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Abstract
Generative recommendation represents items
as semantic identifiers (SIDs), i.e., sequences of
discrete tokens, and typically predicts the next
item autoregressively. Despite their strong per-
formance, such methods suffer from two lim-
itations: (1) unidirectional constraints, where
causal attention enforces left-to-right dependen-
cies and limits global semantic modeling; and
(2) error accumulation, where early mistakes
propagate to subsequent tokens and hurt recom-
mendation accuracy. To address these issues,
we propose LLaDA-Rec, a discrete diffusion
framework that reformulates next-item recom-
mendation as parallel SID generation. By com-
bining bidirectional attention with an adaptive
generation order, LLaDA-Rec captures richer
inter-item and intra-item dependencies while
reducing error accumulation. Our framework
includes three key components: (1) a parallel to-
kenization mechanism for diffusion-compatible
SIDs; (2) masking strategies at both the user-
history and next-item levels; and (3) an adapted
beam search algorithm for adaptive-order dis-
crete diffusion decoding. Experiments on three
public datasets show that LLaDA-Rec consis-
tently outperforms both conventional ID-based
recommenders and strong generative baselines,
highlighting discrete diffusion as a promis-
ing paradigm for generative recommendation.
Codes are available at https://github.com/
TengShi-RUC/LLaDA-Rec.

1 Introduction

Recent advances in generative language mod-
els (Achiam et al., 2023; Zhao et al., 2023; Liu
et al., 2024) have inspired growing interest in ap-
plying the generative paradigm to recommenda-
tion (Rajput et al., 2023; Zheng et al., 2024; Hou
et al., 2025; Zhou et al., 2025). Unlike traditional
discriminative recommenders (Kang and McAuley,
2018; Sun et al., 2019; Zhou et al., 2022), genera-
tive recommendation formulates recommendation
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as a sequence-to-sequence task, generating the next
target item autoregressively.

Generative recommendation typically consists
of two components: item tokenization and autore-
gressive generation. In tokenization, each item is
mapped to a semantic ID (SID), a sequence of dis-
crete tokens, using methods such as hierarchical
clustering (Si et al., 2024) or vector quantization
(e.g., RQ-VAE (Rajput et al., 2023; Zheng et al.,
2024)). The tokenized user history is then fed into
a generative model, which predicts the next item’s
tokens autoregressively.

Despite their effectiveness, existing methods still
have two key limitations: (1) Unidirectional Con-
straint. Most approaches use autoregressive ar-
chitectures that generate item tokens left to right,
limiting their ability to capture global relationships
among all tokens defining an item (Gu et al., 2022)
and thus reducing semantic coherence. (2) Error
Accumulation. During inference, each token is
generated based on previously sampled tokens, un-
like training with teacher forcing (Raffel et al.,
2020). As a result, early errors cannot be cor-
rected and may propagate to subsequent tokens,
amplifying their impact (Lin et al., 2025). Figure 1
illustrates these issues.

To address these limitations, we explore a new
generative recommendation framework based on
discrete diffusion (Li et al., 2025a; Nie et al., 2025;
Zhu et al., 2025). During training, the model ap-
plies a forward token-masking process and a re-
verse denoising reconstruction objective, with a
bidirectional Transformer predicting masked to-
kens. This design offers two main advantages:
(1) Bidirectional Understanding, which improves
contextual modeling and captures global relation-
ships among tokens; and (2) Adaptive Generation
Order, where all tokens are predicted in parallel
and low-confidence ones are iteratively re-masked
and refined, prioritizing higher-confidence (i.e., eas-
ier) tokens and mitigating error accumulation.

14152

https://github.com/TengShi-RUC/LLaDA-Rec
https://github.com/TengShi-RUC/LLaDA-Rec


a_1 b_3 c_5 d_2 Semantic ID of Next Item

a_3 b_7 c_6 d_7BOS

MASK

MASK

MASK

MASK

a_3

b_3

c_5

d_6

Remask

b_3

c_5

MASK

MASK

a_1

b_3

c_5

d_4

…

a_1

b_3

c_5

d_2

Repredict

Autoregressive Model: 

The error of the first token propagates to all subsequent tokens.

Discrete Diffusion:

The model re-masks and re-predicts low-confidence error tokens.

Figure 1: Illustration of the advantages of discrete dif-
fusion over autoregressive generation. Autoregressive
models propagate early token errors to later positions,
whereas discrete diffusion predicts masked tokens in
parallel and iteratively re-masks low-confidence tokens,
yielding more accurate results.

Overall, discrete diffusion provides a compelling
solution to the limitations of prior generative rec-
ommendation methods. Although diffusion mod-
els inherently assume fixed-length generation (Nie
et al., 2025), this aligns naturally with recommen-
dation, where each item is represented by a fixed
number of semantic IDs, making diffusion particu-
larly well suited to this setting.

However, applying discrete diffusion to gener-
ative recommendation still presents several chal-
lenges: (1) Mismatch between Residual Quan-
tization (RQ) and Discrete Diffusion. Since dis-
crete diffusion relies on a bidirectional Transformer
where all tokens are equally important, it requires
parallel tokenization schemes rather than hierar-
chical ones such as RQ-VAE. (2) Beam Search
is Not Directly Applicable to Discrete Diffusion.
Unlike standard discrete diffusion models that rely
on probabilistic sampling, recommendation tasks
require generating the top-k outputs. Beam search,
widely used in autoregressive top-k generation (Ra-
jput et al., 2023; Zheng et al., 2024), is designed
for fixed left-to-right decoding and thus cannot be
directly applied to discrete diffusion with adaptive
generation order, requiring specialized decoding
strategies. (3) Differences between Language
Modeling and Recommendation. Original dis-
crete diffusion models are primarily developed for
language modeling and must be adapted to cap-
ture intra-item semantics and inter-item sequential
relations in user histories for recommendation.

To address these challenges, we propose
LLaDA-Rec, a bidirectional generative recommen-
dation method based on discrete diffusion. Our ap-

proach consists of three main modules: (1) Parallel
Tokenization. We design Multi-Head VQ-VAE,
which encodes each item embedding, splits it into
several sub-vectors, and queries them against sep-
arate codebooks to produce parallel semantic IDs.
(2) Discrete Diffusion Training. We employ two
masking mechanisms: user-history level masking
to model inter-item sequential relationships, and
next-item level masking, with the history fixed, to
capture intra-item semantics and semantic relation-
ships among tokens within an item. (3) Discrete
Diffusion Inference. We adapt beam search to
the diffusion setting by selecting the position with
the highest model confidence at each step and then
performing beam expansion at that position. Re-
peating this process yields the final top-k items.

Our main contributions are as follows:
(1) We analyze the limitations of existing genera-
tive recommendation models, focusing on unidirec-
tional constraints and error accumulation.
(2) We propose LLaDA-Rec, a generative recom-
mender based on discrete diffusion, which intro-
duces parallel semantic IDs and develops training
and inference methods tailored to recommendation.
(3) Experiments on three datasets demonstrate the
effectiveness of LLaDA-Rec, which consistently
outperforms both item ID-based methods and se-
mantic ID-based generative recommendation mod-
els, and establishes discrete diffusion as a promis-
ing new paradigm for generative recommendation.

2 Related Work

Generative Recommendation. Inspired by the
success of large language models (LLMs) (Zhao
et al., 2023), generative recommendation has re-
ceived increasing attention (Zhai et al., 2024;
Liu et al., 2025a; Hua et al., 2023; Zhou et al.,
2025). In this paradigm, each item is represented
as a sequence of discrete tokens, called seman-
tic IDs (SIDs), and a generative model predicts
the target item’s SIDs from a user’s interaction
history. Generative recommendation typically in-
volves two stages: item tokenization and autore-
gressive generation. Existing tokenization methods
mainly include clustering-based approaches, such
as SEATER (Si et al., 2024) and EAGER (Wang
et al., 2024b), and vector-quantization approaches,
including residual quantization methods such as
TIGER (Rajput et al., 2023), LETTER (Wang
et al., 2024a), LC-Rec (Zheng et al., 2024), and
OneRec (Deng et al., 2025; Zhou et al., 2025),
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as well as product quantization methods such as
RPG (Hou et al., 2025). However, most exist-
ing methods combine autoregressive generation
with hierarchical quantization, resulting in unidi-
rectional constraints and error accumulation. To
address this, we propose parallel semantic IDs and
adopt discrete diffusion for generation.

Discrete Diffusion. Discrete diffusion models (Li
et al., 2025a; Gu et al., 2022; Ou et al.; Zhu et al.,
2025; Nie et al.) have recently emerged as a promis-
ing language modeling architecture. Built on a
bidirectional Transformer, they are trained with a
forward token-masking process and a reverse de-
noising objective, enabling stronger bidirectional
context modeling. During inference, tokens are
generated in parallel, while low-confidence tokens
are iteratively re-masked and refined, yielding an
adaptive generation order. Recent work, such as
LLaDA (Nie et al., 2025), LLaDA-V (You et al.,
2025), MMaDA (Yang et al., 2025), and LLaDA
1.5 (Zhu et al., 2025), has demonstrated the poten-
tial of this paradigm. In this work, we build on
discrete diffusion to exploit its strengths in bidirec-
tional modeling and adaptive generation for gener-
ative recommendation.

3 Preliminaries and Background

This section presents the problem formulation and
the probability distribution of discrete diffusion.

3.1 Problem Formulation

Let U and I denote the sets of users and items.
Each user u ∈ U has a chronological interaction
history H = {i1, i2, . . . , in−1}, where ij is the j-
th interacted item. The goal is to predict the next
item in for user u.

In generative recommendation, each item is rep-
resented as a sequence of discrete tokens, called
semantic IDs (SIDs). The SID of item i is denoted
by si = [ci,1, ci,2, . . . , ci,M ], where M is the SID
length and ci,j is the j-th token. Accordingly, a
user’s interaction history can be flattened into the
token sequence:

SH = [c1,1, . . . , c1,M , c2,1, . . . , c2,M , . . . ,

cn−1,1, . . . , cn−1,M ].
(1)

The next-item prediction task is then formulated
as maximizing the conditional probability:

θ∗ = argmax
θ

Pθ(sn | SH), (2)

where θ denotes the model parameters and θ∗

the optimum.

3.2 Discrete Diffusion Modeling

Discrete diffusion generates the next item through
a reverse process, where a mask predictor gradu-
ally predicts the M tokens of the next item from
a fully masked sequence of M [MASK] tokens. At
each step, the model predicts all masked positions
in parallel, fixes the most confident predictions,
and re-masks the remaining positions for further
refinement. Formally:

Pθ(sn | SH) =
T∏

t=1

∏

1≤m≤M
ctn,m=[MASK]

Pθ(cn,m | stn,SH),

(3)

where T is the number of generation steps, stn is
the input at step t, and the initial state s1n contains
only [MASK] tokens. Here, ctn,m denotes the m-th
token of stn. At each step, stn is concatenated with
SH and fed into the mask predictor, implemented
as a bidirectional Transformer encoder.

Eq. (3) generates tokens in T steps, typically
with T ≤ M . At each step, the mask predictor
predicts all masked tokens in parallel, keeps the
top-MT most confident ones, and re-masks the rest.
This provides parallel prediction, adaptive gener-
ation order, and controllable generation steps. A
detailed comparison with autoregressive modeling
is provided in App. A.

4 Our Approach: LLaDA-Rec

This section introduces our framework, LLaDA-
Rec, shown in Fig. 2. It consists of three mod-
ules: (1) Parallel Tokenization (§ 4.1), which uses
Multi-Head VQ-VAE to generate parallel seman-
tic IDs; (2) Discrete Diffusion Training (§ 4.2),
which employs user-history level and next-item
level masking; and (3) Discrete Diffusion Infer-
ence (§ 4.3), which adapts beam search to generate
the top-k recommended items.

4.1 Parallel Tokenization

To align with autoregressive generation, existing
generative recommendation models typically use
hierarchical quantization methods such as RQ-
VAE (Rajput et al., 2023; Wang et al., 2024a; Zheng
et al., 2024) or RQ-Kmeans (Deng et al., 2025;
Zhou et al., 2025), where earlier tokens play a more
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Figure 2: Overall framework of LLaDA-Rec, which consists of three modules: (1) Parallel Tokenization, where
Multi-Head VQ-VAE produces parallel semantic IDs; (2) Discrete Diffusion Training, which uses user-history
level and next-item level masking; and (3) Discrete Diffusion Inference, which adapts beam search for top-
k recommendation.

dominant role because subsequent tokens depend
on them. In contrast, the bidirectional Transformer
used in discrete diffusion allows full interaction
among all tokens, making them equally impor-
tant in representation and generation. To better
match this property, we propose Multi-Head VQ-
VAE, which removes hierarchical dependencies
and treats all tokens equally.

Specifically, we first encode the textual informa-
tion of item i (e.g., title and description) using a pre-
trained embedding model such as Sentence-T5 (Ni
et al., 2021), obtaining its semantic representation
vi ∈ RD. We then project vi into a latent space for
quantization, zi = Encoder(vi), where zi ∈ Rd

and Encoder(·) is an MLP. Next, we split zi into
M sub-vectors:

zi = [zi,1; zi,2; . . . ; zi,M ], (4)

where zi,m ∈ Rd/M and each sub-vector is inde-
pendently quantized.

We maintain M codebooks, where the m-th
codebook is Cm = {em,k}Kk=1, with K code em-
beddings em,k ∈ Rd/M . The quantization of the
m-th sub-vector is defined as:

ci,m = argmin
k
∥zi,m − em,k∥22, em,k ∈ Cm,

(5)
where ci,m is the selected code from the m-th code-
book.

After quantizing all M sub-vectors, we obtain
the SID of item i as si = [ci,1, ci,2, . . . , ci,M ],
along with the corresponding code embeddings
{eci,1 , eci,2 , . . . , eci,M }. By concatenating these
embeddings, we form the quantized representation
ẑi = [ec1 ; ec2 ; . . . ; ecM ], which is then fed into a

decoder to reconstruct the original semantic vector
vi, i.e., v̂i = Decoder(ẑi), where Decoder(·) is
an MLP.

The VQ-VAE loss includes a reconstruction term
LRecon and a quantization term LVQ:

LRecon = ∥vi − v̂i∥22,

LVQ =
M∑

m=1

(
∥sg[zi,m]− eci,m∥22

+ α∥zi,m − sg[eci,m ]∥22
)
,

LVQ-VAE = LRecon + LVQ,

(6)

where sg[·] is the stop-gradient operator and α is
a hyper-parameter. Here, LRecon reconstructs the
original semantic vector, while LVQ aligns each
sub-vector with its corresponding code embedding.

4.2 Discrete Diffusion Training
Original discrete diffusion models are designed for
language tasks (Nie et al., 2025) and do not natu-
rally capture the semantic IDs used in recommen-
dation. To bridge this gap, we design two mask-
ing mechanisms: (1) User-History level masking
to model inter-item sequential dependencies, and
(2) Next-Item level masking to learn intra-item to-
ken relationships for next-item generation.

4.2.1 Discrete Diffusion Process
The discrete diffusion model consists of two stages:
the forward process and the reverse process.
In the forward process, tokens are progressively
masked. When the masking ratio is r = 1, all to-
kens are replaced by [MASK]; for r ∈ (0, 1), each
token is independently masked with probability r.
In the reverse process, as r decreases from 1 to
0, the model gradually reconstructs the original
sequence from the fully masked state.
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Based on this framework, we design two mask-
ing strategies, user-history level masking and next-
item level masking, to capture both inter-item and
intra-item dependencies.

4.2.2 User-History Level Masking
We first apply discrete diffusion masking to the
user history token sequence SH to help the mask
predictor capture global dependencies among all
tokens in the interaction history.

At each diffusion step r ∈ (0, 1), each token
in SH is independently masked with probability
r. The resulting sequence, denoted by SrH, is fed
into the mask predictor to reconstruct the masked
tokens. The training loss is:

LHis-Mask = −Er,SH,Sr
H

[
1

r

∑

i:Sr
H,i

=[MASK]

log Pθ(SH,i | Sr
H)

]
.

(7)

4.2.3 Next-Item Level Masking
We then apply discrete diffusion masking to the
next-item token sequence while keeping the user
history SH fully visible. The M tokens of the
next item are progressively masked across diffu-
sion steps, enabling the mask predictor to capture
semantic relationships among tokens within the
same item conditioned on the user history.

At each step r ∈ (0, 1), each token in the next-
item sequence sn is independently masked with
probability r. The resulting sequence, denoted by
srn, is concatenated with the history SH and fed
into the mask predictor to reconstruct the masked
tokens. The training objective is:

LItem-Mask = −Er,sn,srn

[
1

r

∑

i: crn,i=[MASK]

log Pθ(cn,i | srn,SH)

]
.

(8)
The loss in Eq. (8) is an upper bound on the neg-

ative log-likelihood of the conditional distribution
in Eq. (2), as shown in prior work (Shi et al., 2024;
Ou et al.):

−E[log Pθ (sn | SH)] ≤ LItem-Mask. (9)

Therefore, minimizing Eq. (8) amounts to maxi-
mizing the conditional probability in Eq. (2), which
justifies the loss design.

4.2.4 Joint Training
To jointly optimize both objectives, we train the
mask predictor with Eq. (7) and Eq. (8). This al-
lows the model to capture token dependencies in
the user history while predicting the next item con-
ditioned on historical context. The overall loss is:

LTotal = LItem-Mask + λHis-MaskLHis-Mask + λReg∥θ∥22,
(10)

where λHis-Mask balances the two masking losses,
and λReg controls the strength of L2 regularization.

4.3 Discrete Diffusion Inference

After training the discrete diffusion model, our goal
is to generate the top-k recommended items. This
is challenging for two reasons: (1) original discrete
diffusion models generate outputs by sampling (Nie
et al., 2025), but greedy top-1 sampling cannot pro-
duce top-k results; and (2) standard beam search
in generative recommendation (Rajput et al., 2023;
Zheng et al., 2024) assumes a fixed left-to-right
order, whereas discrete diffusion uses an adaptive
generation order. To address this, we adapt beam
search to discrete diffusion for top-k recommen-
dation. This section presents the proposed infer-
ence method.

4.3.1 Initialization

As shown in Eq. (3), generation proceeds in T
discrete steps. Let PGt denote the set of positions
already generated at step t ∈ {1, . . . , T}. Initially,
PG1 = ∅, and the next-item token sequence is
initialized as s1n = {[MASK], . . . , [MASK]} with M
[MASK] tokens.

Given stn and the user history SH at step t, the
mask predictor outputs a distribution over the vo-
cabulary for each masked position:

Pt,m
θ (w | stn,SH) ∈ [0, 1],

m ∈ {1, . . . ,M} \ PGt, w ∈ {1, . . . , |W|}, (11)

where W is the vocabulary, m indexes masked
positions, and w indexes candidate tokens.

4.3.2 Generation Position Selection
Unlike left-to-right autoregressive generation, dis-
crete diffusion predicts all [MASK] positions in par-
allel at each step. To generate tokens iteratively,
we first select the positions to fill at step t. Since
M tokens are generated over T steps, we choose
the top-MT unfilled positions with the highest maxi-
mum token probabilities:

Mt = top -
M

T
m∈{1,...,M}\PGt

(
max

w∈{1,...,|W|}
Pt,m

θ (w | stn,SH)

)
,

PGt+1 = PGt ∪Mt.
(12)

Here,Mt is the set of selected positions at step
t, and PGt+1 is updated accordingly.

4.3.3 Beam Search for Discrete Diffusion
We perform beam search over the selected positions
inMt. Let Bt denote the beam set at step t, and
initialize Bt,0 ← Bt before processing positions
inMt. DenoteMt = {m1,m2, . . . ,m|Mt|}. For
each mi, we expand the current beams with the
top-B candidate tokens and then prune back to the
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Table 1: Comparison of different generative recommen-
dation methods.

Methods
Attention

Mechanism
Generation

Order
Controllable

Generation Step

TIGER (Rajput et al., 2023) Causal Left2Right %

LETTER (Wang et al., 2024a) Causal Left2Right %

LC-Rec (Zheng et al., 2024) Causal Left2Right %

RPG (Hou et al., 2025) Causal Parallel %

LLaDA-Rec (Ours) Bidirectional Adaptive "

top-B beams:

Bt,i ← Bt,i−1 ∪ top -B
w∈{1,...,|W|}

(
Pt,mi

θ (w | stn,SH)
)
,

Bt,i ← top -B
b∈Bt,i

(
Pt

θ(b | stn,SH)
)
, Bt+1 ← Bt,|Mt|.

(13)

Here, B is the beam size, and Pt
θ(·) denotes the

joint probability of beam b at step t. After expan-
sion, the tokens at positions inMt are updated to
form st+1

n .

4.3.4 Iterative Generation
In each iteration,Mt is selected by Eq. (12), while
all unselected positions are remasked so that the
mask predictor can re-evaluate them under the par-
tially generated sequence. Position selection and
beam search are repeated until all positions are
filled. Finally, the generated sequences are ranked
by their overall probabilities, and the top-k se-
quences are returned as recommendations.

This iterative procedure allows the discrete dif-
fusion model to dynamically refine unselected po-
sitions, producing high-quality top-k results with
greater flexibility than strict left-to-right autoregres-
sive generation.

4.4 Discussion

Table 1 summarizes the key differences between
LLaDA-Rec and representative generative recom-
menders. Existing autoregressive methods, such
as TIGER, LETTER, and LC-Rec, use causal at-
tention and a fixed left-to-right order, which may
lead to error accumulation. RPG supports parallel
generation, but it remains a one-shot process with-
out iterative refinement. In contrast, LLaDA-Rec
uses bidirectional attention, an adaptive generation
order, and controllable generation steps, offering
greater flexibility and better alignment with recom-
mendation objectives. These advantages contribute
to stronger performance.

Detailed discussions on continuous vs. discrete
diffusion and comparisons with autoregressive
models are provided in App. B.

Table 2: Statistics of the used datasets. “Avg.len” in-
dicates the average number of interactions within each
input sequence.

Dataset #Users #Items #Interaction Sparsity Avg.len

Scientific 50,985 25,848 412,947 99.969% 8.10
Instrument 57,439 24,587 511,836 99.964% 8.91

Game 94,762 25,612 814,586 99.966% 8.60

5 Experiments

We performed comprehensive experiments to as-
sess the effectiveness of LLaDA-Rec.

5.1 Experimental Setup

5.1.1 Dataset
We evaluate our method on three categories from
the Amazon 2023 Review dataset (Hou et al., 2024):
“Industrial Scientific” (Scientific), “Musical Instru-
ments” (Instrument), and “Video Games” (Game).
Following prior work (Rajput et al., 2023; Hou
et al., 2023; Kang and McAuley, 2018), we use
chronological user interaction sequences and the
leave-one-out protocol. Dataset statistics are sum-
marized in Tab. 2, and additional details are pro-
vided in App. C.1.

5.1.2 Baselines
We compare LLaDA-Rec with two groups of base-
lines.
Item ID-based: GRU4Rec (Hidasi et al.,
2016), SASRec (Kang and McAuley, 2018),
BERT4Rec (Sun et al., 2019), FMLP-Rec (Zhou
et al., 2022), LRURec (Yue et al., 2024), Dream-
Rec (Yang et al., 2023b), and DiffuRec (Li et al.,
2023).
Semantic ID-based: VQ-Rec (Hou et al., 2023),
TIGER (Rajput et al., 2023), TIGER-SAS (Rajput
et al., 2023), LETTER (Wang et al., 2024a), Dif-
fGRM (Liu et al., 2025b), LC-Rec (Zheng et al.,
2024), and RPG (Hou et al., 2025).

Detailed descriptions are provided in App. C.2.

5.1.3 Evaluation and Implementation
Following prior studies (Rajput et al., 2023; Zheng
et al., 2024), we report top-k Recall and NDCG for
k ∈ {1, 5, 10}, omitting NDCG@1 since it is iden-
tical to Recall@1. Evaluation and implementation
details are provided in App. C.3 and App. C.4.

5.2 Overall Performance

Table 3 summarizes the results of all methods on
the three datasets. We can find that:
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Table 3: Recommendation performance of different methods on the three datasets. R@k and N@k denote Recall@k
and NDCG@k, respectively. The best and second-best results are marked in bold and underlined, respectively.
Improvements over the second-best methods are statistically significant (paired t-test, p < 0.05).

Datasets Metric Item ID-based Semantic ID-based

GRU4Rec SASRec BERT4Rec FMLP-Rec LRURec DreamRec DiffuRec VQ-Rec TIGER TIGER-SAS LETTER DiffGRM LC-Rec RPG LLaDA-Rec

Scientific

R@1 0.0071 0.0063 0.0045 0.0046 0.0049 0.0052 0.0050 0.0076 0.0084 0.0067 0.0082 0.0082 0.0091 0.0087 0.0098
R@5 0.0184 0.0240 0.0157 0.0181 0.0169 0.0184 0.0190 0.0248 0.0282 0.0221 0.0273 0.0264 0.0280 0.0257 0.0310
R@10 0.0272 0.0379 0.0264 0.0300 0.0267 0.0299 0.0310 0.0385 0.0446 0.0356 0.0423 0.0406 0.0434 0.0395 0.0474
N@5 0.0128 0.0152 0.0100 0.0113 0.0110 0.0118 0.0119 0.0162 0.0183 0.0144 0.0179 0.0175 0.0186 0.0174 0.0203
N@10 0.0156 0.0197 0.0134 0.0151 0.0141 0.0155 0.0158 0.0206 0.0236 0.0187 0.0227 0.0221 0.0235 0.0218 0.0256

Instrument

R@1 0.0094 0.0089 0.0065 0.0086 0.0071 0.0069 0.0077 0.0099 0.0105 0.0102 0.0114 0.0104 0.0119 0.0118 0.0128
R@5 0.0297 0.0331 0.0255 0.0299 0.0272 0.0245 0.0283 0.0345 0.0359 0.0342 0.0362 0.0356 0.0379 0.0362 0.0406
R@10 0.0453 0.0525 0.0412 0.0496 0.0431 0.0423 0.0465 0.0532 0.0566 0.0521 0.0562 0.0565 0.0587 0.0545 0.0623
N@5 0.0196 0.0211 0.0160 0.0193 0.0172 0.0157 0.0179 0.0222 0.0233 0.0223 0.0239 0.0231 0.0251 0.0241 0.0268
N@10 0.0246 0.0273 0.0211 0.0257 0.0223 0.0214 0.0237 0.0282 0.0300 0.0280 0.0303 0.0298 0.0318 0.0300 0.0337

Game

R@1 0.0149 0.0128 0.0082 0.0099 0.0134 0.0125 0.0111 0.0150 0.0166 0.0170 0.0169 0.0155 0.0165 0.0209 0.0203
R@5 0.0461 0.0516 0.0315 0.0395 0.0480 0.0381 0.0425 0.0497 0.0529 0.0548 0.0552 0.0518 0.0567 0.0579 0.0623
R@10 0.0712 0.0823 0.0530 0.0649 0.0753 0.0611 0.0709 0.0769 0.0823 0.0847 0.0863 0.0811 0.0891 0.0853 0.0942
N@5 0.0307 0.0323 0.0199 0.0246 0.0308 0.0253 0.0268 0.0325 0.0348 0.0360 0.0362 0.0336 0.0366 0.0397 0.0415
N@10 0.0387 0.0421 0.0267 0.0328 0.0396 0.0326 0.0359 0.0412 0.0442 0.0457 0.0462 0.0430 0.0471 0.0485 0.0517

Table 4: Ablation results on the three datasets. “w/o”
indicates that the corresponding module is removed.

Model
Scientific Instrument Game

R@5 N@5 R@5 N@5 R@5 N@5

LLaDA-Rec 0.0310 0.0203 0.0406 0.0268 0.0623 0.0415

Tokenizer
RQ-VAE 0.0293 0.0191 0.0367 0.0244 0.0604 0.0399
RQ-Kmeans 0.0250 0.0165 0.0344 0.0224 0.0552 0.0370
OPQ 0.0237 0.0155 0.0340 0.0229 0.0552 0.0362

Training
w/o LHis-Mask 0.0255 0.0169 0.0321 0.0209 0.0544 0.0356
w/o LItem-Mask 0.0264 0.0172 0.0355 0.0231 0.0571 0.0376

Inference
w/o Beam Search 0.0077 0.0077 0.0091 0.0091 0.0162 0.0162

(1) Compared with both conventional item ID-
based recommenders and generative semantic ID-
based methods, LLaDA-Rec achieves state-of-the-
art performance, demonstrating the effectiveness of
our discrete diffusion framework and Multi-Head
VQ-VAE in improving recommendation accuracy.
(2) Generative recommendation methods using
SIDs consistently outperform traditional item ID-
based methods, showing that SIDs better capture
inter-item correlations and richer semantics, which
further improve recommendation quality.
(3) Parallel SID-based methods, such as RPG and
LLaDA-Rec, achieve competitive results across all
datasets, showing the effectiveness of parallel SID
generation. The stronger performance of LLaDA-
Rec over RPG further demonstrates the benefit of
incorporating discrete diffusion.

5.3 Ablation Study

We conduct ablation studies to evaluate each mod-
ule in LLaDA-Rec, as shown in Tab. 4.
Tokenizer. As discussed in § 4.1, we design Multi-
Head VQ-VAE to better adapt discrete diffusion
with a bidirectional Transformer. We compare it
with several SID generation methods, including
RQ-VAE (Rajput et al., 2023; Zheng et al., 2024),
RQ-Kmeans (Deng et al., 2025), and OPQ (Hou

et al., 2023, 2025). Results show that residual-
quantization-based methods consistently underper-
form, suggesting that they are less compatible with
bidirectional Transformers. In RQ, earlier tokens
tend to dominate, whereas LLaDA-Rec assumes
more balanced token importance, making it better
suited to parallel SIDs.

Moreover, even when using RQ-VAE as the to-
kenizer, our method still outperforms the baseline
in most cases, demonstrating the robustness of our
framework. Finally, clustering-based methods such
as RQ-Kmeans and OPQ perform worse than VAE-
based methods, confirming the stronger representa-
tional capacity of VAE-based quantization.
Training. In § 4.2, we introduce two masking
mechanisms and analyze their corresponding loss
functions. Removing either loss degrades per-
formance. The loss LHis-Mask (Eq. (7)) helps
model relationships across items, while LItem-Mask

(Eq. (8)) captures semantic dependencies among
tokens within the same item and supports next-item
prediction conditioned on the user history.
Inference. As discussed in § 4.3, the original dif-
fusion language model (Nie et al., 2025) uses prob-
abilistic sampling and returns only the top-1 result.
We adapt beam search to generate top-k items. Re-
placing beam search with the original greedy strat-
egy substantially degrades performance, highlight-
ing its importance for generative recommendation.
Note that greedy search produces only one result,
making Recall and NDCG equivalent.

5.4 Experimental Analysis

We further performed experimental analysis to as-
sess the effectiveness of LLaDA-Rec.

5.4.1 Impact of the Attention Mechanism
Our method is built on a bidirectional Transformer,
which better captures contextual dependencies in
both directions. We compare it with three alter-
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Figure 3: Comparison of different attention mechanisms.
(a): Illustration of the attention masks used by each
mechanism. (b) and (c): Recommendation performance
under different attention mechanisms.
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Figure 4: Impact of Generation Order.

native attention mechanisms: (1) causal attention,
commonly used in autoregressive models; (2) inter-
item causal attention, where attention across items
is causal but within each item is bidirectional;
and (3) intra-item causal attention, where atten-
tion within each item is causal but across items is
bidirectional. The corresponding attention masks
are shown in Fig. 3(a).

Figure 3 compares their performance. Bidirec-
tional attention performs best, likely due to its
stronger contextual modeling ability. In contrast,
fully causal attention performs worst because its
unidirectional structure limits context utilization.
Inter-item causal and intra-item causal attention
both achieve competitive results, suggesting that
bidirectional attention, either across items or within
items, is important for contextual modeling.

5.4.2 Impact of Generation Order
As described in § 4.3, our generation order is deter-
mined dynamically by selecting the position with
the highest model confidence at each step. We
compare this adaptive strategy with fixed left-to-
right (left2right) and right-to-left (right2left) orders
(Fig. 4). The adaptive strategy consistently per-
forms best, while left2right sometimes gives the
worst results, revealing the limitations of this com-
monly used order. By generating from easier to
harder tokens, our method gains a clear advantage.
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Figure 5: Impact of Generation Steps.

Table 5: Collision and validity rates of SIDs across
datasets. Collision rate is the proportion of distinct
items sharing the same SID and remains very low. Va-
lidity rate is the proportion of generated top-k SIDs
that correspond to valid items and stays close to 100%
across all k.

Datasets Collision Rate
Validity Rate

k = 10 k = 50 k = 100 k = 500

Scientific 0.2476% 99.96% 99.78% 99.64% 98.87%
Instrument 0.2400% 99.99% 99.96% 99.90% 99.28%
Game 0.7770% 99.98% 99.83% 99.65% 98.51%

5.4.3 Impact of Generation Steps
As discussed in § 3.2 and § 4.3, the number of gen-
eration steps can be controlled so that the model
generates multiple tokens per step. Figure 5 shows
that more steps generally lead to better perfor-
mance. Although fewer steps improve generation
efficiency, they also cause a clear performance
drop. Achieving a better trade-off between effi-
ciency and performance with fewer steps remains
an open question, though recent studies on diffu-
sion language models have begun to explore this di-
rection (Chen et al., 2025; Hayakawa et al., 2024).

5.4.4 Collision and Validity Rate of SIDs
We further examine the collision rate of SIDs and
the validity rate of the model-generated top-k SIDs,
as reported in Tab. 5. The collision rate measures
the proportion of distinct items sharing the same
SID. Its extremely low value indicates that SIDs
can effectively distinguish items.

The validity rate measures the proportion of gen-
erated top-k SIDs that correspond to valid items.
Across different k values, the validity rate remains
close to 100%, suggesting that the model has suc-
cessfully learned the mapping between items and
their corresponding SIDs.

For additional hyper-parameter analysis results,
please refer to App. D.1.

6 Conclusion

This work overcomes the unidirectional constraints
and addresses error accumulation in autoregressive-
based generative recommendation through discrete
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diffusion. We propose LLaDA-Rec, a bidirectional
framework with parallel semantic IDs, tailored
masking, and adapted beam search for recommen-
dation. It captures both inter-item and intra-item de-
pendencies while reducing error propagation. Ex-
periments on three real-world datasets show that
LLaDA-Rec consistently outperforms both tradi-
tional ID-based recommenders and state-of-the-art
semantic ID-based generative methods.

Limitations

Although LLaDA-Rec achieves strong results, sev-
eral directions remain for further improvement.
First, while discrete diffusion enables parallel SID
generation, reducing the number of generation
steps may still lead to performance degradation.
This indicates that there is room to further improve
the efficiency–performance trade-off. Develop-
ing methods that maintain strong recommendation
quality with fewer steps would make the framework
more practical. Second, our current decoding strat-
egy adopts a confidence-guided generation order.
While this heuristic is simple and effective, it is still
rule-based and may not fully exploit the flexibility
of adaptive-order generation. Exploring end-to-end
learned decoding strategies may further improve
performance. Finally, we evaluate LLaDA-Rec on
public benchmark datasets. It would be valuable
to further examine its applicability in real-world
large-scale recommendation scenarios, especially
under practical latency and deployment constraints.
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A Autoregressive and Discrete Diffusion

We provide a detailed comparison between autore-
gressive generation and discrete diffusion genera-
tion in generative recommendation.

A.1 Autoregressive Modeling

Existing generative recommendation methods,
such as TIGER (Rajput et al., 2023), mainly follow
an autoregressive paradigm, where tokens are gen-
erated sequentially from left to right. At each step,
the prediction of the current token is conditioned
on the user history and all previously generated
tokens. Formally, the conditional probability of the
next item sequence sn is factorized as

Pθ(sn | SH) =
M∏

m=1

Pθ(cn,m | cn,<m,SH), (14)

where cn,<m denotes the tokens preceding cn,m.
For the first token, cn,<1 is a special [BOS] token.

This formulation requires exactly M decoding
steps to generate an item with M tokens. Since
each prediction depends on previous outputs, gen-
eration follows a fixed order and may suffer from
error accumulation, where early mistakes can affect
subsequent token predictions.

A.2 Discrete Diffusion Modeling
In contrast, discrete diffusion generates the next
item through a reverse process, where a mask pre-
dictor gradually predicts the M tokens of the next
item starting from a fully masked sequence of M
[MASK] tokens. At each step, the model predicts
all masked positions in parallel, keeps the most
confident predictions, and re-masks the remaining
positions for further refinement. Formally,

Pθ(sn | SH) =
T∏

t=1

M : ctn,m=[MASK]∏

m=1

Pθ(cn,m | stn,SH),

(15)

where T is the number of generation steps, stn is
the input sequence at step t, and the initial state
s1n consists entirely of [MASK] tokens. Here, ctn,m
denotes the m-th token of stn. At each step, stn
is concatenated with the user history SH and fed
into the mask predictor, which is implemented as a
bidirectional Transformer encoder.
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Compared with autoregressive generation in
Eq. (14), the discrete diffusion formulation in
Eq. (15) generates tokens in T steps, where typ-
ically T ≤ M . At each step, the mask predictor
predicts all masked tokens in parallel, retains the
top-MT most confident ones, and re-masks the re-
maining positions. This process enables iterative
refinement and a dynamically determined genera-
tion order.

A.3 Discussion

The two formulations differ in several important
aspects. Autoregressive modeling uses a fixed left-
to-right decoding order and causal attention, which
restricts each token to attend only to previous to-
kens. In contrast, discrete diffusion uses bidirec-
tional attention and an adaptive generation order
determined by token confidence. This allows the
model to capture richer contextual dependencies
and reduce the impact of early prediction errors.

Moreover, autoregressive generation requires
exactly M decoding steps for an M -token item,
while discrete diffusion allows explicit control over
the number of generation steps through T . When
T < M , multiple tokens can be generated at each
step, leading to more efficient inference. The re-
masking mechanism further allows the model to re-
visit uncertain positions and refine them iteratively,
which is not possible in autoregressive decoding.

Overall, discrete diffusion offers three key ad-
vantages for generative recommendation: parallel
token prediction, adaptive generation order, and
controllable generation steps, making it a flexible
alternative to autoregressive modeling.

B Additional Discussion

We provide additional discussion on the advantages
of discrete diffusion for recommendation, includ-
ing its difference from continuous diffusion and its
benefits over autoregressive generation.

B.1 Continuous vs. Discrete Diffusion in
Recommendation

Continuous diffusion models have been widely
used in image generation (Yang et al., 2023a; Rom-
bach et al., 2022) and sequential recommenda-
tion (Yang et al., 2023b; Li et al., 2023; Wang
et al., 2023; Li et al., 2025b). Operating in con-
tinuous spaces, they generate high-quality images
or latent representations through a forward nois-
ing process and a reverse denoising process. By

contrast, discrete diffusion models (Li et al., 2025a;
Nie et al., 2025) are designed to generate sequences
of discrete tokens.

In recommendation tasks, continuous-diffusion-
based methods (Yang et al., 2023b; Li et al., 2023)
typically generate a latent representation and then
retrieve items through similarity search. In this
setting, generation and retrieval are handled in sep-
arate stages. By comparison, our discrete diffusion
approach directly generates the semantic IDs of
items, removing the extra retrieval stage and unify-
ing generation and retrieval into a single optimiza-
tion process. This design simplifies inference and
improves recommendation performance.

B.2 Advantages over Autoregressive Models

Autoregressive generative recommendation meth-
ods (Rajput et al., 2023; Zheng et al., 2024; Wang
et al., 2024a; Liu et al., 2025a) generate tokens in
a fixed left-to-right order, leading to strong sequen-
tial dependencies and potential error accumulation,
where early mistakes may affect later predictions.
Their attention mechanism is also unidirectional
(causal), so each token can only attend to its pre-
ceding tokens.

Although RPG (Hou et al., 2025) supports par-
allel generation of semantic IDs using multi-token
prediction (Gloeckle et al., 2024), it performs pre-
diction in a single step and therefore cannot itera-
tively refine uncertain tokens through re-masking
and re-prediction. In addition, tokens in RPG are
predicted independently, making it difficult to ex-
ploit dependencies across token positions. It also
relies on a relatively complex decoding strategy.

In contrast, discrete diffusion adopts an adaptive,
confidence-driven generation order that prioritizes
high-confidence tokens, which helps reduce the
impact of early prediction errors. It further uses
bidirectional attention, allowing each token to at-
tend to both preceding and succeeding positions for
richer contextual modeling. Moreover, discrete dif-
fusion supports controllable generation steps and
can predict multiple tokens at each step.

Overall, bidirectional modeling and adaptive
generation order make the generation process better
aligned with recommendation objectives, leading
to improved accuracy. Table 1 summarizes the
main differences between LLaDA-Rec and repre-
sentative generative recommendation methods.
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C Experimental Details

We provide additional experimental details, includ-
ing the datasets, baselines, evaluation, and imple-
mentation details.

C.1 Dataset

We evaluate our method on three categories from
the widely used Amazon 2023 Review dataset (Hou
et al., 2024): Industrial Scientific (Scientific), Mu-
sical Instruments (Instrument), and Video Games
(Game). Following prior work (Rajput et al., 2023;
Hou et al., 2023), we treat each user’s historical
reviews as interaction records and sort them chrono-
logically, with earlier interactions appearing first.

For evaluation, we adopt the widely used leave-
one-out protocol (Kang and McAuley, 2018; Ra-
jput et al., 2023). Specifically, for each user se-
quence, the last item is used for testing, the second-
to-last item is used for validation, and the remain-
ing items are used for training.

License. The Amazon 2023 dataset (Hou et al.,
2024) is available under the CC BY 4.0 License,
and the associated code is available under the
MIT License.

C.2 Baselines

We first compared our approach with traditional
item ID-based methods.

Item ID-based: (1) GRU4Rec (Hidasi et al.,
2016) leverages gated recurrent units (GRUs) to
model user interaction histories; (2) SASRec (Kang
and McAuley, 2018) employs a unidirectional
Transformer to capture sequential dependencies;
(3) BERT4Rec (Sun et al., 2019) utilizes a bidi-
rectional Transformer trained with a cloze-style ob-
jective; (4) FMLP-Rec (Zhou et al., 2022) adopts
multi-layer perceptrons (MLPs) with learnable fil-
ters for sequential modeling; (5) LRURec (Yue
et al., 2024) integrates linear recurrent units (LRUs)
to efficiently process long-range user interactions.
(6) DreamRec (Yang et al., 2023b) uses SASRec
outputs in a diffusion denoising module, removing
negative sampling and training only on positive
samples; (7) DiffuRec (Li et al., 2023) combines
generative diffusion with sequential recommenda-
tion via a Transformer approximator to reconstruct
target item embeddings.

We also compared our approach with genera-
tive recommendation methods based on semantic
IDs. Semantic ID-based: (8) VQ-Rec (Hou et al.,
2023) applies product quantization to tokenize

items into semantic IDs, which are then pooled
to obtain item representations; (9) TIGER (Ra-
jput et al., 2023) utilizes RQ-VAE to generate
codebook identifiers, embedding semantic infor-
mation into discrete code sequences; (10) TIGER-
SAS (Rajput et al., 2023) derives semantic IDs
from SASRec-trained item embeddings rather than
text embeddings; (11) LETTER (Wang et al.,
2024a) develops a learnable tokenizer that incor-
porates hierarchical semantics, collaborative sig-
nals, and code assignment diversity; (12) Diff-
GRM (Liu et al., 2025b) uses masked discrete dif-
fusion with Parallel Semantic Encoding for parallel
semantic ID generation; (13) LC-Rec (Zheng et al.,
2024) exploits identifiers with auxiliary alignment
tasks to associate the generated codes with natu-
ral language; (14) RPG (Hou et al., 2025) is a
lightweight semantic ID-based model that gener-
ates long, unordered semantic IDs in parallel via
multi-token prediction (Gloeckle et al., 2024).

C.3 Evaluation Metrics
Following prior studies (Rajput et al., 2023; Wang
et al., 2024a; Zheng et al., 2024), we evaluate per-
formance using two commonly adopted ranking
metrics: top-k Recall and top-k Normalized Dis-
counted Cumulative Gain (NDCG). We report re-
sults for k ∈ {1, 5, 10}. Since NDCG@1 is identi-
cal to Recall@1, it is omitted from the evaluation.

C.4 Implementation Details
For the parallel tokenization module, we adopt
Sentence-T5 (Ni et al., 2021) to encode the title
and other textual information of each item into an
embedding. We employ M = 4 codebooks, each
containing K = 256 code vectors of dimension
d = 32. The weight α in Eq. (6) is set to 0.25. The
Multi-Head VQ-VAE is trained for 10,000 epochs
using the AdamW optimizer (Loshchilov and Hut-
ter, 2017) with a learning rate of 1 × 10−3 and a
batch size of 2,048.

For the discrete diffusion model, the MASK pre-
dictor is a bidirectional Transformer encoder with a
token embedding dimension of 256 and 8 attention
heads per layer. On the Scientific and Instrument
datasets, we use a 4-layer encoder, whereas on the
Game dataset we use a 6-layer encoder.

The model parameters are randomly initial-
ized and trained using our designed loss function.
The weight λHis-Mask in Eq. (10) is tuned over
{1, 2, 3, 4, 5}. The maximum historical length for
all datasets is set to 20. We train the Transformer
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Figure 6: Impact of Semantic ID Length.
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Figure 7: Impact of λHis-Mask.

encoder for 150 epochs with early stopping, using
the AdamW optimizer. The learning rate is tuned
over {0.005, 0.003, 0.001} and the weight decay
over {0.05, 0.005, 0.001}. The batch size is set
to 1,024.

D Additional Experimental Results

We provide additional experimental results.

D.1 Impact of Hyper-parameters
We investigate the impact of different hyperparam-
eters on the results.

We investigate the influence of semantic ID
length M on the performance, as illustrated in
Fig. 6. Results indicate that both shorter (M = 3)
and longer (M = 5) SIDs yield inferior perfor-
mance. Shorter SIDs suffer from greater informa-
tion loss and a higher collision rate (i.e., different
items sharing the same SID), whereas longer SIDs,
despite retaining more information, are harder to
learn, hinder model convergence, and increase in-
ference latency. Based on these observations, we
adopt M = 4 in this study. Leveraging longer
SIDs to preserve richer information while achiev-
ing stronger recommendation performance remains
a avenue for future research.

We also analyze the effect of the weight
λHis-Mask in Eq. (10), as illustrated in Fig. 7. The
results show that moderately increasing λHis-Mask

can improve performance, enabling the model to
better capture relationships among different tokens
in the history. However, setting λHis-Mask too large
may hinder the model’s ability to predict the next
item conditioned on the given history.
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