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Abstract

Large language model (LLM)-based recommender systems
have achieved high-quality performance by bridging the dis-
crepancy between the item space and the language space
through item tokenization. However, existing item tokeniza-
tion methods typically require training separate models for
each item domain, limiting generalization. Moreover, the di-
verse distributions and semantics across item domains make
it difficult to construct a unified tokenization that preserves
domain-specific information. To address these challenges,
we propose UniTok, a Unified item Tokenization frame-
work that integrates our own mixture-of-experts (MoE) ar-
chitecture with a series of codebooks to convert items into
discrete tokens, enabling scalable tokenization while pre-
serving semantic information across multiple item domains.
Specifically, items from different domains are first projected
into a unified latent space through a shared encoder. They
are then routed to domain-specific experts to capture the
unique semantics, while a shared expert, which is always
active, encodes common knowledge transferable across do-
mains. Additionally, to mitigate semantic imbalance across
domains, we present a mutual information calibration mech-
anism, which guides the model towards retaining similar lev-
els of semantic information for each domain. Comprehen-
sive experiments on wide-ranging real-world datasets demon-
strate that the proposed UniTok framework is (a) highly ef-
fective: achieving up to 51.89% improvements over strong
benchmarks, (b) theoretically sound: showing the analyti-
cal validity of our architectural design and optimization; and
(c) highly generalizable: demonstrating robust performance
across diverse domains without requiring per-domain retrain-
ing, a capability not supported by existing baselines.

Code — https://github.com/jackfrost168/UniTok

Introduction
Large language models (LLMs) have recently become a
promising paradigm for generative recommendation (Ra-
jput et al. 2023; Hua et al. 2023), leveraging their strong
generalization, language understanding, and world knowl-
edge to support personalized recommendation beyond tradi-
tional language processing tasks. To effectively use LLMs
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for recommendation, items must be indexed using identi-
fiers, a process known as item tokenization (Rajput et al.
2023). Item tokenization converts items into discrete tokens,
such as ID-based representations (Hua et al. 2023), textual
descriptors (Zhang et al. 2021), or codebook-based identi-
fiers (Rajput et al. 2023). This bridges the gap between the
item space and the language space, enabling LLMs to pro-
cess items as part of natural language sequences and making
generative recommendations feasible.

Existing item tokenization methods (Rajput et al. 2023;
Wang et al. 2024) are primarily tailored to items in single-
domain settings, necessitating the training of separate to-
kenizers for each item domain (hereafter, “domain” refers
to “item domain” for brevity). In practice, this domain-
specific design aligns with the fact that recommender sys-
tems are often deployed independently per domain; thus,
users rarely perceive quality issues. However, as recommen-
dation tasks increasingly span multiple domains, such as di-
verse item categories or services, this siloed approach leads
to inefficiencies in training, deployment, and maintenance,
ultimately hindering scalability. In contrast, other machine
learning fields have seen a growing shift towards building
unified models for multi-domain learning, driven by the need
to reduce redundant training, improve parameter efficiency,
and facilitate knowledge sharing across domains. Notable
advances in this direction have been achieved in language
processing (Gururangan et al. 2020; Raffel et al. 2020) and
computer vision (Ullah et al. 2022; Jain et al. 2023), demon-
strating the feasibility and value of such generalization.

Inspired by this, a natural question arising is: “How can
we design a unified item tokenization framework for LLM-
based recommendation that can be effectively generalized
across multiple domains with minimal computational over-
head?” To answer this question, we would like to outline the
following two design challenges:
• C1. Training overhead: Repeatedly training domain-

specific tokenizers is inefficient and resource-intensive.
As shown in Figure 1a, when applied to 10 distinct do-
mains, our UniTok method reduces the total number of
trainable parameters by 9.63× compared to codebook-
based item tokenization methods (Rajput et al. 2023;
Wang et al. 2024), which require training a separate set
of codebooks for each dataset to quantize items.

• C2. Semantic alignment: The tokenizer must capture
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Figure 1: Examples illustrating (a) a comparison of the num-
ber of trainable parameters between codebook-based item
tokenization methods and our method, UniTok, when ap-
plied to 10 distinct item domains, and (b) the inherent chal-
lenge of item tokenization across multiple domains.

rich semantics from diverse domains; however, naı̈vely
using a shared token space across domains can cause se-
mantic mixing and biased token assignments. Figure 1b
exemplifies this challenge.

To address these aforementioned challenges, we make
the first attempt towards developing a Unified item
Tokenization framework designed to work effectively across
multiple domains, named UniTok.

(Idea 1): Different domains often have exhibit distinct
data distributions, requiring models to be trained separately
to capture domain-specific patterns. To move beyond this
limitation, we aim to design a unified item tokenization
model capable of handling multiple domains without losing
domain-specific knowledge. Achieving this goal requires
the model to internally disentangle domain-specific learn-
ing from shared representations. To this end, we propose a
new mixture-of-experts (MoE) architecture, dubbed Token-
MoE, wherein domain-specific experts specialize in model-
ing patterns unique to each domain, while a shared expert
captures the common knowledge across multiple domains.
This architectural design enables the unified model to retain
domain specialization without sacrificing global knowledge
sharing (solving C1 and partially contributing to C2).

(Idea 2): To preserve item semantics during tokenization,
we adopt a codebook-based approach (Rajput et al. 2023)
embedded within our MoE architecture, allowing each ex-
pert to specialize in distinct semantic patterns. However, the
central challenge in multi-domain settings lies in ensuring
semantic balance across diverse domains (Ma et al. 2022).
To address this, we introduce a mutual information (MI) cal-
ibration mechanism that explicitly encourages latent embed-
dings from each domain to retain sufficient and consistent
informativeness. By minimizing the variance of MI across
item domains, this mechanism attenuates inter-domain per-
formance variability, enabling more stable and consistent
generalization across diverse semantic spaces (solving C2).

Our main contributions are summarized as follows:
• New methodology: We propose UniTok, a unified item

tokenization framework that integrates our customized
MoE with codebooks to extract the semantic tokens for
items across multiple domains while maintaining seman-
tic balance.

• Extensive evaluations: Through comprehensive exper-

imental evaluations on diverse real-world datasets, we
demonstrate (a) the superiority of UniTok in multi-
domain scenarios, achieving substantial improvements of
up to 51.89% in NDCG@10, (b) the efficiency of Uni-
Tok, with a 9.63× reduction in model size compared to
competitors, and (c) the strong generalization capability
of UniTok, exhibiting robust performance in zero-shot
settings without additional retraining.

• Theoretical justifications: We theoretically prove that
UniTok (a) induces a higher entropy token space, (b)
achieves a lower quantization error, and (c) ensures se-
mantic consistency across domains by reducing the MI
variance, fostering stable and balanced performance.

We refer readers to the supplementary materials for tech-
nical details omitted due to page limits.

Preliminaries
Mixture-of-Experts
The mixture-of-experts (MoE) architecture (Jacobs et al.
1991; Shazeer et al. 2017; Fedus, Zoph, and Shazeer 2022;
Dai et al. 2024) consists of multiple expert networks, each
specializing in handling different parts of the input space.
Formally, given an input x, the output of an MoE model
is a weighted combination of expert modules: MoE(x) =∑K
k=1Gk(x)Ek(x), where K is the number of experts,

Ek(x) denotes the output of the k-th expert, and Gk(x) is
a softmax-based router function that assigns a probability to
the k-th expert for given input. By dynamically routing in-
put to specialized experts, MoE models can achieve greater
model capacity and computational efficiency.

The MoE architecture is not only effective for model
scaling but also well-suited for training on a large mix-
ture of datasets (Jain et al. 2023). Its gating mechanism en-
ables adaptive expert selection for each dataset, allowing the
model to generalize across diverse sources while minimizing
interference between distributions.

Codebook-based Identifiers
Codebook-based identifiers (Rajput et al. 2023) are gener-
ated using residual quantization (RQ), which encodes item
metadata into hierarchical code sequences by sequentially
applying codebooks to residuals across multiple stages.
Given an input vector x, the process starts with an initial
residual r(0) = x, and RQ recursively quantizes it using
a series of L codebooks {C1, C2, . . . , CL}, where C` ,
{ct}Tt=1 contains T code vectors at level `. The process is
defined as

c` = arg min
c∈C`

∥∥∥r(`−1) − c
∥∥∥2 , (1)

r(`) = r(`−1) − c`, (2)

where r(`) is the residual at level l, and c` is the nearest code
vector selected from codebook C`. The final approximation
of x after L quantization stages is given by x̂ =

∑L
`=1 c`.

Each selected code vector c` corresponds to a dis-
crete index z` ∈ {1, · · · , T}, resulting in a token se-
quence (z1, · · · , zL) that compactly represents the original
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Figure 2: The schematic overview of the proposed UniTok framework.

input. This hierarchical quantization mechanism provides
the foundation for our codebook-based identifiers, offering
compact and semantically meaningful tokens well-suited for
item tokenization. In recommender systems, such discrete
tokens can then be directly used as input to LLMs (Rajput
et al. 2023; Wang et al. 2024), bridging the gap between item
and language spaces while preserving semantic structure.

Methodology
Task Formulation
Multi-domain setting. Let D = {D1, . . . ,DK} be a mix-
ture of recommendation datasets for K distinct item do-
mains, where each domain Dk contains an item set Ik with
associated textual metadata, such as titles, categories, fea-
tures. Unlike typical single-domain scenarios, multi-domain
settings pose significant challenges due to distributional in-
consistencies (Jain et al. 2023), making it crucial to handle
such variability in item tokenization. Addressing this issue is
essential for developing a scalable and unified item tokeniza-
tion method that supports multiple domains, particularly in
LLM-based recommender systems. Although collaborative
signals can enhance recommendation performance, they in-
herently rely on user–item interactions, introducing compu-
tational overhead and limiting generalization when shared
users are absent across domains. Instead, we aim to develop
a unified tokenization method that operates independently of
user data, enabling scalable and general-purpose recommen-
dations in multi-domain LLM-based systems.

Item tokenization task. Given raw items Ik from any
domain-specific dataset Dk, we assume that we have access
to a pre-trained content encoder to generate the semantic em-
beddings for domain k, denoted as Xk ∈ R|Ik|×d, where
|Ik| is the number of items in domain k and d is the embed-
ding dimensionality. The i-th embedded item is represented
as xki ∈ Xk. The objective is to learn a mapping function
F : Rd → C that projects each continuous embedding xki

into a discrete codeword cki ∈ C, where C denotes the shared
space of discrete item tokens across all domains.

Overview of UniTok
We recall that recent item tokenization methods for LLM-
based recommendations focus merely on a single-domain
setting (Rajput et al. 2023; Wang et al. 2024; Zheng et al.
2024). Howerer, real-world systems recently operate across
multiple domains (Jiang et al. 2022; Ning et al. 2023), lead-
ing to repeated training and semantic inconsistency across
domains—an issue largely overlooked by prior studies.

To tackle challenges C1 and C2 in Section 1, UniTok
leverages a shared autoencoder to project items in the mix-
ture of domains into a unified latent space. To achieve effec-
tive tokenization across diverse domains, we present Token-
MoE with codebook-based identifiers, an MoE architecture
composed of domain-specific experts that capture special-
ized semantics and a shared expert that encodes generalized
knowledge. Additionally, we present an MI-based loss that
enforces consistent semantics across multiple domains by
regulating the informativeness of latent embeddings.

Architectural Details
As illustrated in Figure 2, our UniTok consists of four key
components: a shared autoencoder, TokenMoE, codebook-
based identifiers, and an MI calibration mechanism.

Shared autoencoder. Given semantic embeddings from
the mixture of domains, we first employ a shared autoen-
coder composed of an encoder fθ, to project items into a
unified latent space, and decoder gφ to reconstruct the se-
mantic embeddings (see the coral pink region in Figure 2).
This establishes a unified representation space across mul-
tiple domains, which captures common structural patterns
while retaining essential information for reconstruction.

Formally, for each input item xki ∈ Xk from domain Dk,
the encoder produces a latent embedding zki = fθ(x

k
i ), and
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the decoder reconstructs the input item as x̂ki = gφ(ẑ
k
i ),

where ẑki = TokenMoE
(
zki
)

(to be specified in Eq. (5)).
The model is optimized using the reconstruction loss:

LRec =
K∑
k=1

∑
xk
i ∈Xk

∥∥xki − x̂ki
∥∥2, (3)

where ‖·‖ denotes the L2 norm. This reconstruction loss
shapes the latent space into a compact and informative rep-
resentation that retains core semantics for item tokenization.

TokenMoE. Conventional tokenization models applied to
a unified item space often fail to capture domain-specific
nuances, as they treat diverse domains uniformly, poten-
tially leading to the loss of specialized semantic information.
To address this limitation, we present TokenMoE, a more
generalizable MoE architecture, which routes items to both
domain-specific experts and a shared expert. This design en-
ables domain-specific experts to learn specialized patterns,
while a shared expert with always-active routing facilitates
efficient knowledge transfer across multiple domains. Dis-
tinct from earlier approaches that utilize MoE within the
feedforward layers of transformers (Dai et al. 2024), our key
contribution lies in uniquely integrating MoE into the tok-
enization module to better enable domain-aware tokeniza-
tion. The TokenMoE module is illustrated in the light blue
region of Figure 2 (with one of the domain-specific expert
highlighted in purple and the shared expert in orange). This
design addresses C1 and partially mitigates C2.

Specifically, after encoding, the item latent embedding
zki passes through a router function G(·), which produces
a softmax distribution over K domain-specific experts:
G(zki )={G1,G2, . . . ,GK}, where each Gk is computed as

Gk =
exp(s

(k)
i )∑K

j=1 exp(s
(j)
i )

, si = h(zki ) ∈ RK , (4)

and h(·) is a learnable linear transformation in the router
producing the router logits si, and s(k)i denotes the logit cor-
responding to the k-th domain-specific expert. Here, K is
the total number of domain-specific experts, which is typi-
cally aligned with the number of domains.

The item is then routed to the top-N domain-specific ex-
perts1 based on the highest values of G(zki ), while it is also
deterministically assigned to a shared expert. Each expert,
including the shared one, is implemented as a codebook-
based identifier (to be specified later). The final ẑki is com-
puted as a weighted combination of the selected domain-
specific experts and the shared expert, which is formulated
as follows:

ẑki = TokenMoE
(
zki
)
=

K∑
k=1

GkEk(z
k
i ) + Eshare(z

k
i ),

Gk =

{
Gk, if k ∈ TopN (G(zki ))
0, otherwise ,

(5)
1N is typically set as either 1 or 2 to promote sparsity in ex-

pert activation, which significantly reduces computational over-
head while preserving model capacity (Lepikhin et al. 2021; Fedus,
Zoph, and Shazeer 2022).

where, Ek(·) denotes the k-th expert module, Eshare(·) de-
notes the shared expert module, and TopN

(
G
(
zki
))

=
{k1, k2, . . . , kN} is the set of indices corresponding to the
top-N experts selected by the router. Figure 2 shows an ex-
ample where the top-1 expert is selected.

TokenMoE routes each item to domain-specific experts
via its learned router, while a shared expert captures com-
mon knowledge through a deterministic path. To encourage
expert specialization, each expert is initialized with the mean
feature of a specific domain (Wang et al. 2024), providing a
strong inductive bias for domain-aware tokenization without
requiring explicit supervision. By activating only a subset of
experts per item, TokenMoE enhances scalability, maintains
domain specificity, and supports better generalization.

Codebook-based identifiers. We adopt RQ (Rajput et al.
2023) in each expert to discretize each item into compact
token sequences. Given an item latent embedding zki ∈ Rd
produced by the shared encoder, RQ approximates it through
a sequence of codebooks {C1, C2, . . . , CL}, where L is the
codebook size, and each codebook C` , {ct}Tt=1 contains
T code vectors. As shown in the bottom-left of Figure 2,
at each level `, the residual r(`) from the previous step is
encoded using the nearest code c` in C`. The sum of all se-
lected codes reconstructs the original latent embedding:

Ek(z
k
i ) ≈

∑L

`=1
c`, where c` ∈ C`. (6)

This hierarchical quantization enables fine-grained and
memory-efficient tokenization, as each item is tokenized by
a discrete codeword:

zki 7→ cki = (z1, . . . , zL, e1, ..., eN ), (7)

where z` ∈ {1, . . . , T} denotes the index of selected code
vector c` from the `-th codebook C` and en ∈ {1, . . . ,K}
indicates the expert ID of the n-th top-N expert chosen by
the router.

To train this quantization process, we adopt the RQ loss:

LRQ :=
∑L

`=1

∥∥∥sg[r(`)]− c`

∥∥∥2+α ∥∥∥r(`) − sg[c`]
∥∥∥2 , (8)

where r(`) is the residual vector at level `, c` is the selected
code vector from C`, sg[·] is the stop-gradient operator, and
α is a balancing hyperparameter. In Eq. (8), the first term
aligns the code vector to the target residual (codebook learn-
ing), and the second term forces the encoder and router to
commit to the selected quantized code vector.

MI calibration. As the shared encoder will project all
items into a unified latent embedding space, it is not straight-
forward for the model to precisely capture domain-specific
features due to semantic imbalance. This occurs when the
quality of learned latent embeddings varies significantly
across diverse domains—particularly between simple and
complex domains—causing semantically similar items to be
assigned inconsistent tokens (Ma et al. 2022).

As another key contribution aimed at mitigating this is-
sue, we introduce an MI mechanism to ensure that the la-
tent space retains sufficient information from each domain.
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Figure 3: The illustration of MI calibration.

Specifically, we adopt the Hilbert-Schmidt independence
criterion (HSIC) (Gretton et al. 2005; Li et al. 2021)2, serv-
ing as a proxy for the MI, with a higher HSIC value indi-
cates stronger dependence. As illustrated in Figure 3, for do-
main k, HSIC measures the dependence between the input
semantic embeddings Xk = {xk1 , . . . ,xk|Ik|} and their latent
embeddings Zk = {zk1 , . . . , zk|Ik|} in a reproducing kernel
Hilbert space (RKHS), computed as:

ĤSIC(Xk,Zk) =
1

(|Ik| − 1)2
Tr(UHVH), (9)

where U,V ∈ R|Ik|×|Ik| are Gaussian kernel matrices
computed over Xk and Zk, respectively3. The centering
matrix H = I − 1

|Ik|11
> ensures zero-mean embeddings

in RKHS; and Tr(UHVH) computes the Hilbert-Schmidt
norm of the cross-covariance between the two RKHSs. This
design addresses C2.

To enforce semantic balance across multiple domains (see
Figure 3), we characterize the MI calibration loss as:

LMI = Var
[
Î(k)

]
− βE

[
Î(k)

]
, (10)

where Î(k) = ĤSIC(Xk,Zk) and β is a weighting hyperpa-
rameter. The first term penalizes high variance of MI across
domains to mitigate semantic imbalance, while the sec-
ond term enforces each domain to retain sufficient domain-
specific information.

Optimization. We train the model using the overall loss:
Ltotal = LRec + λRQLRQ + λMILMI, (11)

where λRQ and λMI are hyper-parameters to control the
strength of RQ and MI, respectively.

To instantiate UniTok in LLM-based recommender sys-
tems, we first train UniTok on all items using Eq. (11).
The trained UniTok then tokenizes each item into discrete
semantic tokens, enabling LLMs to operate in the token
space. Following prior work (Wang et al. 2024), user inter-
action histories u are converted into item token sequences
u = [c̃1, c̃2, . . . , c̃P ], and the LLM-based recommender
system learns to predict the next interacted item token c̃P+1.

2Other methods, such as MINE (Belghazi et al. 2018) and In-
foNCE (Oord, Li, and Vinyals 2018), can also estimate MI using
neural networks, but require additional training. To maintain sim-
plicity, we adopt HSIC, which is non-parametric.

3The kernel matrices are computed element-wise using the
Gaussian kernel: Uij =u(xk

i ,x
k
j )= exp

(
−‖xk

i −xk
j ‖2/2σ2

)
and

Vij=v(z
k
i , z

k
j )=exp

(
−‖zki −zkj ‖2/2σ2

)
for the bandwidth σ.

Theoretical Analyses
In this subsection, we establish the following theorems,
which analyze and support the effectiveness of the key com-
ponents within UniTok.

Theorem 1. The token space induced by UniTok exhibits
strictly higher entropy than that of standard codebook-based
methods:

H(CUniTok) > H(Cstandard), (12)
where CUniTok and Cstandard denote the discrete token distri-
butions generated by UniTok and standard codebook-based
methods, respectively.

This indicates that judiciously incorporating multiple ex-
perts increases the overall entropy, thereby expanding the
token space capacity.

Theorem 2. Let E[LUniTok] and E[Lstandard] denote
the expected quantization error of UniTok and standard
codebook-based methods using a single shared codebook,
respectively. Then, the following inequality holds:

E[LUniTok] ≤ E[Lstandard]. (13)
This implies that a lower expected quantization error re-

flects more precise modeling of item tokenization. The To-
kenMoE framework further reduces this error by leverag-
ing expert specialization, which effectively compensates for
domain-specific inaccuracies to some extent, thereby im-
proving quantization quality across diverse domains.

Theorem 3. Suppose that the lossL(k) on the k-th domain
is Lipschitz-continuous with respect to the informativeness
of representations. Then, the performance variability across
domains is upper-bounded by the variance of MI:

|L(i) − L(j)| ≤ C
√

Var
[
Î(k)

]
, ∀i, j (14)

where Var
[
Î(k)

]
is the variance of MI estimates across do-

mains and C is a constant.
This implies that reducing MI variance across domains

promotes consistent semantic representations, leading to
more stable and reliable downstream performance.

We empirically validate each theorem’s technical correct-
ness and practical relevance through extensive experiments.

Experimental Evaluation
In this section, we carry out comprehensive experiments to
empirically validate the effectiveness of UniTok across mul-
tiple domains.

Experimental Settings
Datasets. We conduct our experiments on ten real-world
datasets spanning ten domains widely adopted for evalu-
ating the performance of recommendations, which include
Beauty, Cellphones, Grocery, Instruments, Office, Pet Sup-
plies, Tools, Toys, Games4, and Yelp5. Each item contains
metadata, including title, category, and features. Due to page
limitations, we report complete results across all datasets to
assess overall performance, while employing three represen-
tative datasets for the efficiency and ablation analyses.

4https://nijianmo.github.io/amazon/index.html.
5https://www.yelp.com/dataset.
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Method Beauty Cellphones Grocery Instruments Office Pet Supplies Tools Toys Games Yelp

MF 0.0369 0.0267 0.0216 0.0710 0.0255 0.0268 0.0169 0.0192 0.0366 0.0144
LightGCN 0.0285 0.0456 0.0357 0.0781 0.0301 0.0289 0.0257 0.0287 0.0417 0.0195

SASRec 0.0314 0.0446 0.0376 0.0609 0.0285 0.0301 0.0234 0.0239 0.0412 0.0183
Bert4Rec 0.0194 0.0268 0.0237 0.0573 0.0274 0.0161 0.0092 0.0177 0.0379 0.0131

P5-TID 0.0255 0.0357 0.0316 0.0721 0.0239 0.0243 0.0198 0.0202 0.0388 0.0154
P5-SemID 0.0304 0.0406 0.0351 0.0730 0.0283 0.0282 0.0237 0.0231 0.0432 0.0188

TIGER 0.0324 0.0446 0.0375 0.0788 0.0295 0.0279 0.0284 0.0268 0.0427 0.0208
LC-Rec 0.0381 0.0458 0.0369 0.0802 0.0311 0.0335 0.0307 0.0279 0.0451 0.0215

LETTER 0.0364 0.0473 0.0392 0.0831 0.0326 0.0307 0.0298 0.0291 0.0469 0.0231
UniTok 0.0478 0.0647 0.0533 0.0884 0.0432 0.0496 0.0439 0.0442 0.0476 0.0321

Gain 25.46% 36.78% 35.97% 6.38% 32.52% 48.06% 42.99% 51.89% 1.49% 38.96%

Table 1: Performance comparison among UniTok and recommendation competitors for the ten benchmark datasets in terms of
NDCG@10. Here, the best and second-best performers are highlighted by bold and underline, respectively. The improvements
are statistically significant on average (p = 0.0219 < 0.05) based on paired t-tests over five runs across all datasets.

Competitors. To comprehensively demonstrate the supe-
riority of UniTok, we present nine benchmark recommenda-
tion methods, including four widely-used collaborative fil-
tering methods, MF (Rendle et al. 2009), SASRec (Kang and
McAuley 2018), LightGCN (He et al. 2020), Bert4Rec (Sun
et al. 2019), and five item tokenization-aided recommenda-
tions, P5-TID (Hua et al. 2023), P5-SemID (Hua et al. 2023),
TIGER (Rajput et al. 2023), LC-Rec (Zheng et al. 2024), and
LETTER (Wang et al. 2024).

Performance metrics. Following the full-ranking proto-
col (He et al. 2020), we rank all non-interacted items
for each user and evaluate using Recall@M (R@M ) and
NDCG@M (N@M ), where M ∈ {5, 10}.

Implementation details. For item tokenization, we use
4-level codebook-based identifiers, where each codebook
comprises 256 code vectors with a dimension of 32. We set
λRQ to 1 and λMI to 0.03. All experiments are conducted on
two NVIDIA RTX 3090 GPUs.

Can One Tokenizer Serve All Domains?
To evaluate the recommendation accuracy of UniTok, we
compare it with benchmark item tokenization methods
across ten benchmark datasets from diverse domains. No-
tably, distinct from benchmark methods that train separate
tokenizers for each dataset, UniTok trains a single unified
model that handles all ten datasets jointly. As shown in Ta-
ble 1, UniTok consistently outperforms competitors across
all datasets, validating the effectiveness of our unified to-
kenization framework, achieving up to 51.89% improve-
ment in terms of NDCG@10 on the Tools dataset. Unlike
other approaches that require domain-specific customiza-
tion, UniTok effectively captures item semantics across di-
verse domains through a single, shared tokenization pro-
cess—highlighting the strength and generality of our pro-
posed design.

We observe that item tokenization-aided LLM-based rec-
ommender systems, including TIGER, LC-Rec, LETTER,
and UniTok, are superior to standard collaborative filtering
methods such as MF, LightGCN, SASRec, and Bert4Rec.

Module Codebook-based methods UniTok

Codebook 0.33M 0.36M
Autoencoder 87.45M 8.75M
Router – 0.01M
Total 87.78M 9.11M

Table 2: Comparison of the number of trainable parameters.
For competitors, we report the total number of trainable pa-
rameters accumulated across all ten datasets.

This improvement benefits from the rich semantic under-
standing and reasoning capabilities inherent in LLMs, which
go beyond conventional user–item interactions. Moreover,
integrating carefully designed item tokenization into LLM-
based recommender systems yields additional performance
gains compared to LLMs that solely on item metadata for
tokenization (e.g., P5-TID and P5-SemID). This is because
item tokenization serves as a critical bridge between the
item space and the language space, allowing the underly-
ing model to represent items in a discrete, language-aligned
semantic space that enhances generalization and reasoning.

Is UniTok More Efficient than Traditional
Tokenizers?
To validate the efficiency of UniTok, we compare the total
number of trainable parameters between UniTok and tradi-
tional codebook-based competitors, including TIGER, LC-
Rec, and LETTER, which share the same underlying archi-
tecture. While these competitors require training and storing
separate tokenization models for each dataset, UniTok em-
ploys a single unified model shared across all datasets. For
a fair comparison, we report the cumulative trainable pa-
rameter count of the codebook-based competitors over all
datasets. As shown in Table 2, UniTok achieves approx-
imately a tenfold reduction in the total number of train-
able parameters. This efficiency comes primarily from us-
ing the shared autoencoder, while the number of additional
trainable parameters introduced by the codebook and Token-
MoE router remains negligible. By eliminating the need for
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Beauty Cellphones Grocery

Method R@10 N@10 R@10 N@10 R@10 N@10

TIGER 0.0499 0.0267 0.0661 0.0342 0.0576 0.0273
LC-Rec 0.0564 0.0302 0.0647 0.0337 0.0584 0.0287

LETTER 0.0528 0.0288 0.0678 0.0363 0.0618 0.0315
UniTok 0.0934 0.0478 0.1251 0.0647 0.1061 0.0533

Gain 65.60% 58.28% 84.51% 78.23% 71.68% 69.21%

Table 3: Performance comparison of UniTok and tokeniza-
tion competitors under a single unified training setup. Here,
the best and second-best performers are highlighted by bold
and underline, respectively.

domain-specific tokenization learning, UniTok offers sub-
stantial advantages in scalability and deployment efficiency.

We further evaluate the performance of competitors un-
der a single unified training setup, where each competi-
tor is trained jointly across ten datasets using a compara-
ble number of trainable parameters to that of UniTok. As
shown in Table 3, the competing methods exhibit substan-
tial performance degradation in this setting compared to
their single-domain scenario (see Table 1), primarily due
to the difficulty of distinguishing items from different do-
mains when using shared tokenization. In contrast, Uni-
Tok maintains consistently superior recommendation perfor-
mance, achieving up to 84.51% improvement in Recall@10
on Cellphones, while using a similar trainable parameter
budget. This efficiency stems from its modular TokenMoE
architecture, where domain-specific experts learn semantics
independently, while sharing a unified token space.

Can UniTok be Generalized to Unseen Domains?
To evaluate the generalization ability of UniTok, we adopt a
zero-shot setting where our item tokenizer model, UniTok, is
trained once on the ten source datasets and is directly tested
on unseen datasets from three target domains—Clothing,
Health, and Sports—without any additional training or fine-
tuning. This setup reflects real-world scenarios where new
domains may appear dynamically after the model has been
deployed.

As shown in Table 4, UniTok significantly outperforms
existing item tokenization-based recommender systems,
achieving up to 17.87% improvement in NDCG@10 on
Health. While the competitors require retraining on each
new dataset to achieve reasonable tokenization results, Uni-
Tok maintains robust accuracy without any further adapta-
tion. This demonstrates our model’s ability to learn a dis-
crete token space that captures transferable item semantics
across diverse domains. The consistently strong zero-shot
performance further highlights the robustness and practical
utility of our unified tokenization framework in supporting
effective generalization across heterogeneous domains.

What Makes UniTok Effective?
To assess the contribution of each component in UniTok,
we perform an ablation study by progressively removing

Clothing Health Sports

Method R@10 N@10 R@10 N@10 R@10 N@10

TIGER 0.0501 0.0242 0.0677 0.0342 0.0469 0.0228
LC-Rec 0.0527 0.0266 0.0694 0.0358 0.0494 0.0246

LETTER 0.0515 0.0257 0.0717 0.0375 0.0510 0.0265
UniTok 0.0592 0.0288 0.0835 0.0442 0.0591 0.0298

Gain 12.33% 8.27% 16.46% 17.87% 15.88% 12.45%

Table 4: Performance comparison among UniTok and rec-
ommendation competitors for the three unseen datasets.
Here, the best and second-best performers are highlighted
by bold and underline, respectively.

Beauty Cellphones Grocery

Method R@10 N@10 R@10 N@10 R@10 N@10

UniTok-1 0.0558 0.0304 0.0702 0.0371 0.0633 0.0342
UniTok-2 0.0896 0.0436 0.1194 0.0606 0.0989 0.0497
UniTok-3 0.0915 0.0457 0.1225 0.0622 0.1044 0.0515
UniTok 0.0934 0.0478 0.1251 0.0647 0.1061 0.0533

Table 5: Ablation study results on the Beauty, Cellphones,
and Grocery datasets.

or modifying its core modules: the TokenMoE module, the
shared expert, and the MI calibration part. UniTok-1 re-
moves the TokenMoE and MI calibration, using only a sin-
gle set of codebooks without any MoE structure; UniTok-
2 keeps TokenMoE, but removes the shared expert and
MI calibration; and UniTok-3 only removes the MI cali-
bration. UniTok includes all components. As shown in Ta-
ble 5, removing any module leads to a noticeable drop in
recommendation accuracy, which confirms that the combi-
nation of modules is crucial to UniTok’s effectiveness. In
particular, comparing UniTok-1 and UniTok-2 highlights
the importance of the TokenMoE module, which signifi-
cantly improves performance across all datasets by captur-
ing domain-specific semantics. Additionally, in comparison
with UniTok-3, introducing MI calibration further enhances
performance by enforcing the learned latent embeddings to
retain essential semantic information from each domain.

Conclusions and Outlook

We explored an open yet fundamental challenge in multi-
domain LLM-based recommendations by building a uni-
fied item tokenization framework. To this end, we proposed
UniTok, which integrates a customized MoE architecture
with codebooks to generate semantically meaningful to-
kens across diverse domains. Experiments on wide-ranging
datasets showed that UniTok (a) achieves up to 51.89% gains
in NDCG@10, (b) reduces trainable parameters by 9.63×,
and (c) is theoretically validated with respect to the effec-
tiveness of its individual components. Future work includes
extending UniTok into a general-purpose tokenization inter-
face for foundation models in recommendation.
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