Amazon-Movies.

You are a movie preference analyst who interprets a user’s entire movie rating history.

Your goal:

* Explain the reasoning behind the user’s most recent movie rating.

* Identify any preference shift or consistency compared to prior viewing history.
* Conclude with a concise user description summarizing their general taste.

Follow these detailed steps:

1. Analyze past ratings, genres, tones, and themes the user tends to favor or avoid.

2. Compare the most recent rating with prior tendencies to detect preference shift or consistency.

3. Provide at least three evidence-based insights in “Preference_Analysis”.

4. In “Rating_Reasoning”, describe step-by-step reasoning (>3 steps) for why the user rated the
latest movie as they did.

5. Summarize with “User_Description” — one concise paragraph (<100 words) describing the
user’s general taste, personality, and demographic traits.

6. Assign “Confidence” (“High” / “Medium” / “Low”) based on evidence strength.

7. Follow the exact JSON format below.

Output Format:

{ “Analysis”: { “Preference_Analysis”: [ “Insight 1”7, “Insight 2”, “Insight 3” ],
“Rating_Reasoning”: { “Steps”: [ “1) ...”, “2) ...”, “3) ...”, “4) (optional) ...”
1, “Preference_Trend”: “Shift / Consistency” } }, “Summary”: { “User_Description”:

“A concise summary of the user’s overall movie preferences within 100 words.”,

“Confidence”: “High / Medium / Low” }}

User Information:
{text}

able metadata. ML-1M incorporates demographic
attributes such as gender, age, and occupation,
BookCrossing uses reader attributes including lo-
cation and age, while Amazon-Movies relies solely
on interaction history since explicit user metadata
are unavailable.

The final prompt templates for each dataset are
shown in Tables 12-14.

J Embedding Space Visualization and
Quantitative Structure Analysis

To qualitatively analyze how SPA integrates col-
laborative and semantic representations, we visu-
alize the learned embedding spaces using t-SNE
across three datasets: ML-1M, BookCrossing, and
Amazon-Movies. We present both item-level and
user-level visualizations before and after align-
ment, as well as comparisons across different fu-
sion strategies.

J.1 Qualitative Embedding Space
Visualization

Although t-SNE does not preserve exact global
distances, it provides an intuitive view of the struc-
tural organization of the learned embedding space
and helps illustrate how SPA reshapes the struc-
ture of collaborative and semantic embeddings. To
avoid relying solely on qualitative visualization, we
additionally evaluate structure preservation using
Top-10 neighborhood overlap, Spearman’s p, and
Pearson’s r. Formal definitions and quantitative
results are provided in Appendix J.2.

Figure 3 illustrates the distribution of item em-
beddings before and after applying SPA align-
ment. Across all datasets, CF embeddings form
dense clusters reflecting interaction-driven prefer-
ence structures, while semantic embeddings are
distributed in separate semantic clusters. This sepa-
ration reveals a clear modality gap between collab-
orative and language-derived representations.
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Table 6: History-based user profiling prompt for BookCrossing. This prompt is used to generate history-segment
user semantic views by contrasting different portions of the available user history and producing both analysis and
summary outputs. Because BookCrossing does not provide interaction timestamps, temporal terms such as “most
recent,” “latest,” and “earliest” in the prompt refer to the preprocessing-defined interaction order rather than true

chronological recency.

You are a book preference analyst who interprets a user’s reading and rating history.

Your goal:

* Explain why the user rated the most recent book as they did.

* Identify any preference shift or consistency relative to their earliest recorded book.

* Conclude with a concise User Description summarizing overall reading preferences.

Instructions:

1. Analyze the latest book rating for genre, writing style, and themes or character focus.

2. Derive at least 3 key Preference_Analysis insights about how the user’s literary taste has evolved
or remained consistent.

3. In Rating_Reasoning, explain step-by-step (at least 3 steps) why the user gave the most recent
book its rating, grounding each reason in past ratings or inferred reading tendencies.

4. Explicitly classify the observed pattern as “Shift” or “Consistency.”

5. End with one concise User_Description (within 100 words) summarizing the user’s age, possible
gender, and overall reading preference.

6. Assign Confidence: High / Medium / Low depending on how strong the evidence from the
provided history is.

7. Output must strictly follow the JSON format below.

Output Format:

{ “Analysis”: { “Preference_Analysis”: [ “Insight 1”7, “Insight 2”, “Insight 3” 1],
“Rating_Reasoning”: { “Steps”: [ “1) ...”, “2) ...”, “3) ...”, “4) (optional) ...”
1, “Preference_Trend”: “Shift / Consistency” } }, “Summary”: { “User_Description”:

“A concise summary of the user’s overall book preferences within 100 words.”,

“Confidence”: “High / Medium / Low” } }

User Information:
{text}

After applying SPA, embeddings from both
modalities converge into a shared representation
space. Importantly, the aligned embeddings main-
tain coherent cluster structures, suggesting that SPA
integrates semantic information while better main-
taining local collaborative neighborhoods.

Figure 4 presents the same analysis for user em-
beddings. The separation between collaborative
and semantic embeddings is even more pronounced
for users than for items across all datasets. For
example, in BookCrossing the collaborative em-
beddings form a dense central cluster while seman-
tic embeddings appear as several distinct semantic
clusters.

After alignment, SPA reduces this modality gap
and produces a unified representation space in
which both collaborative and semantic information

are integrated.

Figure 5 compares the embedding spaces pro-
duced by different representation learning strate-
gies. CF-only embeddings reflect collaborative
preference structure but lack clear semantic group-
ing. Text-only embeddings produce tight semantic
clusters but do not reflect interaction-driven prefer-
ence signals.

In the t-SNE projection, Naive Fusion produces
a more dispersed organization than the original
CF representation, whereas SPA exhibits more co-
herent local grouping. Because t-SNE provides
only a qualitative view of the embedding geometry,
we rely on the quantitative neighborhood-overlap
and correlation metrics in Table 15 for structure-
preservation comparisons.

Figure 6 shows the corresponding visualization

7464



Table 7: General user profiling prompt for BookCrossing. This prompt summarizes reading preferences over the
available user history and is used to generate global user semantic views in both analysis and summary forms.
Because BookCrossing does not provide interaction timestamps, temporal terms such as “most recent” and “latest”
in the prompt refer to the preprocessing-defined interaction order rather than true chronological recency.

You are a book preference analyst who interprets a user’s entire reading and rating history.

Your goal:

* Explain the reasoning behind the user’s most recent book rating.
* Identify any preference shift or consistency compared to prior reading history.
* Conclude with a concise user description summarizing their general literary taste.

Follow these detailed steps:

1. Analyze past ratings, genres, writing styles, and themes the user tends to favor or avoid.

2. Compare the most recent rating with prior tendencies to detect preference shift or consistency.

3. Provide at least three evidence-based insights in “Preference_Analysis”.

4. In “Rating_Reasoning”, describe step-by-step reasoning (at least 3 steps) for why the user rated

the latest book as they did.

5. Summarize with “User_Description” — one concise paragraph (within 100 words) describing the
user’s general reading taste, personality, and demographic traits.
6. Assign “Confidence” (“High” / “Medium” / “Low”) based on evidence strength.

7. Follow the exact JSON format below.

Output Format:

{ “Analysis”: { “Preference_Analysis”: [ “Insight 1”7, “Insight 2”, “Insight 3” 1],
“Rating_Reasoning”: { “Steps”: [ “1) ...”, “2) ...”,“3) ...”, “4) (optional) ...”
1, “Preference_Trend”: “Shift / Consistency” } }, “Summary”: { “User_Description”:

“A concise summary of the user’s overall book preferences within 100 words.”,

“Confidence”: “High / Medium / Low” } }

User Information:
{text}

for user embeddings. CF-only representations ap-
pear widely dispersed because collaborative signals
alone provide limited semantic grouping. Text-only
representations form tight semantic clusters reflect-
ing language-derived preference descriptions.

In the t-SNE projection, Naive Fusion produces
a more dispersed organization, whereas SPA ex-
hibits more coherent local neighborhood patterns.
Because t-SNE provides only qualitative evidence,
quantitative structure-preservation comparisons are
reported in Table 15.

J.2 Quantitative Structure-Preservation
Metrics

To complement the qualitative t-SNE visualiza-
tions, we quantitatively evaluate how well each
learned representation retains the structure of the
original CF embedding space. These metrics are
computed using AutoCF representations obtained

under the dataset-specific collaborative-graph con-
struction described in Appendix B.1.

For local structure, we identify the 10 nearest
neighbors of each user or item in the original CF
space and in the representation produced by each
method using cosine similarity, excluding the entity
itself. We define the Top-10 neighborhood overlap
as

‘./\G%F(e) ﬂNlnaethod(e)‘
10

Overlap@10(e) = .
(24)

We report the average of Overlap@10(e) over
all evaluated entities in each dataset—entity group.
Higher overlap indicates stronger retention of local
collaborative neighborhoods.

For global structure, we compare pairwise co-
sine similarities in the original CF space with those
in each learned representation space. Spearman’s
p measures rank-level agreement between the two
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Table 8: Item content profiling prompt used to generate the profile view for ML-1M. Given the title and genre, the
LLM produces a concise factual description of the item’s intrinsic semantic content. The same template is used for

Amazon-Movies.

You are a professional movie analyst.

Your task:

Write a concise and informative description of the movie or TV show titled “{movie_title}”, whose
genre is “{genre}”, considering the following aspects:

* A brief plot overview (avoid major spoilers)

* The main themes and genre focus

* The setting or historical context

* Key characters and the actors portraying them

* The director and notable stylistic or cinematic elements

e The overall tone and mood

* Its cultural influence or deeper insight, if relevant

Rules:

1. The description must be factual, concise, and under 80 words.

2. Do not use bullet points.
3. Return only JSON in the exact format below.

Output Format:
{ “movie_title”:

“{movie_title}”, “genre”:

“{genre}”, “description”: “A concise,

spoiler-free summary under 80 words.”, “word_count”: 0}

sets of pairwise similarities, while Pearson’s r mea-
sures their linear correlation.

As shown in Table 15, SPA achieves the highest
Top-10 neighborhood overlap across all datasets
and entity types, indicating strong retention of the
local collaborative neighborhoods used by retrieval.
The global correlation metrics show a more nu-
anced pattern: for ML-1M items, Naive Fusion
attains higher Spearman’s p and Pearson’s 7 than
SPA, whereas SPA achieves stronger correlation
fidelity for the remaining dataset—entity combina-
tions. Accordingly, our notion of structure preser-
vation focuses on empirical retention of collabora-
tive neighborhood relationships rather than exact
preservation of the entire CF geometry.

K Sensitivity to Key Semantic and
Retrieval Configurations

This appendix provides additional analyses of key
semantic and retrieval configurations in SPA, in-
cluding the choice of LLM semantic encoder,
semantic-view configuration, two-channel retrieval
weight )\, and contrastive temperature 7. The pro-
posed hyperparameter configuration was fixed be-
fore test-set evaluation; the following analyses vary

individual components only to assess sensitivity
around the predefined configuration. Unless other-
wise specified, all sensitivity experiments are con-
ducted under the 1% few-shot setting using AutoCF
with K = 10, and performance is measured by
AUC. We fix the collaborative backbone to isolate
the effect of each configuration variable.

K.1 Impact of Different LLM Backbones

To assess whether SPA depends on a specific se-
mantic encoder, we replace the default Llama-
3.1-8B-Instruct (Grattafiori et al., 2024) encoder
with Qwen2.5-7B-Instruct (Yang et al., 2024) and
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023) under
the unified sensitivity setting.

Table 16: Impact of different LLM semantic encoders.
All models are evaluated under the same 1% few-shot
setting using AutoCF with K = 10, and performance is
measured by AUC.

Dataset Llama-3.1-8B  Qwen2.5-7B  Mistral-7B
ML-1M 0.7880 0.7844 0.7849
BookCrossing 0.7126 0.7074 0.6835
Amazon-Movies 0.7953 0.7661 0.7649

7466



Table 9: Preference-oriented item profiling prompt used to generate the like-oriented and dislike-oriented item views
for ML-1M. The prompt asks the LLM to characterize user groups that are likely to prefer or dislike the item. The

same template is used for Amazon-Movies.

You are a professional movie audience analyst.

Your task:
Identify and describe both (1) what types of users would most likely enjoy, and (2) what types
of users would most likely dislike the movie or TV show titled “{movie_title}”, whose genre is
“{genre}”.

Consider the following aspects:

* Typical audience demographics (age range, gender tendency)

* Personality traits or lifestyle preferences

* Viewing motivations (e.g., emotional engagement, intellectual curiosity, escapism)
* Preferred or disliked storytelling and pacing styles

» Similar movies or genres that align or conflict with their taste

Rules:

1. Each summary must be concise, specific, and under 100 words.
2. Do not use bullet points.

3. Return only JSON in the exact format below.

Output Format:

{ “movie_title”: “{movie_title}”, “genre”: “{genre}”, “user_like_summarization”:
“A concise description (under 100 words) of what types of users would most likely
enjoy this movie.”, “user_dislike_summarization”: “A concise description (under
100 words) of what types of users would most likely not enjoy this movie.”,
“word_count_like”: @, “word_count_dislike”: 0}

As shown in Table 16, the results show that SPA
remains effective across alternative semantic en-
coders. Although the default Llama-3.1-8B en-
coder achieves the strongest overall performance,
Qwen2.5-7B and Mistral-7B preserve the main per-
formance trend, indicating that SPA is not tightly
coupled to a single semantic encoder. At the same
time, the remaining performance differences sug-
gest that the quality of the semantic embedding
space still influences final recommendation perfor-
mance.

K.2 Impact of Semantic View Configuration

To investigate the impact of semantic diversity
on representation learning, we vary the number
and type of semantic views used for alignment.
This analysis examines whether SPA benefits from
using multiple behavior-defined user views and
preference-oriented item views, rather than relying
on a single textual profile. For datasets without
explicit timestamps, such as BookCrossing, recent

and early views refer to different segments of the
available user history rather than strict chronolog-
ical intervals. Following the view definitions in
Appendix E, we compare three configurations:

¢ V1 (Coarse) uses one user view and one item
view: global-summary (gs) for users and pro-
file view (p,.) for items.

e V2 (Mid) uses three user views and two item
views: recent-summary (rs), early-summary
(es), and global-summary (gs) for users, and
profile (p,) and like-oriented (l,) views for
items.

V3 (Proposed) uses the full SPA configu-
ration with six user views and three item
views: recent-analysis (1), recent-summary
(rs), early-analysis (eg), early-summary (es),
global-analysis (g,), and global-summary (gs)
for users, and profile (p,.), like-oriented (l,),
and dislike-oriented (d,) views for items.
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Table 10: Item content profiling prompt for BookCrossing. Given bibliographic metadata, the LLM produces a
concise factual description of the item’s intrinsic semantic content, which is used as the profile view.

You are a professional book analyst.

Your task:

Write a concise and informative description of the book titled “{book_title}” by “{book_author}”,
published in “{publication_year}” by “{publisher}”.

Consider the following aspects:

* A brief plot overview (avoid major spoilers)
* The main themes and literary focus

* The setting or historical context

* Key characters and their roles

* The author’s style or narrative techniques

* The overall tone and mood

* Its cultural or philosophical significance, if relevant

Rules:

1. The description must be factual, concise, and under 80 words.

2. Do not use bullet points.
3. Return only JSON in the exact format below.

Output Format:

{ “book_title”: “{book_title}”, “book_author”: “{book_author}”,
“publication_year”: “{publication_year}”, “publisher”: “{publisher}”,
“description”: “A concise, spoiler-free summary under 80 words.”, “word_count”: 0}

Table 17: Impact of semantic view configuration on
SPA. We vary the number of user and item semantic
views used for alignment and report AUC under the 1%
few-shot setting using AutoCF with K = 10.

User Item

Setting Views Views ML-IM BookCrossing Amazon-Movies

Vi 1 1 0.7800 0.6834 0.7650
V2 3 2 0.7850 0.7111 0.7659
V3 6 3 0.7880 0.7126 0.7953

As shown in Table 17, performance improves
as the semantic view configuration becomes richer.
V2 outperforms V1 across all datasets, suggest-
ing that history-segment user summaries and
preference-oriented item views provide useful
alignment supervision. The full V3 configura-
tion achieves the best performance, indicating
that richer semantic diversity further benefits CF-
anchored alignment. We interpret this result as
evidence that semantic diversity is beneficial for
SPA, rather than as proof that every individual view
is strictly necessary.

K.3 Sensitivity to the Two-Channel Weight

We analyze the sensitivity of SPA to the weighting
parameter A in the two-channel retrieval mecha-
nism. Specifically, we vary A € {0.0,0.3,0.6,1.0}
to examine the relative contribution of the user—
item and item—item channels. Here, A\ = 0 uses
only the user—item channel, whereas A = 1 uses
only the item—item channel.

Table 18: Marginal contribution of two-channel retrieval
under the 1% few-shot setting using AutoCF with K =
10. A = 0 uses only the user—item channel, while
A = 1 uses only the item—item channel. Performance is
measured by AUC.

A ML-IM BookCrossing Amazon-Movies

0.0 0.7474 0.7084 0.7863
0.3 0.7787 0.7102 0.7919
0.6 0.7880 0.7126 0.7953
1.0 0.7853 0.7100 0.7946

As shown in Table 18 and Figure 7, the proposed
setting A = 0.6 achieves the best AUC across all
datasets. Compared with the user—item-only set-
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Table 11: Preference-oriented item profiling prompt for BookCrossing. The prompt generates complementary
descriptions of reader groups that are likely to prefer or dislike the item, supporting the construction of like-oriented

and dislike-oriented item views.

You are a professional book audience analyst.

Your task:

Identify and describe both (1) what types of readers would most likely enjoy, and (2) what types of
readers would most likely dislike the book titled “{book_title}” by “{book_author}”, published in
“{publication_year}” by “{publisher}”.

Consider the following aspects:

* Typical reader demographics (age range, education level, reading habits)

* Personality traits or lifestyle preferences

* Reading motivations (e.g., emotional resonance, intellectual depth, escapism)
* Preferred or disliked narrative and pacing styles

» Similar books or literary genres that align or conflict with their taste

Rules:

1. Each summary must be concise, specific, and under 100 words.
2. Do not use bullet points.

3. Return only JSON in the exact format below.

Output Format:

{ “book_title”: “{book_title}”, “book_author”: “{book_author}”,

“publication_year”: “{publication_year}”, “publisher”: “{publisher}”,
“user_like_summarization”: “A concise description (under 100 words) of what types
of readers would most likely enjoy this book.”, “user_dislike_summarization”: “A

concise description (under 100 words) of what types of readers would most likely

not enjoy this book.”, “word_count_like”: @, “word_count_dislike”: @}

ting, incorporating the item—item channel substan-
tially improves retrieval quality, especially on ML-
IM. At the same time, the item—item-only setting is
slightly weaker than the two-channel configuration,
indicating that target-specific relevance is most ef-
fective when combined with global user preference
signals. These results show that the two-channel
retrieval mechanism provides more informative be-
havioral context than either single-channel variant
alone.

K.4 Contrastive Temperature Sensitivity

We analyze the sensitivity of SPA to the contrastive
temperature 7, which controls the sharpness of the
alignment distribution between collaborative an-
chors and semantic views.

Table 19: Sensitivity to the contrastive temperature T
under the 1% few-shot setting using AutoCF with K =
10. Performance is measured by AUC.

T ML-1IM BookCrossing Amazon-Movies

0.03 0.7838 0.6856 0.7646
0.07  0.7880 0.7126 0.7953
0.10  0.7865 0.6787 0.7657

As shown in Table 19, SPA performs best around
7 = 0.07 across the evaluated datasets. Lower or
higher temperatures reduce performance, suggest-
ing that alignment sharpness affects the quality of
semantic supervision.

K.5 Projection Network Sensitivity Analysis

To evaluate the selected projection architecture, we
conduct a one-factor-at-a-time sensitivity analysis
over projection depth, hidden dimension, and ac-
tivation function. Each factor is varied indepen-
dently while all remaining factors and experimen-
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Table 12: Final preference prediction prompt for ML-1M. The prompt conditions on user demographic attributes
and interaction history to predict preference for a target movie via binary Yes/No inference.

The user is a {Gender}. The user’s job is {Job}. The user’s age is {Age}.

The user watched the following movies in order in the past, and rated them:

1. {Movie Title} ({rating} stars)
2. {Movie Title} ({rating} stars)

K. {Movie Title} ({rating} stars)

Based on the movies the user has watched, deduce if the user will like the movie ***{target_movie_title }***.

Note that more stars the user rated the movie, the user liked the movie more.

You should ONLY tell me yes or no.

Table 13: Final preference prediction prompt for BookCrossing. The prompt conditions on user attributes and
reading history to predict preference for a target book via binary Yes/No inference.

The user’s location is {Location}. The user’s age is {Age}.

The user read the following books in the past and rated them:

1. {Book Title} ({rating} stars)
2. {Book Title} ({rating} stars)

K.. {Book Title} ({rating} stars)

Based on the books the user has read, deduce if the user will like the book ***{target_book_title}***.

Note that more stars the user rated the book, the user liked the book more.

You should ONLY tell me yes or no.

tal settings are fixed to the proposed configuration
(AutoCF backbone, 1% few-shot, K=10).

Table 20: Sensitivity analysis of the projection network
(AUC). Bold denotes the proposed configuration.

Design Amazon
Factor =~ Variant ML-1IM BookCrossing = Movies
I-layer  0.7837 0.6624 0.7664

Depth  2-layer  0.7880 0.7126 0.7953
3-layer  0.7848 0.6971 0.7695

128 0.7859 0.6732 0.7611

Width 512 0.7880 0.7126 0.7953
1024 0.7849 0.6740 0.7611

Activa- ReLU 0.7880 0.7126 0.7953
tion GELU  0.7859 0.6870 0.7596
Tanh 0.7825 0.6846 0.7594

As shown in Table 20, across all three datasets,
the proposed two-layer projection network with
hidden dimension 512 and ReLU activation con-
sistently achieves the best recommendation perfor-
mance. Alternative projection depths and hidden
dimensions, as well as replacing ReLU with GELU

or Tanh, consistently result in lower recommenda-
tion performance. These results empirically sup-
port the selected projection configuration.

L Additional Controlled Fusion and
Generic Alignment Baselines

To further compare SPA with representative feature
fusion and generic alignment strategies, we addi-
tionally evaluate four controlled baselines under
the same experimental protocol. All methods use
the same data splits, AutoCF backbone, identical
semantic inputs, the same 1% few-shot setting, the
same retrieval configuration (KX = 10), the same
downstream LLM predictor, and the same evalua-
tion protocol. The only difference lies in the inte-
gration module and its corresponding optimization
objective.

Specifically, we compare the following represen-
tative methods:

* Naive Fusion: Direct concatenation of collab-
orative and semantic representations.
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Table 14: Final preference prediction prompt for Amazon-Movies. The prompt conditions only on interaction
history, as user metadata are unavailable, to predict preference for a target movie via binary Yes/No inference.

The user has watched the following movies in the past, and rated them:

1. {Movie Title} ({rating} stars)
2. {Movie Title} ({rating} stars)

K. {Movie Title} ({rating} stars)

Based on the movies the user has watched, deduce if the user will like the movie ***{target_movie_title }***.

Note that more stars the user rated the movie, the user liked the movie more.

You should ONLY tell me yes or no.

* Gated Fusion: Learnable gating of collabora-
tive and semantic representations.

* CLIP-style Alignment: Symmetric InfoNCE-
based representation alignment without asym-
metric collaborative anchoring or cross-profile
semantic supervision.

* KD-style Alignment: Regression-based fea-
ture distillation for aligning collaborative and
semantic representations without contrastive
learning.

All methods are evaluated using the unified Au-
toCF backbone under the 1% few-shot setting with
K = 10. This unified protocol differs from the
dataset-specific backbone configuration reported
in Table 2, which explains the different numerical
values for BookCrossing and Amazon-Movies.

Table 21: Comparison with controlled fusion and
generic alignment baselines under the unified AutoCF
protocol (AutoCF, 1% few-shot, K = 10).

Method ML-1IM BookCrossing Amazon-Movies
Naive Fusion 0.7765 0.7119 0.7919
Gated Fusion 0.7716 0.6862 0.6798
CLIP-style 0.7842 0.6911 0.6669
KD-style 0.7727 0.6820 0.7618
SPA (Proposed) 0.78380 0.7126 0.7953

As shown in Table 21, SPA achieves the highest
AUC across all three datasets under the unified eval-
uation protocol. The evaluated fusion and generic
alignment baselines do not reproduce SPA’s down-
stream gains under the same AutoCF, 1% few-shot,
and K = 10 setting. These controlled comparisons
therefore provide empirical support for the pro-
posed recommendation-specific formulation with-
out implying that alignment is universally superior
to feature fusion.

M Additional Backbone Comparison

This appendix provides detailed performance com-
parisons of SPA across different collaborative fil-
tering backbones. We evaluate three representa-
tive graph-based CF models: LightGCN, AutoCF,
and SGL. For each backbone, the CF encoder is
first trained on the interaction graph to produce
collaborative embeddings, which are then used as
anchor representations in SPA. We report results
under different history lengths (K € {5,10,15})
and two downstream LLM fine-tuning regimes (1%
and 10%).

As shown in Table 22, SPA maintains strong
and stable performance across all backbones and
datasets. Although the best-performing backbone
varies slightly depending on dataset character-
istics—for example, AutoCF performs best on
ML-1M while SGL shows competitive results on
the sparser BookCrossing and Amazon-Movies
datasets—the overall performance trends remain
consistent across different collaborative backbones.

These results indicate that the full SPA pipeline
remains effective across different graph-based col-
laborative backbones, suggesting that its benefits
are not tied to a single CF architecture.

N Analysis of Two-Channel Retrieval
Aggregation

SPA retrieves historical evidence using two com-
plementary retrieval channels: a user—item chan-
nel that captures personalized collaborative pref-
erence and an item—item channel that captures
target-specific contextual relevance. Since the two
channels provide complementary rankings over the
user’s historical items, SPA aggregates their rank
positions to construct the final retrieval context.
Although both channels compute cosine simi-
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Table 15: Quantitative structure-preservation metrics, including Top-10 neighborhood overlap, Spearman’s p, and
Pearson’s r, comparing each representation with the original CF embedding space. Metrics are computed using
AutoCF under the dataset-specific collaborative-graph construction described in Appendix B.1.

Higher values indicate stronger fidelity to the original CF structure.

Dataset Entity Method Top-10 Overlapf Spearman’s pt Pearson’s r{
Text-only 0.0053 0.0809 0.0480
User Naive Fusion 0.0118 0.5119 0.5660
ML-IM SPA 0.2210 0.7737 0.7600
Text-only 0.0137 0.0409 0.0269
Item Naive Fusion 0.0416 0.4735 0.4409
SPA 0.2451 0.4565 0.3642
Text-only 0.0179 0.0114 0.0057
User Naive Fusion 0.0044 0.1084 0.1132
BookCrossing SPA 0.1875 0.4896 0.5160
Text-only 0.0054 0.0346 0.0307
Item Naive Fusion 0.0091 0.1068 0.1247
SPA 0.1577 0.3836 0.4206
Text-only 0.0150 0.0168 0.0141
User Naive Fusion 0.0277 0.2355 0.2663
Amazon-Movies SPA 0.2558 0.4172 0.4622
Text-only 0.0203 0.0227 0.0127
Item Naive Fusion 0.0534 0.1948 0.2205
SPA 0.2707 0.3355 0.3870

larity in the same aligned embedding space, they
correspond to different query types and exhibit sub-
stantially different score distributions. Table 23
reports the mean and standard deviation of cosine
similarity scores computed over all training sam-
ples.

Table 23: Cosine similarity statistics of the two retrieval
channels.

User-Item Item—Item
Dataset (mean/std) (mean/std)
ML-1M —0.021/0.064 0.400/0.268
BookCrossing 0.008/0.059 0.135/0.177
Amazon-Movies 0.002/0.062 0.217/0.236

The item—item channel consistently exhibits
larger means and standard deviations than the user—
item channel. Consequently, directly combining
raw cosine similarity scores introduces channel-
dependent bias unless explicit cross-channel score
calibration is performed.

We compare three retrieval aggregation strate-
gies:

* Raw Cosine Weighted Sum: Direct summa-
tion of cosine similarity scores from the user—
item and item—item retrieval channels.

» Z-score Calibrated Cosine Sum: Channel-
wise z-score normalization followed by cosine
score summation.

* Reciprocal-rank Aggregation (Proposed):
Rank-based aggregation that is invariant to
monotonic score rescaling within each re-
trieval channel while avoiding explicit cross-
channel score calibration.

Table 24: Comparison of retrieval aggregation strategies
(AUCQ).

Aggregation Amazon
Strategy ML-IM  BookCrossing  -Movies
Raw Cosine

Weighted Sum 0.7912 0.6828 0.7646

Z-score Calibrated

Cosine Sum 0.7803 0.6878 0.7662

Reciprocal-rank

Aggregation

(Proposed) 0.7880 0.7126 0.7953
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Table 22: (RQ4) Performance comparison across different structural backbones under few-shot LLM fine-tuning
settings. Bold AUC values indicate the highest AUC among backbones for each dataset, /X, and few-shot setting.

Backbone K

ML-1M

BookCrossing

Amazon-Movies

AUC?T LogLoss| ACCt AUCtT LogLoss] ACCt

AUC?T LogLoss| ACCYT

Few-shot 1% LLM Fine-tuning

LightGCN 0.7538 0.5870 0.6934 0.6794 0.6619 0.6280 0.7769 0.3236 0.8763
AutoCF 5 0.7747 0.5879 0.7044 0.6964 0.6516 0.6278 0.7761 0.3354 0.8787
SGL 0.7721 0.5822 0.7048 0.6983 0.6425 0.6460 0.7762 0.3279 0.8766
LightGCN 0.7679 0.5742 0.7011 0.7041 0.6524 0.6260 0.7967 0.3185 0.8808
AutoCF 10 0.7880 0.5768 0.7123 0.7126 0.6122 0.6565 0.7953 0.3166 0.8745
SGL 0.7842 0.5810 0.7119 0.7164 0.6574 0.6324 0.7983 0.3145 0.8761
LightGCN 0.7743 0.5713 0.7056 0.7124 0.6719 0.6221 0.7963 0.3200 0.8782
AutoCF 15 0.7943 0.5603 0.7179 0.7136 0.6497 0.6258 0.7965 0.3242 0.8741
SGL 0.7903 0.5518 0.7186 0.7089 0.6855 0.6153 0.7941 0.3212 0.8751
Few-shot 10% LLM Fine-tuning

LightGCN 0.7641 0.5762 0.7000 0.6752 0.6628 0.6311 0.7863 0.3144 0.8788
AutoCF 5 0.7812 0.5586 0.7107 0.7026 0.6454 0.6468 0.7833 0.3189 0.8803
SGL 0.7795 0.5610 0.7113 0.6950 0.6403 0.6425 0.7861 0.3251 0.8795
LightGCN 0.7778 0.5643 0.7091 0.7160 0.6249 0.6448 0.8084 0.3040 0.8809
AutoCF 10 0.7954 0.5452 0.7221 0.7161 0.6266 0.6435 0.8078 0.3139 0.8813
SGL 0.7925 0.5488 0.7194 0.7200 0.6335 0.6486 0.8120 0.3021 0.8816
LightGCN 0.7830 0.5588 0.7122 0.7217 0.5969 0.6542 0.8095 0.3035 0.8824
AutoCF 15 0.8019 0.5377 0.7269 0.7316 0.6446 0.6349 0.8129 0.3009 0.8823
SGL 0.7979 0.5422 0.7243 0.7255 0.6060 0.6560 0.8146 0.3103 0.8816

As shown in Table 24, although raw cosine
weighted summation performs slightly better on
ML-1M, reciprocal-rank aggregation consistently
achieves stronger performance on BookCrossing
and Amazon-Movies. Overall, the results indi-
cate that no single aggregation strategy is uni-
formly optimal across datasets. We therefore adopt
reciprocal-rank aggregation because it provides a
robust, calibration-free mechanism for combining
complementary retrieval signals without requiring
explicit cross-channel score calibration.

O Collaborative Anchor Quality Analysis

SPA aligns semantic representations toward col-
laborative embeddings produced by the CF back-
bone. Because the quality of these collaborative
embeddings depends on the optimization of the un-
derlying CF model, we analyze how collaborative
anchor quality affects the downstream recommen-
dation performance.

To evaluate this dependency, we intentionally
undertrained the CF backbone by training it for
only one epoch while keeping all remaining compo-

nents unchanged (AutoCF backbone, 1% few-shot,
K=10). Table 25 reports the resulting recommen-
dation performance.

Table 25: Effect of collaborative anchor quality (AUC).

1-Epoch Fully-trained
Dataset CF Anchor  CF Anchor AAUC
ML-1M 0.7874 0.7880 —0.0006
BookCrossing 0.6958 0.7126 —0.0168
Amazon-Movies 0.7593 0.7953 —0.0360

The performance difference is negligible on ML-
IM but becomes substantially larger on BookCross-
ing and Amazon-Movies. These results indicate
that SPA inherits the quality of its collaborative
anchor rather than being invariant to undertrained
collaborative representations, highlighting the im-
portance of a sufficiently optimized CF encoder.

We do not evaluate domain-mismatched collab-
orative encoders in this work. Since SPA relies
on collaborative anchors learned from the target
domain, its robustness under cross-domain settings
remains an important direction for future investiga-
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tion.

P Training and Inference Cost Analysis

Let N denote the number of users, M the number
of items, and let V' denote the number of semantic
views for the corresponding entity type.

The computational cost of SPA consists of three
main components.

P.1 CF Training.
Graph-based CF models require

O(|€]d.)

per epoch, where |£| denotes the number of inter-
actions and d,. denotes the collaborative embedding
dimension.

P.2 Semantic Profile Generation and
Encoding.

Semantic preprocessing consists of two distinct op-
erations. LLLM-based profile generation requires a
fixed number of generation requests per entity in
our implementation—three requests per user and
two requests per item—because individual requests
can return multiple semantic views. Once gen-
erated, encoding is performed once per semantic
view, requiring

O (N|Vu| + M|Vy|)
text-encoding operations.

P.3 Alignment Training

Contrastive alignment operates on shuffled mini-
batches of B entity—view training instances, result-
ing in approximately

O(B*? + BV)

similarity computations, where the O(B?) term
arises from in-batch similarity computation and
the O(BV) term from cross-profile comparisons.
Because alignment updates only lightweight projec-
tion networks over frozen representations, its mea-
sured wall-clock cost is small in our experiments
(1-2 minutes per configuration; Table 27). Overall,
the CF backbone, semantic encoding, and align-
ment modules are prepared offline. At inference
time, SPA performs retrieval followed by LLM-
based prediction.

P.4 Actual Offline Cost

Table 26 summarizes the offline cost of seman-
tic profile generation. We report the number of
user and item generation requests separately, to-
gether with the total number of requests and the
corresponding billing cost. Semantic profiles are
generated once using Vertex Al BatchPrediction-
Job. Since profile generation is executed as a cloud
batch service, we report generation requests rather
than wall-clock execution time.

Table 26: Offline cost of semantic profile generation.

Cost
Dataset User Item Total (USD)
ML-1M 16,185 7,766 23,951 59.09
BookCrossing 47,826 542,750 590,576 338.71
Amazon-Movies 37,092 10,000 47,092 108.16
Total 101,103 560,516 661,619 505.96

Each user requires three generation requests to
produce six semantic views, whereas each item
requires two generation requests to produce three
semantic views. Therefore, the reported request
counts correspond to actual LLM generation re-
quests rather than the number of generated seman-
tic views. Since semantic profiles are generated
before the final filtering stage, the reported requests
reflect the entities processed during offline seman-
tic profiling.

Table 27 reports the GPU time required for one-
time semantic encoding and contrastive alignment.
Semantic encoding is performed on frozen seman-
tic profiles, while contrastive alignment trains only
lightweight projection networks on frozen collabo-
rative and semantic representations.

Table 27: Offline semantic encoding and alignment time
(min).

Amazon
Stage ML-1M BookCrossing -Movies Total
Semantic Encoding  66.8 40.1 120.7 227.6
Alignment Training 1-2 1-2 1-2 -

Both semantic profile generation and semantic
encoding are performed only once during offline
preprocessing. Contrastive alignment also incurs
only a small one-time cost. Consequently, seman-
tic profile generation, semantic encoding, and con-
trastive alignment introduce only offline prepro-
cessing overhead. At inference time, SPA does
not require Gemini-based profile generation or se-
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mantic encoding; inference consists of two-channel
retrieval over the projected collaborative represen-
tations followed by LLM-based preference predic-
tion.
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Figure 3: t-SNE visualization of item embeddings before and after applying SPA alignment on ML-1M, BookCross-
ing, and Amazon-Movies. Before alignment, CF embeddings and semantic embeddings occupy clearly separated
regions of the representation space, indicating a substantial modality gap between interaction-derived and language-
derived representations. After alignment, SPA brings the two modalities into a unified embedding space while
maintaining meaningful local structural organization.
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Figure 4: t-SNE visualization of user embeddings before and after SPA alignment across ML-1M, BookCrossing, and
Amazon-Movies. Before alignment, collaborative and text representations occupy distinct regions, demonstrating a
pronounced modality gap for user representations. After alignment, SPA integrates both modalities into a unified
representation space while maintaining meaningful local structural patterns.
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Figure 5: t-SNE comparison of item embeddings produced by different methods: CF-only, Text-only, Naive Fusion,
and SPA. CF-only captures collaborative structure but lacks semantic grouping, while Text-only forms tight semantic
clusters without reflecting interaction-based relationships. Naive Fusion disrupts the geometric structure of both
modalities. In contrast, SPA better maintains local structural patterns while integrating collaborative and semantic
signals.
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Figure 6: t-SNE comparison of user embeddings produced by CF-only, Text-only, Naive Fusion, and SPA across the
three datasets. While CF-only embeddings exhibit diffuse collaborative structures and Text-only embeddings form
tight semantic clusters, naive fusion disrupts both representations. SPA produces a unified embedding space that
better maintains local structural patterns while incorporating collaborative preference signals.
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Figure 7: Sensitivity analysis of the two-channel weighting parameter A. A controls the balance between the
user—item channel and the item—item channel in the retrieval mechanism. Across all datasets, the best performance
is achieved around A = 0.6, showing that combining global preference signals with target-specific item similarity
provides the most effective retrieval context.
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