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Abstract

The powerful generative capacity of Large
Language Models (LLMs) has instigated a
paradigm shift in recommendation. However,
existing generative models (e.g., OneRec) op-
erate as implicit predictors, critically lacking
the capacity for explicit and controllable rea-
soning—a key advantage of LLMs. To bridge
this gap, we propose OneRec-Think, a unified
framework that seamlessly integrates dialogue,
reasoning, and personalized recommendation.
OneRec-Think incorporates: (1) Itemic Align-
ment: cross-modal Item-Textual Alignment
for semantic grounding; (2) Reasoning Activa-
tion: Reasoning Scaffolding to activate LLM
reasoning within the recommendation context;
and (3) Reasoning Enhancement, where we
design a recommendation-specific reward func-
tion that accounts for the multi-validity nature
of user preferences. Experiments across public
benchmarks show state-of-the-art performance.
Moreover, our proposed "Think-Ahead" archi-
tecture enables effective industrial deployment
on Kuaishou, achieving a 0.159% gain in APP
Stay Time and validating the practical efficacy
of the model’s explicit reasoning capability.

1 Introduction

The rapid advancement of Large Language Mod-
els (LLMs) has fundamentally reshaped recom-
mender systems, ushering in the generative re-
trieval paradigm(GR) (Peng et al., 2025; Zhang
et al., 2025; Deldjoo et al., 2024; Li et al., 2023a;
Wang et al., 2023). This approach represents a
profound shift from traditional query-candidate
matching, utilizing Transformer-based sequence-
to-sequence models to autoregressively decode the
identifiers of target candidates. Capitalizing on
this, a major research frontier is the development
of end-to-end generative frameworks, including
OneRec, OneLoc, OneSug, and OneSearch (Deng
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Figure 1: Examples of OneRec-Think’s Unified Dia-
logue, Reasoning and Recommendation Framework.
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et al., 2025; Zhou et al., 2025a,b; Wei et al., 2025;
Guo et al., 2025; Chen et al., 2025). These uni-
fied models replace the traditional multi-stage rec-
ommendation funnel (including retrieval and rank-
ing stages), enabling holistic optimization towards
the final objective and concentrating computational
resources for better industrial scaling and perfor-
mance.

While these models successfully harness the
LLMs’ capacity for output generation, they fun-
damentally lack the explicit, verifiable reasoning
pathways that define modern LLM breakthroughs,
such as text-based Chain-of-Thought (CoT) (Ra-
jput et al., 2023; Zheng et al., 2024; Wang et al.,
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2024b). To bridge this critical gap, we propose
OneRec-Think, a novel framework that inte-
grates dialogue, reasoning, and personalized
generative recommendations within a single,
unified model. It is capable of generating high-
quality, interpretable textual reasoning paths, sig-
nificantly enhancing both recommendation accu-
racy and user trustworthiness. The model’s inher-
ent dialogic nature further enables dynamic tailor-
ing of suggestions to specific user constraints (as
shown in Fig. 1). Our approach is realized through
a three-stage framework: (1) Itemic Alignment,
which maps item semantics into the LLM’s tex-
tual embedding space, establishing a unified rep-
resentational continuum that unlocks the model’s
capacity for reasoning. (2) Reasoning Activation,
which aims to induce the LLM’s inherent reasoning
ability directly within the context of recommender
systems; (3) Reasoning Enhancement, which uti-
lizes a recommendation-specific reward function
that captures the multi-validity (i.e., multiple valid
choices) nature of user preferences. Furthermore,
we introduce the OneRec-Think Inference Archi-
tecture to ensure efficient deployment and real-time
responsiveness in industrial-scale serving scenarios.
Our contributions are summarized as follows:

* We introduce a unified framework that bridges
the semantic gap between discrete recommen-
dation items and continuous reasoning spaces,
enabling seamless integration of personalized
recommendation within LLMs’ natural lan-
guage understanding.

* We design a novel reasoning paradigm that
orchestrates multi-step deliberation with rec-
ommendation optimization, achieving inter-
pretable and accuracy-aware personalized rec-
ommendation through synergistic training.

* The proposed approach achieves state-of-
the-art results on multiple public bench-
marks, while our deployment-friendly "Think-
Ahead" architecture enables significant indus-
trial impact with a 0.159% gain in APP Stay
Time.

2 Related Work
2.1 Semantic ID-based GR

The paradigm of generative recommendation re-
frames item retrieval as a sequence generation task,
where each item is represented as a sequence of
discrete semantic tokens (Jin et al., 2023; Petrov

and Macdonald, 2024; Si et al., 2024). Early works
such as TIGER (Rajput et al., 2023) utilize Trans-
former to generate RQ-VAE-based hierarchical
codes. Subsequent research has since advanced
along several complementary directions. Some
works (Wang et al., 2024a; Liu et al., 2025) fo-
cus on learnable tokenizers to strengthen semantic
alignment between itemic tokens and the genera-
tive model. Meanwhile, some works (Hou et al.,
2025a; Lin et al., 2025) explore specially designed
itemic token structures to enable parallel genera-
tion and improve inference efficiency. Furthermore,
several studies (Ren et al., 2024; Liu et al., 2024,
Chen et al., 2024; Hou et al., 2025b) integrate multi-
modal information and tailor model architectures to
further enhance the capability of generative recom-
menders. However, these works directly generate
the target itemic tokens, lacking explicit reasoning
steps and thus limiting the ability to capture com-
plex user preference dynamics, which may com-
promise recommendation accuracy.

2.2 Large Language Models for GR

The integration of LLMs into recommender
systems primarily follows two paradigms:
LLM-enhanced-RS and LLM-as-RS. The LLM-
enhanced-RS paradigm utilizes LLMs as feature
encoders or rankers to augment traditional
models (Ren et al., 2024; Yue et al., 2023; Li
et al., 2023b; Wang et al., 2025; Xu et al., 2025),
a strategy widely adopted in web and social
media scenarios to process rich textual contexts.
Conversely, the LL.M-as-RS paradigm fine-tunes
LLMs to directly generate recommendations in
an end-to-end manner (Geng et al., 2022; Bao
et al., 2023). For example, LC-Rec (Zheng et al.,
2024) designs various alignment tasks to integrate
collaborative semantics into LLLMs, enabling the
direct generation of semantic IDs. A recent frontier
within the LLM-as-RS domain is Reasoning-based
Recommendation, which attempts to leverage
Chain-of-Thought (CoT) capabilities. For instance,
ReaRec (Tang et al., 2025) enhances user rep-
resentations through implicit reasoning, while
DeepRec (Zheng et al., 2025) proposes an agent
framework where LLMs interact with retrieval
tools via multi-turn reasoning to explore the item
space. However, existing reasoning approaches
often rely on opaque latent states or separate
reasoning from the generation process via external
tools. In contrast, our method unifies explicit
textual reasoning and item generation within a
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single autoregressive flow.

3 Preliminary

Itemic Token An itemic token is a discrete,
semantic-rich representation unit for an item, anal-
ogous to a word token in natural language. Fol-
lowing OneRec (Zhou et al., 2025a; Rajput et al.,
2023), we map each item v to a sequence of such to-
kens s, = (s} L

us - - 5 Sy ), which are generated from

the item’s multi-modal and collaborative content.

Problem Definition Let ¢/ and V denote the
sets of users and items, respectively. Each user
u € U has a chronological interaction history
Vi = (vi,vg, ..., vy ) of length n,. For brevity,
we omit the user index u. By using the itemic
tokens, the user’s interaction history is thus repre-
sented by the sequence Sy, = (Sy,, - - -, Su, )-

Conventional generative recommenders (Rajput
et al., 2023; Zhou et al., 2025a,b; Zheng et al.,
2024) define their task with a generation target of
the next itemic tokens as:

Supir ~ P(e|8uys .-y 80,5 0)

(D

In contrast, we reformulate this task to unify reason-
ing and recommendation in a single autoregressive
pass. Conditioned on a prompted user history, we
generate tokens sequentially, beginning with a rea-
soning sequence T = (71, ..., 73s) and concluding
with the next itemic tokens s, ,. This end-to-end
process is captured by:

T~ P(|P(8y,--
~ P (| P(sys--

.y 8u,);0)

.y 8u,),T;0) @

S'Un+1
where P(-) means a valid prompt constructed for
the recommendation.

4 Methodology

We now present OneRec-Think, a scalable frame-
work for end-to-end generative reasoning recom-
mendation. Our approach comprises three core
components: an Itemic Alignment stage, a Reason-
ing Activation stage, and a "Think Ahead" archi-
tecture for industrial deployment. The illustration
of OneRec-Think is shown in Fig. 2.

4.1 Itemic Alignment through Multi-Task
Pre-training

To align recommender knowledge with the LLM’s

linguistic space, we design a Multi-Task Pre-

training strategy enabling seamless processing of

natural language and itemic tokens via four com-
plementary tasks under Next Token Prediction.

Interleaved User Persona Grounding Unlike
prior work that uses either pure textual data or
isolated item sequences, this task interleaves the
itemic tokens and text tokens of User Persona. It
includes serialized static attributes, active search
behaviors, interactive sequences, and summarized
user interests. This composition creates rich, dual-
modality training instances where itemic tokens are
grounded in their semantic context.

Sequential Preference Modeling As the core
recommendation task, this task constructs data that
teaches the model to predict subsequent item inter-
actions from chronological user histories.

Itemic Dense Captioning This task requires the
model to decode an item’s descriptive content from
its itemic tokens. By learning to generate detailed
textual descriptions, the model establishes a funda-
mental understanding of the semantic characteris-
tics represented by item combinations.

General Language Modeling This task contin-
ues pre-training the model on general text corpora,
preserving the model’s fundamental language ca-
pabilities during applying the model to recommen-
dation scenarios.

To enable effective knowledge integration while
preserving the linguistic capabilities of the model,
we implement a two-substage training strategy to
ensure stable alignment. The Token Warm-up sub-
stage exclusively trains itemic token embeddings
on the Interleaved User Persona Grounding task
while keeping the base LLLM frozen. The subse-
quent Multi-Task Integration substage jointly op-
timizes all parameters on the combined task using
a designed ratio (see Appendix A.3 for details).

4.2 Reasoning Activation

Despite robust itemic alignment, direct application
to industrial recommendation scenarios often fails
to yield effective CoT reasoning due to the noisy
and lengthy nature of real-world user behavior se-
quences. To address this, we propose a supervised
fine-tuning framework that first extracts coherent
reasoning trajectories from pruned user contexts,
then leverages these trajectories to guide rationale
generation over raw behavioral data, enabling ef-
fective contextual distillation for noisy industrial
settings (as shown in Fig. 2(b)).
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Figure 2: The framework of the OneRec-Think. In the first stage, we achieve item-level semantic alignment through
multi-task pre-training. In the second stage, we activate explicit reasoning by prompting the model to generate
preference rationales. In the third stage, we refine the reasoning paths through RL based on a reward tailored for

recommendations.

Bootstrapping with Pruned Contexts: To boot-
strap reasoning capabilities, we first construct easy-
to-learn instances where logical relationships are
preserved despite sequence pruning. For each user,
we select the target item s,,, , and form a context-
target pair < (Sy,...,8u,), Sv,., >- We then
retrieve the top-k most relevant historical items
using a similarity function g(-, -):

(Swyse s swk)' (3)

g((SUU R Svn)v 3Un+1) =

Using these relevant items, we query our pre-
aligned model to generate a rationale T explaining
the target interaction:

TNP( ‘PT((SIUU"'7ka)7svn+1);0) (4)

where P, (a, b) means constructs a prompt to query
the rationale why a user who interacts with item
sequence a would interact with item b. This process
yields high-quality rationales that are both logically
sound and target-aligned, providing ideal training
signals for reasoning induction.

Learning to Reason from Noisy Sequences: The
distilled rationales serve as supervision for learn-
ing to reason from raw sequences. The training

objective minimizes the negative log-likelihood of
generating both the rationale and target item:

M
Lra=—( D log P(ri|P(sy,, .., 81,),7<i; 0)

=1

+ZlogP U+1]77(s,,1,..., < 0) ],

S’Un)7 T, Svn+17

&)
where 7 = {r1,...,rm} represents the rationale
tokens and s,, ., = {s%nﬂ, ey Sh +1} denotes
the target item tokens. By optlmlzmg LRra, the
model learns to internally distill relevant context
from noisy sequences and generate coherent ratio-
nales that bridge user history to target interactions,
significantly enhancing its CoT capabilities in chal-
lenging recommendation scenarios.

4.3 Reasoning Enhancement

Building upon the CoT capabilities from Reasoning
Activation, we address the challenge of ensuring
consistently high-quality reasoning through Rein-
forcement Learning. This stage refines the recom-
mendation accuracy using a novel reward mecha-
nism tailored for generative recommendation.
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Beam Candidate Reward Maximization: Standard
verifiable pass rewards face significant sparsity
challenges in recommendation scenarios, as most
reasoning rollouts fail to hit the target item and
consequently yield identical zero rewards—thereby
neutralizing group advantages in algorithms such
as GRPO (Shao et al., 2024). To overcome this, we
introduce the Rollout-Beam reward that evaluates
reasoning capability by the model’s best achiev-
able performance within a constrained beam. Our
approach employs beam search with width K to
explore multiple generation candidates after rea-
soning trajectory generation:

L
Al l
RRollout-Beam = §urri?}él3 Z H(SunJrl = Svpi1 )7
n =1
6)
where the beam search result set is defined as :
_ [ (aLG) ... sLONE
B= {(Svn(-l»)l’ ’ 7Svn(+1))j:1}?
@)

= BeamSearch(P(sanrl | H, T; 0)7K)

which contains the items with the top-K proba-
bilty in the beam search within the distribution
P (sy,., | H,7:0). H P(Svys---s8u,)
is a valid prompt of history sequence.
BeamSearch(P, K) means the top-K result
of beam search within distribution P. Subse-
quently, we optimize the model using GRPO (Shao
et al., 2024) based on RRoliout-Beam, Which effec-
tively leverages the enriched reward signals from
the multi-validity nature of user preferences.

Overall, this design establishes training-
inference consistency by aligning reward
computation with beam search-based infer-
ence, providing denser learning signals through
multi-path evaluation.

4.4 Industrial Deployment: A
"Think-Ahead' Architecture

The deployment of OneRec-Think in industrial rec-
ommendation systems presents a fundamental chal-
lenge: reconciling the computational demands of
multi-step reasoning with the stringent latency re-
quirements of real-time user interactions.

To address this critical bottleneck, we introduce
a novel Think-Ahead Inference Architecture. Our
solution strategically decouples the model’s infer-
ence into two stages: In the first stage, the compu-
tationally intensive reasoning path and the initial
item-tokens (e.g., the first two itemic tokens) are
generated offline by the full OneRec-Think model.

These initial tokens are designed to capture the
user’s broad intent or general preference context.
Subsequently, the second stage then employs a
real-time updated OneRec model following (Zhou
et al., 2025a) for online finalization. It utilizes the
pre-generated item-tokens as a constrained prefix
to rapidly produce the final itemic token. This de-
sign ensures real-time responsiveness and achieves
production-grade performance by leveraging cur-
rent contextual data. The details of this architecture
are in Appendix A.3.4.

5 Experiments

5.1 Experimental Settings

Datasets and Baselines.

We use three real-world recommendation
datasets from the popular Amazon review bench-
mark': Beauty, Toys, and Sports. We compare
OneRec-Think against two groups of competitive
baselines: (1) Classic sequential methods like
BERT4Rec (Sun et al., 2019), HGN (Ma et al.,
2019), GRU4Rec (Hidasi et al., 2016), and SAS-
Rec (Kang and McAuley, 2018); and (2) Genera-
tive Recommender Models, such as TIGER (Ra-
jput et al., 2023), HSTU (Zhai et al., 2024), and
ReaRec (Tang et al., 2025). Top-K Recall (R@K)
and NDCG (N@K) with K=5 and 10 are used as
metrics, following (Rajput et al., 2023). Implemen-
tation 2 details are in Appendix A.1.

5.2 Overall Performance

The results are shown in Table 1. We could observe
that models leveraging powerful reasoning-based
architectures (ReaRec and our OneRec-Think) con-
sistently outperform both traditional sequential rec-
ommenders and generative recommenders. This
robust trend confirms that effective sequential pre-
diction necessitates robust inference and contex-
tual reasoning capabilities. Furthermore, OneRec-
Think further gets the best performance across all
benchmarks. This significant superiority is directly
attributed to explicit, text-based reasoning ability
for item generation, in contrast to the more im-
plicit, purely learned generation mechanisms in
prior works.
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Table 1: Overall performance comparison between the baselines and OneRec-Think on three datasets. The bold
results highlight the best results, while the second-best ones are underlined.

Dataset ‘ Method BERT4Rec HGN GRU4Rec SASRec TIGER HSTU ReaRec OneRec-Think
R@5 0.0232 0.0319 0.0395 0.0402  0.0405 0.0424 0.0450 0.0563
Beaut R@10 0.0396 0.0536 0.0584 0.0607  0.0623 0.0652 0.0704 0.0791
y N@5 0.0146 0.0196 0.0265 0.0254  0.0267 0.0280 0.0262 0.0398
N@10 0.0199 0.0266 0.0326 0.0320  0.0337 0.0353 0.0344 0.0471
R@5 0.0102 0.0183 0.0190 0.0199  0.0215 0.0268 0.0214 0.0288
Sports R@10 0.0175 0.0313 0.0312 0.0301 0.0347 0.0343 0.0332 0.0412
P N@5 0.0065 0.0109 0.0122 0.0106  0.0137 0.0173 0.0116 0.0199
N@10 0.0088 0.0150 0.0161 0.0141 0.0179 0.0226 0.0154 0.0239
R@5 0.0215 0.0326 0.0330 0.0448  0.0337 0.0366 0.0523 0.0579
Tovs R@10 0.0332 0.0517 0.0490 0.0626  0.0547 0.0566 0.0764 0.0797
¥ N@5 0.0131 0.0192 0.0228 0.0300 0.0209 0.0245 0.0298 0.0412
N@10 0.0168 0.0254 0.0279 0.0358  0.0276 0.0309 0.0376 0.0482
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However, since users have explicitly expressed a desire to view warm and healing content, it is
therefore necessary to avoid recommending overly intense or tense videos. Conversely, one might
consider recommending some light-hearted and enjoy
content that can alleviate stress. Ultimately, users are more inclined to select content that provides
positive emotional experiences rather than content that may trigger anxiety or discomfort. | will
prioritize the following categories of videos: 1. Heartwarming stories from animated films, such as
Frozen or Zootopia; 2. Pet daily vlogs, especially adorable moments featuring cats and dogs; 3. Nature
documentary films, such as the survival challenges of polar bears or coral reef ecosystems. Additionally,
1 will exclude any content involving violence or horror elements and increase the proportion of positive
and inspirational short videos. Through such adjustments, | believe users' emotional needs can be
better satisfied. Therefore, users may click on video
<|item_begin|><item_a_234><item_b_1262><item_c_941><|item_end|>. ---+-:+

o

161@%:412

BTRONE, FHEIMERERSEN LG, B
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DHEERABTE

AREY
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Figure 3: Demonstration of context-aware recommendation adaptation: our model dynamically shifts recommenda-

tions to relaxing content based on the user’s command.

Table 2: Ablation Study of OneRec-Think.

Dataset Variant R@5 R@10 N@5 N@10
Base 0.0460 0.0654 0.0314 0.0377

Beauty Base+IA 0.0532 0.0735 0.0342 0.0402
Base+IA+R  0.0563 0.0791 0.0398 0.0471

Base 0.0466 0.0655 0.0311 0.0371

Toys  Base+IA 0.0550 0.0777 0.0379 0.0451
Base+IA+R  0.0579 0.0797 0.0412 0.0482

5.3 Ablation Study

We conduct an ablation study on the Beauty and
Toys dataset, comparing three configurations: the
Base model tuned by the raw itemic token se-
quence, the Base+IA model enhanced with Itemic

1https ://jmcauley.ucsd.edu/data/amazon/.
2code and data are in https: //github.com/wangshy31/
OneRec-Think

Alignment, and the full Base+IA+R model incor-
porating our enhanced reasoning mechanism, as
shown in Table 2. The results demonstrate that
Item Alignment provides a substantial foundational
boost by creating coherent semantic representations
of itemic tokens, while the reasoning mechanism
yields further significant gains, confirming the com-
plementary effectiveness of both components in
generative recommendation.

5.4 Industrial Experiments
5.4.1 Training Settings

We adopt Qwen-8B (Yang et al., 2025) as our back-
bone model, initializing its parameters from the
publicly available pre-trained weights. The model’s
vocabulary is extended with 24,576 new tokens rep-
resenting the three-level hierarchical itemic tokens
(8,192 tokens per level), plus two special bound-
ary tokens, <|item_begin|> and <|item_end|>.
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Regarding the thematic content of the user’s viewing history, it is evident that the primary focus centers on content related to the game Delta Force. Analysis of the
user’s liking behavior reveals a strong interest in various gameplay mechanics, strategies, and role-playing elements within the game. For instance, the appearance of
terms such as ”looting run” and “classified Bakshi” indicates the user’s attention to specific game mechanisms. Furthermore, the user has engaged with humorous or
creative game scenarios, such as the comedic content “fake diamonds can actually sacrifice a real Heart of Africa.“ These behaviors collectively constitute the main
themes of the user’s viewing history. As for why the user would click on the candidate video, the available information suggests that this video pertains to new
version update content for Delta Force, particularly in-game activities related to the “Black Hawk Down launch.” Given the user’s previous frequent interactions with
game-related content, especially discussions concerning specific in-game features and events, it is apparent that the user maintains a high level of interest in such
version update information. Consequently, upon encountering a video containing similar update content, the user would likely choose to click on it to obtain
additional relevant information or participate in related discussions. Therefore, the user is highly likely to click on the thematically similar candidate video

=RimiTahiiag
Delta Force Game

<|item_begin|><item_a_1428><item_b_2625><item_c_2470><|item_end|>.

RT?FEF‘MEFJEE?E‘JEE TNBER: ARMREE
gﬁlJ BEOAERDERTR

BIMBRABROMRIT. L, A/l ERET, Rk

Ta
5

i
Campos e

Reasoning

SE, WRERRITZMER AN ERGE. BEXN, APERSRELE SRR, BIRHY
EITES T FIRRITT R, BAMMN M S AP ONER LT, BHE
12%Ai‘>ﬁi}#k£7~"9§?;$%ﬁ%ﬁé‘]ﬁi$ X5 P2 AIENTRPREIM F A SRR, 15N REMATEET eI
TAPNERLIERPOEM, RIRELEHURERE], I LR X SR ED AR

Output

R
5 B E R E R AR
RITR, HEAMK

BIAM. AR, AARTHES litem_begin|

Regarding the thematic content of the user's viewing history, it can be summarized as follows: the user demonstrates interest in campus life, humorous sitcoms,
and light-hearted comedic content. Specifically, the user favors situational comedies involving student identity transformations, unexpected incidents, and
comedic plot reversals, such as "When My Friend is a Shield Machine Player" and "A Madman's Diary," all of which incorporate elements of humor and satire.

The theme of the candidate video aligns with the user’s viewing history, as it similarly pertains to campus life and humorous sitcoms. This video presents a narrative
centered on student identity transformation, which corresponds to the identity transformation plotlines featured in the user’s previously viewed videos. Moreover,
the candidate video contains humorous and satirical elements, conforming to the user’s preference for light-hearted comedic content. Therefore, the logic underlying
the user’s click on the candidate video lies in the fact that the candidate video continues the themes present in the user’s viewing history—namely, campus life and
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humorous sittcoms—and attracts the user through similar storylines and stylistic elements. Therefore, the user is highly likely to click on the thematically similar REER
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The thematic content of the users viewing history centers on anime culture and cosplay-related content. The user has repeatedly liked videos involving anime role-
playing, comic convention activities, and cosplay techniques, with tags such as “anime,” “
ion in the cosplay process. The theme of the candidate video exhibits high alignment with the user‘s viewing history,
both revolving around anime culture and cosplay. The candidate video explores common misconceptions in cosplay through a humorous approach and incorporates
popular elements (such as “Wang Xing Xing”), which aligns with the user’s interest in light-hearted, entertaining, and relatable cosplay content. Therefore, the logic
underlying the user’s click on this video lies in its continuation of the user’s attention to anime culture and cosplay topics, while simultaneously providing a novel and

€0S,” and “comic convention” appearing frequently. The content focuses

engaging perspective to capture the user’s interest. Therefore, the user is highly likely to click on the thematically similar video i8ECosplay
<|item_begin|><item_a_4367><s_b_2101><item_c_7941><|item_end|>. Ammz f:;::;mmn

Figure 4: Demonstration of fine-grained interest reasoning, which shows the end-to-end process from user behavior

analysis to interpretable recommendations.

Table 3: The relative improvement of our online A/B
testing on a short-video recommendation scenario.

Online Metrics | OneRec-Think
App Stay Time +0.159%
Watch Time +0.169%
Video View +0.150%
Follow +0.431%
Forward +0.758%
Like +0.019%
Collect +0.098%

For our production environment, we implement a
daily incremental training pipeline. The model is
updated each day on a cluster of 80 flagship GPUs,
processing approximately 20B tokens per day to
stay current with newly generated user interaction
data. The details are shown in Appendix A.3.

5.4.2 Results

Online A/B Result. We deploy OneRec-Think
on Kuaishou, a short-video platform with hundreds
of millions of daily active users. Using a 1.29% traf-
fic experimental group, we compare OneRec-Think
with our online model for one week and report the
result in Table 3, where the primary metric is APP

Table 4: The Bertscore for User Understanding and
Short Video Understanding Benchmark.

Qwen3
+TW + MI

0.7053
0.7300

+TW

0.6492
0.6443

Benchmark ‘ Qwen3 ‘ Qwen3 ‘

User ‘

0.6588
Short Video

0.6031

Stay Time (reflecting total user engagement time).
The primary metric, App Stay Time, shows signif-
icant gains that increase by 0.159%. Note that in
industrial recommendation systems, 0.1% improve-
ments are considered substantial. Furthermore, in-
teractive metrics such as Video View and Forward
exhibit positive trends, indicating enhanced user
engagement. We conducted multiple experiments
at different times and consistently observed signifi-
cant improvements in stay time and related interac-
tion metrics.

Ablation on Itemic Alignment on industrial
benchmark We evaluate Token Warm-up (TW)
and Multi-Task Integration (MI) of the Itemic
Alignment stage on our industrial User and
Short Video Understanding benchmarks using
BertScore (Zhang et al., 2019) (details in Ap-
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The user's viewing history reveals a strong interest in film and TV content, particularly celebrity- Sea rcl
related material. They show a clear preference for stories with emotional conflict o plot twists ,
such as the "Lotus Lantern" series and its related content. The logic behind the user's clicks on
candidate videos likely aligns with these interests—specifically, clicking on videos related to
period dramas<|item_begin|>

Figure 5: The model’s reasoning process evolves from broad interest matching (left) to fine-grained theme
specification (middle), with recommendations (right) showing semantic consistency with each reasoning step.

pendix A.3.2). Results in Table 4 reveal distinct
roles for each component. On the text-heavy User
Understanding task, TW provides limited gain over
the strong Base model since the LLLM can effec-
tively process the abundant textual information di-
rectly, while MI delivers a substantial boost by
translating aligned representations into actionable
insights. In contrast, in the pure itemic token Short
Video Understanding task, it shows progressive
gains from both TW and MI, confirming their ne-
cessity for interpreting non-textual item informa-
tion. These results validate that these two substages
both contribute to the final performance of Itemic
Alignment.

5.5 Case Study

Our case studies demonstrate the model’s sophis-
ticated reasoning capabilities across different sce-
narios. In conversational settings (Fig. 3), when
the user expresses negative emotions, the model
detects this affective signal and strategically shifts
recommendations from general interests toward
relaxing and positive content, demonstrating its
ability to actively optimize the viewing experience
through the interaction with the user. In reasoning-
based short-video recommendation (Fig. 4), the
model generates diverse reasoning paths that cap-
ture fine-grained user preferences, such as spe-
cific gameplay mechanics and narrative patterns,

enabling more precise recommendations beyond
coarse topic matching. Furthermore, our consis-
tency analysis (Fig. 5) reveals strong alignment
between reasoning textx and recommended items
when applying beam search at intermediate rea-
soning steps, confirming that the reasoning pro-
cess genuinely guides recommendation generation
rather than serving as post-hoc justification. No-
tably, our model achieves itemic-textual interleaved
reasoning paths (Fig. 6). Through precise content
anchoring by itemic tokens and causal articula-
tion by textual tokens, the interleaved reasoning
delivers enhanced recommendation accuracy and
transparent explanations beyond isolated modal-
ity approaches. These results collectively validate
our model’s capacity for authentic, multi-faceted
reasoning by demonstrating its ability to adapt to
real-time interactions, capture fine-grained prefer-
ences, and maintain semantic consistency across
diverse recommendation scenarios.

6 Conclusion

We present OneRec-Think, a novel framework
that bridges reasoning capabilities with genera-
tive recommendation through three key innova-
tions: hierarchical itemic token alignment, reason-
ing activation via CoT supervised fine-tuning, and
reinforcement-based reasoning refinement. Our
method fundamentally transforms recommendation
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J2<|sid_begin|><s_a_1966><s_b_2581><s_c_6305><|sid_end|>
The video viewing history shows that users are highly attentive to car maintenance, vehicle reviews, and promotional
activities, with recently viewed videos related to "<s_a_3313><s b 4487>" i i ing second-hand car
transactions, brand comparisons, or car purchasing strategies. User preferences indicated by the "<s_a_456>" tag point
toward car accessories/decorative items, and combined with the "<s_a_5184>" tag may relate to electronic products,
forming a cross-category interest chain. User interests exhibit three key characteristics: 1) the intersection of the
automotive domain (<s_a_3313><s b_4487>, <s_a_456>, <s_a_1966>, and other tags) with lifestyle content (short
dramas, sports), reflecting demand for content combining practical value with entertainment; 2) attention to car
maintenance and promotional information, suggesting potential car purchasing or maintenance needs; 3) cross-category
interests (car accessories and electronic products) indicating that users may possess diverse consumption capacity, but

Output

o= ®O% requiring precise content matching to improve conversion rates. The recommendation strategy should balance -
omes TelkShow automotive knowledge dissemination, promotional activity push notifications, and lifestyle short videos to strengthen aE
scenario-based interest linkage for users. Therefore, the videos users are likely to enjoy next are Car
\<Isid_begin|><s_a_1966><s_b_2581><s_c_6305><|sid_end|
User Interest Reasoning Output

BO%
Talk Show
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The video viewing history shows that users prefer comedy, suspense, and action content, with particularly strong interest
in comedy, family-themed, and lifestyle videos; among recently viewed video types, keywords such as “short drama,”
“sports,” and “film and TV variety” indicate that users have high demand for videos with compact plots and fast pace, and
are more inclined to click on light-hearted and humorous types (such as comedy and humor). The relevance between
user interests and videos is reflected in: 1. Content preference: Users’ interest in comedy, family-themed, and lifestyle
videos is highly consistent with the “comedy” attribute of “<s_a_66><s_b_2870><s_c_202>”, and the "family" element
can extend to parent-child interaction scenarios, aligning with the user profile of short video platforms. 2. Viewing
behavior: Recently viewed types such as "short drama" and "sports" suggest that users prefer fragmented, high-paced
content, and the fast editing and exaggerated presentation of "comedy" videos precisely meet their demand for efficient

BRI
i

b
Comedy

entertainment. 3. Potential needs: Users may obtain emotional resonance (such as family warmth) and relieve daily
stress by watching such videos, or seek like-minded communities, therefore video content needs to balance
entertainment value with social attributes. Therefore, the next video users are likely to be interested in is

RERKBRT
Family Comedy

.<|sid_begin|><s_a_66><s_b_2870><s_c_202><|sid_end|>

Figure 6: Demonstration of itemic-textual interleaved reasoning.

systems from mere item predictors into reasoning-
aware models that generate interpretable rationales
alongside high-quality recommendations. Exten-
sive experiments demonstrate that OneRec-Think
not only achieves state-of-the-art performance
across multiple benchmarks, but also translates to
concrete industrial impact with a 0.15% gain in pri-
mary metrics like APP Stay Time. Future work will
focus on exploring user long-sequence modeling
and dense RL reward for finer-grained preference
modeling, further bridging LLM-based reasoning
with industrial recommendation systems.

Limitations

Despite promising empirical results, current public
datasets exhibit quality constraints through their
limited behavior sequence lengths and restricted
item spaces. These limitations hinder our Reason-
ing Activation and Reasoning Enhancement mod-
ules from acquiring high-quality reasoning capabil-
ities comparable to those learned from industrial-
scale data. Consequently, we simplify and adapt
our approach to achieve a stable yet simplified rea-
soning capacity, which remains robust within the

public datasets. To address these issues, we are ac-
tively constructing a large-scale benchmark with ex-
tended behavioral trajectories and diversified item
catalogs that will enable more comprehensive eval-
uation of reasoning capabilities for reasoning-based
recommendation models.

Ethics Statement

In this work, we have conducted experiments
for two settings: one for open-source benchmark
datasets and one for the industrial scenario. For the
experiments for open-source benchmark datasets,
all datasets are publicly available from previous
works or public APIs while maintaining anonymity.
For the industrial scenario, we utilize user interac-
tion data collected from our platform to train the
recommendation model. All data collection and
usage strictly comply with our platform’s privacy
policy and terms of service, to which users have
provided explicit consent. Importantly, our training
process operates solely on aggregated behavioral
sequences, textual content, and user base informa-
tion without accessing or processing any personally
identifiable information.
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A Appendix

A.1 Experiment settings

Details of Baselines We compare OneRec-Think
with competitive baselines within two groups of
work, traditional recommender models and gener-
ative recommender models: 1) BERT4Rec (Sun
etal., 2019) leverages BERT’s pre-trained language
representations to capture semantic user-item re-
lationships. 2) HGN (Ma et al., 2019) utilizes
graph neural networks to learn user and item rep-
resentations for predicting user-item interactions.
3) GRU4Rec (Hidasi et al., 2016) is a lightweight
graph convolutional network model focusing on
high-order connections between users and items. 4)
SASRec (Kang and McAuley, 2018) employs self-
attention mechanisms to capture long-term depen-
dencies in user interaction history. 5) TIGER (Ra-
jput et al., 2023) introduces codebook-based iden-
tifiers via RQ-VAE, which quantizes semantic in-
formation into code sequences for LLM-based gen-
erative recommendation. 6) HSTU (Zhai et al.,
2024) reformulates recommendation problems as
sequential transduction tasks within a generative
modeling framework and proposes a new architec-
ture for streaming data. 7) ReaRec (Tang et al.,
2025) enhances user representations through im-
plicit multi-step reasoning within an inference-time
computing framework for recommendation. Evalu-
ation Metrics. We use two metrics: top-K Recall
(R@K) and NDCG (N@K) with K =5 and 10,
following (Rajput et al., 2023).

Details of experiments on open-source datasets
We adopt Qwen3-1.7B (Yang et al., 2025) as our
backbone model. The model’s vocabulary is ex-
tended with 1,024 new tokens representing the four-
level hierarchical semantic IDs (256 tokens per
level), in addition to two special boundary tokens,
<|item_begin|>and <|item_end|>. All models
were trained on a server equipped with flagship
GPUs. To generate the top-K recommendations

during evaluation, we employ a beam search strat-
egy with a beam width of 10. Given the inher-
ent challenge of deriving a robust reasoning path
T from the short and sparse item sequences typi-
cal of public benchmarks, we strategically employ
manually constructed category-based CoT as the
pruned content for Reasoning Activation to ensure
stable semantic guidance. For the training data, we
adopt the pre-processing techniques from previous
work (Rajput et al., 2023; Wang et al., 2024a), dis-
carding sparse users and items with interactions
less than 5. We consider the sequential recommen-
dation setting and use leave-one-out strategy (Ra-
jputetal., 2023; Zheng et al., 2024) to split datasets.
For training, we follow (Kang and McAuley, 2018)
to restrict the number of items in a user’s history to
50.

A.2 Model Demonstration

Reasoning Cases for Short-video Recommenda-
tion In this part, we show some cases of short
video recommendations of another user. Figure 7
presents two reasoning paths generated by our
model, demonstrating its capacity for multi-step
interest inference and underlying need identifica-
tion. In the first case, the model connects the user’s
gaming preferences with hardware comparison be-
haviors to deduce an unstated need for performance
optimization, ultimately recommending monitor
analysis videos. The second case reveals deeper
psychological needs by associating sports/military
viewing history with adolescent rebellion searches,
identifying parenting challenges as the core con-
cern. Both examples showcase our model’s ability
to transcend superficial topic matching and perform
causal reasoning about user motivations, enabling
recommendations that address both expressed in-
terests and latent needs.

Semantic Comprehension Validation After se-
mantic alignment, the model acquires the capability
to comprehend and articulate the semantic meaning
of item tokens through natural language. To vali-
date this emergent ability, we evaluate the capacity
of the model to generate descriptive captions for
itemic tokens without explicit training on this task.
When prompted to explain what an itemic token
represents, the model leverages the learned seman-
tic correspondences to produce coherent textual de-
scriptions that accurately capture the characteristics
of the items. This demonstrates that the alignment
process successfully establishes genuine semantic
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<|item_begin|><item_a_4029><item_b_4601><item_c_5058><|item_end|>.

The themes of the user's viewing history are gaming and tech product comparisons. The user liked classic scene from the
"Battlefield" series and the latest Game trailer for "GTA 6", indicating a strong interest in military-themed games and
acti games. N hile, the user actively searched for graphics card comparison videos, showing high

to i i with particular interest in comparing graphics card performance. The
logic behind the user's potential clicks on candidate videos is: the user's interest in gaming and tech products extends to
practical application scenarios, namely optimizing their gaming experience through graphics card comparisons. Since the
user has already shown preference for high-quality, high-frame-rate games like "Battlefield" and "GTA 6", they may seek
hardware support that can provide better visual effects and smoothness. Graphics card comparison videos can help users
understand performance differences between different GPU models, enabling them to make informed choices to
enhance their gaming performance. Therefore, the user would likely click on a video that provides detailed analysis of
graphics card performance and recommends suitable options for specific gaming needs, to better satisfy their personal
or family entertainment requirements. Thus, the user would very likely click on candidate videos with similar themes
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Among the content actively searched by users, communication issues with rebellious adolescent children have become a
focal point, suggesting that users may be facing in p t-child i ips or di
Consequently, the underlying need of users lies in seeking to address particularly
regarding how to communicate effectively with their children. Such needs not only reflect the user’s evolving role as a
parent but also highlight their psychological state when confronting complex social environments. In response to this
situation, providing practical and professional guidance on communication techniques will enable users to meet their
actual needs and better handle problems within the family. In summary, the themes of the user’s viewing history are
sports events and international military affairs, while the user‘s underlying need is to resolve communication problems
with i children. Therefore, it is necessary to recommend videos on related topics to satisfy their
needs. Thus, users are highly likely to click on candidate video with similar theme
<|item_begin|><item_a_6786><item_b_4138><item_c_1091><|item_end|>.
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Figure 7: A reasoning example for a short-video recommendation scenario.

understanding rather than superficial pattern match-
ing, as the model can now bidirectionally translate
between discrete itemic tokens and their rich nat-
ural language semantics. The following cases in
Beauty datset showcase the model’s caption gener-
ation capability for item semantic tokens:

Case: Itemic Token Explaining 1

Question + Answer

<|im_start|>system

<|im_start|>user

im_end|>
<|im_start|>assistant

Case: Itemic Token Explaining 2

You are a helpful assistant.<|im_end|>

Can you explain the meaning of <]|
item_begin|><item_a_8><item_b_18><
item_c_86><item_d_131><|item_end|>?<]|

Question + Answer

<|im_start|>system

You are a helpful assistant.<|im_end|>
<|im_start|>user

Can you explain the meaning of <|
item_begin|><item_a_219><item_b_189><
item_c_49><item_d_227><|item_end|>?<]|
im_end|>

<|im_start|>assistant

Its title is Manuka Honey and Manuka 0il
Skin Cream, its category is Beauty > Skin
Care > Face > Cleansers.

Ground Truth

"title”: "Manuka Honey and Manuka 0il
Skin Cream”

"categories”: "Beauty > Skin Care > Face
> Creams & Moisturizers > Fluids &
Lotions > Lotions”

"sid": "<|item_begin|><item_a_219><
item_b_189><item_c_49><item_d_227><|
item_end|>"

Its title is 25 Color Professional
Camouflage Makeup Palette, its category
is Beauty > Makeup > Face > Concealer &
Base.

Ground Truth

"title": "Professional 15 Color Concealer
Camouflage Makeup Palette”,
"categories”: "Beauty > Makeup > Face >
Concealers & Neutralizers”,

"sid": "<|item_begin|><item_a_8><
item_b_18><item_c_86><item_d_131><|
item_end|>"
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A.3 Implementation Details

A.3.1 Itemic Alignment
Task details

Here, we first introduce the afore-
mentioned four types of tasks.
1. Interleaved User Persona Grounding. This
part contains the interleaved itemic tokens with



rich, natural-language text extracted from static
user profiles. This process forces the model to
create a robust mapping between the itemic tokens
and their real-world meanings, grounded in user

attributes, stated interests, and historical behaviors.

The sample data is shown below.

Interleaved User Persona Grounding data

# User Profile Narrative
The user is a 25-30 year-old male based
in Beijing.

# User Profile Narrative

The user’s recent searches on the
platform include: "best space opera
novels,"” and "latest NASA discoveries.”

# Live Stream Behavior
He recently commented 5 times on live
streams in the "Science & Tech" category.

# Like Behavior

He recently liked video <|item_begin|><
item_a_1123><item_b_5813><item_c_4212><|
item_end|>, captioned "Exploring the
Andromeda Galaxy with the James Webb
Telescope."”; and video <|item_begin|><
item_a_3421><item_b_8812><item_c_1234><|
item_end|>, captioned "Top 10 Paradoxes
of Time Travel.”

# Comment Behavior

He recently commented "Incredible footage
1" on Video: <|item_begin|><item_a_5813><
item_b_1123><item_c_9876><|item_end|>, a
documentary about black holes; and
commented "Mind-blowing concept!” on
Video: <|item_begin|><item_a_8812><
item_b_3421><item_c_5432><|item_end|>,
explaining the Fermi Paradox.

# Followed Creators

He follows creators on the platform
across various fields, including science
popularizers, book reviewers, and film
critics specializing in sci-fi.

# User Summary

Primary Interests: This user enjoys

science, especially astronomy. This user

also engages with Honor of Kings content,
indicating a casual gaming interest.

Secondary Interests: Diverse explorations
include pet (cat) videos, traditional

culture, and local food content.

2. Sequential Preference Modeling. The model
is given a sequence of a user’s recent interactions
(up to 256 items) and is tasked with predicting
the next item. The loss is computed only on the
tokens of the target itemic token. The sample data
is shown below.

Sequential Preference Modeling data

<|im_start|>system

You are a sequential recommendation
engine. Your task is to analyze the
provided sequence of user-item
interactions and predict the single next
item the user is most likely to engage
with.

<|im_end|>

<|im_start|>user

User interaction history: <|item_begin|><
item_a_1024><item_b_2048><item_c_4096><|
item_end|>...<|item_begin|><item_a_1234><
item_b_5678><item_c_5876><|item_end|>.
Predict the next item.

<|im_end|>

<|im_start|>assistant

The next recommended item is <|item_begin
|><item_a_5555><item_b_6666><item_c_7777
><|item_end|>.

<|im_end|>

3. Itemic Dense Captioning. This task asks
the model to generate a textural description of a
given itemic token, ensuring a robust mapping be-
tween itemic tokens and natural language. The
loss is computed on the tokens of the target textual
description. The sample data is shown below.

Itemic Dense Captioning data

<|im_start|>system

You are an expert content analyst. Given
an itemic token, generate a concise and
accurate textual description of its
content.

<|im_end|>

<|im_start|>user

Provide a description for the itemic
token: <|item_begin|><item_a_1357><
item_b_2468><item_c_7753><|item_end|>.

<|im_end|>

<|im_start|>assistant

This video showcases a local food stall,
highlighting traditional cooking methods
and signature dishes like grilled skewers
to attract customers by celebrating
local food culture.

<|im_end|>

4. General Language Modeling. This part of
the data contains the pretraining and instruction
fine-tuning data of the general corpus to maintain
the base ability of the language model.

To prepare our model for in-text reasoning rec-
ommendations, we design a two-stage training cur-
riculum to first build a foundational semantic un-
derstanding and then develop sophisticated rec-
ommendation capabilities. The initial substage,
Token Warm-up, focuses on aligning itemic to-
kens with their rich textual meanings. The second
substage, Multi-Task Integration, develops the
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Table 5: Data details for the Recommendation Enhanc-
ing.

Task Type \ Data Percentage
Interleaved User Persona Grounding | 24.30%
Sequential Preference Modeling \ 65.73%
Itemic Dense Captioning \ 4.94%
General Language Modeling | 5.03%

model’s core recommendation abilities while pre-
serving the initial semantic alignment.

Token Warm-up The initial and foundational
step is to imbue the model with a deep understand-
ing of the semantic content represented by each
itemic tokens (s,). In the open-source benchmark
datsets, the dataset is consist of the user profile
of the full training data. In the industrial setting,
the entire alignment process leverages a corpus of
6 billion tokens of the Interleaved User Persona
Grounding task, ensuring a comprehensive seman-
tic grounding.

During this stage, we freeze the parameters of
the LLM backbone and exclusively train the em-
beddings of the newly introduced itemic tokens.
This focused approach allows the randomly initial-
ized embeddings to efficiently converge to mean-
ingful positions within the model’s existing seman-
tic space without disrupting its pre-trained knowl-
edge. We use a higher learning rate of 5 x 10~ to
train only the new token embeddings, which allows
the randomly initialized embeddings to converge
quickly and efficiently.

Multi-Task Integration With the semantic item
vocabulary successfully grounded, the second sub-
stage of our curriculum aims to develop the model’s
core recommendation capabilities. Simply training
on a single objective, such as next-item prediction,
could cause the model to gradually treat the itemic
tokens as conventional, non-semantic identifiers,
thereby losing the benefits of the initial ground-
ing substage. To prevent this and foster a more
holistic understanding, we employ the Multi-Task
Integration. The mixture of different tasks, detailed
in Table 5, is designed to balance the learning of
collaborative patterns with the reinforcement of
semantic understanding and contextual reasoning.

For the open-source benchmark dataset, we train
the full parameters of the model. For the industrial
scenario, we unfreeze the model backbone and uti-
lize LoRA (Hu et al., 2022) for parameter-efficient

fine-tuning. We employ a more conservative learn-
ing rate of 3 x 10~* and fine-tune the model, which
ensures a stable adaptation of the model’s internal
mechanisms to the recommendation tasks without
disrupting its foundational knowledge.

A.3.2 Reasoning Activation

The Reasoning Activation stage employs a care-
fully orchestrated two-substage training pipeline
designed to progressively develop the model’s rea-
soning capabilities from simplified contexts to com-
plex, noisy industrial sequences.

Bootstrapping with Pruned Contexts: In this
substage, we construct a high-quality reasoning
dataset by strategically pruning user behavior se-
quences to retain only the most relevant interac-
tions. For each training instance, we employ a
semantic similarity function g(-,-) to extract the
top-k items (we set £k = 10 in our experiments)
most relevant to the target interaction. The similar-
ity function leverages pre-trained item embeddings
to compute cosine similarity scores between his-
torical items and the target. Using these pruned
sequences, we prompt the semantically aligned
model to generate step-by-step reasoning trajec-
tories that explain why the target item aligns with
the user’s demonstrated preferences. The example
is shown below.

Rationale Generation from Pruned Context

<|im_start|>system

You are an expert recommendation analyst.
Given a user’s relevant interaction
history, provide a step-by-step reasoning
process explaining why a specific target
item aligns with their preferences.

<|im_end|>

<|im_start|>user

User’s relevant interaction history:

<|item_begin|><item_a_1111><item_b_2222><
item_c_3333><|item_end|> - Beginner’s
guide to sourdough bread making
<|item_begin|><item_a_2947><item_b_8156><
item_c_3402><|item_end|> - Professional
chef knife skills tutorial
<|item_begin|><item_a_5618><item_b_3927><
item_c_7084><|item_end|> - Italian pasta
recipes from scratch
<|item_begin|><item_a_7293><item_b_5471><
item_c_1836><|item_end|> - Kitchen
organization and meal prep tips
<|item_begin|><item_a_9105><item_b_6248><
item_c_4519><|item_end|> - Comparison of
stand mixers for home baking

Target item: <|item_begin|><item_a_3672><
item_b_9814><item_c_2657><|item_end|> -
Advanced French pastry techniques and
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equipment guide
Explain why this target item matches the
user’s interests.
<|im_end|>
<|im_start|>assistant
Reasoning: The user’s viewing history
shows a strong interest in advanced
cooking techniques and kitchen equipment,
with engagement in sourdough baking,
handmade pasta, and stand mixer
comparisons. The user has progressed from
basic skills to time-intensive culinary
projects, demonstrating commitment to
mastering traditional cooking methods.
French pastry represents a natural next
step that combines their baking
experience with technical precision.
Therefore, the user would very likely
click on candidate videos with similar
themes <|item_begin|><item_a_3672><
item_b_9814><item_c_2657><|item_end|>.
<|im_end|>

Learning to Reason from Noisy Sequences
Building upon the distilled reasoning patterns, this
substage trains the model to transfer its reason-
ing capabilities to raw, unfiltered user behavior
sequences. The training data consists of complete
user histories paired with the high-quality ratio-
nales generated in Substage 1. We employ the joint
optimization objective defined in Equation 5, which
simultaneously trains the model to: (1) generate co-
herent reasoning trajectories by predicting rationale
tokens conditioned on noisy context, and (2) pro-
duce accurate target item predictions informed by
both the context and generated rationale. The loss
function applies equal weighting to both compo-
nents, ensuring the model learns to perform contex-
tual distillation while maintaining recommendation
accuracy. The example is shown below.

Reasoning from Noisy Sequences

<|im_start|>system

You are an intelligent recommendation
system. Given a user’s complete
interaction history, provide reasoning
for your recommendation and then suggest
the most appropriate next item.
<|im_end|>

<|im_start|>user

User’s complete interaction history:
<|item_begin|><item_a_1847><item_b_6392><
item_c_5104><|item_end|>, <|item_begin|><
item_a_9263><item_b_4571><item_c_8026><|
item_end|>, <|item_begin|><item_a_1111><
item_b_2222><item_c_3333><|item_end|>, <]
item_begin|><item_a_5419><item_b_8736><
item_c_2948><|item_end|>, <|item_begin|><
item_a_3082><item_b_7145><item_c_6379><|
item_end|>, <|item_begin|><item_a_2947><
item_b_8156><item_c_3402><|item_end|>, <]
item_begin|><item_a_7651><item_b_2493><

item_c_1087><|item_end|>, <|item_begin|><
item_a_5618><item_b_3927><item_c_7084><|
item_end|>, <|item_begin|><item_a_8304><
item_b_9672><item_c_4215><|item_end|>, <]
item_begin|><item_a_7293><item_b_5471><
item_c_1836><|item_end|>, <|item_begin|><
item_a_4926><item_b_1358><item_c_8740><|
item_end|>, <|item_begin|><item_a_9105><
item_b_6248><item_c_4519><|item_end|>, <]
item_begin|><item_a_1537><item_b_8904><
item_c_3261><|item_end|>
What item should be recommended next?
Explain your reasoning first.
<|im_end|>
<|im_start|>assistant
<think>
The user’s viewing history shows a strong
interest in advanced cooking techniques
and kitchen equipment, with engagement in
sourdough baking, handmade pasta, and
stand mixer comparisons. The user has
progressed from basic skills to time-
intensive culinary projects,
demonstrating commitment to mastering
traditional cooking methods. French
pastry represents a natural next step
that combines their baking experience
with technical precision. Therefore, the
user would very likely click on candidate
videos with similar themes <|item_begin
|><item_a_3672><item_b_9814><item_c_2657
><|item_end|>.
</think>
Recommendation: <|item_begin|><
item_a_3672><item_b_9814><item_c_2657><]|
item_end|>
<|im_end|>

Similarly, for these tasks, we train the full pa-
rameters of the model. For the industrial scenario,
we unfreeze the model backbone and utilize LoORA
for parameter-efficient fine-tuning. We employ a
learning rate of 3 x 10~ and fine-tune the model.

To quantify the impact of Semantic Grouding
(SG) and Recommendation Enhancement (RE)
in Itemic Alignment stage, we calculate the
BertScore (Zhang et al., 2019) between the ground
truth and prediction of OneRec-Think on the User
Understanding and Short Video Understanding
benchmarks. The cases of User and Short Video
Understanding of Table 4 are shown below, and the
ground truth is the accurate answer from our online
multi-modal large language model.

Case for Short Video Understanding Benchmark

<|im_start|>system

You are an expert content analyst. Given
an itemic token, generate a concise and
accurate textual description of its
content.

<|im_end|>

<|im_start|>user

Provide a description for the itemic
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token: <|item_begin|><item_a_1357><
item_b_2468><item_c_7753><|item_end|>.
<|im_end|>

<|im_start|>assistant

# Answers

Case for User Understanding Benchmark

<|im_start|>system

You are an expert content analyst. Your
task is to analyze the provided user
interaction history and generate a
structured, actionable user profile
summary. .

<|im_end|>

<|im_start|>user
<|item_begin|><item_a_1111><item_b_2222><
item_c_3333><|item_end|> - Beginner’s
guide to sourdough bread making
<|item_begin|><item_a_2947><item_b_8156><
item_c_3402><|item_end|> - Professional
chef knife skills tutorial
<|item_begin|><item_a_5618><item_b_3927><
item_c_7084><|item_end|> - Italian pasta
recipes from scratch
<|item_begin|><item_a_7293><item_b_5471><
item_c_1836><|item_end|> - Kitchen
organization and meal prep tips
<|item_begin|><item_a_9105><item_b_6248><
item_c_4519><|item_end|> - Comparison of
stand mixers for home baking

<|im_end|>
<|im_start|>assistant
# Answers

A.3.3 Reasoning Enhancement

Building upon the reasoning capabilities estab-
lished in the previous stage, we employ Reinforce-
ment Learning to further refine both reasoning co-
herence and recommendation accuracy. We lever-
age the VERL framework (Sheng et al., 2024) for
efficient optimization, which provides robust in-
frastructure for distributed training and scalable re-
ward computation. Our training utilizes the GRPO
algorithm and implements the Rollout-Beam re-
ward within VERL. During training, we sample
|G| = 16 CoT paths and do beam search with
width K = 32 for each path to compute rewards,
balancing exploration breadth with computational
efficiency. We train for 2 epochs with a learning
rate of le-5, KL divergence coefficient § = 0.001,
clip ratio € = 0.2 to ensure stable policy updates.

A.3.4 System Deployment: A '"Think-Ahead"
Architecture

Here, we show the details of the "Think-Ahead" Ar-

utilizes these tokens as constrained prefixes for
real-time finalization, ensuring production-grade
latency.

Stage 1: Reasoning-Guided Prefix Generation
Reasoning Path Synthesis: For user u with inter-
action history H,, = P(sy,, - ., Sy, ), We sample
T diverse reasoning paths:

7 ~ P(- | Hy;0), (8)

where each path 7() for i € {1,...,T} encap-
sulates a distinct logical pathway connecting the
user’s behavioral patterns to potential interests.
Constrained Prefix Generation: Given our hierar-
chical itemic tokens with L identifiers, we perform
beam search to generate candidate prefixes. Here,
in our industrial setting, we use L = 3. For each
reasoning path 79, we decode only the first two
itemic tokens, yielding:

22
Svn+1

Ag%:meSwth% |H@T“%®7m)

. )
where Aq(f ) denotes the set of m candidate item
prefixes derived from path 7(* for user u.
Semantic Space Materialization: The union of
all item prefix sets forms the user’s personalized

candidate space:

sl
SUn+1 )

T
Cu=JAY (10)
i=1

This set, containing 7" X m high-potential item
prefixes, is cached in an industrial distributed stor-
age system, effectively materializing the model’s
deliberative reasoning into actionable semantic hy-
potheses.

Stage 2: Prefix-Constrained Finalization The
online stage executes rapid inference while leverag-
ing the pre-computed semantic priors from Stage 1
upon user request arrival.
Constrained Decoding: Upon receiving a request
for user u, we retrieve C, and infer the last to-
ken using a real-time updated OneRec following
(Zhou et al., 2025a) hopiine. The search space is
restricted so that the prefix of the candidate tar-
get item (§11)n Y §%n +1) should be in the candidate
%H,ggnﬂ) € C,. Con-

prefix set, which means (3}
sequently, we could construct the decoding target:

chitecture. Our "Think-Ahead" architecture decou- &, ., = argmax P__ (Svn+ ) ‘ Sups e Svn)

ples inference into an offline stage that generates Svnt1

reasoning paths and initial item tokens to capture s.t. (§11)n . Azn N ) EC

broad user intent, followed by an online stage that (11)
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where the items with top-K probability are then
served to the users.

In summary, our Think-Ahead architecture
presents a novel paradigm for industrial recom-
mendation, effectively reconciling sophisticated
reasoning with strict latency requirements.

2681
18



