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Abstract

Generative recommendation as a new paradigm is influencing
the current development of recommender systems. It aims to
assign identifiers that capture richer semantic and collabora-
tive information to items, and subsequently predict item iden-
tifiers via autoregressive generation using Large Language
Models (LLMs). Existing approaches primarily tokenize item
text into codebooks with preserved semantic IDs through RQ-
VAE, or separately tokenize different modality features of
items. However, existing tokenization methods face two ma-
jor challenges: (1) Learning decoupled multi-modal features
limits the quality of the semantic representation. (2) Ignoring
collaborative signals from interaction history limits the com-
prehensiveness of identifiers. To address these limitations,
we propose a multi-modal semantic-enhanced identifier with
collaborative signals for generative recommendation, named
MusicRec. In MusicRec, we propose a tokenization approach
based on shared-specific modal fusion, enabling the gener-
ated identifiers to preserve semantic information more com-
prehensively from all modalities. In addition, we incorporate
collaborative signals from user interactions to guide identifier
generation, preserving collaborative patterns in the semantic
representation space. Extensive experiments on three public
datasets demonstrate that MusicRec achieves state-of-the-art
performance compared to existing baseline methods.

Introduction

Recommender systems play a crucial role in exploring per-
sonalized content across different scenarios, such as video
platforms (Dong et al. 2024), products (Shi et al. 2024),
and movies (Chee et al. 2024). Recently, generative rec-
ommendation has emerged as a promising paradigm in rec-
ommender systems, exceeding the representational limita-
tions of traditional discriminative approaches by encoding
items into token sequences and autoregressively generating
the next interacted item (Rajput et al. 2023; Tan et al. 2024).
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(a) Existing modal-independent
tokenization method.

Figure 1: Existing multi-modal item tokenization methods
vs. Ours.

The representational capacity of item identifiers directly
determines the upper bound of the recommendation genera-
tion performance. Effective identifiers must retain sufficient
semantic information while incorporating collaborative sig-
nals from user interactions to capture latent preferences ac-
curately. Recent approaches (Rajput et al. 2023; Wang et al.
2024a) have employed cascading semantic codes from RQ-
VAE (Zeghidour et al. 2021) for better compression and se-
mantic extraction. However, these methods mainly rely on
single-modal textual information, while emerging evidence
demonstrates the superior effectiveness of multi-modal rep-
resentations for generalizability (Zhao et al. 2025). To over-
come this limitation, several studies have integrated multi-
modal information during tokenization, generating identi-
fiers through independent or joint processing of different
modal features (Liu et al. 2024; Zhai et al. 2025).

Recent advances in generative recommendation have in-
creasingly integrated semantic content with collaborative
signals to enhance personalization (Zhang et al. 2025). Ex-
isting approaches can be categorized into several strategies:
enriching semantic representations with auxiliary collabo-
rative signals to bridge high-level semantics and behavioral
patterns (Wang et al. 2024a,b; Xiao et al. 2025), develop-
ing separate models that combine semantic and collaborative
signals as independent token sequences (Wang et al. 2024c;
Hong et al. 2025), and unifying semantic search informa-
tion with collaborative recommendation signals (Shi et al.



2025). Despite these efforts, significant challenges remain
when applying multi-modal semantic and collaborative sig-
nals to generative recommendation.

Firstly, current semantic identifier generation relies on
single-modal information and employs decoupled quan-
tizers (Figure 1(a)), which inadequately capture the rich
cross-modal semantic relationships essential for comprehen-
sive item representation. The isolation of different modal-
ities prevents the model from learning unified semantic
representations that leverage complementary information.
Secondly, the identifier exclusively focuses on semantic
attributes while overlooking collaborative signals derived
from user interaction history. This separation fails to pre-
serve co-occurring patterns between semantic understanding
and behaviors. Semantic preferences inherently drive user
interactions, while collaborative signals can reciprocally en-
hance semantic comprehension, yet existing methods inde-
pendently model these two crucial information sources.

To this end, we propose MusicRec, a novel approach that
enables Multi-modal semantic-enhanced identifier learn-
ing with collaborative signal supervision for generative
Recommendation. To better integrate multi-modal item se-
mantics, MusicRec first extracts the shared quantization
code between different modalities, then learns modality-
specific quantization code for each modality based on shared
representations (Figure 1(b)), enabling the generated identi-
fiers to capture richer cross-modal semantic representations.
To effectively leverage collaborative information in identi-
fier generation, we introduce a collaborative-semantic align-
ment mechanism during identifier learning. This approach
ensures that semantic quantized representations maintain
distributional alignment with collaborative embeddings, en-
abling more effective discovery of user interaction prefer-
ences while preserving proximity between items with simi-
lar interaction patterns in the quantized space.

To sum up, the contributions of this work are as follows:

* We propose a share-specific modal fusion tokenization
approach to better capture cross-modal semantics, thus
improving the quality of item semantic ID representation
under multi-modal generative recommendation.

We introduce a collaborative-semantic alignment mecha-
nism to supervise the semantic identifier learning process
and preserve collaborative relationships between items,
enhancing the model’s ability to capture user preferences
and item associations.

We conduct extensive experiments on three datasets
to demonstrate the superior performance of MusicRec
over existing traditional and generative recommendation
methods, performing in-depth analyses under various set-
tings to validate its effectiveness and robustness.

Related Works

Generative Recommendation. As a new paradigm dis-
tinct from discriminative recommendation, generative
recommendation typically involves two core stages: item
tokenization and recommendation generation. In the first
phase, items are converted into semantic IDs (SIDs) that
serve as model-processable identifiers through various
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encoding strategies, such as using semantic content (Hua
et al. 2023; Lin et al. 2024), product quantization (Petrov
and Macdonald 2024), and residual quantization (Rajput
et al. 2023; Wang et al. 2024a; Lin et al. 2025). For ex-
ample, LETTER (Wang et al. 2024a) introduces a learn-
able tokenization that incorporates hierarchical seman-
tics and collaborative information using RQ-VAE. For
the second phase, several works utilize LLMs to produce
recommendations by autoregressively predicting the next
item token. For example, EAGER (Wang et al. 2024c)
employs parallel processing of semantic and collabora-
tive streams, while LC-Rec (Zheng et al. 2024) integrates
LLMs for enhanced semantic understanding. However,
existing works rely on limited semantic information and
may not fully exploit collaborative signals during tok-
enization, leading to suboptimal performance.

Multi-modal Recommendation. Traditional sequential
recommendation models (Hidasi et al. 2015; Kang and
McAuley 2018) only focus on item ID and category. Re-
cent works attempt to incorporate multi-modal features
by diffusion-based models (Ma et al. 2024; Jiang et al.
2024) and GNN-based models (Wang et al. 2022; Yi and
Chen 2021; Wei et al. 2019). However, these methods
often struggle with capturing fine-grained semantic re-
lationships across modalities due to fixed feature repre-
sentations. With the advancement of pre-trained models
(Radford et al. 2021; Li et al. 2023), recent approaches
(Geng et al. 2023; Liu et al. 2024; Zhai et al. 2025) have
sought to integrate powerful representation learning to
better capture multi-modal semantics in many scenarios.
More recently, a few studies (Ye et al. 2025; Zhou et al.
2025; Zhang et al. 2024) have tried to use multi-modal
large language models (MLLMs) to enhance the general-
ization of recommendation models, while high computa-
tional demands hinder widespread deployment.

Methodology

In this section, we present a comprehensive introduction
to our proposed multi-model semantic-enhanced identifier
with collaborative signals generative recommendation (Mu-
sicRec) approach.

Preliminaries and Overview

Problem Definition We formulate the sequential recom-
mendation task as follows. Let U = w1, ug, ..., uy be the
set of users and 7 = 41,12, ..., 7| be the set of items. For
each user u € U, we have a chronologically ordered interac-
tion sequence S, = i}, ¢4, ..., ifs, | where iy € Z represents
the item that user u interacted with at the time step ¢. Given
the historical interaction sequence St = %, i%, ..., i, the
goal is to predict the next item 7y that user w is likely to in-
teract with, which is formulated as:

it = argmax P(i|S5F). (1)
i€l

Overview As shown in Figure 2, our proposed Musi-

cRec approach consists of two key modules in the tokeniza-

tion stage: the multi-modal semantic-enhanced tokenization,

which incorporates different modality semantic information
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Figure 2: The overview of our proposed MusicRec. MusicRec consists of two stages: (1) Tokenization, which incorporates
a multi-modal semantic-enhanced identifier component to integrate multi-modal item semantics and employs a collaborative-
semantic alignment mechanism to preserve collaborative relationships; and (2) Recommendation Generation, which introduces
three specialized tasks to effectively leverage the generated identifiers during recommendation training.

into the generation of identifiers using RQ-VAE, and the
collaborative-semantic alignment module, which supervises
semantic identifiers learning with collaborative signals. Dur-
ing the recommendation generation stage, there are three
core training tasks to enhance the performance using our
proposed identifiers, including next item generation with
different modalities and multi-modal item alignment. The
following sections provide a detailed explanation of each
component. Details of each part are introduced below.

Multi-Modal Semantic-Enhanced Identifier

To fully utilize rich multi-modal semantic information, we
introduce a shared-specific semantic tokenizer to obtain item
identifiers. It quantizes the semantic information from text
and image modalities into a structured set of identifiers that
capture common and unique semantic features.

Semantic Embedding Extraction Given an item with
textual information (e.g., titles and descriptions) and visual
information (e.g., images), we first extract textual seman-
tic embeddings «; € R% and visual semantic embeddings
x; € R% by leveraging pre-trained models (e.g., LLaMA
and ViT). These embeddings are then compressed into the
same-dimensional latent semantic embedding z; € R and
z;, e R through Encoder; and Encoder;:

z¢ = Encoder;(x;), z; = Encoder; (x;),

@
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where d denotes the dimension of the latent embeddings,
Encoder;(-) and Encoder;(-) are implemented as Multi-
Layer Perceptrons (MLPs).

To effectively capture shared and modality-specific rep-
resentations for text and image data, we propose a hierar-
chical quantization approach built upon the foundation of
RQ-VAE with two stages: Modal-Shared Tokenization and
Modal-Specific Tokenization.

Modal-Shared Tokenization To combine two modalities,
the hidden representations z; and z; are concatenated and
passed through a linear projection layer to create a joint la-
tent representation z = [2¢;2;], where z € R2¢, The shared
representation z is then quantized into the code sequence
through L.-level codebooks, with L. corresponding to the
length of the shared identifier. For each level [ € {1,...L.},
we have a codebook Cf = {e;}¥ |, where e; € R* is a
learnable embedding representing a codeword, and N de-
notes the codebook size. The residual quantization process
can be formulated as:

¢¢ =argmin||r{ | —e;l|3, e; €CF,

i 3)

TP =T~ €
where ¢} denotes the codeword selected at the [-th level from
the shared codebook, r;_, is the shared semantic residual of
the [-1-th level, and we set r§ = z.



Modal-Specific Tokenization After shared tokenization,
we extract modal-specific semantic information using sepa-
rate residual quantizers The residual embeddings from the
last shared level 77 € R24 serve as input to modality-
specific quantizers, Wthh is linearly split into two equal-
dimensional parts: 7l € R? for text semantics and r{ € R¢
for image semantics, where d represents the embedding di-
mension for each modality. The specific embeddings for text
and image are then quantized into the code sequence through
L-level codebooks, and L. is the length of the specific iden-
tifier. For each level I € {1,...L.}, we have text and image
codebooks Cf" and Cf. The text-specific residual quantiza-
tion process can be formulated as:

e; ClT s

= argmin||r! | — e;]|3,

{CZT_ | :
i

T _ ..T

T, =T €.

Similarly, the image-specific residual quantization process
can be formulated as:

“

! =argmin|lr], — el e €Cf,
K2

ol
)
rlI = Tll—l — €
where ¢/ and ¢/ denote the codeword selected at the [-th
level from the specific codebooks for text and image modal-
ities, respectively.

Multi-Modal Identifier Construction After the residual
quantization process, we use the selected codewords to
reconstruct the quantized embeddings for each modality.
Specifically, we create the complete identifiers for each
item modality by concatenating the shared and specific in-
dices. The quantized embedding from the shared stage Z, =
ZLe ece 1s split into modality-specific components Z

=1 Cle P y-Sp p e
[Ze,t; Ze,i]- The final quantized text and image embeddings
z; and 2; are constructed as the sum of their corresponding
shared and specific quantized components:

L. L.
Zy = Zep + E €Ty i = Zei T E €cls
1=1 1=1

where ecr and €l denote specific code embeddings for text
and image modalities, respectively. Finally, we utilize two
separate MLP decoders to reconstruct the original input fea-
tures from 2z, and 2;:

(6)

= Decoder;(2;), &; = Decoder;(2;).

)

The loss for residual quantization is defined as:

—ecq |13 + pllri-y — sglec]ll3,

LG

Lrq =Y llsglri-i]
i=1
L.

Lrg =) llsglri-1] -
i=1

eorl+ ey —sglellB ®)

L.
Lrg =) |lsglri-i]
i=1

e |3 + vty — sgle. ]I,
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where sg|-| is the stop-gradient operation (van den Oord,
Vinyals, and Kavukcuoglu 2017), p is the coefficient to bal-
ance the strength between the optimization of code embed-
dings and the encoder, and the total loss function of the se-
mantic identifier Lgep, training can be formalized as:
ERecon = Hwt - i15||g + ||mz - iz”%a
Lrq = Liq + Lk + Lhas
ESem = ['Recon + ERQ;

€))

where LRecon 1S the reconstruction loss, and Lrq is used to
minimize the discrepancy between the residual vectors and
their corresponding codebook embeddings.

To construct a structured semantic identifier for each item,
we introduce a token prefix to distinguish items based on
trained codebooks. For shared codewords, we use the prefix
“s” with numeric suffixes indicating the level. For specific
codewords we use distinct alphabetic prefixes for modali-
ties. Text-specific levels are denoted by {a, b, ...} and image-
specific levels by {A, B, ...}. The full semantic-enhanced
identifier is formed by concatenating shared and specific
codewords as new tokens. For example, a text identifier may
be <sl_1><s2_2><a_3><b_4>, while the corresponding
image identifier is <S1_1><S2.2><A_5><B_6>.

Collaborative-Semantic Alignment

To bridge the gap between semantic features and collabora-
tive signals, we utilize a pre-trained sequential recommender
model (e.g., SASRec (Kang and McAuley 2018)) to obtain
item Collaborative Filtering (CF) embedding z.y < Rder
where d.y is the hidden dimension of the CF embeddings.

Collaborative-aware Alignment Loss We use InfoNCE
(van den Oord, Li, and Vinyals 2018) loss to pull the quan-
tized representation 2 of an item closer to 2.y, while push-
ing it away from the embeddings of other irrelevant items in
the batch, and both representations are L2-normalized. The
collaborative alignment loss is defined as follows:

exp(sim(2;, 2%;)/7)

> jen exp(sim(Z;, 2 cf)/T)

Zl

i€B

»Calign = (10)

18l

where sim(-, -) is the cosine similarity function, 7 is a tem-
perature hyperparameter, and 55 is the batch size.

Collaborative Relational Preservation Loss To main-
tain the collaborative relational structure encoded in the
CF space, we introduce a collaborative relational preserva-
tion loss that enforces structural consistency between the
quantized and collaborative embedding spaces. Specifically,
given a batch B = {4y, 2, ...73)} of items, we compute the
pairwise similarity matrices for both spaces:

15| 8]

2
t .
Erelation = ‘B‘Z Z Z (S quan — Slm,fjf) s (11)
=1 j=1
where Sim?“?"* and Sim®/ denote the cosine similarities be-

tween item quantized representations and collaborative em-
beddings, respectively.



Overall Tokenizer Optimization The semantic-enhanced
tokenizer is optimized by jointly considering the seman-
tic 10sS Lgem, collaborative alignment loss Lgj;4n, and col-
laborative relational preservation loss L,.cqtion- The overall
training loss can be denoted as follows:

ﬁTokenizer = »CSem + a»calign + 5£relation7 (12)

where o and 3 are hyperparameters to control the strength
of Latign and Ly eiation, respectively.

Recommendation Generation Tasks

In the recommendation generation stage, we adopt a series
of recommendation tasks to better leverage the advantages
of multi-modal semantic information in identifiers, as shown
at the bottom of Figure 2.

Next Item Generation (1) Uni-Modal Generation: In this
setting, we predict the next item within a single modality.
The model takes a sequence of historical item tokens from
one modality as input, generates the token sequence for the
next item of the same modality, and performs the analogous
task for the image modality. This task allows the model to
capture modality-specific patterns in user preferences.

(2) Multi-Modal Generation: To capture the interplay be-
tween modalities in users’ behaviors, we use a unified input
sequence containing interleaved text and image tokens from
the user’s interaction history. From this combined historical
context, the model jointly predicts the next text item tokens
and next image item tokens.

Multi-Modal Item Alignment While the generation tasks
facilitate an implicit alignment, we introduce an explicit
cross-modal alignment objective to enforce representational
consistency. This objective comprises two symmetric sub-
tasks: (1) Text-to-Image Alignment and (2) Image-to-Text
Alignment. These tasks compel the model to learn an item’s
representation from one modality to its corresponding rep-
resentation in the other.

Instantiation

We formulate the sequential recommendation task as a se-
quence generation problem using a TS encoder-decoder ar-
chitecture, with autoregressive generation and beam search
during inference. As shown in Table 1, we briefly compare
MusicRec with several representative traditional and gener-
ative recommendation baseline methods, demonstrating the
differences and advantages of MusicRec.

Experiments

In this section, we perform extensive experiments on three
datasets to answer the following research questions:

* RQ1: How does MusicRec perform compared to existing
traditional and generative recommendation methods?

* RQ2: How do the components of MusicRec (e.g., multi-
modal identifier, collaborative-semantic alignment, and
multi-modal recommendation generation tasks) affect
the performance?

* RQ3: How does MusicRec perform under diverse evalu-
ation settings?
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Methods IMM Fusion Type Collaborative GR
SASRec X - v X
MISSRec ¥/ disorete X X
TIGER X - X 4
LETTER X - 4 v
MQLAGRec ¥/ disorete XV
MusicRec v combined v v

Table 1: Comparison of MusicRec with several related meth-
ods. “IMM” means the identifier with multi-modal seman-
tics. “GR” means generative recommendation.

Experimental Settings

Datasets. We evaluate MusicRec on three public real-
world datasets derived from the Amazon Product Reviews
(Ni, Li, and McAuley 2019), which contains a large-scale
collection of user reviews and ratings spanning multiple do-
mains, offering rich behavioral data for recommender sys-
tem evaluation. Specifically, we select three categories, in-
cluding “Instruments”, “Arts”, and “Games” for sequen-
tial recommendation tasks.

Evaluation Metrics. To ensure a fair evaluation of se-
quential recommendation, we evaluate the recommendation
performance using two widely adopted metrics: the top-K
Hit Ratio (HR@K) and the top-K Normalized Discounted
Cumulative Gain (NDCG@K), with K set to 5 and 10. To
avoid evaluation bias, we conduct a full ranking over the
entire item set rather than utilizing a sampling-based eval-
uation. For generation-based approaches employing beam
search, we set the beam size to 20 during inference.

Baselines. We compare the performance of MusicRec
against (1) traditional sequential recommendation meth-
ods, including GRU4Rec (Hidasi et al. 2015), BERT4Rec
(Sun et al. 2019), SASRec (Kang and McAuley 2018),
FDSA (Zhang et al. 2019), S*-Rec (Zhou et al. 2020), VQ-
Rec (Hou et al. 2023), and MISSRec (Wang et al. 2023),
and (2) generative recommendation methods, including P5-
CID (Hua et al. 2023), TIGER (Rajput et al. 2023), LET-
TER (Wang et al. 2024a), VIP5 (Geng et al. 2023), and
MQLAGRec (Zhai et al. 2025).

Implementation Details. For item tokenization, we em-
ploy LLaMA to encode item titles and descriptions into tex-
tual embeddings and use CLIP (Radford et al. 2021) with
ViT-L/14 as the backbone to obtain visual embeddings. Both
the encoder and decoder of the RQ-VAE are implemented
using MLPs equipped with ReLU activation functions. The
model employs a hierarchical codebook structure consisting
of 4 levels, where each level contains 256 embedding vec-
tors of dimension 32. We obtain 32-dimensional item collab-
orative embeddings from a pre-trained SASRec (Kang and
McAuley 2018).

During training, we instantiate MusicRec on the T5-small
(Raffel et al. 2020) architecture. We follow the previous
work (Rajput et al. 2023) to set x4 as 0.25, and search « in



Instruments Arts Games

Method |HR@5 HR@10 N@5 N@10 HR@5 HR@10 N@5 N@10|HR@5 HR@10 N@5 N@10
GRU4Rec |[0.0975 0.1207 0.0783 0.0857|0.0817 0.1088 0.0602 0.0690 | 0.0544 0.0895 0.0341 0.0453
BERT4Rec |0.0856 0.1081 0.0667 0.0739|0.0697 0.0922 0.0502 0.0575|0.0426 0.0725 0.0270 0.0366
SASRec 0.0946 0.1233 0.0654 0.0746|0.0951 0.1250 0.0610 0.0706|0.0587 0.0985 0.0333 0.0461
FDSA 0.0987 0.1249 0.0775 0.0859|0.0832 0.1190 0.0583 0.0695|0.0614 0.0988 0.0389 0.0509
S3.Rec 0.0937 0.1123 0.0693 0.0743|0.0739 0.1030 0.0511 0.0630|0.0527 0.0903 0.0351 0.0468
VQ-Rec 0.1062 0.1357 0.0796 0.0891|0.1038 0.1386 0.0732 0.0844|0.0408 0.0679 0.0242 0.0329
MISSRec 0.1089 0.1361 0.0797 0.0880|0.1021 0.1321 0.0699 0.0815|0.0674 0.1048 0.0385 0.0499
P5-CID 0.0839 0.1119 0.0678 0.0704|0.0713 0.0994 0.0607 0.0662|0.0532 0.0824 0.0331 0.0454
TIGER 0.1007 0.1221 0.0882 0.0950|0.0894 0.1167 0.0718 0.0806|0.0523 0.0857 0.0345 0.0453
LETTER 0.1045 0.1271 0.0913 0.0986|0.0939 0.1202 0.0767 0.0852|0.0512 0.0855 0.0331 0.0441
VIP5 0.0892 0.1071 0.0815 0.0872|0.0704 0.0859 0.0586 0.0635|0.0480 0.0758 0.0328 0.0418
MQL4GRec | 0.1071 0.1287 0.0927 0.0995|0.0928 0.1176 0.0748 0.0828|0.0576 0.0932 0.0377 0.0492
Ours” 0.1257 0.1472 0.0993 0.1071|0.1121 0.1451 0.0895 0.1049 | 0.0749 0.1353 0.0488 0.0681
Imp. (%) +1542 +8.15 +7.11 +7.63 | +7.99 +4.68 +16.68 +23.12|+11.12 +29.10 +25.44 +33.79

Table 2: Overall performance comparison between baselines and MusicRec on three datasets. The best and second-best results
are highlighted in bold and underlined, respectively. “Imp.” denotes the relative improvement of MusicRec compared to the
SOTA baseline. “*” indicates that the improvements are statistically significant based on a paired t-test (p-value < 0.05).

Instruments
Variants |HR@5 HR@10 N@5 N@10 HR@5

Arts Games

HR@10 N@5 N@10|HR@S HR@10 N@5 N@10

(0) MusicRec | 0.1257 0.1472 0.0993 0.1071 | 0.1121
(1) w/o I-Sem | 0.0984 0.1172 0.0881 0.0941 | 0.0839
(2) w/o T-Sem | 0.0921 0.1081 0.0833 0.0884 | 0.0795
B)w/o Lajign | 0.1173  0.1216 0.0914 0.1045|0.1093
@) w/o Ly 10.1099 0.1386 0.0957 0.1049|0.1109
(5) w/o MMG | 0.1216  0.1396 0.0951 0.1012]0.1029
(6) w/o MMA | 0.1108 0.1423 0.0956 0.1063|0.1079

0.1451 0.0895 0.1049|0.0749 0.1353 0.0488 0.0681
0.1038 0.0713 0.0776|0.0558 0.0908 0.0443 0.0548
0.0964 0.0681 0.0735]0.0521
0.1387 0.0835 0.0963|0.0731
0.1426 0.0853 0.1033|0.0678 0.1288 0.0339 0.0595
0.1435 0.0801 0.0982]0.0728 0.1325 0.0421 0.0644
0.1441 0.0869 0.1013]0.0741

0.0847 0.0363 0.0476
0.1311 0.0395 0.0624

0.1349 0.0471 0.0673

Table 3: Ablation study of MusicRec

a range of {le-1, le-2, 2e-2, le-3}, § in a range of {le-
2, le-3, le-4, le-5}. To ensure fair comparisons, we imple-
ment LETTER on TIGER following the original setup in the
paper. For MQL4GRec, we directly fine-tune it without per-
forming pre-training on source domain datasets. We conduct
all experiments on 2 Tesla V100 GPUs.

Overall Performance (RQ1)

The performance comparison between traditional and gen-
erative recommendation baselines and MusicRec is shown
in Table 2, from which we have the following observa-
tions. Among traditional sequential recommendation meth-
ods, MISSRec achieves the best performance on the In-
struments and Games datasets of HR. This highlights the
effectiveness of incorporating multi-modal item informa-
tion. VQ-Rec performs best on the Arts dataset, except for
NDCG@5. This suggests that vector quantization can lead
to more efficient and compact representations. In addition,
FDSA achieves the highest NDCG on the Games dataset,
benefiting from its effective integration of additional textual
feature embeddings. For generative recommendation meth-
ods, LETTER consistently outperforms TIGER and P5-CID
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. The best results are highlighted in bold.

across most metrics. CID underperforms due to its inde-
pendent item indexing, which lacks semantic information.
TIGER utilizes RQ-VAE to capture multi-granularity item
semantics, but it lacks additional modality and collabora-
tive signals. LETTER further enhances TIGER by incorpo-
rating collaborative information. MQL4GRec achieves the
best overall performance on the Instruments and Games
datasets by integrating multi-modal item information. How-
ever, the design of the unentangled modality identifier con-
strains its representation capacity. Compared with base-
line approaches, MusicRec achieves the top performance
on all datasets, which validates its overall effectiveness.
This improvement can be attributed to integrating multi-
modal semantic information during tokenization and using
collaborative-semantic alignment in generating identifiers.

Ablation Study (RQ?2).

We conduct a series of ablation studies to verify the design
rationality of MusicRec following the same experimental
setups, and the performance of the variants is depicted in
Table 3. Removing image identifiers (w/o I-Sem) degrades
performance across all datasets, confirming the importance
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Figure 3: Performance of MusicRec over different hyperparameters.
HR@10 NDCG@10 HR@10 NDCG@lO] (2) Codebook size. We evaluate MusicRec with different
giig 2132 0.150 0110 codebook sizes in [64, 128, 256, 512], results in Figure 4(a)
. . o . o . . .
0140 01000 gg 1‘3‘8 0-100-@ show that the codebook size substantially impacts model
©o13s 0.0953 0120 00900 performance. Performance consistently improves as code-
T 0'130 0'0902 T 0'110 0.0802 book size increases from 64 to 256, with the optimal results
' ' ' achieved at 256. Beyond this point, further expansion leads
0.125575556128 64 0-085  0.1007:3 7.7 3.1 0.070 y p p

(a) The size of codebook (b) The contribution ratio of

each codebook

Figure 4: Impact of different parameter settings in codebook
and identifier on Arts.

of visual semantics in identifiers. The w/o T-Sem variant,
which eliminates text identifiers, shows an even greater per-
formance decline, indicating that the textual modality pro-
vides more indispensable semantic information than visual
features. Removing the collaborative-aware alignment mod-
ule (W/0 Layign) results in significant performance drops,
demonstrating the critical role of integrating collaborative
signals during identifier generation. The w/o L,.; variant,
which eliminates collaborative relational preservation loss,
shows a moderate decline, highlighting the importance of
maintaining collaborative signal similarity. The w/o MMG
variant, which eliminates the multi-modal next item gener-
ation task, shows a performance decline, demonstrating the
importance of modal fusion in generating recommendation
sequences. Finally, removing multi-modal fusion alignment
tasks (w/o MMA) during sequence generation confirms that,
beyond multi-modal identifier incorporation, multi-modal
alignment in the generation stage is equally essential for op-
timal performance. In conclusion, each component of Musi-
cRec is necessary to improve the performance.

Hyper-Parameter Analysis (RQ3).

(1) Strength of o and f3. For collaborative-semantic align-
ment, we investigate it by varying the coefficient « in {le-1,
le-2, 2e-2, 1e-3}. As Figure 3 illustrates, increasing o be-
yond this optimal range could interfere with model learning
and adversely affect performance. Our approach achieves
the optimal results with o = le-2 for all datasets. To ex-
plore the influence of collaborative relational preservation,
we tune [ within the range in {le-2, le-3, le-4, le-5} and
observe similar trends to those seen with o, MisucRec per-
forms best on all three datasets when 3 = le-4.
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to performance degradation. This phenomenon can be at-
tributed to two factors. Smaller codebooks suffer from insuf-
ficient representational capacity, limiting the model’s ability
to capture diverse item characteristics and resulting in poor
discrimination. In contrast, excessively large codebooks in-
troduce redundancy and make the model vulnerable to noisy
features, causing it to learn spurious patterns that harm gen-
eralization. The 256-sized codebook strikes an optimal bal-
ance between expressiveness and robustness.

(3) Codebook contribution ratio. To evaluate the contri-
bution of shared and specific codebooks in tokenization,
we set the total number of codebooks to 4, then change
the distribution ratio between them in [1:3, 1:1, 3:1]. Fig-
ure 4(b) demonstrates that the 1:1 ratio achieves the best
performance as it balances modality-shared semantic and
modality-specific semantic optimally. The 1:3 ratio shows
slightly worse results since limited shared codebooks can-
not capture sufficient cross-modal features. The 3:1 ratio
exhibits a significant performance drop because excessive
shared capacity lacks adequate specific semantics to pre-
serve unique modality features, leading to information loss.

Conclusion

In this work, we proposed MusicRec, a novel multi-modal
semantic-enhanced identifier approach with collaborative
signals for generative recommendation. Unlike previous
methods that relied solely on a single modality or two de-
coupled modalities for identifier generation, MusicRec ef-
fectively integrated semantic information across different
modalities with a shared-specific item tokenization. To en-
hance the modeling of interactions among different modali-
ties, we designed a novel alignment mechanism with collab-
orative signals in the identifier learning process. To enhance
recommendation generation, we further proposed a series
of multi-modal fusion and alignment tasks. Extensive ex-
periments and comparative studies with advanced methods
highlight the strong performance and robustness of Musi-
cRec. In future work, we will explore combining more types
of modality and transferring to generative recommendation
models with other structures.
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