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Generative recommendation models in the OneRec family have been widely deployed in many real-world
services, such as short-video, live-streaming, advertising, and e-commerce. However, these generative
models can only benefit from the scaling advantage, while their reasoning ability is hard to activate,
since we cannot construct meaningful Chain-of-Thought (CoT) sequences consisting of itemic tokens
only. Inspired by the success of the reasoning-style “think before answer” paradigm in the LLM field,
we conduct preliminary studies (i.e., OneRec-Think, OpenOneRec) to explore reasoning capability in
generative recommendation. Nevertheless, we notice an unexpected phenomenon: the thinking mode
does not show advantages over the non-thinking mode. Drawing insights from recent findings on CoT
robustness in multi-modal language models, we argue that effective reasoning in recommendation
rests on two factors: perception, the ability to ground itemic tokens in their underlying language
semantics, and cognition, the ability to reorganize a user’s behavior sequence into coherent latent
interest points. We therefore propose OneReason, which includes: (1) strong itemic token perception
in pre-training, (2) a three-level cognition-enhanced CoT format for recommendation tasks in SFT,
and (3) a specialize-then-unify training recipe in RL to enhance the thinking ability. Equipped with
the above techniques, OneReason successfully achieves a thinking mode that outperforms the non-
thinking mode across multiple real-world business benchmarks at Kuaishou. Moreover, we observe an
interesting phenomenon: replacing unCoT recommendation data with CoT-supervised data can improve
non-thinking inference in several domains. This suggests that some benefits of CoT supervision may
transfer to direct decoding, although the current evidence is behavioral and does not by itself identify
whether the effect comes from compression, reasoning, or their interaction. Finally, we systematically
present a series of reasoning benchmarks and design insights, and we will open-source the OneReason-8B
and OneReason-0.8B models to facilitate research on generative recommendation models.
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Figure 1 | Performance overview: (1) compared with Qwen3-8B, OneReason-8B maintains its general
capabilities; (2) OneReason-8B exhibits SOTA performance across real-world recommendation bench-
marks; (3) OneReason-8B showing promising “thinking” advantage to recommendation tasks.
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1. Introduction

In recent years, Transformer-based large language models (LLMs) have pushed the frontier of machine
intelligence to unprecedented levels. Driven by massive compute scale and advanced training method-
ologies, LLMs have come to exhibit two exciting properties that guide us to build more powerful
models:

* Scaling property in pre-training: When model size, training data, and compute resources are
scaled up, the convergence loss follows a regular, extrapolable decay trend (Kaplan et al., 2020;
Hoffmann et al., 2022). As scaling proceeds, the evaluation scores across multiple benchmarks
improve simultaneously, demonstrating the models’ remarkable semantic understanding and
generalization capability.

* Reasoning property in post-training: Following pre-training, the post-training stage further
unlocks and refines the model’s advanced capabilities via high-quality Supervised Fine-Tuning
(SFT) and Reinforcement Learning (RL) (Ouyang et al., 2022; Shao et al., 2024; Yu et al., 2025;
Zheng et al., 2025). Driven by these post-training techniques, LLMs learn to follow CoT-style
procedures (Kojima et al., 2023; Wei et al., 2023), forming a “think-before-answer” reasoning
paradigm. This paradigm significantly enhances their capabilities to solve complex, in-depth
problems, as exemplified by the OpenAlI o1 (Jaech et al., 2024) and DeepSeek-R1 (Guo et al.,
2025) series.

Inspired by the Scaling and Reasoning properties of LLMs, we are deeply curious about whether
these two properties can be further leveraged to push the capability of industrial recommender
systems. Driven by this motivation, we have started a series of exploration efforts. For the Scaling
property, our OneRec V1/V2 series of generative models (Zhou et al., 2025b; c) have validated the
scaling property in industrial recommendation scenarios, contributing significant business gains at
Kuaishou. For the Reasoning property, we acknowledge that the recommendation-data-driven OneRec
model cannot unlock the reasoning ability on its own. Since the OneRec model is trained exclusively
on pure itemic sequential data, it has only learned from flat transition patterns without any underlying
logical thinking traces. To elicit the reasoning capabilities, our recent models, OneRec-Think (Liu
et al., 2025) and OpenOneRec (Zhou et al., 2026), have explored introducing interleaved itemic-text
recommendation data and general-domain reasoning data. In these two models, we have successfully
observed that the “think-before-answer” pattern can be generalized to recommendation tasks,
allowing us to inspect the underlying logic of the model and to understand the user’s interests as well
as the rationale behind the next-item prediction. However, we also notice an unexpected phenomenon:
the thinking mode does not show significant advantages on recommendation benchmarks
compared with the non-thinking mode.

To explore the root cause of this unexpected phenomenon, we turn to the multi-modal LLM
(MLLM) literature, where a strikingly similar reasoning-mode brittleness has been observed. (Sun
et al., 2026b) reveals that when textual and visual modalities are insufficiently aligned, models tend to
mechanically “read” surface-level visual text rather than genuinely reason about the underlying visual
semantics, providing a compelling indication that deep cross-modal alignment is a prerequisite for
authentic thinking. Extending this insight, (Zhou et al., 2025a) systematically surveys the perception-
to-cognition pathway in MLLMs and concludes that advanced interactive reasoning cannot emerge
without first establishing robust perceptual alignment between modalities. Building on this alignment
foundation, Jiang et al. (2025b) further demonstrates that, even with aligned modalities, reasoning
robustness remains fragile unless the CoT traces themselves are carefully structured, specifically
by adopting logically coherent, coarse-to-fine reasoning formats that prevent hallucinations and
over-thinking.
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Figure 2 | The pre-training, SFT, RL, and benchmarking pipeline of OneReason.

Taken together, these works converge on two essential and complementary pillars for unlocking
genuine reasoning capability: (i) modality alignment in perception, which grounds perception and
prevents the model from operating on hollow surface signals; and (ii) CoT quality in cognition, which
provides coherent coarse-to-fine reasoning trajectories and enables a faithful think-before-answer
process once alignment is in place.

For generative recommendation, as illustrated in Figure 3, these insights carry a clear implication:
enabling a model to truly think about user interests demands both (1) deep alignment in perception
between itemic modality and natural-language modality, so that itemic tokens become referable,
composable semantic units rather than opaque identifiers; and (2) recommendation-specific and
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Figure 3 | Three failure/success modes of MLLM chain-of-thought reasoning given the same visual
input. (a) Alignment failure: the model miscounts due to weak visual grounding. (b) CoT quality
failure: correct perception but faulty reasoning drift. (c) Robust reasoning: deep alignment and
logical CoT lead to the correct answer.

logically fluent CoT structures in cognition that are designed to scaffold deliberate reasoning
over user histories and item properties on top of this alignment. These two dimensions serve as
the cornerstones for building a powerful reasoning model, where we explicitly strengthen text-item
alignment and devise tailored coarse-to-fine reasoning formats to make the model genuinely capable
of recommendation-oriented thinking.

In light of the above, we propose OneReason, a recommendation foundation model with genuine
reasoning capability. Specifically, for better item perception ability, we collect complex and diverse
coarse-to-fine alignment pre-training corpora to align the newly inserted itemic tokens with text
tokens in the same semantic space. For better reasoning cognition ability, we elaborate a standard
thinking structure to ensure CoT quality and build the SFT corpora. Moreover, building on the model
after pre-training and SFT, we find that the thinking mode still underperforms the non-thinking
mode under multi-domain mixed RL, yet consistently surpasses it when RL is restricted to a single
domain. This contrast motivates us to adopt a “specialize-then-unify” RL strategy - we first conduct
domain-focused RL to fully unlock thinking-mode benefits within each domain, and then apply
rejection sampling fine-tuning (Yuan et al., 2023) or Multi-Teacher On-Policy Distillation (Xiao et
al., 2026) for cross-domain balancing and refinement. The overall training process of OneReason
is visualized in Figure 2. Meanwhile, we also make an interesting observation: under an equal
number of training tokens, adding recommendation CoT supervision can improve non-thinking-mode
performance compared with training on pure unCoT data in several domains (see the bottom right
panel of Figure 1). We treat this as behavioral evidence that some supervision signals from CoT traces
may transfer to direct decoding, rather than as proof that CoT is universally necessary or that the
mechanism has been identified.

To evaluate the reasoning ability of our model in recommendation scenarios, we introduce
OneReason-Bench, a curated collection of reasoning-oriented recommendation benchmarks. Orga-

[e)}
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nized along multiple axes, this benchmark is designed to assess reasoning abilities in a comprehensive
and structured manner, and has played a central role in guiding and validating our model develop-
ment. As illustrated in Figure 1, our OneReason model achieves superior performance across this
benchmark, demonstrating its robust reasoning capabilities. To facilitate research on generative
recommendation models, we will open-source the OneReason-8B and OneReason-0.8B models and
other fine-tuning-related materials to the public.

2. Reasoning Design Philosophy

Before describing the architecture and training recipes in detail, we first outline the design principle of
recommendation reasoning: what is a good CoT trace in recommendation? In classical LLM reasoning
tasks involving math, code, or symbolic logic, it is usually assumed that there exist intermediate steps
that maintain task constraints and apply relevant world knowledge to logically answer the question
step by step. Unlike classical reasoning tasks with a single correct answer, recommendation admits
multiple plausible items at once, and the underlying user intent is never directly observable; it must be
inferred from a long sequence of historical itemic tokens (where each complete sequence represents
some item). Therefore, recommendation reasoning is abductive rather than deductive: it requires
hypothesizing latent interest points, modeling how they evolve over time, and using them to justify
why specific candidates fit the current context. In other words, a recommendation CoT should select
relevant behaviors as hypothesized interest points, compress them into an interpretable preference,
model the temporal transitions between these interests, and finally associate the inferred preference
state with the recommended item. This distinction motivates our training and evaluation design.
We decompose recommendation reasoning into four diagnostic capabilities along two dimensions:
(1) Perception (R0), which grounds itemic tokens in their semantic content; and (2) Cognition
(R1-R3), which builds progressively deeper reasoning on top of solid perception.

* RO: Perception. Interpreting itemic patterns via their explicit semantic content is the founda-
tional ability; without it, user behavior is uninterpretable.

* R1: Derivation. Reasoning from individual item semantics to item-to-item relations via common-
sense or knowledge-based associations; without it, latent interests cannot be extracted from
noisy interaction histories.

* R2: Evolution. Reasoning over items of the same latent interest as a temporal process; without
it, long-term, short-term, and periodic preferences cannot be modeled.

* R3: Recommendation. Reasoning coherently to produce high-quality decisions across all
served domains (e.g., Short-Video, Live-Streaming).

The immediately following section operationalizes this hierarchy as an evaluation instrument, so
that the trajectory from pre-training (Section 4) to post-training (Sections 5 and 6) to deployment
(Section 9) can be measured at every step against the same diagnostic axes.

3. Benchmark Design for Reasoning Recommendation

Placing the benchmark before the model description is deliberate: the four-granularity pre-training
(Section 4), the compression-then-reasoning SFT (Section 5), and the specialize-then-unify RL
(Section 6) are each motivated by specific gaps revealed at the RO-R3 layers of OneReason-Bench.
The benchmark therefore functions less as a leaderboard and more as a measurement protocol that
justifies, monitors, and ultimately validates every downstream design choice.

While RecIF-Bench in OpenOneRec (Zhou et al., 2026) broadens the evaluation of recommendation
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foundation models, its reasoning evaluation is still coarse-grained and not sufficiently diagnostic. To
address this, we develop OneReason-Bench, extending RecIF-Bench toward multi-level reasoning.

3.1. Task Taxonomy

OneReason-Bench organizes reasoning-oriented benchmark tasks into a progressive hierarchy: Per-
ception (RO), Derivation (R1), Evolution (R2), and Recommendation (R3). These reasoning layers
progress from semantic grounding to relational and temporal reasoning, and finally to integrated
recommendation tasks. Table 1 summarizes the taxonomy, and examples are shown in Figure 4.

Unified Task Formulation. All tasks are formulated as sequence generation Y = ¥ (X), where X
combines a task instruction I with a context C such as itemic patterns, user portraits, or interaction
histories. The target Y can be an itemic pattern, an answer option, a natural-language response, or a
structured evolution chain, allowing RO-R3 tasks to share a common generative evaluation protocol.

Table 1 | Task taxonomy of OneReason-Bench organized across four reasoning layers.

Layer Task Input (X) Target (V) Metric
Item Understanding Item i Item description LLM-as-a-Judge
RO: Perception Itemic Pattern Grounding Item description Item i Pass@K, Recall@K
Item QA Item i + Answer options O° Correct option o Accuracy
R1: Derivation Item2Item Source item i + Item options O™  Correct option o™ Accuracy
Evolution Action Selection History H + Topic t Related actions A F1
R2: Evolution Evolution Topic Gen. History H + Topic t Evolution chain &, Action-Logic Score
Evolution Direct Gen. History H Evolution chain(s) {€} Multi-Chain Action-Logic Score

Single-Domain Rec.

R3: Recommendation (Video / Product / Ad / Live)
Cross-Domain Rec.
(Cross-Video / Cross-Product /  Portrait £ + History H Next items {i} Pass@K, Recall@K
Cross-Ad / Cross-Live)

Portrait P + History H¢ Next items {i} Pass@K, Recall@K

3.1.1. RO: Perception

Perception grounds itemic patterns in explicit semantic content, providing the semantic basis for
higher-level reasoning and recommendation (Zheng et al., 2024a; Zhou et al., 2026). We instantiate
this layer with three task types:

* Item Understanding: given an item i, the model generates its natural-language description,
decoding item semantics from itemic patterns.

* Itemic Pattern Grounding: given a natural-language description, the model grounds it to the
corresponding item.

* Item QA: given an item i and content-grounded multiple-choice options O¢, the model selects
the correct option, assessing whether it can use item semantics to answer targeted questions.

3.1.2. R1: Derivation

Building upon Perception, Derivation evaluates whether the model can reason from individual item
semantics to item-to-item relationships under common-sense or knowledge-based associations.

* Item2Item: given a source item i and a set of candidate items O™, the model selects the item
that best matches the intended item-to-item relation.
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RO: Perception R2: Evolution
I Item Understanding Context:
Instruction: Please describe the itemic pattern. [2025-08-0110:20]: [Purchase]: (<a 685 [<b_91>) [<c_07>]
Context: [<a_00>) [<0_04>] [<c_29-] [2025-08-0214:20]: [Watch]: [ _i25) (<_015) [cc_267)
Target: This is a humorous video that ... [2025-08-02 14:25]: [Follow]: (<a_007) [b_047) (<c_2713)
I Itemic Pattern Grounding [2025-08-0316:23]: [Search]: camping starter gear

2025-08-02 14:25]: [Follow]: (<a_413 (b_205) (<c_119

relationship-focused mediator style. [2025-08-0214:30]: [Watch]: [sa_13-] [<b_32-] [zc_10°]
Target: <a_10>) (<b_13>] [kc_22>) [2025-08-0214:32]: [Watch]: [<a_00>] [<b_04>) [<c_29>)

Instruction: Generate a video token reflecting a casual,

I Item QA I Evolution Action Selection
Instruction: Select the correct candidate (A,B,C,D...)
for the question about the itemic pattern.

Context: (<a_32>) [<b_06>) [<c_08>]

Target: C

Instruction: Given the logic chain “Sienna general
mod — specific parts filtering”, extract all related

actions from the timeline.

Target: ka_68>)(<b 913 (cc_075), [xa_73) (<b_5>](<c_29>),

R1: Derivation

I Evolution Topic Generation
I Item2Item

Instruction: Choose the option (A, B, C, D) most
related to the source item by concept, category.
Context: (<a_32>| (<b_06>| (<c_08>]

Instruction: Given the interaction history and topic

hint, generate the evolution chain with causal steps.

Context: Topic: From Camping Purchases to Starter

Target: A Gear Interest.
Target:(<a_68>)b_91>)(<c_075] — [<a_735][<b_5> |[<c_29>]
R3: Recommendation
Video, Product, Ad, Live =
I Single-Domain Recommendation I Evolution Direct Generation

Instruction: Predict the next videos the user will Instruction: Given the interaction history generate
watch, based on their historical watched videos. the evolution chain with causal steps.

Context: [<a_20>) (<b_00> (<c_043, (<a_92>] (<b_72>] (<c_29]

Target:

I Cross-Domain Recommendation

Target: (<a_683(<b_91>] (<c_07>] — (<a_205 (<b_00>) (<c_04>]

-

(<a_14>]<b_26>)(<c_01>] — [<a_68>] [<b_91>] (<c_07>)

Instruction: Leverage the user’s full multi-domain
=

history to predict the next videos.
Context:(<a 68 [<b_91>| [<c_07>],[<a_41 > (<b_20>] (<c_115) , (sa_415 [b_205) [<c_115) — (<a_135 [<b_32>J (<c 07

Target: -

Figure 4 | llustration of the task taxonomy. Each task is specified with its instruction, context, and
target format.

3.1.3. R2: Evolution

Evolution evaluates whether the model can reason over user interests as a temporal process rather than
a static preference profile. We design three task variants with increasing autonomy, from extracting
topic-relevant actions to generating topic-guided or fully autonomous evolution chains:

* Evolution Action Selection: given a history H and a specified interest topic ¢, the model
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identifies the historical actions A logically connected to that topic.

* Evolution Topic Generation: given a history  and a specified interest topic ¢, the model
generates the evolution chain &; describing how this interest developed.

* Evolution Direct Generation: given only the history 4, the model autonomously generates
valid interest-evolution chains {&} without topic guidance.

This layer evaluates multi-hop, temporally structured reasoning about user behavior, providing a
bridge from item-level reasoning to context-aware recommendation.

3.1.4. R3: Recommendation

While the preceding tasks focus on specific RO-R2 capabilities, real-world recommendation scenarios
often require models to flexibly combine perception, derivation, and evolution abilities. We therefore
introduce integrated recommendation tasks to evaluate the model’s overall reasoning capability in
practical recommendation settings. We assess this across two settings:

* Single-Domain Recommendation: given a user portrait # and the user’s interaction history
H? within a target domain (short video, advertising, e-commerce, or live-streaming'), the
model predicts the next items the user will engage with.

* Cross-Domain Recommendation: given a user portrait #, the user’s multi-domain interaction
history H, and a specified target domain d, the model predicts the next items in that domain.

Detailed construction procedures, R3 data statistics, and a comparison with existing recommendation
benchmarks are provided in Appendix B.1 and B.2.

3.2. Evaluation Protocols

We employ a set of task-specific metrics to cover recommendation accuracy, QA correctness, interest-
evolution reasoning, and open-ended generation quality.

Text Generation Metrics. For the Item Understanding task, we reuse the LLM-as-a-Judge protocol
introduced in OpenOneRec (Zhou et al., 2026) without modifying its metric definition.

Choice and Selection Metrics. For single-answer choice tasks such as Item QA and Item2Item, we
report Accuracy. For multi-answer selection tasks, including Evolution Action Selection, we report F1
computed over the predicted and ground-truth sets.

Evolution Generation Metrics. Evolution Topic Generation and Evolution Direct Generation are
evaluated by the Action-Logic Score family. This metric family combines action alignment between
the generated and ground-truth evolution chains with logic alignment between the corresponding
reasoning statements. The detailed implementation of these metrics is provided in Appendix B.4.2.

Recommendation Metrics. For recommendation and itemic pattern grounding tasks, we report
Pass@K and Recall@K. Pass@K indicates whether at least one ground-truth target appears in the
top-K generated outputs, while Recall@K measures the fraction of ground-truth targets recovered

IFor brevity, we denote short video as Video, advertising as Ad, e-commerce as Product, and live-streaming as Live.

10
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within the top-K list. The generated itemic patterns are first decoded into item IDs, and metrics are
then computed at the item granularity.

3.3. General-Intelligence Sanity Check

Following OpenOneRec (Zhou et al., 2026), we also retain a general-intelligence sanity-check suite,
covering general-purpose tasks such as MMLU-Pro (Wang et al., 2024), to ensure that recommendation
specialization does not come at the cost of general reasoning or instruction-following ability.

With the diagnostic axes (RO-R3) and the general-intelligence guard rail now in place, we are
ready to describe the training stack that OneReason-Bench is designed to evaluate. The next section
opens with the perception foundation, itemic tokenization and four-granularity pre-training data,
that RO directly probes and on which every higher-order capability is built.

4. Pre-Training Pipeline

This section details our pre-training methodology. We begin by describing the itemic tokenizer in
Section 4.1. Section 4.2 then introduces our core contribution: a four-granularity data system that
hierarchically integrates recommendation corpora with general-domain data to achieve deep modality
alignment. Section 4.3 systematically ablates each granularity to quantify its specific contribution
to the model’s overall performance. Finally, Section 4.4 outlines the three-stage training recipe that
operationalizes this data design, from vocabulary warm-up to full-scale training.

4.1. Itemic Tokenizer

To obtain compact yet semantically grounded item embeddings, we jointly train a multimodal encoder
and a decoder LLM on item-understanding tasks. The encoder integrates a Vision Transformer
(ViT) (Radford et al., 2021) and an LLM initialized from the open-source Qwen3-VL (Qwen3 et al.,
2025), together with an audio encoder (Vyas et al., 2026). It distills rich content signals—including
cover images, video frames, text descriptions, and audio—into a compact dense embedding. To
optimize the item embedding in an end-to-end manner, we prepend the embedding as a soft prefix to
a separate decoder LLM, followed by the item’s text descriptions.

We quantize these embeddings via RQ-KMeans (Luo et al., 2025). We use a three-layer codebook,
with each layer containing 8192 codes. Each item is thus represented by an itemic pattern consisting
of one domain-aware begin token and three sub-tokens. For instance, an itemic pattern is formatted
as:

<|domain begin|><a 5028><b 6733><c 2559>,

where domain is one of video (video), prod (product), ad (ad), or 1living (live) for our four
recommendation scenarios, or sid for general-domain multimodal data. Unlike OpenOneRec (Zhou
et al., 2026), we drop the trailing end token. This reduces the overall context length consumed by
itemic patterns, leaving more capacity for the reasoning traces that are essential to our thinking
paradigm.

4.2. Pre-Training Data

Prior generative recommendation works, including OneRec-Think and OpenOneRec, organize pre-
training data by task type—item captioning, user behavior sequences, and persona-text interleaving—
and mix them for joint training. While this establishes a basic mapping between itemic patterns
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Token Granularity
I Single Token Semantic Prediction
Instruction: Detail the meaning of .
Target: Items that have the characteristic of ...

I Compositional Prefix Semantic Prediction

Instruction: What does represent?

Target: Items showing two main characteristics: ...

I Part-to-Whole Semantic Prediction

Instruction: What does represent?

Target: [<a,12>] ,[<b,53>] , and[<c,46>] mean ..., respectively.

Therefore, means...

Item Granularity

Instruction: What is the usage of ?

Target: Its usage include ...

Relational Granularity

User Granularity

I Domain-Grouped Behavior Sequence

Context:

ey

Instruction: List videos that the user has starred.

25-year-old fitness enthusiast... passionate about workout
content... follows fitness trainers and nutrition bloggers...
training tutorial videos are favorite... likes exercise
breakdowns, muscle-building tips, gym vlogs.

Target: [ (<a_12>) (<b_53>) (<c46>) , (<a_9>] [<b_41>) (<c_60>] ]

Instruction: The user once clicked and
. Which live streamer may be followed by|

the user?
Target:
I Chronologically-Interleaved Behavior Sequence

Context:

Young adult... enjoys entertainment content... follows music

and food bloggers... gaming videos are favorite... likes fast

Items edits, streamer commentary, funny moments, gameplay

Explanations

<b_53> After watching (<a_12) (<b_53>) (<c_46>),
] the user may buy

due to ...

@@ The user may follow |<a_41>| |<b_20>

after buing
, since ...

ey

[2025-08-01 10:20]: [Purchase]:

[2025-08-02 14:20]: [Watch]: A video showing ...
[2025-08-02 14:25]: [Follow]:
[2025-08-02 19:03]: [Watch]:

[2025-08-03 16:23]: [Search]: Chinese Pop Music

highlights... trendy, visual, creator-driven.

D

Figure 5 | Overview of our four-granularity pre-training recommendation corpora, ordered from
fine-grained token-level semantics to coarse-grained user behavior modeling.

and natural language, it leaves three structural gaps. First, the semantic expression of items and
users tends to be homogeneous, limiting the linguistic diversity the model encounters and weakening
representational robustness. Second, the data organization stays at the task level without explicitly
modeling the fine-grained semantic hierarchy inside itemic tokens or the relational logic across items.
Third, user behavior modeling relies on a narrow conditioning paradigm in which a full user profile
maps to a complete behavioral sequence, restricting the model’s ability to generalize across diverse
recommendation contexts.

To address these gaps, we restructure the pre-training corpora into four progressive granularities,
moving from microscopic token semantics to macroscopic user behavior. This hierarchical design
systematically expands the alignment between the textual and itemic modalities along three axes:
broader expression diversity; explicit structural reasoning from sub-token composition to inter-item
relations; and richer conditioning patterns for user modeling. In the remainder of this section, we
detail the construction of both the recommendation corpora and the general-domain corpora that
jointly realize this vision.

4.2.1. Recommendation Corpora

To achieve a deep and seamless fusion between the textual and itemic modality, as shown in Figure 5,
we structure our pre-training corpora into four progressive granularities:

* Token Granularity data focuses on individual or compositional sub-itemic-token semantics and
achieves modality alignment at the finest granularity.
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* Item Granularity data aligns itemic pattern with the textual modality. It pushes cross-modal
fusion to the full item level and leverages multi-view tasks and diversified item sources to match
complete itemic patterns with comprehensive textual descriptions.

* Relational Granularity data explains the connections between items via natural language. It
summarizes the interest-transfer logic of associated items and enables collaborative signals to
be encoded into text representations and model parameters.

* User Granularity data accomplishes thorough cross-modal fusion by enabling the model to
understand and generate multi-modal content under unified, personalized user contexts.

To empirically validate the enhanced modality alignment afforded by our multi-granularity corpora,
we randomly sample a set of items and extract embeddings for both their itemic patterns and textual
captions. Each item is paired with its own caption to form a positive pair, while a caption randomly
drawn from another item serves as the corresponding negative. Whereas prior work typically reports
positive and negative pair similarities in isolation (Rusak et al., 2024; Lee et al., 2025), we additionally
compute their difference, yielding a positive—negative similarity margin that more directly quantifies
the cross-modal alignment. As shown in Figure 6, replacing the pre-training recommendation corpora
of OpenOneRec with our proposed corpora consistently shifts the distribution of this margin to the right
across all itemic domains, evidencing stronger cross-modal alignment. We defer the comprehensive
methodology of this evaluation to Appendix C.

770 Baseline Ours
Domain: Ad Domain: Live Domain: Product Domain: Video
1 =0.0342 1w =10:0213 1 =0:0589 1 =0.0421
1L=50,0530 W 10,0450 1i=0;0899 = 00715
o | |
z
w
=
[
a i _
3 i
0 T T T T T T T T
0.0 0.1 0.0 0.1 0.0 0.1 0.2 0.0 0.1 0.2
Margin Margin Margin Margin

Figure 6 | Distribution of the positive-negative similarity margin across the four itemic domains. A
rightward shift indicates stronger cross-modal alignment. Our corpora consistently outperform the
reproduced OpenOneRec baseline.

In the remainder of this section, we describe the detailed construction methodology for the
pre-training corpora at each of the four granularities. The detailed token ratios for each corpus are
provided in Appendix C.2.

Token Granularity. Achieving precise alignment between language and itemic patterns requires
modeling semantics across a continuous spectrum of granularities. Traditional methods (Zhou et al.,
2026) align each itemic pattern with its holistic caption. At the opposite end, recent explorations (Feng
et al., 2026) focus on single-token semantic prediction by pairing each individual sub-token with
its semantic meaning. However, the crucial compositional process through which the semantics of
these isolated sub-tokens hierarchically combine into the semantics of the full itemic pattern remains
implicit and is not explicitly modeled.

13



OneReason Technical Report

To bridge this gap, our token-granularity data is designed to explicitly model the compositional
process through which sub-token semantics are progressively integrated into complete itemic-pattern
semantics. Building upon the basic premise of single-token semantic alignment, we further introduce
two novel components that strengthen sub-token-level semantic understanding while explicitly
modeling the hierarchical composition of semantics across granularities:

1. Compositional Prefix Semantic Prediction. We formulate tasks that require the model to

predict the combined semantic meaning of a prefix sub-token pair <a_xxxx><b xxxx>. The
data is constructed by leveraging an LLM to summarize the shared semantics of items that share
the given prefix. This kind of data explicitly teaches the model how isolated semantics merge
and interact at the intermediate sub-token-pair granularity.
We further construct the reverse direction, Prefix Itemic Token Grounding, where the model
must retrieve the correct prefix sub-token pair given a textual description of the combined
semantics. This bidirectional formulation ensures that the model not only interprets what a
prefix means but also maps semantic concepts back to the corresponding sub-token space.

2. Part-to-Whole Semantic Prediction. We structure the data to elicit a two-step semantic
prediction process. The first step predicts the fine-grained semantic explanation for each
individual sub-token within the complete sub-token sequence corresponding to a given item,
while the second step subsequently synthesizes these discrete semantics into a cohesive, holistic
caption for the item. The data thus enforces a structured, multi-step semantic prediction
paradigm from parts to the whole.

Item Granularity. Similar to the Itemic Dense Caption Data introduced in OpenOneRec Zhou et al.
(2026), which comprises a bi-directional mapping between itemic patterns and captions, our item-
granularity data serve to connect itemic patterns with natural-language descriptions. However, our
item-granularity data significantly advances this paradigm through two critical enhancements:

1. Capacity-Aware Caption Coarse-Graining. The captions used as item-granularity alignment
targets are often packed with very fine-grained details, yet each item is represented by only
three sub-tokens. These sub-tokens capture an item’s coarse semantics but cannot encode such
fine details, so aligning them with an over-detailed caption forces the model to hallucinate
and pollutes the semantic space. We therefore coarse-grain each caption before alignment,
keeping only what three sub-tokens can reliably carry, via three operations. (i) We remove
instance-specific noise that the item code cannot recover, such as on-screen OCR text, ASR
lyrics, dates, and product model numbers. (ii) We map fine-grained continuous attributes onto
coarse buckets—an exact price becomes a price band and an exact age becomes a semantic
label such as young adult—and we drop decorative modifiers while keeping the underlying
entity (e.g., “pink top with a brown skirt” becomes “top with a skirt”). (iii) We preserve the
high-discrimination content skeleton, including the item category, brand, IP, and title names,
core selling points, target audience, and key material. Since the noise distribution differs across
business domains, we design a separate set of coarse-graining rules for video, product, live, and
ad.

2. Multi-Perspective Item QA. While standard captioning builds an initial perception of an
item, it often falls short of capturing its nuanced attributes. To deepen alignment, we further
construct multi-perspective question-answering data that queries the model from various angles,
including target-audience preferences, core product attractions, visual styles, and negative-
feedback rationales. This task design elevates alignment from a singular descriptive mapping to
a robust, multi-dimensional semantic interrogation of the itemic pattern.
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Relational Granularity. In recommendation scenarios, semantic alignment remains incomplete
without capturing the collaborative connections between items. Existing paradigms typically rely
on implicit collaborative-filtering signals from raw user interaction sequences, leaving item-to-item
transitions devoid of explicit and interpretable semantic grounding. To bridge this gap, our relational-
granularity data explicitly aligns these collaborative signals with the textual space by constructing
interleaved sequences of itemic patterns and natural-language explanations. Specifically, each training
sample takes the following form:

Itemic_Pattern, — Textual Explanation, — Itemic_Pattern; — --- — Itemic_Pattern,. (1)

This data corpus encompasses both direct item-to-item associations (where n = 1) and multi-item
interest flows (where n > 1).

We use the internal search-after-play table to construct direct item-to-item associations. Each
row in this table links a consumed source video to a specific search result product. This connection is
established when a user issues a search query after a valid playback and positively engages with a
product from the search results. The accompanying natural-language explanation is generated by
fusing the captions of the video and the product into predefined templates.

Compared with direct item-to-item associations, the multi-item interest flows not only feature
greater lengths and encapsulate richer collaborative signals per sample, but also provide broader
modality coverage, ensure inter-item non-triviality, and yield higher explanation quality.

1. To expand the modality coverage, we further include two data sources apart from the search-
after-play table. The first source is the internal TagNext CF Relations, where collaborative video
pairs are extracted from positive user behaviors. The second involves aggregating co-occurring
item pairs within sliding windows over temporally ordered, multi-domain user behavior se-
quences. Specifically, an item pair is retained if a substantial number of users provide positive
feedback on two items that appear within a specific window size in their temporal behavior
sequence.

2. To improve the inter-item non-triviality, we employ a dedicated process. First, we build a
cross-user global item graph based on the three aforementioned data sources and randomly
sample item chains from it. The sampled item chains capture latent relations that may not be
prominent within a single user’s behavior sequence. Since transitions between adjacent items
in a sampled chain [Itemq, Itemy, Items, ... | may be somewhat intuitive, we further sample
a sub-chain [Itemq, Itemipterval, [teMs.interval, - - - | to form the training sample. Sub-chains are
discarded if the semantic similarity between any two adjacent item nodes within the sub-chain
exceeds a certain threshold.

3. To boost the explanation quality, we leverage an LLM to generate natural-language explana-
tions that articulate the underlying interest transitions from Item;.interval tO Item iy 1).interval- 10
ground these explanations in real-world transition paths, the LLM is also provided with the
semantic captions of the intermediate item nodes [Item; interval+1, - - - » [teM (141 interval—-11-

User Granularity. As the final part of our pre-training recommendation corpora, the user-granularity
data expands the cross-modal alignment to the complete sequential evolution of user interactions.

A key prerequisite for this alignment is high-quality user-side text. However, raw user profiles
assembled from business logs typically suffer from noise, incoherence, and rigid template patterns.
We therefore employ an open-source LLM to recaption each profile across diverse aspects and formats,
transforming them into fluent and natural narratives while preserving the original factual content.
Building on these purified profiles, we design two data formats that seamlessly integrate natural
language with itemic patterns to enable deep modality alignment:
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1. Domain-Grouped Behavior Sequences. Each sequence in this format is anchored by a textual
user profile, followed by the itemic patterns derived from the user’s interaction history. The
involved itemic patterns are grouped into sub-sequences by their domains. Rather than un-
folding the domain-grouped subsequences as a flat narrative, we dynamically structure them
through multi-turn QA dialogues. By using natural language to explicitly query specific domain
behaviors—often conditioning the prediction in one domain on the history in another—the text
acts as an active control signal. The model must comprehend the semantic constraints of the
question and map them accurately into the itemic space, thereby solidifying a robust alignment
between the textual and itemic modalities.

2. Chronologically Interleaved Behavior Sequence. This data format reconstructs the user
behavior sequence strictly by timestamps, naturally interleaving interactions across all domains.
This timeline-based restructuring enables the model to differentiate short-term behavioral
bursts from long-term interest evolution. Most importantly, to further enforce cross-modal
alignment, we probabilistically replace a subset of itemic patterns within this timeline with
their corresponding textual captions. This creates an interleaved, hybrid timeline that forces the
model to achieve deep semantic integration between continuous natural language and discrete
itemic patterns within a unified sequential context.

4.2.2. General-Domain Corpora

Text Corpora. Beyond the four-granularity recommendation corpora, we maintain a substantial
proportion of general-domain text data throughout pre-training, spanning mathematical reasoning,
code, scientific literature, medical text, and general instruction-following corpora. This mixture serves
to preserve the model’s core capabilities in logical reasoning, structured knowledge understanding,
and instruction adherence while it absorbs recommendation-specific knowledge.

Multimodal Corpora. Beyond text-only corpora, we further enrich pre-training with diverse multi-
modal data, which we convert into itemic-text format by tokenizing the images into itemic patterns.
These data span four complementary sources: image-text understanding pairs, text-image inter-
leaved documents, image-editing triplets (source image, editing instruction, target image), and
text-to-image generation data. Across all four sources, we selectively retain only samples whose
visual semantics operate at a coarse granularity—such as overall image style, dominant subject matter,
and high-level scene composition—while discarding samples that hinge on fine-grained details that
exceed the representational capacity of three sub-token codes. This deliberate diversity in data format,
together with the coarse-granularity filter, jointly serves three purposes:

1. First, each source brings a distinct modality composition and linguistic style, collectively acting
as a regularizer that prevents the model from overfitting to the homogeneous patterns of
rule-synthesized recommendation corpora.

2. Second, these datasets are curated with high-quality semantic annotations, providing clean
supervision signals for concept grounding and compositional visual reasoning.

3. Third, by mapping open-world visual concepts into itemic patterns, they function as external
semantic anchors that expand the model’s knowledge boundary beyond the closed recommen-
dation domain, thereby maintaining general multimodal-understanding capability throughout
intensive recommendation training.

Data Composition Strategy. Since we continue pre-training from the instruction-tuned Qwen3
backbone (Qwen3 et al., 2025), a central concern is injecting domain knowledge without eroding its
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pre-existing instruction-following ability and textual fluency (Parmar et al., 2024; Ovadia et al., 2025).
To this end, and unlike OpenOneRec (Zhou et al., 2026), we adopt a unified next-token prediction
objective and route noisy, template-synthesized business data into the loss-masked context, reserving
the loss-bearing target for higher-quality text. Consequently, the effective training targets naturally
exhibit a roughly 1:1 ratio of QA-style and free-form data: the former keeps the model aligned with
instruction formats, while the latter anchors it in natural text distributions. The loss-masked context
further allows the model to condition on domain signals without learning to reproduce their noise.

4.3. Ablation Study on Recommendation Corpora
4.3.1. Experimental Settings

We perform the ablation study on the 0.8B model with a fixed budget of 30B tokens, keeping the
computational cost manageable while our main results are obtained on the 8B model. The five
configurations are defined as follows:

* Exp1l (Baseline): the standard OpenOneRec dataset, comprising original item-caption data
and user-granularity data (including user-behavior data and user-persona grounding data).

* Exp2 (Expl + Token): incorporates our token-granularity data into Expl, proportionally
downsampling the original mixture to maintain the budget.

* Exp3 (Exp2 + Item): replaces the baseline item-caption data in Exp2 with our item-granularity
data.

* Exp4 (Exp3 + Relational): integrates our relational-granularity data into Exp3, rebalancing
the overall mixture accordingly.

* Exp5 (Exp4 + User): substitutes the baseline user-granularity data in Exp4 with our user-
granularity data.

Notably, the token and relational granularity data introduce novel capabilities absent from the
baseline, whereas the item and user granularity data serve as upgraded replacements for their baseline
counterparts. This sequential pipeline effectively isolates the marginal contribution of each granularity
while ruling out any confounding effects from increased data volume.

4.3.2. Results

To systematically demonstrate the effectiveness of our multi-granularity data construction pipeline,
we present the performance trajectory across OneReason-Bench tasks (Table 2). The results reveal a
clear capability progression, confirming that each granularity level successfully injects its targeted
compositional or semantic competencies into the model.

Expl — Exp2: Token Granularity. Adding token-granularity data sharply improves RO retrieval
and understanding across all domains (e.g., Itemic Pattern Grounding_prod 2.42% — 5.81%j;
Item Understanding_ad 16.37% — 37.86%). R1 Item2Item QA surges from 0.00% to 20.57%,
confirming that token-level QA-style data unlocks the QA format absent in the baseline. R2 temporarily
drops to 0.00%, indicating disruption of higher-level reasoning.

Exp2 — Exp3: Item Granularity. Replacing the baseline’s captions with multi-perspective item
data pushes several RO retrieval metrics to their peaks. R2 recovers to 0.32%, and R3 cross-domain
recommendation improves (e.g., Cross-Live 2.32% — 3.49%). RO Item Understanding regresses on
most domains, attributable to residual noise in business-sourced captions (see Table 3).
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Table 2 | Each experiment builds on the previous one by adding a new granularity or replacing
an existing component. We report pass@64 (%) for Itemic Pattern Grounding and cross-domain
recommendation, and macro-weighted F1 (%) for the remaining tasks. All values are reported
as percentages. The results show a consistent performance progression, with the largest gains in
cross-domain recommendation emerging after User-granularity data is introduced.

Task Expl Exp2 Exp3 Exp4 Exp5

ad 0.48 0.80 2.40 0.48 1.92

. . live 0.40 1.01 1.21 1.21 1.21

RO: Itemic Pattern Grounding prod 2.42 5.81 533 201 5 33
video 0.35 0.35 0.87 1.05 1.05

ad 16.37 37.86 31.65 29.69 32.56

live 35.16 46.16 39.27 37.39 35.52

RO: Item Understanding prod 2058 28.62 29.51 29.78 28.75

video 22.56 36.76 30.77 28.68 31.63

R1: Item2Item QA 0.00 20.57 20.73 25.65 29.72
R2: Evolution Direct Gen mixed 0.13 0.00 0.32 0.18 0.37
ad 9.06 8.75 9.54 8.58 10.84
live 2.29 2.32 3.49 3.25 8.56

R3: Cross-Domain Rec. product 1.15 094 129 154 1.65

video 0.65 0.74 0.72 0.73 0.66

Exp3 — Exp4: Relational Granularity. Integrating relational data lifts R1 Item2Item QA to
25.65% and R3 Cross-Prod to 1.54%. Some RO retrieval metrics decline (e.g., Itemic Pattern
Grounding_prod 5.33% — 2.91%), reflecting a trade-off toward relational reasoning. R2 dips
slightly (0.32% — 0.18%), since item-to-item relational data does not directly benefit this user-side
task.

Exp4 — Exp5: User Granularity. Substituting the baseline’s user data with our temporally-aware
sequences pushes R2 to its peak (0.37%) and drives R3 cross-domain recommendation to its highest
levels, most notably Cross-Live (3.25% — 8.56%) and Cross-Ad (8.58% — 10.84%). R1 reaches
29.72%, and RO retrieval metrics recover to earlier peaks.

Key Insights. The ablation reveals three findings: (1) Token- and relational-granularity data expand
the model’s skill set through augmentation, while item- and user-granularity data refine existing
capabilities through replacement. (2) Capability trade-offs emerge during training—gains in relational
reasoning may temporarily reduce static retrieval, but subsequent stages recover these capabilities. (3)
User granularity acts as the ultimate integrator, contextualizing all prior knowledge within temporal
behavior to achieve peak performance across diverse recommendation scenarios.

4.4. Training Recipe

Our training recipe, illustrated in Figure 7, unfolds in three stages. The core hyperparameters of each
stage are summarized in Table 4.
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Table 3 | A representative Item Understanding case in the video domain. For each model, we show
its actual caption (excerpted; omissions are marked by ellipses) together with an English analysis.
The baseline (Expl) invents a drama title and degenerates into repetitive, contentless lines; after
the token-granularity data is added (Exp2), the model stays faithful to the genre; once the item-
granularity data is further incorporated (Exp3), the model fabricates a concrete, wrong drama title
and re-frames the clip as a medical drama. Fabricated or incorrect content is marked in red.

T token F 38 SR A 2
Expl (Baseline)

Prompt: F LU T 4
Ground Truth

<|video_begin|><a_8164><b_6973><c_7395>

Exp2 (Expl + Token) Exp3 (Exp2 + Item)

[Fabricated Title]

[Reference]

[Repetitive Hallucination]

[Faithful Genre]
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Analysis: invents a drama title and degen-
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turing only a vague emotional conflict and

nothing specific to the plot.
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Analysis: correct at the genre level (mod-
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ern urban romance / family-conflict short
drama) and consistent with the ground truth,

though generic and not tied to the specific
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Analysis: after item-caption data is added,
the model fabricates a concrete, wrong title
and re-frames the clip as a medical drama,

contradicting the actual urban-romance plot;

story. the hallucination worsens.
Table 4 | Summary of training stages.
Configuration Stage 1 Stage 2 Stage 3
Trainable parameters Extended vocab. + LM head All All
Learning rate 2x107% - 1x10~* 1x107* > 1x10™> 1x10™°> - 1x107°
Token budget 110B 449B 19B

All stages employ sample packing to improve sequence utilization, producing packed sequences of

48K tokens. The key distinction across stages lies in the maximum length of individual samples within
each packed sequence. Stage 1 and Stage 2 restrict individual samples to 4K tokens to prioritize
training throughput. In Stage 1, only the newly introduced embeddings and the corresponding
LM head weights are trained, while the rest of the backbone remains frozen, allowing the newly

LM Head

Transformer

Word embedding [

){

[ Text I ]
OneReason
Text I J
I
This video shows... | 1 16}
Stage 1

|

This video shows...

Stage 2&3

Figure 7 | The three-stage pre-training recipe. Stage 1 only tunes the incremental itemic-pattern-
related parameters, while Stages 2 and 3 tune all parameters.
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introduced itemic-pattern embeddings to settle into the semantic space without disturbing the pre-
trained weights. Stage 2 unfreezes all parameters for full joint training, enabling the model to absorb
recommendation knowledge from the four-granularity data mixture. Stage 3 lifts the per-sample
length limit to 32K tokens, allowing the model to train on full user histories with long-range behavioral
dependencies.

5. SFT Pipeline

Itemic—text alignment pre-training gives the model a necessary perception foundation: it can as-
sociate itemic tokens with natural-language content and has absorbed collaborative signals from
user behavior. SFT builds on this foundation by cultivating recommendation cognition, namely the
ability to operate over grounded itemic tokens under instruction format. We organize this stage
around the same RO-R3 hierarchy, but with two complementary training axes. The compression axis
teaches the model to reduce long and noisy user histories into typed persona states and compact
interest-evolution motifs, so that the later reasoning step can compare a small set of evidence-backed
hypotheses rather than a raw behavior log. The reasoning axis teaches dynamic operations: R1
derives one-hop item-to-item bridges, R2 tracks temporal interest evolution, and R3 performs tran-
sition judgement for next-interaction prediction. Section 5.1 introduces RO perception supervision;
Section 5.2 and Section 5.3 describe R1 derivation and R2 evolution reasoning; Section 5.4 presents
R3 recommendation supervision, where compression and transition judgement are composed into
recommendation CoT; and Section 5.5 and Section 5.6 cover itemic-instruction and general-domain
data for instruction robustness.

5.1. RO: Perception

Building on the four-granularity alignment established during pre-training, we further refine the
data and carry out high-quality CoT capability construction. RO provides the perception layer for the
SFT stage. Its role is to make itemic tokens readable, controllable, and semantically usable before
the model is asked to perform higher-level recommendation reasoning. The caption data covers
four major content domains, short videos, e-commerce products, live streamings, and advertising.
QA data is narrower: it covers short-video and e-commerce product domains, while live-streaming
and advertising contribute caption-style grounding only. RO therefore contains two complementary
task families. The first is bidirectional mapping between itemic tokens and natural-language
descriptions, which reinforces item«language grounding under instruction-style supervision. The
second is question-answering (QA) over platform content, which expands perception beyond
caption reconstruction to attribute recognition, audience understanding, negative-feedback analysis,
and open-ended semantic comprehension for the two QA-covered domains.

Since the pre-training stage has already established the hierarchical itemic-token space, RO does
not introduce a new tokenizer or repeat the full token-granularity construction. Instead, it turns this
hierarchy into explicit SFT supervision. Table 5 shows this difference with the same video itemic
tokens: pre-training provides a direct itemic-token-to-caption mapping, whereas RO asks the model to
explain the hierarchical itemic tokens before producing the caption. In this case, the CoT first uses the
coarse token to identify a character-centered or ACG-style content type, then uses the middle token
to narrow the evidence toward young-female visual presentation, and finally uses the fine token to
support the conclusion about personal style and aesthetic display. The key difference is therefore not
the target caption itself, but the supervised verbalization of how coarse-to-fine itemic-token semantics
support that caption. More bilingual RO perception examples are provided in Appendix D.1.1.

The caption data includes both thinking and non-thinking variants. In the thinking format, the
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model first explains how each itemic token contributes to the final item meaning and then produces
the final caption. This explicit coarse-to-fine trace teaches itemic-token-to-text grounding rather than
recommendation decision-making: it supplies the semantic substrate later reused by R1 derivation, R2
evolution, and R3 recommendation reasoning. The unCoT variant, in parallel, supervises direct itemic-
token-to-caption generation, preserving generation quality and efficiency when explicit reasoning is
unnecessary.

Table 5 | Representative RO case comparing item—caption pre-training with instruction-style SFT
perception supervision.

Pre-training itemic-token-to-caption mapping

User: <|video_begin|><a_7300><b_7894><c_4541>

Assistant: 5 —BLLL ZIRTT A B TR, FERR—MSERER SR XA e
EREERER, DR— 8 F R ARG IEEEE SRR R B TIREE TR IR T SR, B IR XU fi 1]
TIRTEREE P NERIER -

Signal: pre-training provides direct itemic-token-to-caption grounding. It teaches the model to associate the itemic tokens with the caption,
but does not explicitly verbalize how the individual itemic tokens support the description.

SFT instruction-style perception

User: #l#fitoken <|video_begin|><a_7300><b_7894><c_4541> I & HRLEANA A 457

Assistant: <think> M<a_7300> K%&, ZUHMMETLUAEHRAYERERNLOKNAERE, & LT ZIRIe3

€~ Cosplay BUHEML SRRV, 46 <b_7894>, W LUH—BHEEMEFRLN, NEBSRLRR - WMEE
fiCosplay J&JT; fHfla<c_4541>, WHAMK 2HEEFHGERN AXRF LT[ . =215 TR UER LA
BIESE AL - flG —IXICECosplay TLFE ~ {EHEM RS HEGHEGE KRR KA - </think>

PR — B UL IRTE A B RN, EERRER LA EIEN . RN FERE B, BLA TR d kT
PR, WG 1E 2 R B AL AL SR AR AR -

Signal: the same itemic-token evidence is converted into instruction-followable perception; the CoT makes the coarse-to-fine grounding
explicit before the final caption.

QA supervision is retained as an instruction-style perception supplement: it extends caption
grounding from itemic-token decoding to content-aware question answering over structured attributes
and open-ended semantics in the video and product domains. Together, caption and QA data convert
the aligned itemic-token perception acquired during pre-training into instruction-followable perception
ability. In total, RO contains approximately 941K samples, including about 682K caption samples
and 259K QA samples.

5.2. R1: Derivation

R1 targets cross-item relation derivation. It extends RO from understanding an individual item
to explaining why one item may naturally lead to another. The intended capability is not generic
item similarity. Instead, R1 teaches the smallest useful source-to-follow-up bridge: given a source
item during student SFT, the model should generate and justify a plausible follow-up itemic-token
answer by identifying the need, clue, scenario, constraint, or refinement on the source side. Source-
destination pairs are used during teacher-side data filtering and consistency checking; the student
training input remains source-only, and the source prompt tokens are not counted as target loss. This
local bridge-building ability later becomes part of R3 recommendation CoT, where the model must
connect observed behavior, textual evidence, and target-domain decisions rather than rely on surface
textual overlap.

R1 is constructed from the same raw candidate pools used in relational pre-training, including
TagNext CF relations and after-play-search data. The difference is the supervision standard. Rela-
tional pre-training exposes the model to large-scale collaborative transitions, whereas R1 requires
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each retained pair to support explicit, one-hop, evidence-grounded reasoning. After deduplication,
diversification, and embedding-similarity filtering, a locally deployed flagship LLM assigns an explicit-
relevance judgement to each pair: explicitly related, explicitly unrelated, or uncertain. We retain only
pairs whose relation can be directly supported by visible item evidence, such as item metadata and
dense captions, and remove weak pairs whose connection depends mainly on broad assumptions
such as audience overlap, popularity, or platform co-occurrence. The full judgement prompt and its
English translation are provided in Appendix D.2.1.

Table 6 | Representative R1 case comparing message-style relational pre-training with one-hop SFT
derivation supervision.

Pre-training one-hop data
User: i i< | prod_begin|><a_2094><b_4972><c_1852> 51 4 MHi N B A tH =2
Assistant: <|video_begin|><a_1776><b_5416><c_9172>

SFT one-hop reasoning

User: 15 —455<|video_begin|><a_1303><b_7205><c_8005> FRAHIT « & XM 5 FIHIHM -

Assistant: <think> IR EVRIIN R R TR GNIREREM OS5 B, (BEAERFIRE K & SOM BRIk
TN TTE0, REUMERRA T F P TR ARSI AR E R o SXF R PR A LB, HEES BRI A P T3
PR ARSI EAR - S PG BRI TUE RS, M1 E S — 1 e R E T, AR - MRS
PORAMURE RN, HRFEMAR —EK B REESCH - ETXP RS SZHE, AT RN TR AT §E
BRSBTS - IR s iz B BRI NES - </think>

<|video_begin|><a_0474><b_3348><c_1453>

Signal: SFT turns the pair into an explicit source-to-target derivation. The target itemic tokens are the answer, while the reasoning must
justify the bridge from source-side evidence.

Table 6 contrasts R1 with relational pre-training. Relational pre-training presents the source
item and the related target item in a message-style association. R1 instead keeps a single source
itemic-token sequence as the instruction input and supervises the answer side with an explicit bridge
followed by the target itemic tokens, making the local relation judgement directly learnable.

For high-confidence candidates, the flagship LLM further extracts compact bridge variables,
including source-side need, bridge type, abstract bridge, continuation direction, reason seed, and
confidence. These variables separate the relation explanation from the destination item’s surface
content: the destination item is used only for consistency checking, while the generated explanation
must be written from the source-side evidence and bridge variables. This design reduces target leakage
and prevents the model from learning to copy target-only entities or restate the destination description
as the rationale. The generation prompt is shown in Appendix D.2.2, and bilingual sanitized examples
are provided in Appendix D.2.3.

This process distills the raw candidate pools into approximately 358K TagNext CF pairs and 388K
after-play-search pairs, from which we sample a refined R1 training set of roughly 400K examples.
Overall, R1 converts implicit item-to-item signals into concise derivation supervision: it preserves the
collaborative signal introduced during pre-training, but upgrades it into explicit bridge reasoning that
can be reused by R3 when connecting user evidence to the next-interest direction.

5.3. R2: Evolution

R2 targets user interest evolution modeling. It extends recommendation cognition from static
preference understanding to temporally structured interpretation of behavior. While RO grounds
item semantics and R1 derives explicit relations between item pairs, R2 asks how intent develops
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over time: which behaviors act as triggers, which later behaviors refine or correct earlier ones, and
how multiple events accumulate into an interpretable trajectory. This capability is essential when the
recommendation decision depends not only on what the user interacted with, but also on how the
user’s underlying need became more specific.

We construct R2 from full-domain user behavior timelines, where heterogeneous actions are
organized chronologically. Rather than treating a timeline as a flat context, a strong LLM first identifies
key evolution nodes that indicate meaningful shifts, refinements, or closures in user intent. The
extraction emphasizes coherent progression, topic continuity, and nontrivial cognitive increment,
converting raw behavior streams into candidate evolution chains with explicit temporal structure.
In this sense, R2 is the SFT counterpart of user-level pre-training: pre-training exposes the model
to long behavior contexts, while R2 teaches it to explain which parts of those contexts form valid
interest-evolution paths.

To improve reliability, candidate chains are filtered by a separate LLM-as-a-Judge quality-evaluation
stage. This stage checks whether each proposed trajectory is supported by the original timeline and
whether its transitions form a plausible, self-consistent reasoning path. The diagnostic criteria cover
order sensitivity, cognitive increment, trigger-source evidence, strong causal-style exclusivity, evi-
dence closure, and no-mind-reading constraints. In practice, this filtering removes pseudo-logical
chains, random-consumption chains, same-category drift, and weakly grounded transitions before
downstream task construction. The main extraction prompt and its English translation are provided
in Appendix D.2.4; the complete quality-control prompt contains the full set of eleven checks used
for second-pass evaluation.

Based on the validated evolution chains, we construct three SFT task families aligned with the R2
benchmark taxonomy:

* Evolution Action Selection: Given a user history  and a specified interest topic or can-
didate chain description, the model identifies the related historical actions A, encouraging
discriminative reasoning over temporal structure.

* Evolution Topic Generation: Given a user history H and a specified topic t, the model generates
the corresponding evolution chain &, focusing on topic-conditioned temporal reasoning.

* FEvolution Direct Generation: Given only the user history H, the model directly generates valid
evolution chains {&} without topic guidance, requiring the highest degree of autonomy:.

During data construction, these three families are organized as selection, topic-generation, and
direct-generation samples, respectively. Some samples include CoT rationales that make the temporal-
transition judgement explicit, while direct-answer samples are kept for response efficiency and
format robustness. Representative sanitized examples for all three training formats are provided in
Appendix D.2.5.

The final R2 dataset contains approximately 130K training instances. Overall, R2 serves as
the temporal cognition layer of the SFT mixture. By transforming user timelines into validated
evolution supervision under multiple task formats, it teaches the model to interpret user intent as
an evolving process rather than a static profile. This temporal scaffold is later reused by R3, where
recommendation traces must compress noisy histories, compare candidate interest directions, and
decide which direction is best supported by the user’s recent and long-term behavioral evidence.

5.4. R3: Recommendation

R3 is the recommendation-level composition layer of the SFT mixture. RO-R2 train dedicated
capabilities separately, whereas R3 brings them together in the final next-interaction prediction
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setting. Its contribution is not another standalone reasoning task, but a trace-construction protocol
that places R1-style derivation and R2-style temporal-evolution reasoning over a two-axis compressed
user state. The R3 block contains both thinking samples and non-thinking direct-answer samples: the
former teach structured recommendation cognition, while the latter preserve direct mapping from
user context to target itemic tokens and support non-thinking format alignment. This subsection
focuses on the construction and evaluation of the CoT traces.

5.4.1. Recommendation Reasoning Trace Construction

Each R3 synthesis sample is built from three ingredients: a user profile #,, a chronological interaction
timeline H,, and the ground-truth subsequent interaction y;". The target interaction is used only as
the supervision answer and is explicitly prohibited from appearing directly in the reasoning trace.
The trace must therefore reason from the observed profile and behavior evidence as if the answer
were unknown. During data construction, the teacher first writes the trace over natural-language
user evidence and marks referenced historical items with their original domain ids, such as video,
product, live-author, or ad ids, so that every concrete evidence reference remains machine-matchable.
A subsequent post-processing stage joins this raw trace with the itemic-token-converted user context,
replaces each matched historical id with its itemic tokens, removes unmatched references, and writes
the final assistant message as a <think> trace followed by the target itemic-token answer. Thus,
the training trace seen by the model is not a text-only rationale: it interleaves natural-language
reasoning with itemic-token evidence inside the CoT, while keeping the target itemic tokens outside
the reasoning span.

The central design principle is to treat recommendation CoT as a two-axis compression plus
transition judgement process. The first axis is persona-type compression, which summarizes stable
preference priors, demographic or life-stage clues, temporal rhythm, content preference, price sensitiv-
ity, interaction depth, and possible shared-device ambiguity. The second axis is interest-evolution-type
compression, which identifies recent trajectory motifs such as triggering search, need expansion,
parameter narrowing, scenario continuation, saturation-driven substitution, cross-domain echo, or
closure from browsing to purchase. These compressed states reduce long-history noise and provide
typed variables that the subsequent reasoning stage can manipulate.

Compression in this setting is task-directed understanding, not a generic summary of the observed
history. It preserves evidence useful for next-interaction prediction and suppresses routine, accidental,
or weakly supported behavior. This design is motivated by the information bottleneck view of
representation learning, where useful representations preserve prediction-relevant information while
suppressing input noise (Tishby and Zaslavsky, 2015); we use this as a design motivation rather
than a claim about universal deep-network dynamics (Saxe et al., 2018). It is also consistent with
work connecting language modeling and compression (Delétang et al., 2024) and with the view that
reusable abstractions compress long primitive derivations into higher-level concepts (Aksenov et al.,
2026). In our setting, the practical implication is that a model capable of compressing a noisy user
history into an appropriate persona state and evolution motif has already performed a substantial
part of recommendation cognition.

After compression, the trace performs transition judgement over the candidate hypotheses. This
stage reuses two earlier SFT abilities. From R1, it inherits local bridge construction: the trace
should explain how an earlier item, query, or behavior can naturally lead to a follow-up need.
From R2, it inherits temporal evolution judgement: the trace should decide whether a candidate
direction is supported by order, continuity, refinement, or closure in the behavior timeline. We use
causal-style only as a data-construction heuristic: the teacher prefers evidence-supported triggers,
refinements, and scenario continuations over shallow co-occurrence, without claiming identifiable
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causal effects from observational logs. This heuristic is aligned with causal recommendation studies
that emphasize separating genuine user interest from confounding factors or conformity effects,
as well as counterfactual explainable recommendation methods that seek explanations with strong
decision influence (Tan et al., 2021; Zheng et al., 2021; Luo et al., 2024).

Concretely, we adopt a three-stage protocol: Persona Abstraction, Interest Expansion, and
Transition Inference. Persona Abstraction performs the persona-type compression axis. Interest
Expansion starts from interest-evolution-type compression and expands the most informative behavior
signals into a small set of evidence-grounded hypotheses. Transition Inference compares these
hypotheses under evidence strength, recency, temporal continuity, persona compatibility, target-
domain compatibility, and leakage control, then commits to the most plausible next-interest direction.

Table 7 | Representative persona-abstraction cases for recommendation reasoning. Personas are used
only as soft priors; final decisions must be supported by user behavior.

Persona type Chinese reasoning case and English analysis
Middle-aged M (MERADESE KW R EBRE - WVEGE - ZFAEALES] A P R P E R R
homemaker FE, HHEHENFTRERXANAEXE - KEBEMZ %) 3F - FEENRK

FESEH - R - BEEERSKES RN, MARZZHEREETETRAE .
Analysis: the abstraction compresses several household-oriented signals into a
family-consumption prior, but the next recommendation still has to follow the concrete need
revealed by recent cooking, storage, or tutoring behaviors.

Live-shopping A (IH AN A D B R B A i) SRTERRIST PRR] A P xh B

enthusiast Wy iwirpes, FF B E R BE P AR IEN A& - BoANITRRE/ME -
FERRR R EASC AW (SRR ERE - WA (R T A, 8 R H Aoy E E
Y

Analysis: the persona prior highlights promotion sensitivity and trusted live-room categories, so
the trace should reason about the next purchase scenario rather than merely predicting generic
e-commerce interest.

Shared-device user i [ F/F&E/D)LEhE - BEIRATE X H R - IRENEPEERETRE] HENZKS 76
FHEZANEHFYL . WNERAGEERGH R —MEER T, TEE BT T
Ry, MSEIRRI H BITEERBE B i At SR R A B A D SR AT 0 O
Analysis: the abstraction is used as a noise-control mechanism: conflicting behavior clusters are
treated as different possible users, and the final transition should rely on the current stable
segment rather than the whole mixed history.

At a conceptual level, the protocol can be written as

C, = Abstract(P,, H,), Z. = Expand(Cy, H,), 2)
z; = Inferirans(Zu | Cu, Hurd) = argm%xs(z | Cu, Hur d), (3)
2€Zy

where C, denotes the compressed user state, Z, denotes the expanded set of candidate interest
hypotheses, d denotes the target domain, Inferyans(-) denotes the final transition-judgment step,
and s(-) is a conceptual scoring function that jointly considers evidence strength, recency, temporal
continuity, persona compatibility, and target-domain compatibility. The final CoT trace is written as a
concise realization of this process with text and itemic-token references interleaved, while the target
itemic tokens are emitted only after the reasoning trace. Representative sanitized training samples of
the final recommendation CoT format are provided in Appendix D.3.3, and the complete bilingual
construction prompt is provided in Appendix D.3.1.
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Persona Abstraction The goal of Persona Abstraction is to compress sparse and noisy behavioral
evidence into a compact, interpretable prior. Given the user profile and interaction history, the teacher
model identifies the most plausible user archetype, or summarizes a customized profile when the
user does not fit any predefined category. The abstraction is a soft, typed user state rather than a
deterministic label: it narrows the set of likely interest directions, but the final inference must still
be grounded in observed behaviors. This stage reduces the search space for transition judgement by
converting a high-dimensional behavior log into a small number of preference factors, such as family
consumption needs, game-skill improvement, live-shopping sensitivity, food preference, fitness goals,
or shared-device ambiguity. Table 7 gives representative Chinese persona-abstraction cases, together
with English analyses of how each abstraction constrains recommendation reasoning.

Interest Expansion After Persona Abstraction, the model performs Interest Expansion so that the
trace does not commit too early to a single explanation. This stage begins with interest-evolution-type
compression: it identifies typed motifs from recent trajectory evidence, such as a search-triggered
need, a refinement from broad category to concrete parameter, a scenario continuation from content
to product, or a cross-domain echo between live, product, ad, and video behaviors. These motifs are
then opened into a small set of candidate next-interest hypotheses. In this way, Interest Expansion
remains broad enough to represent recommendation uncertainty, but compact enough to prevent the
trace from being overwhelmed by raw behavior tokens.

We use four heuristics to keep this expansion broad but evidence-grounded:

* Behavior motivation. The trace should explain the intent behind informative behaviors,
especially search queries, because they often directly reveal the user’s current interest and real
need.

* Temporal sensitivity. The trace should respect event order and explain how later behaviors
may evolve from earlier ones, rather than treating the history as an unordered set.

* Transition coverage. When the user appears to shift from one topic to another, the expansion
should preserve plausible before-after directions as candidates, while leaving the final judgement
to Transition Inference. If a later behavior abandons all previous conditions without a logical
bridge, it should be treated as weakly related or unrelated.

* Noise attenuation. Routine replenishment, random consumption, repeated exposure, and
one-off actions are down-weighted because they are usually weak signals for stable future
recommendation intent.

Concretely, Interest Expansion requires the reasoning trace to reach the finest reliable granularity
supported by evidence. If the history supports interest in a specific mobile game, the trace should not
stop at the generic gaming category; if the user repeatedly engages with a particular opera genre,
the trace should mention that genre rather than only “traditional culture.” This design keeps the
CoT trace fine-grained and evidence-grounded while preserving multiple plausible future directions
before the final decision is made.

To calibrate how broad this stage should be, we vary the interest expansion width n during SFT
trace construction and evaluate the resulting think-mode recommendation quality across the four
domains. Figure 8 shows a consistent pattern: keeping the expansion compact (n € {1,3,5}) is
consistently better than broader widths such as 10 or 20. This result fits the compression view above.
Once the candidate set becomes too large, the trace starts to carry many weak branches, which
dilutes the strongest transition signal and makes the later compare-and-commit step noisier. A small
hypothesis set is therefore not a loss of reasoning capacity; rather, it is the point where uncertainty
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Figure 8 | Effect of interest expansion width n during Interest Expansion. Across the cross-video,
cross-product, cross-ad, and cross-live domains, compact expansion with n € {1, 3,5} consistently
outperforms broader widths such as 10 or 20 on think-mode Pass@64 and Recall@64.

is preserved without letting the reasoning path fragment. In practice, we treat Interest Expansion
as a controlled reasoning decompression step: it briefly opens the compressed trajectory into a few
plausible directions, then hands a still-compact hypothesis space to Transition Inference.

Table 8 | R3 recommendation CoT case showing Interest Expansion and Transition Inference.

Interest Expansion

B (FE2M - KEEHRREWE « RFEFHE/ @R/ B RE] AP R RKESRERAEAP, TR
BERBEREEES FLARKE - WEEIT AR REHZ 2685 A KETFIGHET, RINZ R
SE<|prod_begin|><a_662><b_7813><c_7791> FEiHE " fh, HK#E<|video_begin|><a_192>
<b_6421><c_6240> EHIE; B. TUKE, RMNERFDEMKMEITEFHaE H 1

< |prod_begin|><a_6266><b_6810><c_2477>; C.{#FF4E, KM AN KE<|1living_begin|>
<a_3241><b_7205><c_1272>. A ifi<|prod_begin|><a_6655><b_5260><c_329> K

¥ <|video_begin|><a_5695><b_1638><c_6707>; D. T/ A, I NERIEH/ NEE"IHIE

< |prod_begin|><a_6488><b_6398><c_7103>; E. MAKESI K, FI AL |prod_begin|>
<a_8099><b_2904><c_503> H K< |video_begin|><a_1409><b_4885><c_5059>; F. j5/"5REK
W, BIAEERAE - FEERNE, < |video_begin|><a_4946><b_5797><c_6364> -

Analysis: the trace does not collapse the user into one label. It keeps several evidence-backed branches, each tied to
concrete itemic-token evidence and a specific intent.

Transition Inference

AN, AGKBEBEFB(FLARE) S ARIRERE - IAREEEAET K, HAENFNESEEER . A
i~ WSEFIKIBE LSRR, BAERSS THRED = F RN RIREAE R . CUEERFRAE)FID(F R/ B M) HEH
WIT AR, (HEGH B TR, EE ML, ECCARESTRSHAKHER -3, (HiEH
T ES TA/B; FUETSREFHDFEERZEFEEME, NELWENRBELET M - Fith, FEEMEERLE
G REIETERYT  BIET i« FOFE B3RN0 DU AR EE TSNS TR, [FR /D& 0R 8B RS
AEFNE AN BE R BN T 1A -

Target: <|video_begin|><a_6166><b_1595><c_1850>

Analysis: the final step chooses the branches with both recency and action density, then emits the target itemic tokens only
after the reasoning trace.

Transition Inference The final stage compares the expanded hypotheses against the full context
and commits to the most likely subsequent interaction direction. It reuses R1 by requiring a local
bridge from antecedent evidence to follow-up need, and reuses R2 by checking whether the candidate
direction is supported by temporal order, continuity, refinement, or behavioral closure. The teacher
weighs each hypothesis by evidence strength, recency, continuity, persona compatibility, target-domain
compatibility, and leakage risk. This compare-and-commit step prevents the trace from merely listing
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possible interests without making a decision useful for recommendation.

The following constraints make the final judgement decision-oriented and leakage-safe:

* Evidence priority. Candidate directions supported by repeated actions, active searches, or
recent dense interactions receive higher weight; those supported only by isolated or accidental
behaviors are down-weighted.

* Transition bridge. The trace should explain the bridge from earlier evidence to later intent. Valid
bridges include feedback, bottleneck, cognitive refinement, scenario continuation, parameter
narrowing, or need completion; simple topical similarity is insufficient.

* Granularity calibration. The final judgement should be as specific as the evidence allows. If
the evidence supports a concrete game, opera genre, function, product attribute, or content
style, the trace should not stop at a coarse category; if the evidence is insufficient, the trace
should avoid over-specific claims.

* Conflict resolution. When multiple directions are plausible, the trace compares their fit with
the persona prior, recent behaviors, long-term interests, and target domain, then chooses the
most likely direction.

* Leakage control. Although the target interaction is visible during data construction, the
reasoning must be written as if the answer is unknown. It must not copy the target title, expose
the target item id or itemic token, or use target-only entities as evidence.

A compact training trace in Table 8 shows how Interest Expansion keeps several grounded
directions active, while Transition Inference commits to the strongest continuation.

Through Persona Abstraction, Interest Expansion, and Transition Inference, the synthesized
CoT becomes compact, fine-grained, and decision-oriented. The first two stages denoise the behavior
history and organize the hypothesis space, while the final stage compares candidate transitions by
reusing R1 bridge reasoning and R2 evolution reasoning. This structure allows SFT to learn not only
the final target itemic-token prediction, but also the behavioral logic that connects user evidence to
recommendation decisions.

5.4.2. Quality Evaluation of Reasoning Traces

The quality of recommendation reasoning traces is evaluated along five complementary dimensions,
each highlighting a different aspect of useful recommendation cognition: they assess whether the
trace avoids direct answer leakage, aligns with the intended target, demonstrates logically transferable
reasoning over user behavior, accurately reflects observed history, and provides actionable guidance
for subsequent recommendations.

* Safety. Checks whether the CoT trace directly exposes target content, such as item id, itemic
token, title, or any entity that could uniquely identify the target. Safe traces avoid direct answer
leakage while remaining informative.

* Consistency. Evaluates whether the trace’s conclusions, preference direction, and behavioral
explanations align with the intended recommendation target. A consistent trace supports correct
downstream predictions.

* Logic. Measures whether the trace demonstrates transferable and generalizable reasoning over
user behavior rather than surface-level concatenation, forced associations, or memory of a single
instance.

* Factuality. Ensures that the trace accurately reflects the observed user history. It checks
for fabricated behaviors, incorrect attributions, exaggerated trends, temporal confusions, or
unsupported statements.
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* Informativeness. Assesses whether the reasoning provides useful and specific recommenda-
tion guidance without leaking the target. It should summarize interest directions, scenarios,
functionality, style, attributes, or exclusions that are actionable for recommendation.

Together, these dimensions provide a compact diagnostic view of trace quality. Safety constrains
leakage, consistency checks target alignment, logic checks reasoning transferability, factuality checks
history grounding, and informativeness checks whether the trace provides clear guidance for recom-
mendations. The evaluation therefore distinguishes traces that are merely fluent from traces that
express useful recommendation cognition. Figure 9 summarizes the resulting score distribution and
mean-score profile across these five dimensions.

B 1 (Very Poor) 2 (Poor) 3 (Average) MM 4(Good) MM 5 (Excellent) Safety
494

Safety *. 94.47%
Consisency 00 F20% By
Logic| RN | 5ok
Factuality *I 9.77%  10.39% 34.48% 43.79%
Informativenessfl 11.03% 8.24% 74.03% l Factuality Logic
4.09 3.51
) ' 40 60 80 \

100

Consistency
3.53

0 20
Percentage (%)

(a) Score distribution (b) Mean-score profile

Figure 9 | Score distribution and mean-score profile for reasoning-trace quality across safety, consis-
tency, logic, factuality, and informativeness dimensions.

Representative unreasonable traces identified by this quality-evaluation strategy are shown in
Appendix D.3.2 (Table 28), where problematic statements in the generated CoT are marked in red.

5.5. Itemic Instruction Data

Itemic Instruction Data improves instruction-following behavior when itemic tokens appear explicitly
in the input context. It complements the compression-reasoning backbone by ensuring that itemic-
token-rich inputs remain instruction-controllable, rather than being automatically interpreted as
recommendation-reasoning prompts. We observe that pretrained models often behave unstably in
such settings: instead of following the user’s instruction, the model may ignore the requested task,
explain the meaning of specific itemic tokens, or implicitly reinterpret the input as a user-interest
analysis problem. Such behavior limits usability in practical recommendation-oriented interactions.

To address this issue, we construct a specialized instruction-tuning dataset centered on itemic-
token-grounded task execution. Data generation begins with a predefined inventory of task tags, each
corresponding to a representative instruction type in recommendation and content understanding
scenarios. Rather than focusing only on itemic-token decoding, the tag space spans conversion,
retrieval, matching, comparison, generation, editing, summarization, and explicit instruction-control
tasks. For each tag, we generate suitable instructions and pair them with sampled user-side material,
so that each example requires the model to complete a concrete task under inputs containing itemic
tokens. Representative bilingual training cases are shown in Appendix D.4.1. The main task groups
are organized as follows:
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* Conversion and Editing. This group teaches the model to convert between itemic tokens and
natural language, rewrite text-token pairs, replace itemic tokens with textual descriptions, or
reorder token sequences under instruction constraints. A representative instruction is: “Convert
the following product itemic token into a short product introduction.”

* Retrieval and Selection. This group focuses on retrieving itemic tokens from structured user
contexts according to time, behavior, attribute, or interaction-order constraints. A representative
instruction is: “Find all video itemic tokens the user interacted with during a given time window.”

* Matching and Classification. This group trains the model to match natural-language descrip-
tions with candidate itemic tokens, select the most suitable token-description pair, handle fuzzy
matching, or classify the scene represented by itemic tokens. A representative instruction is:
“Which itemic token best matches the description ‘noise-canceling Bluetooth earphones’? Output
only the token.”

* Comparison and Aggregation. This group requires the model to compare itemic tokens or token
groups, perform set-level operations, and summarize token sequences into compact natural-
language descriptions. A representative instruction is: “Compare the functional differences
between these two product itemic tokens in three sentences.”

* Generation and Verification. This group asks the model to generate descriptions, promotional
copy, constrained summaries, or verification results based on itemic-token-linked content. A
representative instruction is: “Write a 50-word promotional copy for the following product
itemic token.”

* Instruction Control. This group explicitly trains the model to follow the user’s instruction
even when itemic tokens appear as distracting context. It includes ignoring irrelevant tokens,
conditional execution, text-preserving rewriting, and format-constrained response generation.
A representative instruction is: “Ignore all itemic tokens below and answer: what are the main
evaluation metrics for recommender systems?”

A key design principle is that itemic tokens are treated as grounding signals rather than as
the final target of explanation. The objective is not to make the model interpret token semantics
in isolation, but to train it to use itemic-token-linked context correctly while remaining faithful to
the user’s instruction. This improves robustness in mixed natural-language and token-based inputs.
Among the task groups above, the instruction-control cluster is especially important because it directly
teaches the model to prioritize user intent even when itemic-token-rich context could otherwise
distract or mislead generation.

To ensure data quality, generated instructions are evaluated for usability before large-scale
expansion, and final samples are checked with rule-based consistency tests to verify that itemic-
token references in the input and output match the associated material. Samples with unsupported
token references, weak task grounding, or unclear intent are removed. The final Itemic Token
Instruction dataset contains approximately 103.0K examples. Overall, this dataset serves as a
behavior-alignment layer for itemic-token-aware interactions, improving the model’s ability to follow
instructions accurately in recommendation scenarios involving structured content identifiers.

5.6. General-Domain Data

To preserve general instruction-following ability and mitigate over-specialization during recommendation-
oriented SFT, we incorporate the publicly available Step-3.5-Flash-SFT dataset released by Step-
Fun (Huang et al., 2026) as the general-domain data source. We apply conservative preprocessing to
the raw dataset: samples containing tool-use traces are discarded to avoid introducing environment-
interaction behaviors outside the scope of our SFT setting; only samples following the standard
three-role dialogue schema, namely system, user, and assistant, are retained to ensure a homogeneous
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conversational format; and samples with malformed structures, missing fields, or corrupted formats
are removed to further improve data quality. After preprocessing, the resulting corpus contains
approximately 1.5 M high-quality SFT samples, which are mixed into the training data to maintain
broad instruction-following capability and stabilize general-purpose response behavior under domain-
specific fine-tuning. General-domain data therefore serves as a stabilizer around recommendation
cognition, preventing the model from overfitting to itemic-token reasoning formats.

Overall, this SFT stage builds structured recommendation cognition on top of aligned itemic per-
ception: RO grounds itemic tokens, R1 supplies evidence-grounded derivation, R2 supplies temporal-
evolution supervision, and R3 composes these abilities for next-interaction prediction. Because the R3
traces are still teacher-generated, they are not yet optimized by recommendation outcome feedback.
The next stage closes this loop with recommendation-oriented RL: domain-specific RL first discovers
stronger recommendation behaviors within each domain, and RFT/MOPD then consolidate these
specialized policies into a unified four-domain recommendation foundation model.

6. RL Pipeline

After the SFT stage, the model has acquired general semantic understanding, instruction-following
ability, and an initial capability for recommendation-oriented reasoning. However, SFT mainly enables
the model to imitate teacher-generated reasoning trajectories, and the resulting performance is still
largely bounded by the capability of the teacher model. Since the model has already been exposed to
large-scale recommendation data and has developed strong recommendation capabilities, a natural
next step is to examine whether the model can go beyond imitation and further improve its recom-
mendation reasoning through self-exploration. Reinforcement learning (RL) has recently become a
promising direction for further improving recommendation models beyond supervised training (Tan
et al., 2025; He et al., 2026; Zhou et al., 2026). However, for a foundation recommendation model
that supports diverse tasks across domains, directly applying RL to mixed-domain data may cause
cross-domain interference, since different domains often involve distinct user intents, item semantics,
and reward landscapes.

To mitigate this issue, we adopt a “specialize-then-unify” strategy. As illustrated in Figure 10, we
first optimize the model separately on each recommendation domain through RL, resulting in four
teacher models that specialize in domain-specific recommendation reasoning. We then investigate
two approaches to consolidate these domain-specific capabilities into one unified model: rejection
sampling fine-tuning (RFT), which refines the model on verified high-quality reasoning trajectories
sampled from domain-specialized teachers; and Multi-Teacher On-Policy Distillation (MOPD), which
distills multiple domain-specific policies into the student model on its own generated trajectories.

6.1. Recommendation-oriented Reinforcement Learning

We first optimize the model with GRPO (Shao et al., 2024) on each recommendation domain separately,
where the model generates trajectories and receives outcome feedback based on the correctness of its
prediction.

Recommendation-oriented GRPO. For a user u with context (query) g, the model takes it as input
and samples a group of recommendation rollouts, where each rollout consists of a reasoning trace
and generated itemic tokens, as illustrated in Figure 11. Formally, let

Gu = {(COTu,i, cu,i)}ic;:l 4)

31



OneReason Technical Report

Path A: RFT

Single-domain RL

: RFT Ad i Mix-RL
Ad } ' checkpoint
Teacher Rejectlon: RFT-Product | !
Off-Policy ¢ i
ampllng ; '
_ ‘ RFT-lee ;ﬂ RlFJL'I::’anta Final RFT Model
Product : RFT Video |
Teacher | Verified trjectores |
SRR Path B: MOPD
Live o StudentRollout
Teacher { tok 1 ‘ tok 2 ‘ ‘ Tok n } 1 Mix-RL
! i checkpoint
On-Policy ! l 1 l i
O 3 { token-level advantage } i l
Video i l ; Final MOPD
: i Model
Teacher il Reverse KL 5

On-policy training signals

Figure 10 | Overview of the “specialize-then-unify” pipeline.

denote the group of G rollouts sampled for user u, where CoT,; is the generated reasoning trace
and ¢, ; is the corresponding itemic tokens. Each rollout is evaluated by an outcome reward R, ;,
which measures whether the generated itemic tokens match the target recommendation. GRPO then
normalizes rewards within the same group to obtain the relative advantage:

R,; — mean ({Ru,k}gzl)

std ({Ru,k}gzl) +8

A

Ayi =

>

) (5)

where § is a small constant added for numerical stability. The model is optimized to increase the
probability of high-advantage rollouts, where the generated reasoning trace leads to itemic tokens
that match the ground-truth items.

Rollout Design. While GRPO serves as a powerful tool to enhance the effectiveness of recommen-
dation reasoning, directly applying it to recommendation tasks still faces practical challenges. The
nature of recommendation tasks, where the model predicts user interests from a massive candidate
space, leads to an inherently low hit rate and requires a sufficiently large rollout size to obtain useful
reward signals. This is particularly costly for reasoning-augmented recommendation, where each
recommendation is preceded by a reasoning trajectory.

To address this issue, we design a two-stage rollout strategy tailored to recommendation-oriented
RL. As illustrated in Figure 11, the central idea is to amortize the cost of reasoning over multiple
recommendations. For each user u, we first sample N reasoning traces {CoT,, l}N Conditioned on
each reasoning trace CoT,,;, the model then generates K itemic token sequences in parallel {cui i}
where

j=1’

. . 1) (2 .3
¢,ij = [(|ldomain_beginl), cl(l’i’)j, cl(l’i’)j, cl(l’i’)j]. (6)
This produces N xK effective recommendation rollouts while generating only N reasoning traces. Since
the additional expansion is restricted to the short itemic tokens, the reward coverage is significantly

improved with limited extra computation and memory overhead.
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Figure 11 | Overview of recommendation-oriented GRPO.

Reward Design. Recommendation tasks focus on set-wise optimization, where the model should
retrieve a set of relevant items rather than only optimize a single prediction. Since user interests
are often multi-faceted, an ideal reasoning trace should cover diverse relevant items that satisfy
user interests. Therefore, given the N X K rollouts produced by the two-stage decoding procedure,
we assign each rollout a mixed reward that considers both item-level accuracy and the diversity of
recommendations induced by each reasoning trace. For each rollout (CoT,,, ¢, ;), the corresponding
reward is defined as

Ru,i,j = Rrule(cu,i,j) : Rdiv(COTu,i): (7)

where R,y provides the main accuracy signal based on the predicted itemic tokens, while Rg;y
evaluates the diversity of the recommendations induced by the same reasoning trace. The rule-based
reward evaluates whether the predicted itemic tokens hit the ground-truth set C;":

Rrule(cu,i,j) =1 [Cu,i,j € C;] : (®)

Recommendation aims to generate a set of items for each user, whose interests may span multiple
categories. Therefore, a desirable reasoning trace should guide the model toward diverse types of
recommended items. We encourage such diversity by computing an additional reward over the K
itemic token sequences generated from the same reasoning trace. Specifically, we focus on the first
digit of the itemic tokens, since the first sub-token largely determines the subsequent decoding process

and captures coarse-grained item categories. Let ml.(l) denote the number of distinct first-digit values

among {Cl(z,li,)j};(:r The diversity factor is defined as

max(0, ml.(l) -1
Raiv (COTy) = ——————. ©)

Encouraging diversity at the first digit promotes broader category-level coverage, which naturally leads
to more diverse item predictions. The final reward R, ; ; thus assigns greater reward to trajectories
that both match the target item and lead to better recommendation diversity. The diversity reward
is defined at the reasoning-trace level, since all K itemic token sequences generated from the same
reasoning trace share the same diversity factor Rgjy.

Optimization. GRPO uses clipping to constrain the importance ratio between the updated policy
and the behavior policy, which stabilizes policy updates. For each generated token o, the importance
ratio is defined as

7o (0t | 0<¢)

. 10
Told (¢ | 0<t) (10)

re(0) =

33



OneReason Technical Report

£ull penalty S\ Hit

Vanilla PPO Clip Stage-wise PPO Clip before 3 A, vid s
ONE CLIP FOR ALL LOOSE CoT, TIGHT itemic tokens /\jl\ V]Mt/\ Tnvalid
Tnvalid
0.2/0.28 CoT 0.2 /0.28 itemic tokens 0.1/0.15 TopL
= o = ~ R
U after full Pj:\aHy 7\
f / Vo.ljmiss :
itemic token entropy collapse stable itemic token entropy
() Stage-wise clipping. (b) Negative-sample down-weighting.

Figure 12 | Illustrations of two optimization-stabilizing strategies.

In reasoning-augmented recommendation, however, reasoning tokens and itemic tokens exhibit
substantially different behaviors. Reasoning traces are long and mainly support exploration, whereas
the final itemic token sequence is short but directly determines the recommendation reward. Using
the same clip range for both stages can make the distribution of itemic tokens change too aggressively
and cause entropy collapse. We therefore apply stage-wise clipping, with a looser clip range for
reasoning tokens and a tighter clip range for itemic tokens, as illustrated in Figure 12 (a). Specifically,
we use two stage-specific clipping ranges,

€CoT = (GEOT’ GEOT)’ €item = (ei;em’ e;{em)’ (1D
where ecor is looser than ejer,. For each token o, the clipping range is selected according to its stage:

€CoT> O¢ € COT: (12)

7 (0) = clip(re(0), 1 =€~ (£), 1 + €7 (1)), €(t) =
€item,» Ot €C,

where e(t) = (¢ (t),e*(t)). This preserves reasoning exploration while stabilizing updates on the final

recommendation tokens.

To further stabilize GRPO under sparse recommendation rewards, a sample-level importance
re-weighting scheme is applied to the actor loss, as illustrated in Figure 12 (b). Since only a small
fraction of rollouts hit the ground-truth, most rollouts receive zero reward and contribute negative
relative advantages. Without re-weighting, these numerous non-hit samples may dominate the
aggregated gradient and push the policy toward overly conservative updates (Gao et al., 2025; Ren
and Sutherland, 2025). After the group-relative advantage is computed, each rollout is assigned a
scalar weight according to its hit status:

. {1.0, if Reyte (€ui)) = 1, 13)

B, otherwise,

where B < 1 controls the contribution of non-hit rollouts. The weight is applied to the whole response-
level actor loss of the rollout (CoT,;, ¢,,,;), while the advantage estimation remains unchanged. This
preserves the full gradient contribution from successful rollouts and down-weights non-hit rollouts,
reducing the dominance of negative-advantage samples without changing the GRPO objective form.

Ablation Study. We first examine the effect of the two-stage rollout design by comparing GRPO
with the full recommendation-oriented optimization against an ablated version that removes the
two-stage rollout under the same effective rollout size. As shown in Figure 13, we evaluate both
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training efficiency and recommendation performance. The blue curves correspond to GRPO with
full optimization, while the orange curves correspond to the ablated variant. For performance, we
evaluate the model on the Cross-Live Recommendation task using Recall@1 and Recall@8 under
both thinking and non-thinking inference modes.

The two-stage rollout substantially reduces per-step training time by reusing each generated rea-
soning trace across multiple itemic token sequences, avoiding repeated generation of long reasoning
prefixes. Meanwhile, the performance results show consistent gains, with particularly clear improve-
ments under the thinking mode. These results indicate that expanding multiple recommendations
from the same reasoning trace provides denser reward feedback for each reasoning path, enabling
GRPO to more effectively optimize recommendation-oriented reasoning.
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Figure 13 | Ablation study on rollout optimization. Two-stage rollout improves training efficiency

while achieving stronger recommendation performance.

We further evaluate the effect of the diversity reward using the same ablation setting, where the
ablated version removes Rg;, from the full reward design. The methods are evaluated on Cross-Live
with Recall@1, Recall@8, and Recall@32 under both thinking and non-thinking inference modes.
The blue curves denote the fully optimized method, and the orange curves denote the ablated version.
Encouraging diversity among the subsequent itemic token sequences from the same reasoning trace
helps the model retrieve a broader set of potential items. As a result, as shown in Figure 14, the
diversity reward improves the effectiveness of reasoning, with more pronounced gains when Recall@K
is evaluated at larger K.
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Figure 14 | Ablation study on reward optimization. Diversity reward strengthens thinking-based
recommendation, with recall@K improvements more significant at larger K.
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Finally, we analyze the two optimization-side stabilizers: stage-wise clipping and negative-sample
down-weighting. For stage-wise clipping, the ablated version uses the same clipping range for
reasoning tokens and itemic tokens. For negative-sample down-weighting, the ablated version
removes the sample-level weight w,; ;. Figure 15 shows the ablation results of stage-wise clipping, and
Figure 16 presents the ablation of negative-sample down-weighting. Both designs contribute to more
stable training and better performance. Removing stage-wise clipping weakens the recommendation
performance, especially the reasoning effectiveness on Recall@8 and Recall@32, indicating that
reasoning tokens and itemic tokens benefit from different trust regions during policy optimization.
Removing negative-sample down-weighting makes GRPO optimization less stable under sparse
recommendation rewards, as abundant non-hit rollouts are assigned the same weight as successful
ones. As shown in Figure 16, the ablated model suffers from a higher risk of training collapse, as
reflected by a higher tendency to generate invalid itemic tokens and the resulting degradation in
recommendation performance.
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Figure 15 | Ablation study on optimization strategies. Stage-wise clipping consistently improves
recommendation performance.
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Figure 16 | Ablation study on optimization strategies. Negative-sample down-weighting helps stabilize

RL training.

GRPO sharpens reasoning online but suffers from low sample efficiency on rare-but-correct trajecto-
ries. Rejection sampling fine-tuning (Section 6.2) is a natural offline complement: it harvests the small
set of self-discovered high-quality rollouts and re-injects them as dense supervision, consolidating
broadly useful behaviors that GRPO alone tends to forget between updates.
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6.2. Rejection Sampling Fine-tuning

We first explore rejection sampling fine-tuning (RFT) to consolidate the knowledge of domain-
specialized teacher models. RFT transfers domain-specific reasoning ability by selecting verified
successful trajectories from each teacher and continuing supervised training on the aggregated
trajectory set.

RFT workflow. While domain-specific GRPO improves the model through outcome-driven explo-
ration, its policy optimization also sharpens the output distribution and makes the model concentrate
on a small set of high-confidence items (Chen et al., 2026c¢). This can improve top-ranked predictions,
but not fully aligned with the goal of recommendation, where the model is expected to predict a set
of potential items that cover diverse user interests. As a result, RL optimization alone may provide
limited improvement for the final recommendation task, especially when the model needs to retrieve
a broader set of relevant items.

To complement GRPO, we introduce rejection sampling fine-tuning (RFT) as the consolidation
method. Each domain-specialized GRPO model is used as a teacher to generate reasoning-augmented
recommendation trajectories. For each user u, we retain trajectories whose predicted item matches the
ground-truth set C/, filter out low-quality or inconsistent reasoning traces, and merge the remaining
verified trajectories across the four domains. This yields an aggregated rejection-sampled dataset

Drrr = {(xy, CoTy, €)}, (14)

where x, denotes the user context, CoT, is the verified reasoning trace, and ¢, is the corresponding
itemic tokens.

Before RFT, we first obtain a Mix-RL checkpoint by applying GRPO to mixed data covering R2
evolution and R3 recommendation tasks from all domains until convergence. Initialized from this
checkpoint, the unified model is further trained on Dgpr with the standard next-token prediction

objective:
[Yul

Lrrr = —E(x,,CoT,,c0)~ Drpr Zlog 7o (Yue | Xu> Yu<t)»  Yu = [COTy; €] (15)
t=1

In this way, RFT transfers domain-specific reasoning patterns discovered by RL into a single model
while maintaining a smoother training objective based on next-token prediction.
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Figure 17 | Relative gains of RFT over Mix-RL across Recall@K. RFT generally shows larger improve-
ments as K increases.
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Performance Analysis. To analyze the effectiveness of RFT, we compare the performance of RFT
against mixed-domain RL as the baseline method across four recommendation domains. We report
the relative improvement of RFT over Mix-RL under Recall@K, where K € {1,8,16,32,64}. This
evaluation investigates whether RFT improves only the top-ranked prediction or provides broader
gains when the model is asked to retrieve a larger set of relevant items.

As shown in Figure 17, RFT does not always improve Recall@1, especially on Cross-Product and
Cross-Live, where the relative improvements at small K are often negative or close to zero. However, as
K increases, RFT consistently shows stronger advantages across domains. The improvement becomes
particularly clear on most domains at larger K, achieving large positive gains across all evaluated
cutoffs. This trend suggests that RFT is less focused on sharpening a single top prediction and
more effective at improving candidate coverage. Such behavior is better aligned with the goal of
recommendation, where the model should retrieve a set of relevant items that can cover diverse user
interests rather than only optimize the first prediction.

6.3. Multi-Teacher On-Policy Distillation

This section introduces multi-teacher on-policy distillation (DeepSeek-Al, 2026; Dou et al., 2026; Xiao
et al., 2026; Yang et al., 2026) to integrate specialized capabilities from four domains into a unified
student model in an on-policy manner. We adopt a Monte Carlo RL formulation (Li et al., 2026), i.e.,
the log-probability ratio is evaluated only on the token sampled from the student itself at each step.
This converts the optimization target into an expectation over sampled trajectories. The teacher is
therefore only queried for a single-point log-probability at the sampled token, with no requirement to
provide a full vocabulary distribution. The effectiveness of this RL-based formulation stems from the
OneReason training pipeline, where the student model has already acquired foundational capabilities
across all target domains. As a result, the student’s policy distribution does not exhibit significant
deviation from the teacher’s policy. This distributional proximity naturally bounds the variance of
the single-point log-probability evaluations. Therefore, we can circumvent the severe high-variance
instability that typically plagues sparse RL updates, achieving significantly higher computational
efficiency while maintaining stable training.

MOPD Objective. Formally, let zg denote the student’s behavior policy deployed in the inference
engine for trajectory generation, and my denote the policy being actively optimized in the training
engine. For a given prompt x, we first sample a complete rollout y = (CoT;¢) ~ pg(- | x). Based on
the specific capability domain required by x, we route the prompt to the corresponding domain-expert
teacher, denoted as mgomain,- At each timestep t of the auto-regressive two-stage rollout, we define
the token-level distillation advantage under a reverse-KL objective as:

AMOPD,t = Sg[log T domain; (yt | X, .V<t) - 108 To (.Vt | X, .V<t) ] P (16)
Since the trajectories are generated by the behavior policy ug but optimized under the target policy

7y, we introduce truncated importance weighting w,(6) to correct for this off-policy discrepancy:

mo(Ye | %, y<t) 7o (Ye | X, Y<t)

— | ow = = &highs

po(ye | X, y<t) po(ye | X, y<t) a7
0, otherwise,

w(0) =

where sg[-] denotes stop-gradient. We then define the surrogate loss of MOPD as:

Lyl
1 A
Lvorp(0) = —Exip, ypg(-1x) [m Zwt(g) Awmopp,t logmo(y: | x,y<0) | - (18)
t=1
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Information-Gain-Aware Trajectory Filtering
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Figure 18 | Overview of the information-gain-aware trajectory filtering mechanism.

Optimization. Generative recommendation inherently struggles with massive item candidate spaces
and highly sparse user-interest signals. In on-policy training, this translates to an exceptionally
low hit rate during trajectory rollouts. When applying MOPD to such environments, treating all
sampled rollouts uniformly leads to a severe gradient-dilution problem. Specifically, the student
model quickly aligns with the teachers on generic, popular “head” items, resulting in near-zero
token-level advantages (|Amopp,| ~ 0). Consequently, the rare yet crucial domain-specific insights
for “tail” items—where the specialized teachers’ expertise is most valuable (characterized by high
|Amopp,:|)—are entirely overwhelmed by redundant gradients from already-aligned or noisy samples.
To address this problem, we adopt an information-gain-aware trajectory filtering mechanism (Chen
et al., 2026b), as shown in Figure 18. Mathematically, the absolute advantage |AM0pD,t| quantifies the
instantaneous information gain provided by the teachers. We dynamically discard low-information
trajectories, which forces the student to focus on the most dissimilar and informative rollouts. It is
crucial for preventing policy performance degradation in environments with inherently low hit rates.

Specifically, we utilize the token-level advantage gap as a label-free indicator of information gain.
To quantify the overall deviation from the teacher, we compute the token-average absolute gap for
each trajectory y; as its informativeness score s(y;):

T.
1 & .
s(yj) = T Z |AMoPD, j ¢ |- (19)
=1

This absolute scoring naturally captures the bilateral correction demand: it identifies both instances
where the student is overly confident in an incorrect path (AMOPD, it < 0) and those where it fails to
capture the teacher’s domain-specific insights (AMopD, it > 0).

Given a training batch 8 and a target information-gain ratio p (e.g., p = 0.8), we sort all
sampled rollouts in descending order based on their informativeness scores, yielding the sequence
X(1),X(2), - -, X(8|)- To effectively filter out the redundant, already-aligned rollouts, we determine
the smallest prefix length M that covers the target information-gain ratio p:

C Zs0g)

: > (20)
2 s(vip)

M =min{m
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Figure 19 | Relative Recall@K changes of MOPD across four domains. (a) reports the improvement
of the student before and after MOPD, computed as (After — Before)/Before. (b) reports the gap
between the student after MOPD and the teacher, computed as (Student — Teacher) /Teacher. Positive
values indicate higher Recall@K for the first term in each comparison. Solid and dashed lines denote
thinking and non-thinking evaluation settings, respectively. Overall, MOPD consistently improves the
student while keeping its performance close to the teacher across domains.

The active subset retained for optimization is then defined as S = {y(1), ..., ym)}. By discarding the
low-information rollouts, we ensure that the optimization budget is concentrated exclusively on the
most challenging and informative instances. The final MOPD objective is subsequently computed
solely over this filtered subset S.

Performance Analysis. As illustrated in Figure 19 (a), the proposed training paradigm yields strictly
positive performance gains across all evaluated domains. Notably, the relative improvement expands
as K increases in almost all domains. This demonstrates that MOPD effectively revitalizes the student
model’s long-tail ranking capability within massive candidate spaces. Furthermore, the thinking mode
exhibits a steeper growth trajectory at larger K compared with the non-thinking mode in the Ad and
Live domains. This suggests that the explicit reasoning process significantly broadens the search
boundaries, enabling the retrieval of hard-to-find tail items that intuition alone (non-thinking) might
miss. Figure 19 (b) shows that the student aligns perfectly with or surpasses the teachers when K < 16,
but a gap remains at K > 16. This remaining gap is a fundamental theoretical limit driven by the
reverse-KL objective. Since the reverse-KL objective is inherently mode-seeking, it flawlessly captures
the teacher’s primary probability peaks at K < 16. While our active filtering method maximizes the
extraction of long-tail information from the teachers, perfectly replicating the entire distribution of
the teachers remains challenging.

Ablation Study. We first analyze the effect of the information-gain-aware trajectory filtering mecha-
nism. Figure 21 illustrates the policy gradient (PG) loss. MOPD without filtering (blue) exhibits larger
variance and a steep initial drop, indicating unstable optimization and overfitting to redundant “head”
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Figure 20 | Effect of the information-gain-aware (IG) filter on MOPD performance across recommen-
dation domains. We report the relative Recall@K change between MOPD with IG filtering and the
base MOPD setting, computed as (IG Filter — Base)/Base. Positive values indicate that IG filtering
improves Recall@K over the base setting. Solid and dashed lines denote thinking and non-thinking
evaluation settings, respectively. Overall, IG filtering brings consistent gains in most domains and
evaluation settings, especially at larger values of K.

items. In contrast, MOPD with filtering (orange) significantly suppresses gradient noise, enabling a
smoother and more stable convergence by exclusively focusing on high-information samples.

The relative Recall@K curves in Figure 20
provide a direct empirical validation of our Policy Gradient Loss
core motivation, i.e., gradient budget realloca- o0
tion based on trajectory-level information gain.
The optimization budget is successfully con- 02

04

centrated on high—divergence, high—infqrmation 3 w0 L Lpohelm LA L
samples (s(y;) > 0). This focused gradient flow £ s
directly translates into the steep, upward perfor- ' G

. . . — — w/o 1lter
mance trajectory starting at K > 8 and culminat- 04 LG Filter
ing in positive gains at K = 64. By reall'ocatlng 06 = pom v o i
the training focus from redundant easy items to Training Steps

challenging long-tail items, our filtering mecha-

nism effectively mitigates the gradient dilution = Figure 21 | Policy-gradient loss during MOPD train-
bottleneck, allowing the unified student to cap- ing with and without IG filtering. The IG filter re-
ture the specialized long-tail capabilities of the =~ moves low-information trajectories based on token-
expert teachers under a highly constrained pa- level advantage statistics, leading to a smoother
rameter budget. and more stable policy-gradient signal.

Further, we investigate the impact of differ-
ent student selection, including SFT, SFT—RFT, and SFT—Mix-RL. As shown in Figure 22, all three
students can benefit from MOPD training. When student and teacher distributions are roughly aligned,
even with initial differences in student levels, MOPD can consistently improve student performance
to a level near or even slightly surpassing that of the teachers. This indicates that the teacher’s upper
bound limits the extent of improvement in MOPD. Specifically, even weaker students can catch up
with the teacher, but it is difficult for them to surpass the teacher significantly.
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Figure 22 | Comparison of different student models before and after MOPD training. Dark bars denote
the performance before MOPD, while light bars denote the performance after MOPD. This suggests
that MOPD improvements are bounded by the teacher: weaker students can catch up, but rarely
surpass it substantially.

6.4. Comparison and Discussions

In this section, we compare the recommendation accuracy of five optimization strategies: the SFT
checkpoint, mixed-domain RL, domain-specific RL, RFT, and MOPD. The evaluation is conducted
under the cross-domain recommendation setting, where we report Recall@K for the Cross-Video,
Cross-Product, Cross-Ad, and Cross-Live tasks. This comparison allows us to examine whether the
model learns better reasoning through self-exploration, whether the “specialize-then-unify” strategy
alleviates cross-domain interference, and how different teacher-knowledge integration methods affect
the final performance.

As shown in Table 9, all post-SFT optimization methods substantially improve over the SFT
baseline on all domains and metrics, indicating that learning from self-exploration can further
enhance recommendation performance beyond supervised imitation. However, directly mixing all
domains during RL does not consistently achieve the best performance. Compared with domain-
specific RL, mixed-domain RL generally yields weaker performance, suggesting that heterogeneous
domains can introduce conflicting optimization signals. The two knowledge-integration methods then
provide complementary benefits. RFT achieves strong and stable gains, especially on Cross-Video,
showing that verified successful trajectories can effectively consolidate domain-specific reasoning
patterns. MOPD performs competitively and obtains the best results in several settings, indicating
that policy-level distillation can better preserve teacher preferences in some domains. Overall, these
results support the effectiveness of the “specialize-then-unify” strategy: domain-specific RL first
discovers effective reasoning behaviors, while subsequent knowledge integration transfers these
domain-specialized capabilities into a unified model.

We further compare the impact of two integration paradigms, MOPD and RFT. We have several
findings:

* MOPD and RFT exhibit domain-specific strengths. MOPD achieves superior performance in
Product and Live domains, even significantly outperforming the Live teacher. Conversely, RFT
consistently yields marginal and stable advantages over MOPD, particularly at larger K values
in Video and Ad domains.

* RFT consistently guarantees that the thinking mode outperforms the non-thinking mode across
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Table 9 | Performance comparison (in %) of different optimization strategies. Both RFT and MOPD
effectively integrate domain-specific knowledge and outperform Mix-RL across different domains.

Domain Metric Mode SFT Mix-RL Single-RL RFT MOPD
thinking 0.00  0.01 0.01 0.01  0.01
Recall@l | thinking 001  0.01 0.01 0.01  0.01
thinking 001  0.02 0.03 0.05  0.04
Recall@8 | thinking 002  0.02 0.03 0.04  0.03
Cross-Video E.
Recallpre Dinking 002 005 006  0.08 0.06
non-thinking  0.03 0.04 0.05 0.06 0.05
thinking 003  0.08 010 013 0.10
Recall@32 | thinking 0.06  0.06 0.09 0.12  0.08
thinking 006  0.14 0.15 0.24  0.18
Recall@64 | thinking 011  0.12 0.16 0.19  0.16
thinking 021  0.67 0.63 0.67 0.67
Recall@l | thinking 026  0.66 0.66 055  0.76
thinking 0.69  2.05 2.29 206  2.36
Recall@8 | o thinking 1.14  1.83 2.46 1.82  2.42
Cross-Product Recall@1e  Pinking 094 253 3.04 2.83 298
non-thinking  1.69 2.44 3.30 2.63 3.05
thinking 122 3.10 3.65 354  3.62
Recall@32 | thinking 2.32  3.18 3.88 3.24  3.80
thinking 1.65  3.79 387 419 411
Recall@64 o thinking 2.96  3.83 4.25 3.96  4.34
thinking 035  1.32 1.25 134 123
Recall@l | thinking 1.07  1.23 1.19 110 1.14
thinking 156 3.21 3.53 3.67  3.67
Recall@® o thinking 3.02  3.33 3.46 341  3.53
Cross-Ad .
Recall @16 thlnklll.g . 2.11 3.97 4.86 4.80 4.76
non-thinking 4.16 4.31 4.71 4.46 4.58
thinking 2.78  4.83 6.20 614 594
Recall@32 | thinking 537  5.44 6.06 584 5.84
thinking 341 586 7.39 7.50  7.19
Recall@64 | thinking 649  6.68 7.33 7.26  7.13
thinking 140 2.46 2.32 2.53  2.67
Recall@1 | thinking 145  2.37 2.23 196  2.41
thinking 563 829 839 870  8.82
Recall@8 o thinking 576  7.39 780  7.82 8.8
Cross-Live .
Recallple inking 818 1063 1114 1149 1146
non-thinking  8.34 9.99 10.65 10.63 11.18
thinking 11.17  13.03  14.69  14.63 14.82
Recall@32 | thinking 1174 12.86 1442 1425 14.71
Recall@6s  MinKing 1432 1603  18.62 1835 18.89

non-thinking 15.52  16.09 18.80 18.17 18.66
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all domains and K values. In contrast, the improvements of MOPD in the thinking and non-
thinking modes are highly synchronized, with the non-thinking mode achieving competitive
gains.

This divergence is driven by the extreme reward sparsity of recommendation tasks and the distinct
sampling dynamics of the two paradigms:

RFT: In a massive item candidate space, successful reasoning paths are extremely sparse. RFT
bypasses this exploration bottleneck offline by executing multiple rollouts and strictly retaining
only those that yield correct outcomes. This rejection-sampling process distills only “golden”
reasoning paths in which the CoT is logically aligned with the correct recommendation, thereby
securing a stable reasoning benefit (thinking > non-thinking).

MOPD: Conversely, MOPD relies on on-policy distillation, continuously aligning the student’s
generated distributions with the teachers across all rollouts (regardless of whether the CoT
perfectly hits the target). Because the student processes these rollouts within a shared param-
eter space, this continuous distillation calibrates the foundational prompt-to-item semantic
embeddings holistically. As a result, the nonthinking capability itself is massively enhanced.
Therefore, MOPD produces a synchronized uplift: it improves the thinking capability while
simultaneously and profoundly strengthening the underlying “intuition” (non-thinking). How-
ever, successful CoTs are extremely sparse. Without strict off-policy filtering of correct CoT,
the on-policy process inevitably absorbs noisy or ungrounded CoT steps from the weak priors.
This noise might prevent the thinking mode from fully unlocking its theoretical superiority to
consistently eclipse the massively enhanced non-thinking baseline.

7. CoT Analysis Indicators

Beyond target accuracy, the practical utility of recommendation reasoning traces depends on whether
the CoT genuinely contributes to the final itemic pattern prediction, remains faithful to the observed
user history, respects the structural constraints of the itemic token space, and follows a coherent
intent-evolution trajectory. Recent evidence suggests that free-form reasoning in itemic token-based
recommendation foundation models may introduce a general-subspace prior, where textual inertia
dominates inference and dilutes critical itemic pattern evidence (Zhang et al., 2026b). Motivated by
this observation, we design a four-criterion diagnostic framework to evaluate the quality of generated
CoT traces. We organise them along two orthogonal axes that together cover the full diagnostic
surface of a recommendation reasoning trace. The four criteria populate this 2 x 2 matrix exactly
once each (Table 10).

Symbolic vs. Probabilistic (what kind of check?). A symbolic check inspects the discrete set of
itemic pattern referenced inside the CoT against a static reference set; it requires only string
parsing and set operations, runs without a model forward pass and without access to ygr. A
probabilistic check inspects how the CoT shifts the conditional log-likelihood of the target ygr; it
requires both a model forward pass and the ground-truth label, and is therefore strictly costlier
but directly measures predictive effect.

Local vs. Global (against which reference scope?). A local check compares against a narrow,
instance-bounded reference (the current user’s history, or the immediately preceding reasoning
prefix). A global check compares against a wide, corpus-bounded or trace-bounded reference
(the full item catalog, or the entire CoT versus the no-CoT baseline).
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Table 10 | The four-criterion diagnostic framework organised on a 2x2 matrix: Symbolic vs. Probabilistic
(kind of check) x Local vs. Global (reference scope). Within each row, the local cell strictly strengthens
the global cell (Property P1). Across rows, symbolic checks are cheap/label-free while probabilistic
checks are forward-pass/label-bound (Property P2). The four cells are jointly necessary; each guards
against a distinct failure mode.

Global (corpus-/trace-bounded) Local (instance-bounded)

1: ALL 9: :
Probabilistic ¢ C2: ¢, progression

log p(yarlX, ¢) — log p(yer|x) b — €1
Symbolic C3: Yiegal C4: Phist|legal

S(©) N Vieem (S(6)NViem) 0 S (Xnise)

Criterion 1: CoT Likelihood Gain. We first quantify whether the generated CoT contributes
positively to the prediction of the ground-truth target. Inspired by the analysis of CoT-induced
distributional shift in (Zhang et al., 2026b), we define the CoT likelihood gain as:

ALL =log p(ygr | X,¢) —log p(yar | X), (21)

where x denotes the input context, including the user profile and interaction history, ¢ denotes the
generated CoT, and ygr is the ground-truth target itemic pattern. A positive ALL indicates that
conditioning on the CoT increases the model’s likelihood of the correct target, whereas a negative
value suggests that the CoT distracts the model from the history-grounded itemic pattern evidence.

As shown in Figure 23, for each model-domain pair, we rigorously compute ALL by contrasting the
target log-likelihood under the thinking mode, where prediction is conditioned on the generated CoT,
with that under the non-thinking mode, where the target is predicted directly from the input context
without CoT. We then report the average per-sample ALL values of the SFT and RFT models across
four domains. The SFT model consistently yields negative ALL values in all domains, indicating that
its generated CoT tends to distract the model from the ground-truth target prediction. In contrast,
the RFT model achieves positive ALL values across all four domains, demonstrating that the RFT stage
significantly improves the ability of the generated CoT to contribute positively to the prediction of the
ground-truth target.

Criterion 2: Log-Likelihood Progression Along the CoT. A high-quality reasoning trace should
progressively strengthen the model’s confidence in the ground-truth target as the reasoning process
unfolds. To characterize this intent-evolution behavior, we examine how the target likelihood changes
along the CoT.

To obtain intermediate reasoning units, we use DeepSeek (DeepSeek-Al, 2026) to segment the
original CoT into a sequence of semantically coherent reasoning segments:

c={c1,c2,...,cT}. (22)

For each prefix of the segmented CoT, we compute the conditional log-likelihood of the ground-
truth target:

€t:10gp(yGT|X)Cl)"'7ct)3 t:15"';T' (23)
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Figure 23 | For each model-domain pair, ALL is computed as the difference between the log-likelihood
of the ground-truth target under thinking mode and that under non-thinking mode. Positive values
indicate that the generated CoT increases the model’s confidence in the ground-truth target, whereas
negative values suggest that the CoT distracts the prediction process. Across all four domains, the SFT
model exhibits consistently negative ALL, while the RFT model achieves positive ALL, demonstrating
that RFT substantially enhances the effectiveness and utility of thinking reasoning relative to the
non-thinking setting.

As shown in Figure 24, in the thinking mode setting, progressively incorporating segmented CoT
prefixes consistently improves the conditional log-likelihood of the ground-truth target for both the
SFT and RFT models. Compared with the thinking mode prediction without CoT, the likelihood
trajectories of all four domains rise substantially as more reasoning segments are added, indicating
that the generated CoT provides incremental predictive evidence rather than serving as a merely
post-hoc explanation. This trend is observed in both optimization stages: the SFT model already
benefits from CoT prefixes, while the RFT model further exhibits stronger and more stable likelihood
improvements across domains. Although a few domains show minor fluctuations at later prefixes, the
overall upward progression demonstrates that, under the thinking mode inference setting, the current
models can effectively exploit their generated CoT to strengthen confidence in the ground-truth
target.

While both SFT and RFT benefit from progressively incorporating CoT prefixes, RFT exhibits
a much earlier saturation behavior, reaching near-optimal likelihood after only a few reasoning
segments. This suggests that not all generated reasoning tokens contribute equally to prediction, and
that a substantial portion of the predictive gain can be achieved with a shortened CoT, leaving room
for future exploration of reasoning compression or adaptive early-stopping mechanisms.

Criterion 3: Item Legality. Every itemic pattern referenced in the CoT should also correspond to a
valid identifier in the item corpus. Let Viem denote the complete item catalog. We define the item
legality ratio as:

S (c) N Vieem|

egal = — o T 24
Yiegal S| (24)

Invalid itemic patterns indicate that the reasoning trace contains structurally illegal item identifiers,
which may introduce noise into subsequent itemic token prediction. As shown in Table 11, yjegal
already saturates at 1.00 for both SFT and RFT across all four domains, providing a clean basis on
which the conditional history-grounding measure of Criterion 4 can be evaluated.
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Figure 24 | ¢, denotes the conditional log-likelihood of the ground-truth target given the input context
and the first ¢t reasoning segments. CoT prefix index t=0 denote the thinking mode prediction without
CoT, while brown stars indicate the peak likelihood achieved along the reasoning trajectory for each
domain. Across all domains, progressively incorporating CoT prefixes consistently improves the likeli-
hood relative to the no-CoT thinking mode, demonstrating that the generated CoT contributes useful
predictive information rather than serving as a purely post-hoc explanation. Moreover, compared
with SFT, the RFT model typically reaches its optimal likelihood at substantially earlier reasoning
prefixes, suggesting that predictive evidence is concentrated into a smaller portion of the reasoning
process and revealing potential opportunities for CoT compression and adaptive early stopping.

Criterion 4: History Item Reference Validity (conditioned on item legality). Since our prompt
explicitly constrains the CoT to reason only based on the observed user history, every legal itemic
pattern mentioned in the CoT should further correspond to an item that actually appears in the
user’s interaction history. Differently from a raw history-grounding ratio over S(c), we condition the
measurement on item legality being satisfied: we first restrict the referenced set to its legal subset
S(c) N Viem, and then measure the fraction of this subset that is supported by the user’s history
S (xpist). This explicitly disentangles the orthogonal failure mode of history-violating hallucination
from the upstream failure of illegal-identifier generation captured by Criterion 3. Formally,

|(S(C) N Vitem) N S(Xhist)|

| ) ’ (25)
Vhist|legal [S(c) N Vitem|

where S(c) denotes the set of itemic patterns extracted from the CoT and S(xy;s) the set of itemic
patterns appearing in the interaction history. A low yp|1egal indicates that, even after illegal references
have been filtered out, the CoT still introduces itemic patterns unsupported by the observed history,
i.e. prompt-violating reasoning that hallucinates beyond the user’s actual behaviour.

Qualitative Illustration: SFT vs. RFT on the Same User. To complement the aggregate diagnostics
in Criterion 1-Criterion 4, we present a representative user for whom the SFT and RFT models produce
markedly different reasoning traces over the same input context. The user is an 18-23 year-old male
student whose recent interaction history is dominated by tactical-shooter livestreams, smartphone
reviews, and snack purchases; the ground-truth next item is a video about equipment in Delta Force, a
recently released tactical-shooter title that the user has only clicked once via an in-feed advertisement—
i.e., a target that requires cross-IP generalisation rather than mere historical replay. Table 12 and
Table 13 present the two CoT traces verbatim, organised along the same PERSONA ABSTRACTION
— INTEREST EXPANSION — TRANSITION INFERENCE structure for direct comparison.
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Table 11 | Cross-domain yjegay and ppisiegal Of itemic pattern references in generated CoTs
(pid_pass@32). All numbers are in %; best per metric-domain pair is in bold. Takeaways. (i)
Ylegal Saturates at 100% for both SFT and RFT across all four domains, indicating that legality is
no longer a bottleneck after RFT. (ii) On Cross-Video and Cross-Ad, RFT tightens phigt|iegal OVer SFT
(+2.50 pt and +4.27 pt respectively). (iii) On Cross-Live and Cross-Product, RFT instead exhibits
a moderate drop in phsjlegal (—1.18 pt and —14.59 pt). This drop is consistent with Table 9, where
the relative gain of RFT over Mix-RL on Live and Product is also smaller than that on Video and Ad,
suggesting that the symbolic CoT diagnostics are well aligned with downstream recommendation
metrics. Tightening history grounding on Live and Product is left as future optimisation.

Metric Method Video Ad Live Product

) SFT 100.00 100.00 100.00 100.00
Viegal RFT 100.00 100.00 100.00 100.00

SFT 97.50 94.93 100.00 97.92
Vhist|legal 1T

RFT 100.00 99.20 98.82  83.33

Table 12 | SFT recommendation CoT case: interest stays at the surface IP level (Peace Elite) and the
final transition lands on the wrong IP family.

Persona Abstraction

P E—218-23 S MISEMEHR24, A, WHRTHRE, tE TR PR ERIR" S “Z AR
FEHNR S . REZAINERER: MIHAKENE - EeMITH (FPE) « (E&EFR) Shtd
5MOBA Ry E#EU< | living_begin|><a_1659><b_7342><c_6278>- <|living_begin|>
<a_3713><b_4342><c_6278>, FHAE S i flKIBH LIS LA 40< | video_begin|><a_1985>
<b_581><c_1414>; [, MXEIE= M UHERETH) FRIHREME, ZRAETHIEN S R E
U< |video_begin|><a_7328><b_7546><c_698>, MKt shABEMRE N MAL < | prod_begin|>
<a_2877><b_4537><c_6971>. Ft, MO 48 EEFAEMA TR IIE (FFiE (FPEE) K
HATERA kb E”) « S BES ™ i OCEEFH) DU AT R &5 5/ K5 RS £ -
Analysis: this first segment is persona abstraction: it compresses the raw history into a user state and dominant preference
factors, rather than expanding future hypotheses.

Interest Expansion

ETHHATAREMEAR: A AP RATREARELRAKTE (FIPREE) AOfisi N A BB & TS, B X
s HACHARE E A BIZ O, B, b S TERET LA B (4 E B gL AL I SR #5158 ¢ Bxd
FRIRB BN _LMEARIEE — TS, A B 1R A] BEGER SR TE T AR R N AR5 -

Analysis: the SFT trace stays at the surface IP layer—every branch is named by an existing IP the user has already heavily
consumed (Peace Elite, smartphone reviews, short dramas), with no abstraction to a latent category axis.

Transition Inference
WHRE, ARARERKHEERE . AR EhEEES (MPRE%) | GFfE<lad_begin|>
<a_bB687><b_6727><c_2789> M.zl & - KIEL M HWEEFMMMAI< | video_begin|><a_5632>
<b_1206><c_6057>, HEXITH | e 5 RSHIERF < | 1iving_begin|><a_1790>
<b_1523><c_7951> o X473 B fth 1 A0 TN 12l MR 20 75 A B YRR A o5 BE TR BAHH - B U7 [l B ORAH
K, ABE A T RBAETE SR oK C Oy S H SR Bl SR - R, R SRS HARE AT RE R SR
(HdsRA) B (FIPFRE9E) X RER TR B AIUERR - Fiif AN Aam K iR R ER R
It
Target: (=AMITEN) SRR/ FEFZDIEIN (cross-IP target, only one prior ad-click exposure in history).
Analysis: the conclusion is an in-IP replay of the user’s strongest historical signal. The correct genre is captured, but the
target IP family is missed—consistent with the negative ALL regime of SFT.
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In contrast, the RFT model, faced with the identical input context, produces a reasoning trace that
opens with a catalogue-grounded quantitative prior and lifts the candidate space from a single IP to a
latent category axis, as shown in Table 13. The critical gain comes from R1-derived interest evolution:
instead of replaying Peace Elite or PUBG as surface names, RFT bridges them to the tactical-shooter
category and then to Delta Force through a weak but history-supported ad-click signal.

Linking the case to the four criteria. This single example concretely instantiates all four quantitative
findings. The SFT trace lands on the wrong IP family and would lower the target likelihood, whereas
the RFT trace commits to Delta Force early in its candidate enumeration and merely defends the choice
afterwards—mirroring the positive ALL in Criterion 1 and the earlier ¢, saturation in Criterion 2.
Moreover, the RFT trace anchors its reasoning to a catalogue-grounded statistic ([GAMING]= 69.57%)
rather than free-form qualifiers, while both traces reference only history-supported items, consistent
with the higher yjegq (Criterion 3) and saturated yy;s; (Criterion 4) of RFT in Table 11.

Table 13 | RFT recommendation CoT case: reasoning is anchored to a catalogue-grounded quantitative
prior and generalises across IPs, landing on the ground-truth title (Delta Force).

Persona Abstraction

PR —%18-23 B MH2A ) BTUREBMAF _IRTTEFE MNRA W, B GET KT —
RIC . WETRETE: M ERAILL [JFH] 569.57% N F; HiCkFREHM (EHFER) - (F
PAETE) FEHRTANARLEHED); WEHAMENETED - FYEEMEE . BERI, MHIRE >4
BHE (EEFEE) RE/BWE - SHERFF (WAPREsE) DU LA™ & L .

Analysis: the trace opens with a quantised, catalogue-grounded statistic (69.57%) rather than free-form qualifiers, so the
persona prior is already grounded in catalogue evidence.

Interest Expansion

MWEHTT RE, AP &AEERORMNESE UL A (HEtsRA) /R SRR bk ei
%, W hfbfE<|video_begin|><a_1985><b_3589><c_2398> iFit T PUBG MH*AIHH, I
7E<|ad_begin|><a_1481><b_2918><c_7187> ; B.iQOO FHLARIIIEHT
HIASGHEREN L, R MK HRRE R4, 7E<|video_begin|><a_447><b_4491><c_889> &%
T1iQ00 MM, H Z XA ETFIURE & C HFENHEENNFSRERGFR, i
fE<|prod_begin|><a_8138><b_1801><c_208> &L X Nt Hisk i i, JT7E<|video_begin|><a_801>
<b_4733><c_6583> K | X T & MM ETRINE -

Analysis: unlike SFT, which remains around PUBG/Peace Elite, the RFT trace lifts the candidate axis to “tactical shooter”
and, through R1-style relation evolution, keeps as a cross-IP successor supported by the weak ad-click evidence.

Transition Inference
CRENERE ., A MVATREIER K BENRIES . P EIPR R EAMURT (FPER) | B
(st RAE RSN ETR) T |

> B M ERE SR B e, (BTSRRI FALA AT s A R A AR AR MR SR s N & LB
WM CJ8T RIEIEH TR, RS LI S E AN B R 2K AR IR 2 T
Target: (=AMITEN) FEEFHE/FEFDUENIN (cross-IP target, only one prior ad-click exposure in history).
Analysis: the early commitment to “Delta Force / tactical shooter” in the expansion step is merely defended here, mirroring
the earlier ¢, saturation of RFT; the cross-IP target is reached because R1-style relation evolution operates over a category
axis, not a single IP name.

Crucially, the difference between the two traces is not lexical polish but abstraction level: SFT reasons
over surface IP names (Peace Elite — more Peace Elite), whereas RFT reasons over a latent category
axis (“tactical shooter”) and is therefore able to bridge from observed evidence (Peace Elite, PUBG
comment, Delta Force ad click) to a target IP that has only been weakly exposed in history. This
category-level generalisation is what the 2x2 diagnostic framework in Table 10 is designed to detect,
and it is what RFT systematically delivers.
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8. Experiments

8.1. Performance Comparison

Baselines. We compare OneReason with representative baselines on four cross-domain recommen-
dation tasks. We group the evaluated models by how they represent items:

* ID-Based: Items are represented by conventional item IDs. This group includes standard
sequential recommendation models, namely SASRec (Kang and McAuley, 2018) and HSTU (Zhai
et al., 2024).

» Text-Based: Items are represented by natural-language item dense captions. This group
evaluates general-purpose LLMs under a zero-shot protocol on all tasks, with thinking mode
enabled where supported. For recommendation, the LLMs generate a potentially relevant
item caption, which is then encoded by Qwen3-Embedding-8B (Zhang et al., 2025b) along
with the candidate item captions, and recommendations are obtained through approximate
nearest-neighbor (ANN) retrieval.

* Itemic Token-Based: Items are represented by itemic tokens. In addition to OneReason variants,
we evaluate TIGER (Rajput et al., 2023) and LC-Rec (Zheng et al., 2024b). For LC-Rec, we report
three variants: LC-Rec-SFT-Only-8B, LC-Rec-SFT-Only-14B, and LC-Rec-PT-SFT-8B (initialized
from Qwen3-8B, Qwen3-14B (Qwen3 et al., 2025), and our OneReason pre-training checkpoint).
Following the original LC-Rec setting, its SFT data covers only recommendation and caption
tasks.

Table 14 | Baselines on cross-domain recommendation (in %). Best results are bolded; second-best
results are underlined.

Category Model Cross-Video Cross-Product Cross-Ad Cross-Live

Pass@64 Recall@64° Pass@64 Recall@64 Pass@64 Recall@64 Pass@64 Recall@64

ID-Based SASRec 0.03 0.01 0.31 0.25 1.04 0.37 1.76 0.40
HSTU 0.10 0.01 0.32 0.24 2.79 0.78 2.32 2.14
Qwen3-8B 0.05 0.01 0.15 0.12 0.48 0.09 2.10 1.85
Qwen3-32B 0.33 0.03 0.84 0.63 1.21 0.30 5.64 5.10
Qwen3-235B-A22B 0.24 0.02 0.64 0.49 0.77 0.19 5.10 4.66
Deepseek-V3.2 0.11 0.01 0.38 0.31 0.62 0.13 3.46 3.12

Text-Based
Claude-Opus-4.6 0.14 0.01 0.23 0.17 0.50 0.11 3.02 2.66
Gemini-3-Preview 0.29 0.03 0.74 0.59 1.22 0.27 3.92 3.44
GPT-40-mini 0.19 0.02 0.73 0.55 1.21 0.28 4.01 3.57
GPT-5.4 0.24 0.02 1.43 1.15 1.64 0.43 7.20 6.38
TIGER 0.88 0.07 0.21 0.17 7.65 2.39 2.32 1.78
LC-Rec-SFT-Only-8B 0.22 0.02 0.06 0.05 2.83 0.67 0.89 0.71
LC-Rec-SFT-Only-14B 0.20 0.01 1.03 0.73 5.99 1.94 3.76 3.09

. LC-Rec-PT-SFT-8B 1.49 0.13 3.95 3.00 15.85 6.55 19.32 16.70

Itemic Token-Based
OneReason SFT non-thinking 1.33 0.11 3.94 2.96 15.73 6.49 18.05 15.52
OneReason SFT thinking 0.71 0.06 2.18 1.65 9.16 3.41 16.43 14.32
OneReason RFT non-thinking 2.08 0.19 5.20 3.96 17.56 7.26 21.01 18.17
OneReason RFT thinking 2.41 0.24 5.47 4.19 17.78 7.50 21.10 18.35

*Video Recall@64 is notably low due to the largest target set (avg. 13.92 items) making full recall harder.

Recommendation Performance. Based on the evaluation results in Table 14, we highlight the
primary reasons for the limited performance of ID-based and text-based baselines:

* Cold-Start Sensitivity: Traditional ID-based models struggle in cross-domain evaluation be-
cause 33.69% of target item IDs are unseen during training, causing severe cold-start issues; by
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contrast, only 11.55% of target itemic patterns are unseen, as reported in Appendix B.2.

* Limits of Text-Based LLM Recommendation: More advanced general-purpose LLMs do not
necessarily produce better recommendations, suggesting that recommendation ability is not
reliably correlated with general intelligence or model scale. Their underperformance stems from
the absence of collaborative signals and the errors introduced by ANN-based caption-to-item
retrieval. In contrast, OneReason avoids this additional retrieval step by directly decoding itemic
tokens. Pointwise scoring or better retrieval may yield stronger recommendations; we leave
their study to the community.

* Effect of OneReason Pre-Training: The LC-Rec results show that our OneReason pre-training
checkpoint provides a strong semantic foundation for itemic-token recommendation. Compared
with the LC-Rec-SFT-Only variants, LC-Rec-PT-SFT-8B achieves a clear performance jump across
all four domains, demonstrating the effectiveness of our OneReason pre-training strategy.

Non-Recommendation Performance. Table 15 evaluates RO-R2 capabilities on OneReason-Bench.
Two findings stand out:

* RFT thinking helps higher-level reasoning. RFT thinking lags non-thinking on RO, consistent
with perception-task overthinking (Jiang et al., 2025a), but improves average R1-R2 perfor-
mance. Together with the recommendation gains in Table 14, this suggests that our RL improves
recommendation while strengthening higher-level reasoning.

* OneReason makes compact itemic tokens competitive. Text-based LLMs are given richer
inputs, whereas OneReason uses compact itemic tokens. Even under this input-information
disadvantage, OneReason surpasses several larger advanced LLMs on parts of the R2 suite. This
suggests that OneReason can perform efficient and effective long-sequence user modeling.

Table 15 | Performance comparison on RO-R2 tasks in OneReason-Bench (in %). For RO tasks, results
are macro-averaged over all domains. The grounding task is reported by Pass@64. For the R2 tasks
evaluated by action-logic score, matching for text-based models uses 10-gram soft matching instead
of exact matching. Best results are bolded; second-best results are underlined.

RO: Perception R1: Derivation R2: Evolution
Category Model
Item Und. Ground. QA 121 Select. Topic Gen. Direct Gen.
Qwen3-8B - - - - 40.70 25.49 8.60
Qwen3-32B - - - - 51.96 28.05 7.73
Text-Based Deepseek-V3.2 - - - - 57.18 27.13 11.32
Claude-Opus-4.6 - - - - 56.84 17.16 13.46
Gemini-3-Preview - - - - 56.83 33.68 14.76
GPT-5.4 - - - - 58.92 41.41 17.61
LC-Rec-SFT-Only-8B 22.98 0.00 0.40 3.43 0.00 0.00 0.00
LC-Rec-SFT-Only-14B 26.48 0.00 56.45 16.21 0.00 0.00 0.00
LC-Rec-PT-SFT-8B 35.41 5.21 63.90 25.54 3.32 8.60 4.46
Itemic Token-Based . opoason SFT non-thinking ~ 36.84  3.95  66.55 28.36 3507  33.87 15.42
OneReason SFT thinking 36.91 1.06 64.60 23.88 32.18 31.60 14.31
OneReason RFT non-thinking  36.82 5.24 67.25 23.99 38.92 39.33 20.31
OneReason RFT thinking 36.78 1.35 65.65 28.60 42.42 39.57 21.23

General-Intelligence Sanity Check. Table 16 shows that in thinking mode, OneReason preserves
its Qwen3-8B backbone’s general reasoning and instruction-following abilities on these four repre-
sentative benchmarks after recommendation-oriented training, providing preliminary evidence that
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recommendation-oriented training does not catastrophically degrade general capabilities. In contrast,
LC-Rec variants suffer substantial degradation across all benchmarks.

Table 16 | General benchmark performance comparison (in %). Best results are bolded; second-best
results are underlined.

Category Model MMLU-Pro GPQA-Diamond MATH-500 GSMS8K
Qwen3-8B non-thinking 66.32 39.90 83.80 93.03

Text-Based -
Qwen3-8B thinking 72.35 56.06 95.20 95.68
LC-Rec-SFT-Only-8B 9.73 17.17 41.80 14.03
LC-Rec-SFT-Only-14B 45.35 37.37 60.20 52.54
LC-Rec-PT-SFT-8B 39.72 35.86 81.00 51.55

Itemic Token-Based . poacon SFT non-thinking ~ 61.74 33.33 91.40  93.86
OneReason SFT thinking 71.01 51.52 95.60 95.00
OneReason RFT non-thinking 59.57 37.88 91.40 94.31
OneReason RFT thinking 72.08 54.04 95.40 94.69

8.2. Non-Thinking Gains from Thinking Supervision

Although the recommendation CoT data in Section 5.4.1 is constructed to provide compact, evidence-
grounded recommendation reasoning rather than to directly optimize non-thinking decoding, we
observe an important downstream phenomenon: thinking supervision can improve direct recom-
mendation even when explicit reasoning traces are suppressed at inference time. We study this
phenomenon by comparing CoT and unCoT recommendation supervision under controlled training
budgets. For clarity, we use unCoT to denote recommendation samples without explicit reasoning
traces, where the model directly predicts the target itemic tokens from the user context. In contrast,
CoT samples contain a trace before the final target, generated by the three-stage compression—
reasoning protocol in Section 5.4.1: persona abstraction, interest expansion, and transition inference.

We first conduct a controlled token-aligned experiment. We compare two settings: (i) continued
SFT on 100K unCoT samples; and (ii) continued SFT on a mixture of 40K CoT samples and 50K
unCoT samples. Since CoT samples are longer than unCoT samples, the latter two SFT settings
are aligned to the same training token budget of 0.25B tokens. All models are evaluated using the
same non-thinking decoding format, where the model directly predicts target itemic tokens without
generating a reasoning trace.
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Table 17 | Token-aligned comparison of non-thinking recommendation performance (in %). The 100K
unCoT setting and the 40K CoT + 50K unCoT setting use the same training budget of 0.25B tokens.
For each domain-metric pair, the better setting is highlighted in bold.

Metric Setting Cross-Video Cross-Product Cross-Ad Cross-Live
Pass@32 100K unCoT 0.88 3.16 13.81 13.79
CoT + unCoT 1.17 3.62 13.57 15.99
100K unCoT 0.08 2.33 5.57 11.93
Recall@32 1 | uncorT 0.12 2.74 5.50 13.98
Pass@64 100K unCoT 1.64 4.38 16.08 18.12
CoT + unCoT 1.95 4.86 15.84 20.32
100K unCoT 0.18 3.33 6.72 15.59
Recall@64 7 | incoT 0.21 3.67 6.68 17.69

Table 17 shows that, under the same token budget, replacing part of the unCoT data with CoT
data improves non-thinking performance on Cross-Video, Cross-Product, and Cross-Live. For example,
the mixed setting improves Pass@64 from 1.64% to 1.95% on Cross-Video, from 4.38% to 4.86% on
Cross-Product, and from 18.12% to 20.32% on Cross-Live. Cross-Ad is the main exception, where
the mixed setting is slightly worse than unCoT-only training. This suggests that the benefit of CoT
supervision is not uniform across domains, and motivates a finer-grained analysis of the CoT/unCoT
mixture ratio.

We then conduct a sample-count-controlled mixture sweep. Under a fixed budget of 100K recom-
mendation samples, we vary the ratio between CoT and unCoT samples. Let « denote the unCoT
ratio:

Nuncot Ncot
QA= l-«

_ , - Ner (26)
Ncot + NunCot Ncotr + NunCoT
For each mixture ratio, we train a model from the same starting checkpoint and evaluate it with
non-thinking decoding. Figure 25 reports the relative Pass@32 gain over the 100% unCoT baseline,
defined as:

Pass@32,(8,) — Pass@32,4(61.0)

Ga(a) = Pass@32,(61.0) ’

(27)

where d denotes the target domain, 6, is the model trained with unCoT ratio «, and 61 ¢ is the model
trained with 100% unCoT data.

Figure 25 shows that the response curve is not simply monotonic. Instead, most domains exhibit
a clear intermediate optimum. Cross-Video reaches its best result near a balanced mixture, Cross-
Product prefers a more CoT-heavy mixture, and Cross-Live also benefits from a balanced or moderately
CoT-rich mixture. Cross-Ad, in contrast, shows a much flatter curve, and its best point lies closer
to the unCoT side. These results support the conclusion from the token-aligned experiment: CoT
supervision can improve non-thinking inference in most domains, but the best mixture depends on
the domain.

We interpret this phenomenon as a balance between two types of supervision. unCoT data matches
the non-thinking inference format and directly teaches the model to map user context to target itemic
tokens. CoT data provides an additional training signal with two components: a compression signal,
which teaches persona and trajectory abstraction from long behavior histories, and a reasoning signal,
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Figure 25 | Non-thinking recommendation gains across different CoT/unCoT mixture ratios. All
models are evaluated with non-thinking decoding. The horizontal axis denotes the CoT ratio (1 — a),
and the vertical axis reports the relative Pass@32 gain over the 100% unCoT baseline. Stars mark the
best mixture ratio for each domain.

which teaches transition judgement from the compressed state and supporting evidence to target-
domain decisions. During non-thinking decoding, the model does not explicitly generate the trace. A
plausible hypothesis is that part of the compact user-state construction and evidence-selection bias
learned from CoT supervision is still reflected in the model parameters. The current experiment
supports this hypothesis at the behavioral level, but it does not identify the exact contribution of
compression versus reasoning.

However, more CoT data is not always better. CoT traces are longer than unCoT answers, so
excessive CoT training may weaken the density of final-target supervision. CoT traces may also
contain noise or over-explanation, and the training format may become less aligned with non-thinking
decoding. Therefore, the best mixture is obtained when the reasoning signal from CoT and the direct
target signal from unCoT are properly balanced.

Formally, we use the following conceptual decomposition to describe the non-thinking gain in
domain d under unCoT ratio a:

Gaq(a) = Bg + A} () + I (1 —a) = CY*(1 - ) - C(fiormat(a, 1-a), (28)

where By denotes the base capability in domain d, A}"** denotes the direct-answer alignment benefit
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from unCoT data, I denotes the signal absorbed from CoT data, C**° denotes the cost of noisy or
over-long traces, and C(fiormat denotes the mismatch between CoT-format training and non-thinking
decoding. Conceptually, I contains both a compression component, which teaches the model to
form a compact user-interest state, and a reasoning component, which teaches the model to connect
this state to target-domain decisions. We use this as a conceptual decomposition only, not as an
identifiable additive estimate from the current experiments. The empirical optimum &7 in Figure 25
can be understood as the point where the marginal benefit of adding more unCoT data balances the
marginal loss of reducing CoT supervision:

3G4(a)

oa _x
a=ay

~ 0. (29)

This equation is only a conceptual explanation and does not assume that the entire curve follows
a quadratic law. It simply states that the best mixture appears when direct-answer alignment and
CoT-based supervision reach a domain-specific balance.

One hypothesis for the domain difference is that different tasks rely on different evidence sources.
Cross-Video and Cross-Live may benefit from CoT because their user histories often contain diverse
signals and multiple plausible intent directions, making evidence organization useful before prediction.
Cross-Product may be more sensitive to CoT-heavy training because purchase intent often has to
be inferred from content cues and behavior transitions. By contrast, Cross-Ad may depend more
on short-term conversion signals and business exposure patterns that are only partially captured
by natural-language reasoning traces, which could explain why it favors unCoT-heavy training and
shows a flatter curve.

Overall, these experiments reveal a useful but domain-dependent effect of thinking supervision
on non-thinking recommendation. High-quality thinking supervision can improve direct non-thinking
recommendation in most domains under appropriate mixture ratios, but Cross-Ad shows that CoT is
not universally beneficial and should not be used more aggressively by default. This makes CoT data
valuable as part of a potential data flywheel for recommendation foundation models: CoT construction
can strengthen the backbone, the improved non-thinking model can produce better candidates and
filtering signals, and explicit thinking-mode inference can still be reserved for harder cohorts where
trace generation is worth the extra latency.

9. Deployment

In the rapidly growing local-services advertising scenario of the Kuaishou App, we have successfully
deployed OneReason. Under strict latency, strong baseline, and item-deliverability constraints, the
system achieves stable online deployment and delivers the one of the most significant business uplifts
in the Kuaishou local-services advertising scenario. This section focuses on the online deployment
of OneReason, including Industrial Scenario Adaptation and Online Deployment Architecture, as well
as a set of reusable methodologies distilled from the OneReason deployment.

9.1. Industrial Scenario Adaptation

Given a strong and high-performing OneReason foundation model, efficiently adapting it to a specific
industrial scenario becomes a critical challenge. Notably, the Kuaishou life-service advertising sce-
nario is not included in the OneReason training data. To address this, we propose a standardized
and reusable continuous training pipeline that enables rapid domain adaptation and can be easily
generalized to other industrial application scenarios. Further details are provided in Appendix A.1.
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9.2. Industrial Scenario Online Deployment

Due to the scale of LLMs and the limitations of inference systems, directly deploying OneReason for
real-time recommendation still faces significant latency and computational cost challenges. In this
section, we propose a new online architecture for OneReason, the “Fast-Slow Thinking” architecture,
and further introduce an online incremental training strategy to ensure model performance.
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Figure 26 | The online deployment architecture of OneReason.

“Fast-Slow Thinking” Architecture in the Online Deployment. This architecture avoids fully
relying on real-time inference and instead introduces a Fast (Online) and Slow (Nearline) collaboration
mechanism, continuously injecting OneReason’s knowledge and reasoning capabilities into the system

while

maintaining low latency and stable gains. The workflow is shown in Figure 26.

Step 1: Pipeline Design. We build a decoupled nearline retrieval pipeline that does not
participate in early-stage competition. Instead, it is integrated into the downstream ranking
model for joint scoring with the real-time OneRec outputs. When OneReason retrieval results
are unavailable, the system automatically falls back to the original OneRec pipeline to ensure
stability and coverage.

Step 2: Dataset Trigger. We periodically (daily or hourly) aggregate distributed data jobs to
construct user behavior, user profile, and item content data. An online pipeline is then triggered
for data fetching, cleaning, and feature processing, forming an end-to-end data flywheel.
Step 3: Offline Inference. After dataset preparation, we load the latest OneReason checkpoint to
predict the user’s most likely next itemic tokens offline. These tokens are then decoded into item
IDs using our specialized decoding strategy for OneReason (as discussed in Appendix A.4.2).
Step 4: Online Serving. The decoded item IDs are written to Redis via offline inference jobs,
forming a candidate pool for online serving. During inference, the nearline OneReason results
and real-time OneRec retrieval results are jointly fed into the ranking model for unified fusion,
enabling a Fast-Slow Thinking recommendation system.

Online Incremental Training Strategy. The online platform continuously introduces new items,
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while user interests and intents also evolve over time. Therefore, an incremental training mechanism is
required to adapt OneReason to long-term business evolution while preserving its existing capabilities
and ensuring stable online performance. The procedure is as follows:

* Pre-Training Incremental Training. We conduct periodic continual pre-training on newly
introduced items within fixed time windows to keep pace with the latest content distribution. To
prevent catastrophic forgetting and maintain the general reasoning capabilities of OneReason,
we jointly train on a mixture of newly collected data and a sampled general-domain corpus.

* SFT Incremental Training. We construct daily incremental training data from user logs,
using same-day user interactions as supervision signals for OneReason training, which models
short-term interest dynamics and improves sensitivity to preference shifts.

Two Application Paradigms of OneReason. We design two application paradigms of OneReason
under the “Fast—Slow Thinking” architecture in the online deployment, both yielding significant online
gains and demonstrating the strong modeling and generalization capabilities of OneReason.

* Slow Pipeline: OneReason. This method directly employs OneReason for retrieval. Specifically,
OneReason leverages user profile information and historical interaction sequences to predict the
next itemic tokens that the user is most likely to engage with, which are then decoded into a
candidate item list serving as the retrieval output of the Slow pipeline.

* Fast Pipeline: OneReason for OneRec. We leverage the outputs of OneReason to enhance
recommendations, where the most relevant itemic tokens are transformed into embedding
representations. In OneRec, we introduce a dedicated Thinking Token to incorporate these
signals, which serves to distill knowledge from OneReason into the online OneRec within the
Fast pipeline. The overall methodology is provided in Appendix A.2.

9.3. Online Experiment

We conducted a 10-day online A/B experiment by deploying OneReason in a subpart of the local-
services scenario of the Kuaishou App, using a 5% traffic allocation for both the treatment and
control groups. Users in the treatment group were served by the “Fast-Slow Thinking” architecture of
OneReason, whereas users in the control group remained on the existing recommendation system.

Table 18 shows that both directly using OneReason for retrieval and using it to enhance the
real-time OneRec yield significant improvements in the online A/B experiment. The direct application
in the slow pipeline improves Revenue, while enhancing OneRec in the fast pipeline further boosts
performance. Combining both paradigms achieves the best results, with substantial gains in Revenue
and Impressions, corresponding to hundreds of millions of RMB in annualized commercial revenue for
the Kuaishou platform. Moreover, we compute the ratio between computational resource consumption
and revenue, demonstrating that OneReason achieves an ROI > 5. More experimental analysis and
discussion are provided in Appendix A.3 and A.4.

10. Related Works

With the rapid advancement of artificial intelligence, leveraging Al to reshape industrial systems has
become a major direction in both industry and academia. Recommendation systems have increasingly
adopted LLMs to improve user experience and business performance. Recent generative recommen-
dation frameworks, such as the OneRec series, demonstrate strong modeling capacity, scalability,
and system efficiency. However, most existing methods largely remain within a System-1 single-pass
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Model Impressions Revenue
OneReason +0.940% +4.528%
OneReason for OneRec +6.831% +4.636%
Combined +10.332%  +8.234%

Table 18 | Online performance comparison across different deployment models. Combined: joint
deployment of OneReason and OneReason for OneRec. Revenue refers to the total commercial
revenue generated in the online advertising system of the Kuaishou platform.

inference paradigm. Inspired by reasoning-oriented foundation models such as OpenAI O1 (Jaech
et al., 2024) and DeepSeek R1 (Guo et al., 2025), researchers are beginning to explore a Think-then-
Generate paradigm. As recommendation environments become increasingly complex and dynamic,
incorporating structured reasoning into generative foundation models (GFMs) has emerged as a
promising research direction. In this section, we provide an overview of recommendation foundation
models and reasoning-enhanced generative frameworks. Building upon these developments, we
illustrate how the OneReason Think-then-Recommendation paradigm differs from existing GFMs.

Following the rise of LLMs, researchers began exploring their direct application to recommendation
tasks, leveraging their rich world knowledge and strong instruction-following capabilities. Typical
approaches formulate user profiles and interaction histories as prompts, allowing LLMs to reason
about user preferences before generating recommendation results. Representative works include
GPT4Rec (Li et al., 2023), Chat-Rec (Gao et al., 2023), LLMRank (Hoffmann et al., 2024), and LLM
as Zero-Shot Ranker (Hou et al., 2024b). However, as research on LLM4Rec advances, it has become
clear that general-purpose LLMs struggle to fully capture the characteristics of recommendation tasks,
leading to performance bottlenecks. This has motivated two main directions for integrating LLMs
with recommendation systems. The first follows an LLM-backbone paradigm to enhance existing
recommendation models, represented by the OneRec series. The second aims to train recommendation
foundation models that can directly perform recommendation.

In the first direction, TIGER (Rajput et al., 2023) is an early industrial work on generative
recommendation, introducing RQ-VAE-based itemic tokens and framing recommendation as an end-
to-end generation task from user sequence itemic patterns to next-item representations. HSTU (Zhai
et al., 2024) further replaces traditional multi-stage pipelines with a Transformer-based backbone and
explores scaling laws for generative recommendation. The OneRec series (Deng et al., 2025; Liu et al.,
2025; Zhou et al., 2025d; Wang et al., 2026; Zhang et al., 2026a; Zhou et al., 2026) then engineers
this paradigm into a unified pre-train and post-train framework, demonstrating strong modeling
and efficiency advantages. Subsequent work focuses on issues such as diversity control (Agarwal
et al., 2025), end-to-end pipelines (He et al., 2025; Sun et al., 2026a), ultra-long user sequence
modeling (Li et al., 2025), and industrial scenario constraints (Lin et al., 2025; Xue et al., 2026;
Zhang et al., 2026c¢).

In the second direction, research focuses on building recommendation foundation models by
adapting LLMs to recommendation data, leveraging their world knowledge and reasoning ability. LC-
Rec (Zheng et al., 2024a) shows that LLMs can understand recommendation semantics via itemic ID
alignment and instruction tuning. RecGPT (Yi et al., 2025b) and RecGPT-V2 (Yi et al., 2025a) further
use LLMs for user intent modeling in retrieval and interest mining, with small-scale online validation.
However, these methods mainly focus on user intent modeling and do not achieve full end-to-end
decision-making. OxygenREC (Hao et al., 2025) follows a similar idea to RecGPT, using fast—slow
thinking to generate contextual instructions for downstream models. Nevertheless, these approaches
remain LLM-augmented recommendation systems rather than true end-to-end generative foundation
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models. In contrast, our goal is to build an industrially deployable GFMs paradigm that enables direct
reasoning-based recommendation decisions with measurable online impact. OpenOneRec (Zhou et al.,
2026) is an important precursor, proposing a novel Think-then-Recommendation paradigm. They
also propose RecIF-Bench, large-scale datasets, and 1.7B/8B foundation models with multiple training
strategies, including Text Alignment, Co-Pretraining, Multi-task SFT, and Rec-RL. However, it remains
unclear whether its reasoning consistently translates into real recommendation performance gains,
leaving room for further investigation. The most directly comparable diagnostic work is (Zhang et al.,
2026b), which formally measures the non-thinking/thinking gap on OpenOneRec and attributes it to
textual inertia from the general subspace: itemic token embeddings and general-text embeddings
share latent dimensions but are misaligned, so a longer CoT lets the general-text prior dominate and
dilute ID-grounded evidence. In OneReason, we address this issue at training time across elaborate
training pipelines to guide more robust itemic perception and cognition CoT.

In traditional generative recommendation models, researchers have early on incorporated the rea-
soning capability of LLMs by introducing explicit or implicit reasoning mechanisms. Since generative
recommendation operates within the recommendation space and lacks an explicit CoT paradigm,
most existing methods adopt latent reasoning, injecting reasoning signals from LLM outputs or
internal system signals. For example, ReaRec (Tang et al., 2026) introduces multi-step reasoning into
generative recommendation, iteratively feeding high-dimensional reasoning results back to refine
user representations. OnePiece (Dai et al., 2025) further extends this idea by integrating LLM-style
context engineering and reasoning into industrial recommendation systems via a reasoning-block
design, enabling progressive alignment between intermediate states and recommendation logic. In
contrast, OneSearch-V2 (Chen et al., 2026a) leverages LLMs with CoT to deeply understand complex
user queries and distills such reasoning capability into recommendation model parameters via self-
distillation. Meanwhile, REG4Rec (Xing et al., 2025) addresses reasoning diversity and reliability
by constructing multiple item-level semantic representations to enable multi-path reasoning and
introducing self-reflection to prune inconsistent reasoning paths.

11. Conclusion & Future Work

In this work, we propose OneReason, a reasoning foundation model that connects the large language
model and the recommendation system into one single model, enabling recommendation with wisdom.
Specifically, we conduct extensive modifications: (1) in the pre-training stage, we utilize a content-
understanding task rather than contrastive supervision to obtain discrete itemic tokens, and use 578B
tokens to align the itemic-token and text-token semantic spaces; (2) in SFT, we design a standardized
coarse-to-fine, logically coherent CoT structure to ensure the quality of the thinking trace; and (3)
in RL, we conduct a specialize-then-unify recipe to improve thinking-mode ability while balancing
performance across multiple services.

Equipped with these techniques, to our knowledge, OneReason is the first work in which the
thinking mode consistently outperforms the non-thinking mode on downstream recommendation
benchmarks, suggesting that reasoning can be translated into real recommendation gains. More
interestingly, we also find that replacing ordinary unCoT data with thinking CoT data improves non-
thinking inference in several domains. This suggests that some benefits of CoT supervision can transfer
to direct decoding, but a causal separation between compression and reasoning requires further
ablation. Furthermore, we propose OneReason-Bench, which organizes reasoning-oriented benchmark
tasks into a progressive hierarchy to guide our model iteration (e.g., Perception, Derivation, Evolution,
and Recommendation). For industrial deployment, we propose a Fast-Slow thinking architecture
that continuously injects the knowledge of OneReason into the recommendation pipeline through
the collaboration of nearline slow thinking and online fast thinking, contributing significant business
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gains.

In the future, we will explore: (1) more stable online incremental-learning mechanisms that
continuously adapt to new general-knowledge training corpora and user-interest drift while avoiding
potential degradation of instruction-following and general capabilities; (2) more customized decoding
and generation strategies tailored to business constraints, achieving a better balance among through-
put, latency, quality, and business value; and (3) moving beyond “thinking-then-answer” toward an
agentic recommendation foundation model with planning and tool-calling abilities. We believe that,
with continued progress in model compression, inference infrastructure, and hardware efficiency,
recommendation foundation models will become a core component of the recommendation chain,
gradually driving the evolution toward an agentic-recommender architecture.
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A. Deployment Details

A.1. Industrial Scenario Adaptation

Facing a new industrial scenario, how can OneReason be rapidly adapted? This setting presents
two key challenges: understanding new item corpora and learning emerging user interest distributions,
both of which are absent during OneReason training. To address these challenges, we propose a
reusable deployment recipe called Industrial Scenario Adaptation.

Scenario-aware Continual Pre-Train. We start from the checkpoint of the final OneReason
foundation model. For item understanding in new industrial scenarios, we adapt the RO: Perception 5.1
method for bidirectional alignment between itemic tokens and captions. For user understanding
in new industrial scenarios, we adopt a User-Profile-Based Continual Pre-Training strategy. A large-
scale LLM is first used to summarize user behaviors and extract preference signals, which are then
combined with user profiles to form user portrait texts. These user portraits texts are used for continual
pre-training, enabling the model to capture scenario-specific user characteristics.

Scenario-aware Continual Supervised Fine-Tuning. We further train OneReason for recom-
mendation by conditioning on user portrait texts and historical interactions to predict the next itemic
token. To improve robustness across users with different activity levels, we introduce a curriculum
learning strategy that progresses from high-activity to low-activity users. This allows the model to
first learn from dense behavioral signals and gradually adapt to sparse scenarios, while user portraits
provide consistent semantic guidance for generalization.

A.2. The Overall Methodology of OneReason for OneRec

As reflected in the core design philosophy of the OneReason, Thinking-then-Generation have been
demonstrated to be an important pathway in the evolution of LLMs. Prior work has also shown that
introducing latent reasoning mechanisms into generative models can effectively enhance reasoning
capabilities and further improve recommendation performance. Therefore, we attempt to leverage
the outputs of OneReason to provide reasoning supervision, and we have obtained business uplift in
the online fast pipeline, validating that OneReason’s reasoning capabilities and knowledge can be
transferred to generative recommendation model via distillation.

The overall framework is illustrated in the Figure 27. Specifically, we first use OneReason to
predict the next itemic token with the highest probability of user interaction, and then decode it into
the embedding representation corresponding to the itemic token via a quantized model, serving as
a supervision signal for the reasoning process. Subsequently, we introduce a Thinking Token into
the generative recommendation model and use the hidden state at the decoder-side <BOS> position
as the supervision target. We then apply an Alignment Network to impose representation-level
constraints, thereby distilling OneReason’s knowledge and reasoning capabilities into the generative
recommendation model within a high-dimensional semantic space.

On this basis, we further explore several variant designs. For example, we introduce a User
Representation Decoder to compress the encoder outputs, align them with OneReason’s outputs,
and further distill them into the Thinking Token. In addition, to address the uncontrollability of the
reasoning process, we design a dual-branch architecture consisting of a Decoder with Reason and
a Decoder without Reason, and apply mutual supervision to improve the stability of the reasoning
process. Finally, considering the inherent misalignment between the recommendation space and the
semantic space, we further propose a contrastive distillation method based on spatial residuals to
enhance cross-space alignment.

67



OneReason Technical Report

/ OneReason \
1 1
i Prediction . i
: OneReason LU '
1
1
H User Profile User SID Behaviors Next Itemic Token i
I P NN R :
: __________________ N ’ \ !
: ; \l !" Tokent Emb. D:IJ ' i
! A o H N '
! i @ @  _Encode | ! Alignment :
E i /. P i ! Token2 Emb. [I:I] ' Network Reg. Loss !
, VAV N ! + 1 I
P ; 1 1
lI L ; ! Token3 EmbAD:D ! H
.................. |
\\\ Itemic Token Model /'
- Thinking Itemic ~ Itemic ~ Itemic AN
1/ OneRec Token  Token1 Token2 Token 3 \‘\
1 1
' [y e e
1 1
! Key/Value !
: | i i [ i
i Encoder x N Reason Decoder x N :
! !
1 1
! ( Feed Forward Layer ) !
! ( Feed Forward Layer ] i
1
| (oAt ) | |
1
1 i 1
! [ Multi-Head Self-Attention ] [ Causal Self-Attention Layer ] !
1 1
! L1 1 1 [ [ I I !
. Oopooo o =-pgoo
\ 1
. . . . /
AN User Profile User Seq Thinking  Itemic  Itemic !
S~ Token  Token1 Token 2 -’

Figure 27 | The overall structure of OneReason for OneRec.

A.3. Experimental Analysis

We conduct a detailed analysis of the above A/B test results. We decompose the overall effects from
two perspectives: (1) the changes in efficiency brought by OneReason, and (2) the advantages of
OneReason across different user groups.

Distribution and Efficiency Analysis. From Table 19, we observe that OneReason brings con-
sistent system-level improvements under different deployment paradigms. In the slow pipeline,
direct application of OneReason improves conversion and click performance by enhancing traffic
quality through better semantic matching. In contrast, enhancing OneRec in the fast pipeline mainly
improves system scale via expanded retrieval coverage, while per-impression metrics remain relatively
stable. The combined strategy achieves the best overall performance with further increased coverage,
demonstrating the complementarity between the two paradigms: the slow pipeline improves traffic
efficiency, while the fast pipeline expands system scale.

Model Conv. Click CVR CTR Retr. Share
OneReason +5.870% +3.986% +4.516% +2.497% 3.8%
OneReason for OneRec  +7.935% +0.207% +0.459% +0.195% 22.1%
Combined +12.643% +1.709% +1.865% +0.519% 27.2%

Table 19 | Online traffic efficiency and retrieval distribution analysis. Conv. denotes conversion
numbers, Click denotes click numbers, CVR denotes conversion rate, CTR denotes click rate.
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User Level Analysis. To evaluate the user-level impact of OneReason, we conduct a stratified analy-
sis across high-activity, medium-activity, and low-activity users. Table 20 shows that business revenue
gains increase as user activity decreases, with the largest improvements observed in low-activity users.
Compared with traditional recommendation models that rely heavily on users’ historical behaviors,
OneReason enables reasoning-based interest completion by integrating user profiles, limited behaviors,
and content semantics, enabling effective recommendations under sparse interactions. Overall, these
results validate the value of its reasoning capability for low-activity users and demonstrate substantial
information gain for the overall system.

User Level Impressions Revenue

Active Users +0.763% +2.419%
Mid-Active Users +0.902% +4.815%
Low-Active Users +1.125% +13.323%

Table 20 | User-level performance breakdown under OneReason direct retrieval.

A.4. Discussions in Industrial Deployment

We analyze the key challenges encountered during the online deployment of OneReason and discuss
several important issues, along with future directions.

A.4.1. D1: Online Incremental Training and General Model Performance.

OneReason requires incremental updates to adapt to evolving item corpora and user interests. Without
such updates, we observe significant performance degradation. However, the current approach
primarily focuses on continual learning for recommendation objectives, while partially neglecting
instruction-following capabilities and general capability retention. Future work should explore more
stable incremental learning strategies that preserve foundational capabilities while adapting to evolving
item corpora and shifting user-interest distributions.

A.4.2. D2: Generation Strategies of OneReason.

OneReason has higher inference cost, making large-scale beam search infeasible. We therefore design
a hierarchical generation strategy for item ID decoding under small-scale beam search. The model first
generates candidates at the top itemic token-level to ensure coverage, and then completes lower-level
structures via greedy decoding, balancing diversity, accuracy, and efficiency under latency constraints.
However, the current strategy still lacks consideration of business value and resource constraints.
Future work may explore more customized decoding strategies to improve recommendation quality.

A.4.3. D3: Model Parameter Size and Real-time Applications.

In fact, the “Fast-Slow Thinking” architecture is an engineering trade-off. It preserves real-time
system stability while incorporating information gains from OneReason via a nearline mechanism.
However, it cannot fully replace real-time retrieval nor fully exploit the model’s capacity. A key future
direction is model parameter size, i.e., exploring smaller models (e.g., 0.8B level) that maintain
comparable performance while enabling true real-time retrieval, further improving system efficiency
and integration.
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A.4.4. D4: ROI of OneReason for Online Deployment.

We first note that ROI is not the primary objective of OneReason. Our main goal is to evaluate
whether the model provides meaningful information gain in recommendation systems. However,
from an engineering perspective, the system consumes approximately 600 flagship GPUs per day to
serve full traffic across 400 million users in the Kuaishou App. We analyze A/B test experimental
results and estimate an ROI > 5, indicating that system-level gains outweigh inference costs and
yield a positive return. With advances in model compression, inference infrastructure, and hardware
efficiency, OneReason is expected to become a core component of future recommendation systems,
driving a shift toward a foundation-centric architecture.

B. Benchmark Details

B.1. Task Construction

We provide the construction details of the four reasoning layers in OneReason-Bench here.

RO: Perception. We use multimodal LLMs to generate reference item captions from native multi-
modal signals across video, live-streaming, product, and advertising domains, followed by LLM-based
and human quality checks. We next construct content-grounded QA instances from the verified
captions and item metadata, and further filter them by answerability, difficulty, and human spot-
checking.

R1: Derivation. We extract item-to-item association pairs from content knowledge graphs. We
further apply LLM-based difficulty filtering and human quality checks to retain samples that require
semantic derivation rather than surface-level matching.

R2: Evolution. We mine interest evolution chains with temporal progression and cognitive in-
crements from full-domain user behavior timelines spanning short video, e-commerce, advertising,
live-streaming, and additional search. Rule-based, LLM-based, and human quality checks are used to
filter pseudo-logical chains, and the resulting chains are converted into the three task formats above.

R3: Recommendation. We build all-domain history sequences from real user behavior logs and
use users’ subsequent high-value interacted items as prediction targets, where high-value interaction
is defined domain-specifically: clicks for Product, watch-time above the 75th percentile within the
same duration bucket for Video, conversion actions (e.g., activation or payment) for Ad, and first
gifting events for Live. Target items are further processed with abnormal-sample filtering, popularity
downsampling, and category balancing to reduce head-item dominance.

B.2. Recommendation Data Statistics and Analysis

Table 21 presents the scale statistics of R3 across the four target domains.

Beyond the scale statistics, we further characterize train-evaluation overlap from two comple-
mentary perspectives: target-level visibility and transition-level memorization/generalization. For
target-level visibility, 33.69% of target item origin IDs are unseen during training, whereas only
11.55% of target itemic patterns are unseen. This suggests that many item origin ID-level cold-start
targets still support content-based generalization through seen itemic patterns.
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Table 21 | Statistics of R3 recommendation data in OneReason-Bench across four target domains.
Each user corresponds to one instance.

# In-Domain # Out-of-Domain # In-Domain # Out-of-Domain Avg. In-Domain Avg. Out-of-Domain

Domain # Users Avg. Tgt.

Items Items Inter. Inter. Hist. Hist.
Video 10,285 694,507 419,428 770,228 781,533 74.89 75.99 13.92
Product 9,859 502,668 599,238 760,277 986,817 77.12 100.09 1.62
Ad 9,081 249,309 718,771 840,760 1,089,317 92.58 119.96 4.24
Live 8,083 66,831 810,269 240,577 1,229,617 29.76 152.12 1.58

Following Ding et al. (2026), we then examine transition-level memorization and generalization
at the itemic-pattern granularity. For an evaluation instance with history (item1, itemy, ..., item,)
and target set 7, each pair (item,, t) for t € 7 is counted as a memorized pair if the same transition
appears in training, and as a generalized pair otherwise. As shown in Table 22, Video and Product are
dominated by generalized transitions, whereas Ad and Live are more memorization-heavy, allowing
OneReason-Bench to cover both settings.

Table 22 | Memorization and generalization statistics of R3 target transitions at the itemic-pattern
granularity in OneReason-Bench.

Domain Memorized Pairs Generalized Pairs

Video 4.7% 95.3%
Product 27.8% 72.2%
Ad 75.9% 24.1%
Live 73.0% 27.0%

B.3. Comparison with Existing Benchmarks

Existing benchmarks have progressively expanded the evaluation scope of recommender systems.
Traditional recommendation benchmarks, including Amazon (Hou et al., 2024a), Yelp (Yelp, Inc.,
2019), PixelRec (Cheng et al., 2024), NineRec (Zhang et al., 2025a), and KuaiSAR (Sun et al.,
2023), mainly focus on outcome-level evaluation such as ranking accuracy, next-item prediction, and
behavior prediction. Within recommendation foundation-model evaluation, RecIF-Bench provides the
immediate basis for this work by establishing a holistic instruction-following benchmark.

OneReason-Bench continues this line of work by focusing on recommendation-specific reasoning
diagnosis. Instead of only evaluating the final recommendation outcome or response-level quality,
it introduces explicit diagnostic tasks for item-level relation derivation and temporal user-interest
evolution as complementary probes of recommendation-specific reasoning, while retaining next-items
prediction as a downstream recommendation task. Table 23 summarizes this positioning.

B.4. Evaluation Metrics
B.4.1. Item Understanding Evaluation

For the Item Understanding task, we reuse the LLM-as-a-Judge protocol introduced in OpenOneRec.
The metric definition is as follows: generated descriptions are decomposed into weighted information
points and matched against the corresponding ground-truth description. Each information point
carries a predefined weight reflecting its semantic importance; the final score is the OpenOneRec
double-weighted F1, which penalizes both hallucinated points (false positives) and omitted points
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Table 23 | Comparison of benchmarks across categories. OneReason-Bench is the only benchmark
covering all five capabilities.

(false negatives) in proportion to their weights. Meanwhile, same with OpenOneRec, the evaluation
is conducted over all examples in the Item Understanding split and the average double-weighted F1 is
used to reported as the task score.

B.4.2. Action-Logic Score

The Action-Logic Score evaluates two generative tasks: Evolution Topic Generation and Evolution
Direct Generation. Both require the model to produce evolution chains, each a sequence of events
ex = (A, lx), where Ay is an action group, i.e., a set of user actions characterizing a phase in the user’s
interest-evolution process, and [ is the corresponding logic statement. Let the ground-truth chain be
E* =(e7,...,ey) with e; = (A}, 1), and the generated chain be &= (é1,...,€m) with ¢; = (Aj, ZAJ-). The
metric combines action alignment and logic alignment quality into a single composite score.

Action Alignment. For a ground-truth event e; and a generated event ¢;, the pairwise action
similarity is defined as:
2]Ar N Al

mp1 (AL, Aj) = ———.
CETT A + 14

(30

The resulting similarity matrix is aligned via maximum-weight monotone matching, equivalent
to a weighted longest-common-subsequence alignment: it selects a set of one-to-one pairs M, with
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strictly increasing ground-truth and generated indices that maximizes total action similarity.

The chain-level action alignment score aggregates pairwise similarities with a precision-recall
F1 over the generated and ground-truth chains:

b - S kjrem, M1 (AL, Aj)

a - ) (31)
1
- me1 (A%, A;
R, = Z(k,])eMa *Fl( k ])’ (32)
|E]
Action Alignment = % (33)
P, +R,

Logic Evaluation. The logic alignment score reuses the matched pairs M, from Action Alignment.
For each (k, j) € M,, the mixed logic similarity is:

Stogic (I}, [j) = 0.5 Tokeng1 (I, I;) + 0.5 ROUGE-L1 (I3, [)). (34)

Here, Tokeng; is the token-overlap F1 between the ground-truth and generated logic statements, and
ROUGE-Lg; is the F1 variant of ROUGE-L, derived from the longest common subsequence of the two
statements. Defining the total logic similarity over matched pairs as:

T= > sigicllil), (35)

(k,j) e Mq

precision, recall, and the chain-level score are then:

T
Pp=—, (36)
1S]
T
Rp = — 3
et (37)
s 2P¢Ry
L Al t= ———. 38
ogic Alignment = ==~ (38)

Action-Logic Score Definition. The Action-Logic Score is the primary metric for generated
evolution chains, defined as the equal-weight average of the two alignment sub-scores:

Action-Logic Score = 0.5 x Action Alignment + 0.5 x Logic Alignment. (39)

For Evolution Topic Generation, scores are averaged across generations for each sample and then
across all samples; parse failures receive zero score and remain in the denominator.

Multi-Chain Action-Logic Score. Evolution Direct Generation requires the model to produce a
set of evolution chains {£} without topic guidance, compared against a ground-truth set {E€*}. The
evaluator first computes a chain-level action score for every ground-truth-generated chain pair and
applies the Hungarian algorithm to find the maximum-weight one-to-one assignment.

Each matched chain pair is then evaluated using the single-chain procedure above. Unmatched
ground-truth chains receive zero score, and the Multi-Chain Action-Logic Score is averaged over
the number of ground-truth chains. Extra generated chains do not directly enter this average, but
they are penalized in the auxiliary chain-level F1 metrics through the precision denominator.
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B.5. Task Formats

In this appendix, we provide representative input—output templates for the benchmark task formats.

Prompt Bench.R0O.1: Item Understanding (RO — Perception)

System: 1fE— M EBABESMTERK -

User:

THRF AN Tk tokeniA FoN FREEBHIA, BEFRRURSREATN - ABFRSZREL - EhFH

S5 k4 5 <|1living_begin|><a_1658><b_451><c_7635>

Assistant:

WE%%ﬂmWﬂ—EWQiﬁﬁﬁmmﬁk%%I% WWANETESANR R, HEERE S ZFARR,
IZAMIRESCRS RN - HEBNAERETHROAM - XK BEFEIETUEE (AL - w%>,Lﬁ

%Aﬁ%%%ﬁ%%7~¢%%3m?“ow@%%% B, e E S EBRARNAE. ..

English Example

System: You are an expert in live-streaming content analysis.

User:

Decode the following streamer token into a portrait description covering appearance and expression,
content direction and audience positioning, and interaction style:
<|living_begin|><a_1658><b_451><c_7635>

Assistant:

The streamer “XXXXXX” is a lively chat-entertainment host whose style is steeped in everyday life. She appears
plain and approachable, often wearing glasses and a padded jacket, presenting herself in the authentic state of
chatting while eating. Her content focuses on emotional mediation, family gossip, and marriage-related topics
(such as bride prices and matchmaking), building an “online tea party” through multi-person live-chat sessions.
Outgoing and down-to-earth, she serves as both listener and mediator. ..

Prompt Bench.R0.2: Itemic Pattern Grounding (RO — Perception)

System: {RE— N E W EREEHETHF .
User

HoHT LT ERAIESR - NWEFNKASHA, ERILE R E R token: 1% EREX000XX7E—MREETES
Mmmﬁk%%zﬁ WAIMETE RANE D], %ﬁw%ﬁ%ﬁw umDLWmE*%MTAoEE%

NAERETHRRRE . ZEKEEIETIES (el M%) | ZNEZREAREERT — 1%L
RIS MRS SR &ﬂm,%@%ﬁ%ﬁ%ﬂ%mm%@m
Assistant:

<|living_begin|><a_1658><b_451><c_7635>

English Example

System: You are a professional live-streamer analysis assistant.

User:

Analyze the following streamer’s appearance, content, and style description, and generate the matching
streamer token: The streamer “XXXXXX” is a lively chat-entertainment host whose style is steeped in everyday
life. She appears plain and approachable, often wearing glasses and a padded jacket, presenting herself in the
authentic state of chatting while eating. Her content focuses on emotional mediation, family gossip, and
marriage-related topics (such as bride prices and matchmaking), building an “online tea party” through
multi-person live-chat sessions. Outgoing and down-to-earth, she serves as both listener and mediator. . .
Assistant:

<|living_begin|><a_1658><b_451><c_7635>
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Prompt Bench.R0.3: Item QA (RO — Perception)

System: 1RE— (i TSR F, BEMSRSTEEEMINIGIA, FE B MR B B A 5% AR -
User:

i< | video_begin|><a_5946><b_1435><c_6589>
ST L0 ] A B0 e 3 S A2

A. EIFEMIAIE T FM S RHEE

B. (R 77 S AR BINE B

C. BB RS RMERZA

D. R R mE i A T

H B EEA/B/C/DFHI— %0, AN AR H AN E -
Assistant:

D

English Example

System: You are a professional short-video understanding assistant, capable of accurately grasping video
descriptions and clearly answering related questions.

User:

Video <|video_begin|><a_5946><b_1435><c_6589>

How does the video reflect regional culture?

A. Presents Zhengzhou’s modern cityscape and science museum
B. Uses Henan dialect and Yu opera excerpts

C. Showcases Shaanxi’s terracotta warriors and Qinqgiang art

D. Shows ancient architecture of Henan and snow scenes

Please answer with one of A/B/C/D and nothing else.
Assistant:

D

Prompt Bench.R1.1: Item2Item (R1 — Derivation)

System: 1RE— (I HIIIERE ROTR K, KA Z BIFRZE KR -

User:

HEIRIIA: <|video_begin|><a_1584><b_6006><c_2381>

BARE T MEE AR 2 R [TBERR R XA (BEFRLGEE L. BERKLDE. H
REGEEANFEI, HERAPR—MEROEFENRK. Fl: [30RMEMEFEHL] [ FHAPPAIEHE
HEst ], RERKRBEAMEFRGERE. )

H M DU g aZo (A3 gk 5 YR AR AR 1% 5% AR AR :
A.<|video_begin|><a_8152><b_3417><c_4595>

B. <|video_begin|><a_1584><b_254><c_1317>

C. <|video_begin|><a_6219><b_6006><c_4595>

D. <|video_begin|><a_6219><b_3504><c_5673>

HLER: DEFFE] R ZOR B R AR -

Assistant:

[ER]1C

English example

System: You are a video recommendation system expert, skilled at discovering deep relationships between
videos.

User:

Given the source video: <|video_begin|><a_1584><b_6006><c_2381>

This video shares a “Latent Need Resonance” relationship with one of the candidate videos below.
(Definition of Latent Need Resonance: two superficially different videos that satisfy the same deep
psychological need. Example: “30-Day Minimalist Decluttering Challenge” “Phone App Purge: Keep Only
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5,” both serving the deep need of simplifying life and gaining a sense of control.)
Please select the candidate video that has this relationship with the source video:
A.<|video_begin|><a_8152><b_3417><c_4595>

B. <|video_begin|><a_1584><b_254><c_1317>
C.<|video_begin|><a_6219><b_6006><c_4595>

D. <|video_begin|><a_6219><b_3504><c_5673>

Please return your final answer in the format “Answer: [Option Letter].”
Assistant:

[Answer] C

Prompt Bench.R2.1: Evolution Action Selection (R2 — Evolution)

User:

fRE—A T W FEIEIR SRR - 1BRIES C AT 2, W7 AR EZLFRBTE X917 R0
5

DR NFEIRZ AL R B B ARER A 7 R0k

FE AT RSt ] 2

(2023-10-25) [/ f#-ME3K] <|prod_begin|><a_5967><b_2249><c_743>

(2024-06-04) [E#&-%{F] <|1living_begin|><a_4318><b_7342><c_5563>

Assistant:
<|video_begin|><a_4750><b_2230><c_4729> <|video_begin|><a_5844><b_5861><c_361>
<|video_begin|><a_3475><b_2493><c_1218>

English Example

User:

You are a professional data-labeling expert. Given a logic chain of user behavior, extract all related action
records from the behavioral timeline.

Logic Chain: From generic Sienna modification interest to specific component plan selection.

User Behavioral Timeline:

[2023-10-25] [Product-Purchase] <|prod_begin|><a_5967><b_2249><c_743>

[2024-06-04] [Live-Follow] <|living_begin|><a_4318><b_7342><c_b5563>

Assistant:
<|video_begin|><a_4750><b_2230><c_4729> <|video_begin|><a_5844><b_5861><c_361>
<|video_begin|><a_3475><b_2493><c_1218>

Prompt Bench.R2.2: Evolution Topic Generation (R2 — Evolution)

User:

(AFAE ¥ ]

(2023-10-25] [F-T3E] <|prod_begin|><a_5967><b_2249><c_743>
... (ZHEEEZ) ...

(2025-12-25) [#E&] carplayiéZEFHET

BRs =M IWFRANZ 1 e 4 R B B TR (4 7 20k
HE T AT R -
Assistant:
{
"logic_chain": {
"name": "M AT A GER R BARERA T FR IR,
"events": [

{ "date": "2025-12-21", "action": [##R] ENLCEXFHIE,

76



OneReason Technical Report

"logic": AR E: DIBAETE A EoIR SRR, EnfeE T mHER. 3,
{ "date": "2025-12-23", "action": [##ZR] TTEMHI+ K RE,

"logic": INFIFM A WBEE MG SR HESE . 3,
{ "date": "2025-12-25", "action": [ - 53] CarPlay’ % EFHLEF,

"logic": RIRULSL: IERE/ B ERME 2 AT NE L SR Sd - 3,

English Example
User:
[User Interaction History]:
[2023-10-25] [Product-Purchase] <|prod_begin|><a_5967><b_2249><c_743>
... (multi-domain timeline) ...
[2025-12-25] [Search] CarPlay-to-Android phone adapter box...
Target Interest Topic: From generic Sienna modification interest to specific component plan selection.
Generate the complete logic chain based on the history.
Assistant:
{
"logic_chain": {
"name": "From generic Sienna modification interest to specific component plan selection",
"events": [
{ "date": "2025-12-21", "action": [Search] Sienna modification large-screen tutorial,
"logic": Trigger stage: actively acquiring the Sienna modification path through tutorial searches,
indicating a clear modification-direction need. },
{ "date": "2025-12-23", "action": [Search] Top-10 tips for Sienna owners,
"logic": Cognitive complement: shifting from how-to toward risk and experience frameworks. },
{ "date": "2025-12-25", "action": [Product-Click] CarPlay-to-Android adapter box,
"logic": Decision convergence: from tutorial/advice research down to a purchasable modification
hardware click. },

Prompt Bench.R2.3: Evolution Direct Generation (R2 — Evolution)

User:
(HPEZHETH] -
(2024-01-22] [F&-M3E] <|prod_begin|><a_5175><b_1583><c_3381>
(2025-12-01) [/ &-4if] <lad_begin|><a_6526><b_797><c_4992>
(2026-01-04) [#HR] FEFMEFNAFEM 4 X F]
(LR~ A B ER T GBEER) ...
Assistant:
[
{ "logic_chain": {
"name": "M 3 FEHRFMEE] T B/ PR A PRIE DIV i H5E",
"events": [
{ "date": "2026-01-04", "action": [##ZR] &R EFAIGE 4 X 71,
"logic": [AIEfMAL: NTZHXAUIAN, BTHSHKE. 3,
{ "date": "2026-01-15", "action": [{IMH-K3%] < |video_begin|><a_7233><b_649><c_7927>,
"logic": IRt R FEMDPERANSTHITIZ - 3,
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{ "date": "2026-01-16", "action": [T f-M3K] < |prod_begin|><a_1356><b 5951><c 167>,
"logic": V&S MINFIEITTEIRIAIER - }

1
P
{... HmljsiesE. .. }
1
English Example
User:

[User Interaction History]:
[2024-01-22] [Product-Purchase] <|prod_begin|><a_5175><b_1583><c_3381>
[2025-12-01] [Ad-Click] <|ad_begin|><a_6526><b_797><c_4992>
[2026-01-04] [Search] difference between built-up vs. non-built-up manicure
... (no topic provided—the model must autonomously discover all interest threads) ...
Assistant:
[
{ "logic_chain": {
"name": "From manicure-knowledge catch-up to closed-loop tool/material procurement, a DIY-execution
chain",
"events": [
{ "date": "2026-01-04", "action": [Search] difference between built-up vs. non-built-up manicure,
"logic": Problem trigger: entry from the technique-bifurcation point, a concept-level inquiry. },
{ "date": "2026-01-15", "action": [Video-Long-View]
< |video_begin|><a_7233><b_649><c_7927>,
"logic": Knowledge complement: shifting to zero-basis step-by-step execution paths. },
{ "date": "2026-01-16", "action": [Product-Purchase]
<|prod_begin|><a_1356><b_5951><c 167>,
"logic": Execution convergence: closing the loop from cognition to action. }
1
Fh
{ ... additional evolution chains ... }

1

Note: The following examples illustrate the video target domain. The same task format applies equally to
product, ad, and live target domains.

Prompt Bench.R3.1: Single-Domain Recommendation (R3 — Recommendation)

System: 1}E— MEFE RGBT, HKRIEH P EES ST L A7 R T A - PSR -

User:

AFBHEER: XE—TLWHAP, xEmEERES R [FF)] §18.2%, [Zikot]
159.54%, [#Exk] 59.54% . AP ABEEZHIRIE [(FR. HERK] | IOREZ ISR E R
(Fe~ 2Bfg] - JA30HERINETRIFOL: ¥R LHERKIET17.140%. ..

F PRSI A 7 50 AT R REE T FIAIE < | video_begin|><a_4027><b_6474><c_6011>,

<|video_begin|><a_631><b_5499><c_8167>,

<|video_begin|><a_3433><b_1769><c_1441>...

TE TIPSR AT BRI BR A ALAT -

Assistant:

<|video_begin|><a_4750><b_2230><c_4729>, <|video_begin|><a_5844><b_5861><c_361>,

<|video_begin|><a_3475><b_2493><c_1218>,

<|video_begin|><a_7092><b_5735><c_3928>...

English Example
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System: You are a recommendation-system assistant, skilled at predicting the user’s video preferences based
on user attributes and historical video behavior.

User:

User Attributes: The user is female, and her followed-blogger type distribution is: [Parenting] 18.2%,
[Anime] 9.54%, [Gaming] 9.54%. The user’s most-liked categories are [Food, Celebrity Entertainment];
the most-collected video categories are [Fashion, Beauty]. Last-30-day short-drama consumption:
[Counterattack Female-Growth] 17.1 minutes. ..

User Video-Domain Behavioral History: deeply-watched videos include
<|video_begin|><a_4027><b_6474><c_6011>, <|video_begin|><a_631><b_5499><c_8167>,
<|video_begin|><a_3433><b_1769><c_1441>...

Please predict the videos the user is likely to be interested in next.

Assistant:

<|video_begin|><a_4750><b_2230><c_4729>, <|video_begin|><a_5844><b_5861><c_361>,
<|video_begin|><a_3475><b_2493><c_1218>,
<|video_begin|><a_7092><b_5735><c_3928>...

Prompt Bench.R3.2: Cross-Domain Recommendation (R3 — Recommendation)

System: 1}E— MEFE RGBT, HKREHFEMES 2585 L7 AT A - B R -
User:

HPBEEER: Xe— 1 zHHF . AfEEZNEEE [EE . HEBRKR] ...

FA P 225805 5247 h:

PP EE RS KT E#E<|living_begin|><a_7490><b_3><c_2159>,
<|1living_begin|><a_959><b_263><c_3562>-

F P ER RS YT AR S < | prod_begin | ><a_4698><b_6949><c_7779>,
<|prod_begin|><a_7463><b_2719><c_4393>...

FPAE S5 SEEr 5H<lad_begin|><a_3120><b_5580><c_1890>...

TH T 2 AT AT A P IS T R Al RE RSB N ZS -

Assistant:

<|video_begin|><a_4750><b_2230><c_4729>, <|video_begin|><a_5844><b_5861><c_361>,
<|video_begin|><a_3475><b_2493><c_1218>...

English Example

System: You are a recommendation-system assistant, skilled at predicting the user’s video preferences based
on user attributes and multi-domain historical behavior.

User:

User Attributes: The user is female. The most-liked categories are [Food, Celebrity Entertainment].. .
User Multi-Domain Behavioral History:

Live-streaming domain: the user has followed streamers <|living_begin|><a_7490><b_3><c_2159>,
<|living_begin]|><a_959><b_263><c_3562>.

E-commerce domain: the user has browsed products < |prod_begin|><a_4698><b_6949><c_7779>,
<|prod_begin|><a_7463><b_2719><c_4393>...

Advertising domain: the user has clicked ads <|ad_begin|><a_3120><b_5580><c_1890>...

Based on the multi-domain behavior, predict the content the user is likely to be interested in next in the
video domain.

Assistant:

<|video_begin|><a_4750><b_2230><c_4729>, <|video_begin|><a_5844><b_5861><c_361>,
<|video_begin|><a_3475><b_2493><c_1218>...
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C. Pre-Training Details

C.1. Positive-Negative Similarity Margin Study

This appendix details the positive-negative similarity margin study summarized in Section 4.2. We
examine whether the proposed pre-training corpora yield item representations that better separate
semantically matched (positive) from unrelated (negative) captions.

Experimental Setup. We compare two checkpoints under a controlled protocol: the reproduced
OpenOneRec serves as the baseline, while ours replaces only the pre-training corpora, holding the token
budget, optimization schedule, and architecture fixed, thus isolating the effect of corpus composition.
For each item, we probe two complementary representations: (i) the mean-pooled output of the first
embedding layer, reflecting lexical-level priors in the learned token embeddings, and (ii) the last output
of the final hidden layer, capturing the contextualized representation consumed by downstream heads.
This lets us examine whether the effect of our corpora appears at the input-side, the task-relevant
representation, or both. All similarities use cosine similarity in a shared representation space.

Metric Definition. Following common practice in metric learning, we summarize representational
separation through the difference between matched and mismatched similarities rather than reporting
them in isolation (Rusak et al., 2024; Lee et al., 2025). We define the positive—negative similarity
margin for each anchor item i as

margin(i) = cos(e[®™, &) - cos(e}™, ejc.ap), j ~ Uniform(Dq \ {i}), (40)

where e}tem is the mean-pooled embedding of item i at the probed layer, el.Cap is its ground-truth caption
embedding, and e’ is a caption sampled uniformly from the same domain D,. The definition is
applied independently to both probes, with the negative term taken in expectation over j, so the
reported quantity is E;[margin(i)]. The first term measures how tightly an item couples to its true
caption, the second the residual similarity to an unrelated one. A larger margin(i) indicates the model
pushes the matched caption closer while keeping unrelated captions sufficiently far.

Table 24 | Mean cosine similarity of positive and negative item—caption pairs, and the resulting average
margin A, computed under the baseline (the reproduced OpenOneRec in Section 4.3) and our model
across four domains, at two probe depths: the first embedding layer and the final hidden layer. Larger
A indicates stronger representational discriminability.

Baseline Ours

Probe Domain Pos Neg A Pos Neg A
Video +0.043 +0.001 +0.042 +0.072 +0.001 +0.071
First laver Live +0.021 0.000 +0.021 +0.043 -0.002 +0.045
Y Product +0.059 0.000 +0.059 +0.089 -0.001 +0.090
Ad +0.034 0.000 +0.034 +0.052 -0.001 +0.053
Video +0.012 0.000 +0.012 +0.009 -0.002 +0.011
Final laver Live +0.002 -0.002 +0.004 +0.007 -0.006 +0.013
Y Product +0.016 0.000 +0.016 +0.039 +0.001 +0.038
Ad +0.004 -0.001 +0.005 +0.017 0.000 +0.017

Quantitative Summary. Table 24 reports, for each domain and both probed layers, the mean positive
and negative cosine similarities and the resulting margin A = E;[margin(i)] under the baseline and
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our model. At the first-layer probe, our model widens the margin across all four domains (roughly
1.5-2x), showing that the proposed corpora inject stronger item—caption alignment at the input side.
At the final-layer probe, the margins shrink for both models—as deeper representations become more
contextualized—yet our model still improves clearly on Live, Product, and Ad (~ 2.4-3.4x). The
only exception is Video (0.012 vs. 0.011), where the baseline is already well aligned at depth; this is
consistent with the near-identical Video results in the Cross-Domain Reco block of Table 2.

C.2. Data Mixture for Pre-Training

Section 4.2 described the construction of our pre-training corpora. In this section, we summarize the
overall data mixture used throughout pre-training, where Table 26 and Table 25 report the token
ratio of each dataset. Echoing the progressive multi-granularity modality-alignment principle of
Section 4.2, the mixture comprises two complementary parts: recommendation corpora, which
carry the dominant modality-alignment signal, and general-domain corpora, which preserve the
model’s general competencies.

Recommendation Corpora. This part comprises the four-granularity corpora—token, item,
relational, and user granularity—whose construction is detailed in Section 4.2. Their datasets and
token ratios are listed in Table 25.

General-Domain Corpora. As described in Section 4.2, this part consists of two subsets: general-
domain text data, spanning mathematical reasoning, code, general reasoning, and medical corpora
together with in-house text data, and multimodal data, which further comprises image generation
and image editing data, in-house image captions, and in-house interleaved image-text corpus. All the
publicly available datasets are downloadable from the HuggingFace repository (see footnotes). The
corresponding data mixtures are listed in Table 26.

Table 25 | Data mixtures for pre-training (Recommendation Corpora).

Category  Modality Dataset Token Ratio (%)
Single-Token-Semantic-Prediction 0.35
Tok Itemi Compositional Prefix Semantic Prediction 1.29
oxen temic Prefix Itemic Token Grounding 0.55
Granularity +Text
Part-to-Whole Semantic Prediction 0.31
Subtotal 2.50
Item Captioning 17.28
Item Itemic Item Grounding 12.12
Granularity +Text Item QA 2.44
Subtotal 31.84
Relational Itemi Direct-Item-to-Item Associations 0.24
clational - femic Multi-Item Interest Flows 2.94
Granularity +Text
Subtotal 3.18
Domain-Grouped Behavior Sequence 21.41

User Itemic

Granularity +Text Chronologically-Interleaved Behavior Sequence 12.64

Subtotal 34.05
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Table 26 | Data mixtures for pre-training (General-Domain Corpora).

Category Modality Dataset

Token Ratio (%)

General
Domain

In-House-Text-Data 8.91
Nemotron-CC-Math-v1! 4.25
reasoning-v1-20m? 3.89
Nemotron-CC-v23 3.26
Nemotron-Pretraining-Code-v1# 2.35
OpenMathReasoning® 1.04
OpenCodeReasoning® 0.39
KodCode-V1-SFT-R17 0.15
Chinese-Reasoning-Distil-Data® 0.10
Bespoke-Stratos-17k’ 0.04
medical-o1-reasoning-SFT!° 0.02
Text MegaMath'!! 0.78
OpenMathInstruct-2, NuminaMath-CoT & MMIQGC 21314 0.49
Infinity-Instruct!® 0.44
FineVision!® 0.18
GeneralThought-430K'7 0.07
Multi-subject-RIVR '8 0.04
Big-Math-RL-Verified'? 0.08
rStar-Coder?° 0.05
CuratedThoughts?! 0.26
DeepMath-103K?? 0.05
DAPO-Math-17k?® 0.01
Subtotal 26.85
) Image Generation and Image Edit 24252627 0.29
I_’t_eTr:::; Image Captions(In-house and open-source?®) 1.10
In-house Interleave Corpora 0.20
Subtotal 1.59
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C.3. Four-Granularity Pre-Training Samples

The following are representative training samples from each of the four granularities, illustrating the
data formats described in Section 4.2.

Token Granularity: Compositional Prefix Semantic Prediction

SB&N]

User: I3, <a_3664><b_3076> FRfT4°

Assistant:

XN A 8 L S ERETE AR PR MEIVH S B REANA” - 1 8 5 2 B M A3 i
B BT FSEATER, ROMRETENENELNREAN (ZHER) | B AYS R ESEFHEINR
FIRFL, B — R~ TR LARRI A - ISR SCFEIRIMEAYI N O BHRFL - R
EHREIL « SBRBEHESN EERYE, FYE S AR B OB S B R E” -
NEZRAERE, XRNEEERTG AT R 28 A G PRSI - & EE RIS - BFR
NFE ] THE S WA RSB REFE - T\ B BB, SEEMEIn 53 CFF SR A 2O
;F%%?f%ﬁﬂ%ﬁ: WARER Z R ER B P ERER, SERE - 168 RS (A B R T AL R
LR LT -

English Translation

User: In the short-video domain, what does <a_3664><b_3076> represent?

Assistant:

These short videos are highly focused on the theme of “individual loneliness and emotional introspection
in urban night scenes.” The frames typically feature nighttime city streets, under neon lights, or night
market backgrounds, with the core visual element being a single person (mostly a back view) facing away
from the camera. The contrast between the character and the bustling or tranquil environment creates a
sense of alienation, contemplation, or a slightly melancholic atmosphere. The videos often externalize the
character’s inner struggles, reminiscence of the past, persistence in emotions, or reflections on life through
overlaid text, transforming the physical space of “night” into a psychological space of “inner monologue.”

lhttps:
’https:
Shttps:
“https:
Shttps:
bhttps:
"https:
Shttps:
https:
Ohttps:
Uhttps:

Phttps
Bhttps
Yhttps

Bhttps:
ohttps:
https:
Bhttps:

Phttps
2Ohttps
2lhttps

22https:
Zhttps:
2*https:
2https:

26https
2"https
2https

//huggingface.
//huggingface.
//huggingface.
//huggingface.
//huggingface.
//huggingface.
//huggingface.
//huggingface.
//huggingface.
//huggingface.
//huggingface.
://huggingface.
://huggingface.
://huggingface.
//huggingface.
//huggingface.
//huggingface.
//huggingface.
://huggingface.
://huggingface.
://huggingface.
//huggingface.
//huggingface.
//huggingface.
//huggingface.
://huggingface.
://huggingface.
://huggingface.

co/datasets/nvidia/Nemotron-CC-Math-v1
co/datasets/glaiveai/reasoning-v1-20m
co/datasets/nvidia/Nemotron-CC-v2
co/datasets/nvidia/Nemotron-Pretraining-Code-vl
co/datasets/nvidia/OpenMathReasoning
co/datasets/nvidia/OpenCodeReasoning
co/datasets/KodCode/KodCode-V1-SFT-R1
co/datasets/Mxode/Chinese-Reasoning-Distil-Data
co/datasets/bespokelabs/Bespoke-Stratos-17k
co/datasets/FreedomIntelligence/medical-ol-reasoning-SFT
co/datasets/LLM360/MegaMath
co/datasets/nvidia/OpenMathInstruct-2
co/datasets/AI-MO/NuminaMath-CoT
co/datasets/Vivacem/MMIQC
co/datasets/BAAI/Infinity-Instruct
co/datasets/HuggingFaceM4/FineVision
co/datasets/GeneralReasoning/GeneralThought-430K
co/datasets/virtuoussy/Multi-subject-RLVR
co/datasets/SynthLabsAI/Big-Math-RL-Verified
co/datasets/microsoft/rStar-Coder
co/datasets/bethgelab/CuratedThoughts
co/datasets/zwhe99/DeepMath-103K
co/datasets/BytedTsinghua-SIA/DAPO-Math-17k
co/datasets/bytedance-research/UN0-1M
co/datasets/BLIP30/BLIP30-60k
co/datasets/Bin1117/AnyEdit

co/datasets/ProGamerGov/synthetic-dataset-1m-dalle3-high-quality-captions

co/datasets/BAAI/Infinity-MM
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From an audience perspective, such content mainly attracts viewers who feel loneliness, stress, or
emotional resonance in fast-paced urban life. The target group tends to seek emotional solace, validate
their own feelings through watching such videos, or find a moment of inner peace and spiritual sustenance
in the quiet visuals and text. The viewer profile is largely young to middle-aged groups with a high
preference for emotional, healing, or slightly sentimental urban life records.

Item Granularity: Caption-Aware Caption Coarse-Graining)

SR &N]

User: iR — TF3X 1 L 7 fi< | prod_begin | ><a_2147><b_7978><c_5031>-

Assistant:

R AR — A PN R, — W H RS NEERR, TREEREFIMRE, S REEHRPTK
¥E o SRAEMER RS, B IR E R KB KRN REEThRE, PRERRE, INENE, ZEE, &
A, 1EE P ANEB LA EIRK - M X RI9100-1207T - T AR -

English Translation

User: Please describe this e-commerce product <|prod_begin|><a_2147><b_7978><c_5031>.
Assistant:

This product is an outdoor softshell jacket. Its primary category is Sports & Outdoor Footwear and
Apparel, secondary category is Outdoor Clothing, and tertiary category is Softshell Jackets & Pants. It
features a hooded zipper design, with the softshell material providing windproof, waterproof, and
fleece-lined thermal functions. It has a standard fit, fleece-lined interior, multiple color options, and a
minimalist, stylish look, suitable for outdoor activities and daily casual wear. The price range is 100-120
yuan. Unbranded.

Relational Granularity: Multi-Item Interest Flow

H R

<|living_begin|><a_4515><b_6234><c_6278> — RiEKAZFELMLHFEG M, FENE
GG @RATE  ZUBOGE . BRI EREENLS), B3I AT SRS
K, MRNAHXIBERPIRBER NG, EFHE T I REE M ERREAFHER . —
<|video_begin|><a_458><b_3589><c_5563> — FiLRREM BRI SFASMAIN, HEXRFAILA S
BB BRI RIRBE NI TR, I S M0 1x 2R IZREs MR R, It
BHWNG] . — <|prod_begin|><a_1162><b_1966><c_7428> — KIFHHIRB NG, Ak
WAEIHE ST EZEANIREG TR - i 17EWE RRERERBEAARANT, BAE R L& - HurEE
BI7= 5, TR R KRR FIBTRE I ZR28 7 A2 2488 - — <|prod_begin|><a_7433><b_6972>
<c_1162>

English Translation

<|1living_begin|><a_4515><b_6234><c_6278> — Users following long-haired beauties and toned
abs often care about body shaping and healthy lifestyles. The attractive physique and casual interactions in
the livestream can trigger a need for professional fitness guidance, and the leg training video by Coach Liu
exactly fulfills their pursuit of scientific body sculpting and health improvement. — <|video_begin|>
<a_458><b_3589><c_5563> — Those who watched leg exercise tutorials are often interested in
improving muscle strength and workout variety, and the Pilates ring, as an auxiliary training tool,
precisely meets their demand for diverse training equipment, thus easily capturing their attention. —
<|prod_begin|><a_1162><b_1966><c_7428> — Users interested in Pilates ring exercises are also
often looking for muscle-building tools suitable for middle-aged and elderly people. When watching leg
training videos, they encounter products similar to yoga rings and resistance bands, and further develop
interest in resistance trainers designed specifically for thighs. — <|prod_begin|><a_7433><b_6972>
<c_1162>
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User Granularity: Domain-Grouped Behavior Sequences

H SR

User: CHIAPEREWT: AFRETOMHMAKIANSANE . AAZE T NMIB-HIX - IHE-X
.. ZF P RTRERSE T A+ 47 fh? HiHISON, f# B4 "purchase" -

Assistant: {"purchase": ["<|prod_begin|><a_7552><b_5608><c_912>",
"<|prod_begin|><a_7651><b_4552><c_4508>", "<|prod_begin|><a_7618><b_4552>
<c_4508>"]1}

User: <|ad_begin|><a_7112><b_7554><c_6156>, <|ad_begin|><a_4597><b_4106><c_3984>,
<|ad_begin|><a_1169><b_3795><c_3984> ;&iZH 7B /LK, IEAKELLE HHAD A& & -
Assistant: [’<|ad_begin|><a_7586><b_7762><c_7321>’, ’<|ad_begin|><a_1512><b_2007>
<c_5218>"]

User: DU RBRLER b2 iZ A Pt 7 (S0 RER)

A. <|prod_begin|><a_7278><b_487><c_3329>

B. <|prod_begin|><a_7698><b_4069><c_6585>

C. <|prod_begin|><a_5891><b_4945><c_335>

Assistant: A; C

User: M4 SHFME KL, %A P 5ol Al RERSER AL BRLE? 3% % | —Mist -

Assistant: [’<|video_begin|><a_5991><b_2799><c_6278>’, ’<|video_begin|><a_4751>
<b_765><c_2584>]

English Translation

User: Given the following user info: The user focuses on creating content in 6 fashion-related domains.
The user has installed Xiaohongshu-Community, Alipay-Payment... What products might this user have
purchased? Output JSON with the field name “purchase”.

Assistant: {"purchase": ["<|prod_begin|><a_7552><b_5608><c_912>",
"<|prod_begin|><a_7651><b_4552><c_4508>", "<|prod_begin|><a_7618><b_4552>
<c_4508>"]}

User: <|ad_begin|><a_7112><b_7554><c_6156>, <|ad_begin|><a_4597><b_4106><c_3984>,
<|]ad_begin|><a_1169><b_3795><c_3984> are part of this user’s records. Please continue and
provide other clicked ads.

Assistant: [’<|ad_begin|><a_7586><b_7762><c_7321>’, ’<|ad_begin|><a_1512><b_2007>
<c_5218>7]

User: Which of the following products has this user browsed? (Separate answers with semicolons)

A. <|prod_begin|><a_7278><b_487><c_3329>

B. <|prod_begin|><a_7698><b_4069><c_6585>

C. <|prod_begin|><a_5891><b_4945><c_335>

Assistant: A; C

User: Based on the ad and purchase records, what videos might this user be recently interested in? Return
a list.

Assistant: [’<|video_begin|><a_5991><b_2799><c_6278>’, ’<|video_begin|><a_4751>
<b_765><c_2584>"]

D. SFT Details

D.1. SFT Data and Itemic-Token Perception
D.1.1. RO Item-Perception Examples

RO trains the base model to map between itemic tokens and natural-language captions, answer
content-grounded questions, and recover itemic tokens from descriptions. The examples below are
sanitized bilingual cases that preserve the observed task formats while replacing raw identifiers with
synthetic three-token examples. They cover short-video, product, live-streaming, and advertising
domains, and include both CoT and unCoT formats.
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Prompt SFT.R0.1: CoT Itemic-Token-to-Caption Generation

H R

System: {Rs&—& T\ FIMIAIAN Z3EiE S #A BT, 1B RIE R M Hlitemic tokens A2 BT F AT A -
User: &R F A< | video_begin|><a_2344><b_3729><c_6164> HIHIARAZ -

Assistant:

<think>M<a_2344> F, ZIME T NMRNBE RSB ENE; <b_3729> #—HIamF# A
P, MASEEWYEEIKICE; <c_6164> XFFBEANETRX—ERKY R, MUES5EHK
ZEREME, EFEWHPIIEFRIFHERMRERIR - = Eitemic tokens HIHE X ATEETE [ —F1H 7
IHTRE R BRAETES) - </think>

MAER T —2 RSN R BERMEEIREE . S5 WL LB RAERHTEMXEH,
B SESEIIE &, F0H TEARE) - B FREREBREE MR INE R RS, Bk
IR /7% EEE TNRADZREM .

English Example

System: You are a professional video-understanding assistant. Generate an accurate caption from
short-video itemic tokens.

User: Describe the content represented by <|video_begin|><a_2344><b_3729><c_6164>.
Assistant:

<think>The coarse token <a_2344> points to offline entertainment and mall experiences; <b_3729>
narrows it to a playful interactive activity rather than ordinary shopping or dining; and <c_6164>
supports the specific scene of a suspended snack-grabbing game. Together, the itemic tokens describe a
novelty mall activity for young consumers.</think>

The video records a woman trying a suspended snack-grabbing game inside a shopping mall. The
participant is lifted by a safety harness above a snack-filled area and tries to grab snacks with body
movements while staff assist nearby. On-screen captions emphasize the price and the fun of the game,
making the clip a light, humorous record of an offline entertainment experience.

Prompt SFT.R0.2: unCoT Itemic-Token-to-Caption Generation

HR ORI

System: 12— EREHEMET R, HEEKFFFHEitemic tokens ¥ HIRFITEIEHIA -

User: CAIE#<|1living_begin|><a_522><b_6604><c_512>, EUiHIX M E#EEHE S HIET 24 H

7.

Assistant:

BERBEMN N ERREELTANEREE, DEMEREE NEWE, EITRTHRE - SXREFEED &

WP . BT EFREEENRED), B2AEERSMREAEIIR, SEWRERE  BET
Jr AT RICT o« BEAA XS EIZ)  TREGE, EEWNSIERIINN - TEERERENFERAF .

English Example

System: You are a live-streaming understanding expert. Convert streamer itemic tokens into a natural
live-room description.

User: Given the streamer itemic tokens <|living begin|><a_522><b_6604><c_512>, describe what
this streamer usually broadcasts.

Assistant:

This streamer is best described as an automated music-broadcast host. The live room mainly plays pop
songs, classical-style tracks, and light DJ effects through a virtual setup. It has little direct human
interaction and works more as background audio or emotional companionship, suitable for rest time,
bedtime, or casual listening. The style is simple and rhythmic, attracting young users who want music for
relaxation or ambient company.

Prompt SFT.R0.3: Product QA

H R
System: /& —4% i PRAEEN T, BENSIRYE R fhitemic tokens FNHH A [B] 2 (A .
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User: 7 fi<|prod_begin|><a_7516><b_5044><c_7205> & —3700W ELEHHIEHL, 45 F L
MR E T, ATRHTIRESTES - #Hfh JWIREE, WelHTEERFIARMITE - X1 LRSS

BRI R
A ZENZESEN B IRERASREIME C JLELAREE D. AR
B A EEA/B/C/D -

Assistant: B

English Example

System: You are a product-understanding assistant. Answer questions based on product itemic tokens and
descriptions.

User: Product <|prod_begin|><a_7516><b_5044><c_7205> is a 700W electric polisher with a
copper motor and stepless speed control. It can be used for car waxing, glazing, scratch repair, leather
care, and wood polishing. Which usage scenario best matches this product?

A. Indoor air purification = B. Car detailing and surface polishing C. Children’s picture-book reading
D. Fresh-food cold-chain delivery

Answer only A/B/C/D.

Assistant: B

Prompt SFT.R0.4: Caption-to-Itemic-Token Grounding

H R

System: TERIEH AR EHA, HHHES 5 L& ILALH]S Fitemic tokens »

User: iBMRIE IR 5N AR A SICEC R Hitemic tokens: #IAINAEERIIR &, BT EABERD
TR TFIZMARIE, BoRITH - BIRE « MBTTSEME, BEABORERR S M EEERRIR, ¢ R
NS 5] 5 FH 7 A AR A -

Assistant:

<|ad_begin|><a_2350><b_6885><c_2112>

English Example

System: Given an advertising description, output the semantically matching advertising itemic tokens.
User: Generate the matching advertising itemic tokens for this ad description: the video is a life-hack
advertisement that demonstrates several ways to tie sweatpants drawstrings, including knots, bows, and
adjustable loops. It focuses on preventing the drawstring from slipping back into the waistband and uses a
limited-time subsidy pop-up to guide users to claim a benefit.

Assistant:

<|ad_begin|><a_2350><b_6885><c_2112>
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D.1.2. SFT Data Composition

Table 27 | Data mixture for the SFT stage. Sample counts in units of 10%; ratio in %.

Category Dataset Samples (x10% Ratio (%)
Short-Video-Caption 20.00 5.06
Commercial-Ad-Caption 16.98 4.30
Live-St -Capti 13. .
RO: Perception ive-Stream-Cap 1?n 3.70 3.47
E-Commerce-Caption 17.52 4.43
Short-Video-QA 24.09 6.10
E-Commerce-QA 1.84 0.47
Subtotal 94.13 23.82
o i2i-TagNext-CF 20.00 5.06
R1: Derivation o
i2i-Watch-then-Search 20.00 5.06
Subtotal 40.00 10.12
R2: Evolution Multi-Hop-Reasoning 12.38 3.13
R3: Recommendation Cross—Doma%n (CoT) 29.56 7.48
Cross-Domain (UnCoT) 58.80 14.88
Subtotal 88.36 22.36
gzglc Instruction Item-Instruction-Following ~ 10.30 2.61
General-Domain StepFun-General®® 150.00 37.96
Data
Total 395.17 100.00

D.2. Cognitive-Reasoning Data Construction
D.2.1. R1 Explicit-Relevance Judgement Prompt

The first relation-quality stage in R1 uses a locally deployed flagship model to define the boundary
between explicit relevance, explicit irrelevance, and uncertainty. The prompt is applied to both
TagNex-derived and after-play-search item-to-item candidates, using the available item metadata and
dense captions as evidence.

Prompt SFT.R1.1: R1 Explicit-Relevance Judgement Prompt

System Prompt
R — BTG R ARAWE R - IRAVESEREN MOENERT WELR, HWElTREFEERE- &
TE - ARRER—BER R . ERIKIBLERNEER, NEMEHRE— AR fEE R F & H WAL 174
WizBix . mAERKH =R — BHEMEX. BEAIERK . AHE -
User Prompt Template
HHMTTEMDNANEZ B RETFAEERE - T8E - AT —BER R .

(JENZER]) : {src_metadata}

(BN E(EE]) : {dest_metadata}

https://huggingface.co/datasets/stepfun-ai/Step-3.5-Flash-SFT
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(VRN Z5H#A) © {src_dense_caption}
(EHrHZHA] © {dest_dense_caption}
FITHRIE:
1) ﬁﬂ%ﬁ?i@fﬂﬂﬁ YR N~ LS g IETESEOE R E R R EAAEBMmN—BhER, W
HT AR R .
2) WARME T - GRENRAEAR, BURAERKIRIZ AR - eI BT S A S
A, B<EAEAER .
) WMRLBEFBEAL - MARER R, BRATIENATNAEPIRERIN, i AHE .
HER:
1) NEESPEHE RS EERRR .
2) NEEF R —HLH P 2 &” SRR RAKTE -
3) AR — AR EMHER . B AHRERTE -
4) NER AR - RE S PR R B AR A -

English Translation

System Prompt

You are a recommendation-relation judgement expert. Your task is to determine, from the visible information
of two candidate items, whether they have a direct, stable, and explainable one-hop relation. Use only the
provided content evidence, and do not rely on broad assumptions such as “the same audience may like both” or
“they often co-occur on the platform”. Output exactly one of three labels: explicitly related, explicitly unrelated,
or uncertain.

User Prompt Template
Please judge whether the following two pieces of content have a direct, stable, and explainable one-hop
relation.

Source content information: {src_metadata}
Target content information: {dest_metadata}
Source content description: {src_dense_caption}
Target content description: {dest_dense_caption}

Judgement criteria:

1) If the two items have a clear one-hop connection in topic, scenario, object, task, style, content form, or
neighboring complementarity, output “explicitly related”.

2) If their topic, scenario, or object is clearly different, or the connection only relies on broad assumptions
such as audience overlap, platform co-occurrence, or similar popularity, output “explicitly unrelated”.

3) If the provided information is insufficient, the descriptions are noisy, or the relation cannot be stably
confirmed from the visible content, output “uncertain”.

Notes:

1) Do not treat multi-hop reasoning or abstract association as a direct relation.
2) Do not use “the same users may watch both” as relevance evidence.

3) Output exactly one label: explicitly related, explicitly unrelated, or uncertain.
4) Do not output explanations, examples, punctuation, or any extra text.

D.2.2. R1 Relation-Explanation Generation Prompt

After explicit relation judgement and bridge-variable extraction, R1 generates the final relation
explanation used in recommendation SFT samples. The prompt below is applied with source-item
evidence and abstract bridge variables, while the destination item is used only for consistency checking.
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Prompt SFT.R1.2: Relation-Explanation Generation Prompt

System Prompt
IRR—ZIEFED T« RFTERBFIAL R HEE, DB AR —BBR - A5 AIA#
RO SCHERE - {30k B RS B OUR TINERRSR, TREASEREEANR K .

User Prompt Template

HRFNSE EM—HMEN DR, HIRLEGEITITA ., il —B B R A S — PR S0
H, U PO A2 N E BTN B REEEHR RN FEBN AT [0 o Bk BAME B O T INERSE, 1R
AEfrE R E B ARE R, UARIEENRBENERFZERNESR -

TRAE R,

- src_pid: {src_pid}

- src_tag: {src_tag}

- src_dense_caption: {src_dense_caption}

MEMELE:

- source_need: {source_need}

- bridge_type: {bridge_type}

- bridge: {bridge}

- direction: {direction}

- reason_seed: {reason_seed}

SE LA (NAERE, ATERRE) -

- dest_pid: {dest_pid}

o Y 5K

1. AR ES, AN - %5 - Markdown ~ 515 BIETSMIEA -

2. BAEHE— AT AW), BIESCUA LA BEREP L -

3. RMKIEL AT BIRALAE BT ST IR &, 3%k B bs AR TINER— S -

4. BRUHRN RS T ATK  ZMRRAM 2 25 JFLEERTRERIE AT AT, AERERER
JRIHA -

5. AEEIR KB ik« dest pid, HAEIERKRERBINERS HIEL -

6. LRRFFIERAENE, Flan mBE S IREE R B Al fERE 2 HRAM R PX RN EREE” .

7. IESCKEEHITE220 $520 F 2, FEEERHEBR -

PR HERE

English Translation

System Prompt

You are a recommendation analyst. Based on source-video signals and abstract bridge variables, output a
natural, credible, and explainable Chinese reasoning paragraph in the first person. The candidate target is
used only for internal consistency checking and must not be explicitly mentioned in the result.

User Prompt Template

Given source-video information and a set of abstract bridge variables, output a fluent first-person Chinese
reasoning paragraph from the perspective of a recommendation analyst, explaining why the user may
extend from the current content to a neighboring content direction. The candidate target is used only for
internal consistency checking; do not explicitly mention the target or restate its surface content as the
answer.

Source-video information:

- src_pid: {src_pid}

- src_tag: {src_tag}

- src_dense_caption: {src_dense_caption}
Abstract bridge variables:

- source_need: {source_need}

- bridge_type: {bridge_type}

- bridge: {bridge}

- direction: {direction}
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- reason_seed: {reason_seed}

Reference candidate target, used only for internal consistency checking and not to be explicitly mentioned:
- dest_pid: {dest_pid}

Output requirements:

1. Output only the final reasoning paragraph, without titles, numbering, Markdown, quotation marks, or
extra explanation.

2. Use a first-person analytical tone, and the paragraph must start with “F/E & F]”.

3. The core evidence must come from the source-video information and abstract bridge variables; the
candidate target is only for internal consistency checking.

4. Focus on what need is activated by the source content, why the need extends, and what direction the
user may move toward next; do not simply restate the source description.

5. Do not explicitly mention the target, candidate, dest_pid, or directly copy surface keywords from the
target content.

6. Keep the ending non-deterministic, such as “may continue to follow”, “is more likely to extend to”, or
“has a high probability of being captured by this type of content”.

7. Keep the paragraph between 220 and 520 Chinese characters, dense but natural.

Your reasoning:

D.2.3. R1 Training Examples

Prompt SFT.R1.3: Additional Sanitized R1 Training Examples

Example A: Training and Recovery

Source topic: YGRS Target topic: #ERAILAZ T

User

FE AR | video_begin | ><a_1842><b_7365><c_2091>7# IR LA HIHLAT A HRLL?

Assistant

<think>3 AP RHEEHEALYIGR IR E GBS, B TP ISR 5 AR R = iR B A =R, L
FEHMNSM MG . NERAEE, XEHPEEACRENMRAINGHE, WeEhTFH
RI2ERIKE G, DOBRIZGRRHFREF RS UISRRIN - IEIREN AEB M ARIER BN EZN B, Ma
HHRREL B D R BRI AR IR, FE BB AR E - Bk, B P BOSSERIRA S A anfar i
WL ZE AR B “an e IR IE B B R R o SXFRREROR BIIGREKE Z BRI RIR R, FF & (@S AR
REFFFFLIZREE T IR FRIFT K - </think>

<|video_begin|><a_6219><b_0487><c_7742>

English Translation

<think>When a user shows strong interest in short-term muscle-gain training, resistance training usually
implies high intensity and repeated load, which also increases the risk of muscle fatigue and strain. From
common sense, such users care not only about improving training efficiency, but also about scientific
recovery strategies that help avoid injury and maintain later performance. Sleep is an important stage for
muscle repair and inflammation relief, and an appropriate sleeping posture can reduce local pressure and
nighttime soreness. Therefore, the user’s interest can naturally extend from “how to gain muscle” to “how
to reduce physical burden after training”. This relation comes from the coordination between training and
recovery, matching the fitness audience’s need for health management and sustainable training.</think>
<|video_begin|><a_6219><b_0487><c_7742>

Example B: Off-Road Driving and Vehicle Suspension

Source topic: JeITHITERETZESE  Target topic: {HE RS

User

B — 5 58 | video_begin|><a_4027><b_1186><c_9304> /T « 5 UK AIFIHT -
Assistant
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<think>FFERNFEASRET EWMEIRITE S ZMIE T RREF R, 05| S0 R 22 Bt A
5, MREWAFEEA RSO N REES I IR MR MXRNERSGBIAF, B aHE—
B RIERNERE I RBEER:, PIINBHERSE - RGN MER R . EAESRBET, EHEES
Fo BT « e BEREE By, ARARAEE EBUR TR G514 % i s RO ISOR 42 B 28 A - BRI,

F P B ER B IR 2 W “F Ty S (R 2 PR 22 B 1 4 R, R SR TR 7 RANEREILAL -

PR RE T ANE S B2 B E P RENLHI R B IR, HBRAM R KA RESCE N A

ff. </think>

<|video_begin|><a_7750><b_3641><c_5088>

English Translation

<think>I notice that the source content focuses on how a vehicle performs off-road in muddy and
complex terrain. The core attraction is not only the driving scene itself, but also how the vehicle maintains
passability, stability, and controllability under difficult road conditions. Users interested in such content
are likely to further care about key components that affect off-road performance, such as the suspension
system, damping capability, and chassis tuning. On complex roads, whether a vehicle can pass pits, mud,
and bumps smoothly depends heavily on how the damping structure absorbs impact and controls body
posture. Therefore, the user’s interest can naturally move from “watching off-road driving” to
“understanding why the vehicle can handle off-road conditions”, and then to modification plans and
performance optimization. This is a natural extension from a driving scenario to the vehicle-performance
mechanism.</think>

<|video_begin|><a_7750><b_3641><c_5088>

Example C: Athlete and Event Continuation

Source topic: MY  Target topic: XI|[E%:

User

FEIAASH< | video_begin|><a_3196><b_8572><c_4409> ¥ A L H LIS A WLk

Assistant

<think>HEBERNEBSAIFPEEERYTIRNET, APEEGIEEANR RS IR
R, TREAEREERFFIPRE - REMELEARE . ST RERZ@ILIOHFRL, MBRES
Mizsh B NRIE R E KA GRZHE - WEBEATEABEGR AR . ¥R L, BizFrasfiEEwR
BRI E I, MGG E BN RBRE « IS BRI AN, SEEZmA P
HFZohAFERIM T Fik, XERES2ES - GENEE&TEERAZ, BEERERA
PR PMIIR S EE & R RAE « IXFPREOR iz RIS HIPAE SR Z BN REREXR, BETHREAS
AT BIRAI BRI SR AE(H - </think>

<|video_begin|><a_9038><b_2164><c_6871>

English Translation

<think>I notice that the source content centers on Sun Yingsha’s performance in important competitions.
Users are often attracted not only by one match result, but also by the athlete’s condition, growth, and
subsequent development under high-intensity competition. For users who follow Olympic athletes,
interest can naturally extend from the athlete’s individual performance to national-team training plans,
event transitions, and coaching-team judgement. In common sense, athletes often need to quickly enter a
new preparation cycle after the Olympics, and the coach or manager’s view on event difficulty, training
rhythm, and competitive condition directly shapes how users understand the athlete’s later performance.
Therefore, content around Liu Guoliang’s comments on the National Games, training pressure, or
preparation rhythm can naturally continue the user’s attention to Sun Yingsha’s development. This
relation comes from event continuation between athlete performance and team guidance.</think>
<|video_begin|><a_9038><b_2164><c_6871>

D.2.4. R2 Logic-Chain Extraction Prompt

R2 begins by extracting candidate user-interest evolution chains from chronological multi-domain
behavior timelines. We use a strong LLM to identify a small number of temporally ordered chains with
clear progression, while avoiding shallow topical grouping or unsupported speculation. Below we
provide the main extraction prompt used in this stage. The subsequent quality-control prompt follows
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a highly similar style, but is used as a second-pass LLM-as-a-Judge filter to remove pseudo-logical or
weakly grounded chains produced during first-pass generation.

Prompt SFT.R2.1: Logic-Chain Extraction Prompt

Prompt Template
f%gi%g%ﬁﬁﬁﬁﬁﬁ%%Fﬁ%ﬁ%%%?%,ﬁ%&ﬁﬁﬁ%¢%@ﬂﬁ%@%ﬁ?ﬁﬁ%
R DEUT I BE -

fE%5 BR: ERIEREFVAFZEN Y (Timeline) , EHEETHPERAZE, il B
. TEARE S . RAERMNPHEUHE SGEEIL L - B NTERT N REGE T HE N AR S REAS
BT HIZEEE, RIVEEERENRBHE, FUESRITRERE .

TEHUA: HAR A s AT AR AT AR SETT R .

HABULRR: X T =" PR, SRR N BB s> BRI RIE S -

ZF: R ERE 47 (20260101) TR/ ERIXA (20260102) RZREE (BEEER)
(20260103) “B—>->ETa EAFAEEIE AR E H M B A6 K R

T2

TREERER: FUEAME BN A R SRIRER) - DRI - BT - BRIR - XTHE SRR R - R
LR B BB BHEE R, N EIRITRRRE H — R R

I FPEURE: TR ESF (B 2%, THORE—BESR A A (2 T (B I & A2 A

1T B SR EE4H FIEvent A FlEvent B B [AIIF S, @HEKRKEINE ST, NIAGEHHE
AR RERAEICEE, 15T DA BREF 4 WML S

263N R YEvent B FI& £ ZFTEvent A T RE iR« KIS0~ INFIAE 0T (RIB ZXA ffE
IEERN) |, AEER

3INEEEMR: Event B W & Event AR R EIIH L & (WFESE . TAAIE - XSTHYEE) - H
EVRME: UISREventB H Z&EventAIE L EH R ZHFF (Flun: W FEREN 2 8 < B EL”) |
MK BEAL -

4T EIESURHE: TEACEE LRI A BUE|“RE”, BN GERZ IR BRI IE T TR - A
EFRE:  JFEEAT LRI BB E S ATF e - AR P EEventBH SE 27T T EventAR) T2t 5%
BT Z AR, NIRRT BI0RG]: SEmARER-UE DR REmR” -8R “RE T
B/ GEWIRR” . (BT BT RIS A SRS )

5. EIERSER I EEEREE S HIRERZ (A NPT &40, BAEIeR M 0E
%%ﬁ%ﬁ%%ﬂﬁﬁ*ﬂﬁ%ﬂ(@éﬁ%ﬁ),Eﬁﬁﬁﬁﬁﬁﬁ%oﬁﬁﬁmﬁﬁﬁﬁﬁwﬁ
o A RS -

6.0 BB FMI: FHEH B HFA 2B Z [AIRINT BB - SR %/ OAT RS R B Z A SRR 5| &
1o (A ERE AR R EREANE) | NAE RN HEZTEAT N mIEEL . AR HERREA
FIHEHETT N (LK EHAM) BITPHERGAE AL -

ZAEEE SN HERRE T AR TN B TEALTE B AR B AT o ISR Event A BB AETELT M (A0
EEREY - 4R EREORM) | BRIEEEAENRFEEIIRETE (. WYL R TR
PRIFHIBEET ), BNAEE B AR IR m s e T S . 7

8. VEM: PSRV IE S — MR RS AR B B DL S R TR E
BN HEAT R e s o PR SR AR s o /W SEAT RS AR A, BRIE A (B1A BARARY
FRIRBGIE (WMERNE - MHSE) (EAFR.

9.3 Rl RAHEA MM FAT S A HERR . G Event B CERITH) HIKAER] USELMI FEvent A (SERS
F) 7, AATEA R, MR . BB RERN TA, A4 TXB 15
EFREOARZEM . MRWE ARG HFETRERKE, BAENFEBFB T LA

10 EHRFIEAESK: BHULA (logic) HRBIFIEG— XTI FITEEEPIRGS, B A fEevents £ZHH
BXMIGEE - ATV T G SR Z AT RERARYE - Flan: EHREI I F RS [ SE A,
ML AT F b S E R B SR ) 58— 2P B

11581 fkh: ™25 Elogic FHEMIA PO (W“HPRIRER B R T7) |, FrE BT LOE HETH
R SR~ B SRS EUE R EIEE -

67 H VEE D)

WomBEE TR ROTmE— MREZENRR R - N T —FIBAERZEE, LRI HERR11
WESEESR, ERF TR RN - 25 YEvent B #ILH X Event A FIAFIRERL « SHURELE: 71 2
WEIE (A1 REHA, HPHEASTEB XM ERE RS ATHER) i, ZHRESEEN .
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HtRME—E. EBRZGAICFR, REZERET . & B ST 0OV H & REFEiL A g, 7558
ITHERE, EERIREE,

HERH: BPIHPERRSNAFRNS &K e TBrEHEE .

s ELIUSON BALFURE, B PG AR—MEEEER, ST

[

{
"logic_chain": {
"name": "BEFBOEEMAL",
"logic_test": “EZHEBEEMARMEUM, A GEFFERMR: & TTETERERIRHA,
TUAS 2 72 A2 B R B BE TR )

"events": [
{
"date": "YYYY-MM-DD",
"action": "[XEEM] BHENE (FEHEXNTimeline HEvent H) ",
"logic": “ZPEERHBHEETZHENA (W WZEE AR E RS FRE R v
}
]
}
}
]
His A ZEK:

BB AN — BB, BRI R S-ESE] WSEPERA FIHERB ec id=123 &
ec_id=456)

FPZEE (Timeline) -

{timeline_text}

English Translation

Role Definition: You are an extremely strict expert in user-behavior mining, responsible for extracting a very
small number of behavior chains with meaningful “cognitive transition” value from noisy logs.

Task Objective: Given the user’s interaction history (Timeline), which contains search queries, interacted
videos, live streams, ads, and products, extract behavior logic chains that reflect genuine interest evolution
trajectories and internal behavioral connections rather than simple topical relatedness. Your top priority is to
remove pseudo-logical chains and avoid forced interpretation.

Interaction Note: Product clicks and ad clicks indicate click behaviors rather than purchases.

Additional Note: Events marked with “~:=” do not have exact timestamp information.

Example: A chain such as “How to deal with sore throat (20260101) — dry cough vs. phlegm cough
(20260102) — medication science and contraindications (20260103)” should contain a clear progression,
transition, or other meaningful interest evolution relation at every step.

Validity Criteria for Behavior Logic Chains:

Deep Relation: Do not simply pile up keywords. A valid chain must demonstrate evolutionary relations such as
progression, transition, causality, contrast, or closure. It is not allowed to line up events from the same
category by time and then force an interpretation of progression.

Temporal Sensitivity: Strictly follow the timeline, ensuring that events in each chain are chronologically
ordered.

1. Order-Swap Test: If swapping the temporal order of Event A and Event B still leaves the chain equally
coherent and reasonable, then the chain should not be treated as a strongly connected evolution chain and
should be removed or split.

2. Valid Evolution: Event B is valid only when it arises from the feedback, bottleneck, or cognitive upgrade
brought by Event A, that is, B must refine or correct A.

3. Cognitive Increment Test: Event B must introduce new variables absent from Event A, such as specific
parameters, technical terms, or comparison dimensions. If Event B is only a semantic repetition or same-level
lateral move from Event A, it does not count as evolution.
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4. Behavioral Revision / Convergence: An evolution chain should show a process from divergence to focus, or
from failed attempts to path correction. Later actions must reflect selection or filtering based on earlier
information. If Event B completely abandons the conditions in Event A without logical support, the chain is
broken.

5. Interaction-Depth Shift: Genuine interest evolution is often accompanied by changes in interaction depth,
such as moving from passive exposure through ads or videos to active information seeking. If the entire chain
contains only a single action type, such as all searches, its progressive strength is usually weak. Chains formed
only by repeated clicks on similar products should be excluded.

6. Temporal-Spatial Density Test: Carefully examine the time gap between Event A and Event B. If two core
actions are separated by a long period without related bridging behavior, such as relevant searches or video
watching, they should be treated as scattered daily behaviors rather than evolution. Daily consumption events
separated by months should not be forcibly assembled into cognitive upgrade chains.

7. Non-Genericity Test: Exclude behaviors driven merely by routine replenishment or random consumption. If
Event A is a generic daily necessity, such as ordinary milk powder; tissues, or basic clothing, it should not serve
as the starting point or key node of a logic chain unless it has highly specific functional intent.

8. Trigger-Source Test: A valid logic chain must contain a clear trigger, usually an active search or an
intentional comparison behavior. It is not allowed to infer cognitive upgrade directly from two different
product clicks or purchases unless there is an explicit knowledge-acquisition step, such as watching educational
content or comparing parameters, in between.

9. Strong Causal Exclusivity Test: Perform reverse exclusion. If Event B could occur entirely independently of
Event A and does not require A as a prerequisite, then the chain is broken. Evolution must reflect that only
after experiencing A would the user develop the specific need or cognitive basis for B. If the two events merely
belong to the same broad category, they should be excluded as same-category drift.

10. Evidence-Closure Requirement: Every contrast, transition, or prior state mentioned in the logic explanation
must correspond to an explicit event in the chain. The explanation must not rely on behaviors outside the
chain itself.

11. No Mind Reading: Do not speculate about the user’s psychology in the logic field, such as “the user may feel
tired”. Every logical transition must be supported by concrete evidence in the logs, such as search terms, video
titles, or product parameters.

Output Principles:

Extremely High-Confidence Filtering: Act as a highly demanding quality inspector. Each candidate chain must
satisfy the above validity requirements under a “better to miss than to include noise” principle. A chain is valid
only when Event B demonstrates cognitive advance, parameter convergence, or revision under negative
feedback relative to Event A, such that B would not arise without first experiencing A.

Ensure Uniqueness: Reject same-level lexical drift and accept only genuine logical transition. If the log contains
only trivial daily consumption or random clicks, do not force an explanation and directly return an empty list.
Quantity Limit: For each user profile, extract at most 3 “gold-level” logic chains.

Output Format: Return a JSON array, where each object represents one logic chain with the following
structure:

L
{
"logic_chain": {
"name": "core intent name of the chain",
"logic_test": '"validity explanation of the evolution chain, e.g.,

without the earlier misjudgment of symptoms, the later in-depth investigation
of ingredients would not occur",

"events": [
{
"date": "YYYY-MM-DD",
"action": "[interaction type] specific content (must exactly
correspond to an Event entry in the Timeline)",
"logic": "logical role of this step in the chain, e.g., moving from
broad search to in-depth investigation of a specific ingredient"
X
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]
+
}
]

Additional Output Constraint: Each logic node may contain only one concrete event. A wrong example is:
[product-purchase] purchased candy A and candy B (ec_id=123 & ec_id=456).

User Interaction History (Timeline):
{timeline_text}

D.2.5. R2 Training Examples

The final R2 data contains selection, topic-generation, and direct-generation task types, aligned with the
R2 benchmark taxonomy. To protect privacy and avoid exposing internal identifiers, we use synthetic
itemic tokens and compact timelines while preserving the original task structure.

Prompt SFT.R2.2: Evolution Action Selection

H R

User: EHRIEF F A B 7 50 FIBE 4B BE SR FRMRLEL 7 50 47 N SR R A 4B TE AL -
RAZERE (k) -

2026-01-03 [#ER] A'TRHEE 4%

2026-01-05 [E#E- 7] B EREMAEEIE<| 1iving_begin|><a_2140><b_5702><c_4418>
2026-01-09 [FAT-H3%] 2 #I8 BT XFE A /7 1E< | video_begin|><a_3721><b_6610><c_2844>
2026-01-12 [R] KL ELE

2026-01-14 [FIAH-K3%] FiARIEIRAIT< | video_begin|><a_5068><b_4109><c_7120>
BRI B bR EEI A T3 B ZE X BE 3556 5 B 7

fBEI%AT

A BHFNTE R REEMBCEERE - RS H AT

B. R EEMBFEE - FHHEESEER > BRI

C. RESFEHIFIAT— FARFEFRALA

Assistant:

<think>fEEAGRIL T MESHERAITER, BEEMAE, BRI RESIEH RS, 5N
AU R T RTINS & - EBMERMBCE MBI F R EN K S, FHEARRERES), e
MRS AT TS5 4 TREPASIAR - EECERFIBIR TN, BRG] DUEINFER, SO0l
iéﬁ%%ﬁﬁ*ﬁﬁmﬁﬁ,Eﬂﬁ%%odﬂmw>

%% [A, B]

English Translation

User: Given the user history and a candidate interest-evolution target, select which historical actions
support a valid evolution process.

Timeline excerpt:

2026-01-03 [Search] how to start learning personal finance

2026-01-05 [Live-follow] stock-market basics tutorial <|1living_begin|><a_2140><b_5702>
<c_4418>

2026-01-09 [Video-long-view] methods for controlling investment risk <|video_begin|><a_3721>
<b_6610><c_2844>

2026-01-12 [Search] how to interpret main-fund flows

2026-01-14 [Video-long-view] introduction to technical indicators <|video_begin|><a_5068>
<b_4109><c_7120>

Candidate evolution target: from personal-finance basics to stock-risk control and technical analysis
Candidate actions:

A. finance-beginner search — stock-basics live stream — risk-control video

B. stock-basics live stream — main-fund-flow search — technical-indicator video

C. risk-control video — technical-indicator video

96



OneReason Technical Report

Assistant:

<think>Candidate A shows progression from active beginner search, to basic teaching, and then to
risk-control knowledge; the later step introduces a new risk variable. Candidate B extends from basic
teaching to active search about fund flows and then to technical indicators, forming a cognitive upgrade
from concepts to analytical tools. Candidate C stays within investment content, but the two videos can be
swapped without breaking the logic, so it lacks evidence that the earlier action triggered the later one.
</think>

Answer: [A, B]

Prompt SFT.R2.3: Topic-Conditioned Evolution Generation

F R
%ﬁ%ﬁ%£@%@@%ﬁﬂ&ﬁwﬁuﬂ@ﬁ%ﬁﬂwﬂ%&%Fﬁi$iﬁ~%$ﬁﬁsﬁ%%@
\‘/\ /t Y N
HPZERE (k) -
2025-12-17 [J745- 4.7 AL 1525 H MR < | ad_begin|><a_1351><b_8179><c_1243>
2025-12-21 [J&-55] ZifhE RS HZ L T E<|ad_begin|><a_1351><b_2826><c_6047>
2026-01-01 [J 5-mif] &2 58S kRS < | ad_begin|><a_1351><b_4480><c_0997>
Assistant:
<think>Z FMERBERFEHRENNZESERD . F-PEREBFEZEN, BTZUBEREEZN F2
WA ERARE, SIAGYSHSHITER; F=20HARSHES, WHHAIAERRETE
BEW, MEAEEETVEITRS, BRGNS FIRAFES . </think>
Output:
{
"logic_chain": {
"name": “ZKE {8 FRE EEMIZ RN B BRI T SRR,
"events": [
{ "date": "2025-12-17", "action": “[J &-m.fi] Al IFE @R BRI, "logic": “WIiHfm
K. DREBENRBUZIC@EEN . 7 ],
{ "date": "2025-12-21", "action": “[J " -H ] & MHAMWSHARE TR, "logic": “I\
AR WERE R ZPDSEFHITIRE . ” 3,
{ "date": "2026-01-01", "action": “[J &-mifi] EERIZS5MAHES RS, "logic": “Ik
WS BILEERWETIRSHIAER. 7 3
]
}
}

English Translation

User: For the topic “family health management evolving from generic advice to practical medical action”,
generate one interest-evolution chain with no more than five steps.

Timeline excerpt:

2025-12-17 [Ad-click] AI emotional-health self-assessment app <|ad_begin|><a_1351><b_8179>
<c_1243>

2025-12-21 [Ad-click] medication lookup and reminder tool <|ad_begin|><a_1351><b_2826>
<c_6047>

2026-01-01 [Ad-click] online consultation and appointment service <|ad_begin|><a_1351><b_4480>
<c_0997>

Assistant:

<think>The topic requires a chain in which health management becomes increasingly actionable. The
first step is lightweight emotional self-assessment, which provides generic advice. The second step shifts to
medication lookup and reminders, adding concrete drug parameters and execution management. The
third step moves to consultation and appointment booking, showing that the user is no longer satisfied
with information advice and now wants access to professional medical service.

</think>

Output: one JSON object describing the above three-step chain.
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Prompt SFT.R2.4: Direct Evolution Generation

SR &N]
User: \E BN LT HPACE B A HEG EEEBEICE,; R ANFEERGE, FiRE=EA -
HPZERE (k) -
2026-01-18 [#%] 3#R16
2026-01-21 [#IF-K3E] FHHE - BLAESWHLT RN < | video_begin|><a_0570><b_5571>
<c_2701>
2026-01-24 [{#FK] FIHFHL 2 EAM O &1
2026-01-24 [7 -] 99 #1—F-iPhone 15 <|prod_begin|><a_0307><b_7024><c_4281>
2026-01-28 [#R] —FFHEHEEFI
Assistant:
<think>HAFEEHHEREFIEMIE, EZSEEMENSEA; MERKBFIRASRGNE, 3
NEHLJER; BEBRTEM S, WATEARBABRSEIE; REAATEFT_FIIA, H9eEEER
BHFERED, RAMKBIGEFE AR T - TR —FWE TR o XA ERIERE PPN, T
S TEAIRE RS IK B FIH e 5 - </think>
Output:
[
{
"logic_chain": {
"name": “BlE FHLIH Tt WIEMEEF 2] 5 B — F 155 L FE IR K HE,
"events": [
{ "date": "2026-01-18", "action": “[#R] ¥R16”, "logic": “DIIRfHAL : FFEFHIE
i, eSS TERERE A - 7 ),
{ "date": "2026-01-24", "action": “[H&&K] FIHFHLHHAFIEO BT, "logic": “BKiZE
1E: FUEL R A SR TSN TR ESIRER- 7 ),
{ "date": "2026-01-24", "action": “[F f-.i] 99 # —FiPhone 15”7, "logic": “URIFI
S BRI [a) B8 = M A EE ) — IR - 7 3,
{ "date": "2026-01-28", "action": “[#R] —FFHEHIEEEI”, "logic": “MFEFh
56 EZFMEREE NN ARAANR, B 5AMENE. 7
]
}
}
]

English Translation

User: Directly extract high-confidence interest-evolution chains from the following user history; return an
empty array if no valid chain exists.

Timeline excerpt:

2026-01-18 [Search] iPhone 16

2026-01-21 [Video-long-view] phone colors, accessories, and purchase plans < |video_begin|>
<a_0570><b_5571><c_2701>

2026-01-24 [Search] local phone installment plan with zero down payment

2026-01-24 [Product-click] 99%-new used iPhone 15 <|prod_begin|><a_0307><b_7024><c_4281>
2026-01-28 [Search] checklist for inspecting a used phone

Assistant:

<think>The user first searches for the newest flagship phone, forming a high-performance and high-price
anchor. The later search for zero-down-payment installment shows a budget-driven path correction. The
product click on a nearly new used phone indicates convergence toward a lower-entry-cost option, and the
later inspection search supplements risk-control knowledge for the used-phone path. This is not same-level
browsing of similar products, but a convergent decision chain driven by budget and transaction risk.
</think>

Output: a JSON array containing the above smartphone decision chain.
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D.3. Recommendation CoT Construction
D.3.1. R3 Recommendation Reasoning Trace Construction Prompt

R3 uses the following prompt template, implemented as build_i2i_chain_prompt_cn, to synthe-
size recommendation reasoning traces. The prompt implements the three-stage protocol described in
Section 5.4.1: persona abstraction, interest expansion, and transition inference. During construction,
the target interaction is visible to the teacher for consistency checking, but the generated rationale
must be written as if the answer were unknown. The trace should therefore enumerate possible
interest directions, weigh them against the user profile and behavior history, and avoid direct leakage
of the target interaction. For readability, the appendix shows a shortened version of the prompt with
representative persona examples.

Prompt SFT.R3.1: Recommendation Reasoning Trace Construction Prompt

Prompt Template
IRZ— NP & KA P S E BT oK, HIRRARE A R ZENERE, BARZ MR YE T
XN PP BRI BRI L, B R US4 TR AT RENE, MR TR, RAHESE
BESE.:
# EAEE
## HER
{user_context}
## FHPAEF 8 B0 RIE 3k
{input_data}
## AP RESEZE(ER, A LR H e )
{target_data}
# PRI %E
o REB-MTABENEL: IAEREHFRADTHPE—FERFAL, FAElTEWRBTH
FEIZ RS o IRFR IR AR PR E SRR
'ﬁﬁﬁﬁzW%E@%#Ei%ﬁﬁ%%,%EEE%%%#%MW&%W%%#$@%%@
o EEAFGBUIRAEE: IREHRIESAT RN I E B RER L S RS RE - 4nRH]
F{EEventB FF5E 2T | EventA HTRESRF B TZ BIERE, 1R2AIENTREK - BRRERG]:
AR R - B PR RS M AU . (T ENTRIAEH)
o TIRUWHEER: REHREANSTERMREROIT A . Bl EFEMT CETHAZEET, B
WS EREEITH) SEEVIE TR B ATH TR 1T -
# WL P ER
SRR A A ER, BT REm IR AL, JFERT USHZ STt — 20t . ER,
FEREHEFRANE —ENERRTHEENARE, ZEEEBLEEDTT, FlIHEAREZRoT, EXEEE
K, ARABEOUX TR BTN, MED TR EE RIEX —F R (F BT fENE X
DUk, REWGX—F0) , R

o BEMEREWAR: 18-30% BMENE, KIFERTRE - EHHFE - UPRIESE LIMEFFE - =R T
FEEirkel £17, Bt ERIR . HHPME SRR Exc NS R A, T3t

§o§ﬁ%ﬁz@ﬁ%ﬁ%%ﬁ%iﬁ(ﬁﬁ%%%%ﬁ),%iﬁﬁ\%EW%\%&%%m

AN

o ZHREMEE: 16-25%, — _ERIWHNE, SR IR ERUE . BRI . WiTE%R -
$E. ULIE . BARREERE, WA . FH B EShPREREE - BRSO . WIETAE, RTUEA

%oéﬁiﬁz%%mﬂmmsmﬁ%\E%ﬁ%%%ﬁ\@ﬂ%ﬁ%ﬁﬁﬁiﬁﬁﬁm%w

o

o TIRLEIFE: 16-28% BLIH, X HANEWEIRE G, BZHBERE. HHAME ST
SHEME - BHUBG . OISR, mIUhR .. AR METHERER . MENE
f&Vtuber - $FEIPF 5 FHILHNE .

o BliZE N 22-28%, NEELTAE1-3FE, —&RWHESL . SSEERETT - BN - 82
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WL~ BRTRL S TS, XA ESEEKE - BHH P AERYAR - WA - AERIETE RN
25, AIARNR . EARE: BEMITIRSAE (WNEER /4R - B RA (40 5/
B TR S AR TE AR TS T2

o EBELHE. 20-355 BLE, EHE— &M, FEINEER . RERIBSIEEE . Y%t
K~ EEBWE- 23T R - HERP RIS T ESERE - BEST - 2oiEEN%E, fEAt
%%Eﬁ%E:E%W%%mﬁﬁﬁi@ﬁﬁwg%>\EWE%%W%%\@%E%E%@%%
FHE-

o EREWH. 18455 BLIE, HMI iz, HMRBEEFRERSHE (1148 17-195) - EX
KERBAE - WHFFEHRE - 28 Sty .. P EHPER S SERE - HIEMM, "l)358
?f%iﬁ%&:méﬁ%§%%§'ww§@%%>\E%%%ﬁﬁ\%ﬁﬁﬁﬁ@%@ﬁﬁ%
RGNS

o HHFHLHAF: TREEFR, &&HE AN (WRFE. LBFR) BEMEH. THEEFFEERR
FIXRS B —— Rl —Mk S ER SR - D JLhE - mERE 2 ETHEDH, BARRBN AR
FEOAARE » TSR FH L B Y AT A I R ATh, RE Y HITEERE B i HATS & W 1T -
FEHGWESTNTETE (WNEe0S HABNAENER) |, HBF—MkSZ N ABEFHERZ
iﬁwPMﬁﬁﬁim%%oiﬁ%E:Eﬁﬁﬁﬁﬁ%,u%ﬁﬁﬁﬁﬁﬁﬁ,%%%%Aﬁ

i

(EZui)] D EERNESE, SUIMERH - BISTHAAEEEES P ERSE, SUBT LK
RBEHRFARREE - TR DU P OSSR T A EERE N SE —IKeE, SRS CHER AT, 8817
A EEEE RO R G W, VIS ERE AR -

# MEFEPIR

1. FAERVAGN: FHIUEFETE), 7 A% HREA F EGRRRE, H R SRR T %R A RERIRT
At /lGIESE, 3 =S DA RERIIEERT, AZ@EE307] MM mE (RE] , #8
BERuHRENRRE (LA, ERAZKHT] - WRIEESESHAETH AP RE, i
%ﬁ%%ﬁ%%ﬂﬁ&%*,K%ﬁﬁﬂ%,WM&%FE%%#%Em,%%E%W@%*%W
JXX...

2. ATREVEMCEE. WBRLESCHRE(S BT LIG 2, F P Bl & AT RER /T 4, H51 H P E AT RERI RSB,
HA, B, C... 2 FFIH. Fl0: A, i P&l oo DR Exx, BRI xxx, F5b, B. Hxx 51K K124 H
WATRERE 7 A A RIT I RER..

3. WEEREIRARIRE: XA TR, arE— PrRElE LR, BERIMRA, KA
RERLRE. Bln: LrEKE, A BEH ATRER), I hxxx, B A —EiEH, Hxxx hAREHA L,

...
# sk
0. N RRERBIRTAAE R RS R 4 « BRIETREE RS T R 1 4 M T i
.
1. BRSO HTREMISON « FIZekt el 5 L A/ N -
2. (XA A IR ATHEEREN A, TSI T

3. REBEMN—&, KA LA AR EENFTEZFPE . GRS R T B e & R w,
IELARFT LR P IR, RG HRALED

4. HEFATE LR ERISN - e SR, LU R R IRIDI S S ARE, BB 154
BEL{ A #E AT DTAL, 20 (video id=XXXXX) - (ec_id=YYYYY) « (ad id=27Z7Z77) . RELEF—FES
HEEEZENFE, NEMHATESET .

IREOHERE.

Prompt Template

You are a recommendation-logic expert for users on a short-video platform. Please use concise and
well-structured logic to explain how, given the following user profile and previous interaction history, we
should use divergent reasoning to derive all possible directions, filter them, and finally infer the user’s
subsequent interaction.

# Known Information

## User Profile
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{user_context}

## User History on the Platform

{input_data}

#+# User’s Subsequent Interaction (answer; must not appear explicitly in the reasoning)
{target_data}

# Analysis Heuristics

Behavior motivation: Pay close attention to and deeply analyze each search query, because search
terms directly reflect the user’s current interest. You need to infer the user’s real need from these
searches.

Temporal sensitivity: Pay attention to the chronological order of events and explain how later
events evolve from earlier ones.

Interest-transition cause: Ensure that later behaviors show filtering and focusing based on earlier
information. If Event B completely abandons the filtering conditions from Event A without a logical
explanation, treat the two as unrelated. A valid relation example is clicking “high-calorie cat food”
and then watching “easy-to-digest cat food for cats with soft stool”; analyze the cause of this
relation.

Noise filtering: Exclude behaviors that usually do not create cause-and-effect follow-ups, such as
routine replenishment or random consumption.

# Common User Personas

The following common personas are provided to help quickly capture group-level characteristics. They can
be used as references for later analysis. However, the final recommendation must not stop at a broad
category. It should be analyzed case by case. For example, if the user is an ACG fan who likes Honor of
Kings, do not merely say the user likes games; infer that the user likes Honor of Kings specifically, because
the user may not like other games.

Game live-streaming viewer: Mostly men aged 18-30 who follow esports, streamer clips, game
guides, and gear unboxing. They are often attached to a specific game or streamer and have low
willingness to transfer across games. If the user frequently clicks content related to a specific game
or livestream clips, this persona may apply. Focus on the exact game and streamer they follow, and
recommend tournament recaps, character guides, and gaming gear content without making
cross-category recommendations.

Gen-Z trend follower: Young users aged 16-25 in major cities, highly sensitive to memes, pop
music, street dance, rap, fashion, and challenges. Focus on current BGM, challenges, fashion brands,
singers, and dance styles.

Anime enthusiast: Users aged 16-28 of any gender with strong interest in Japanese anime culture
and a strong sense of community belonging. If the user frequently clicks anime-related content,
virtual idols, or ACG memes, this persona may apply. Focus on the exact shows they have watched,
the Vtubers they follow, and specific IP figures and merchandise.

Early-career worker: Users aged 22-28, often recent graduates or with 1-3 years of work
experience, mostly in major cities. They pay attention to interview skills, workplace norms,
side-income opportunities, and city rental guides, and they expect content to feel credible. If the
user clicks workplace experience, resume advice, or promotion-related content, this persona may
apply. Focus on concrete industry-specific workplace experience, side-job types, and city renting or
living-cost guidance.

Fitness enthusiast: Users aged 20-35 of any gender, often in major cities, who care about
appearance management. They follow fat-loss and muscle-gain tutorials, training plans, protein
supplement reviews, and workout check-ins. If the user frequently clicks fitness tutorials, body-fat
analysis, or sports gear content, this persona may apply. Focus on specific training body parts and
methods, supplement brands, and the fitness creators they follow.

Food lover: Users aged 18-45 of any gender, broadly distributed across regions, and especially
active around meal times (11:00 and 17:00-19:00). They enjoy home-cooking tutorials, local
restaurant exploration, mukbang, and ingredient selection. If the user tends to click recipes or
restaurant videos around meal times, this persona may apply. Focus on the exact cuisine, dish
tutorials, and the cities they live in or want to explore.

101




OneReason Technical Report

* Shared-device user: There is no fixed age range, and the device may be shared by multiple people,
such as spouses or parents and children. The behavior log may show obvious style jumps, for
example abrupt switching among home cooking, children’s animation, and sports content, with very
different preferences across time slots. Prioritize identifying and filtering out the history of
non-current users, and focus on the recent stable preferences during the currently active time
period. If the persona label and behavior strongly contradict each other, or multiple user-type
signals coexist in one account, shared-device use should be considered. Focus on splitting behavior
by time and avoiding being misled by other users’ history.

Important note: These personas are references only and must not be applied mechanically. Real users
may span multiple persona features or fall outside these categories. Always prioritize actual behavior data.
If the user does not fit an existing persona, summarize the user’s core needs and preferences directly.

# Reasoning Steps

1. Persona abstraction: If the evidence is sufficient, provide a candidate persona type and briefly
describe what distinguishes this user from that group. If the evidence is insufficient, mixed, or
outside the listed personas, summarize the observed behavior clusters and core needs directly
instead of forcing a category label.

2. Possibility enumeration: Identify key information indicating what the user is most likely to care
about recently, and list all possible interest points as A, B, C, and so on.

3. Final weighted decision: Weigh all possibilities, analyze how likely each one is, determine which is
currently strongest, and reach the final decision.

# Requirements

0. Never reveal that you already know the subsequent interaction. Reason as if the subsequent
interaction is unknown.

1. Output one coherent and concise analysis paragraph. Do not use JSON, list format, or section
headings.

2. Include only the reasoning. Keep it concise and clear.

3. You may skip any step that you find unnecessary. If the reasoning process is simple or incomplete,
directly provide the final conclusion.

4. When mentioning specific videos, products, or ads from the history, use the original ID in a separate
parenthesis because it will be used for later matching, e.g., (video id=XXXXX), (ec_id=YYYYY), or
(ad_id=Z7Z777). Do not put multiple entries in one parenthesis, and do not use titles or names.

Your reasoning:
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D.3.2. Low-Score Reasoning-Trace Cases

Table 28 | Representative low-quality recommendation CoT cases. Problematic CoT text is marked in
red; target fragments are reference evidence.

Low dimension

Behavior / target / CoT fragment with analysis

Consistency Input: [ SRS EE T RKEMEY), TREREORNERRMETRE, EHFIEE RIS R R EH,
W R M2 B E — Tl ) B9 f i . L IERIREN M@ e G D mEIE, &
A AWM T 27— R E S A B4R -
Target: A X EEEREZ RN NEEIFE. WEE . BEF. HFREESFEEEFHWEE -
CoT: WA B RS SRRy 4R, F57= R MIERE, AR e N 2 E e ISR a7, a0 iR K 8 g%
W~ FIEL  SIEHRINT SN A A ERTT -
Analysis: the target-facing housing signals are present in the behavior evidence, but the trace
suppresses them and ends on pet-care recommendations. The conclusion may fit part of the history,
yet it does not support the intended local-housing target.

Factuality Input: R H M SRR, B4 G ERE DS ENRERIL: MRNEREPERER
. BSOS R, WY SN aL S SRR - Mk - YO8 Bl SRRSFEA R ERE .
Target: —QFHELMEFRAIVEF LR AZEHRE, WECHBRITA - ENURGR - M SCefdEE
WAZRR -
CoT: FFBTHET RN FE MR, WHTHERENL, ZMOEFRRATRERIL . FHIRIEHERTH - 20 7]
- BRI .
Analysis: the highlighted purchase evidence is not present in the displayed behavior fragment. It
makes the seasonal argument look grounded, but the support comes from a fabricated detail, so this
is a factuality failure rather than merely weak target alignment.

Informativeness Input: F F5&31-40% B, IFHHER MR )\ FUaaE MBI R ER, REMEFEE S B,
BVIERBE & e EIN T - B . 28 BEFFECRESAETT, WXRWEeMAFE . T3 6 H Sk
EE5 -
Target: MK AIRIHE SN, FHEREMR . REgd . EFEAR . BRKFURESIRaET .
CoT: A NNNMBEGRER ILEAEFERTIRIT, JLHRRL UL RIFAR, HAeut i Gk m
BHDNOS, RIEGXE— TR 4R O
Analysis: the trace lists several user interests, but the final guidance does not help predict or explain
the fish-feeding target. It invents a broad “interest gap” and gives no actionable attributes about
aquarium care, fish food, or feeding routines.

Logic Input: TSR R O #0075 o7 BE LU K5 HE S5 40587 B} I i SR 22 B S AN B 15 o 33 S 52 A L1 3,
FEFE L, FRVETRELER . S S5, BLERMBEMEINGEN - £F BEF - BEFREMNEK -
Target: ERBFHEENMEKEFRRERAE, BRANDEFENME, BEEFRREAE -
CoT: E“BFHEJEREENTLR, RAHAMH P T — S RATBEMSIRRE S & KME - [AFrailZ RN A .
Analysis: the trace over-commits to one recent search and does not build a bridge to the
music-performance target. A logical trace should either explain an evidence-supported transition
toward instrumental music or reject the weak relation; here the final conclusion follows a
disconnected branch.

Safety Input: FFE50% Ll EIEEIRREAVE, SEEAZ R S EREHEN TS - I B R - AR R AN T E

BEWHEIRS: RGP TR « LMRoR/RIR & A i - IRESHP SR - Jisd
WIS B DR R A RS T, BTG ERE RAT N RET -

Target: —FBIEVERBRIGEIRS T, HIE SRt/ EQEER - RMSE . it R AEEE,. B
T SR M AT 3 0 B R 55 ) AR

CoT: fEAUERSH ARG, EEEERFEERATREC LA ESH @R, Wkhee - iy A
WALRRR TR, FEERH— P AR TR ERRSE SRS, R HER S ESmEn
(AR

Analysis: this is a direct target-leakage failure. The trace should reason from prior health-service and
local-service evidence without naming the hidden answer, but it exposes the target category and
even repeats the target-specific sensitive phrase, making the answer recoverable from the CoT itself.

D.3.3. Recommendation CoT Training Cases

The final recommendation CoT data uses a three-turn message format: a short system instruction, a
user message containing the user profile and multi-domain behavior history, and an assistant message
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that first produces a <think> reasoning trace and then emits the target itemic token. The assistant
trace follows the same three-stage pattern used in the main R3 construction: it first abstracts a persona
prior, then expands several evidence-backed interest hypotheses, and finally compares them to infer
the most plausible transition direction. During construction, the teacher trace marks concrete historical
evidence with original domain ids, and the final SFT sample replaces matched ids with itemic tokens.
The following cases therefore show the post-processed training format: natural-language reasoning
interleaved with synthetic itemic-token references inside the CoT, followed by the target itemic-token
answer. We omit raw user identifiers, data paths, timestamps, and original item ids.

Prompt SFT.R3.2: Cross-Domain Recommendation with Text-Itemic-Token CoT

H SR

System: {FIEK IR P ER - B3 517 Hitemic tokens, IEHRIEH NS B IAGNZH P EFRAZ -
User: LIN2—MHFAMEGRS 2580 21T HER.:

ZHPR—AERENSE, KINEMAEMN . 5% AR S9RF . AP ERmea &
RUFFFAAR ;AR 2 IR ST TS e B R R B B B SN BT -

F ARSI 2 IR KB ANER L A T, Bilin< | video_begin|><a_3062><b_4733><c_4451>
f<|video_begin|><a_5708><b_2219><c_7034>; 7EELIEFIE T LAk 4%,
4<|1living_begin|><a_6815><b_2789><c_3026> i< |living_begin|><a_6263><b_5727>
<c_2164>;

FE R N A K LR E - LB RS ME, W< |prod_begin|><a_4180><b_6532>
<c_0907>- [N, FAFHERENKE - BUE B CENHEERNE -

Assistant:

<think>HHA P EGFERBEM2E G0y, DUGIEES SR HE R - BB EmEk My
K, ATLLAWZ A P e BESREIDGEE (FIPREZE) FERINZS - [ 58 AR BRI A1
$i<|video_begin|><a_3062><b_4733><c_4451> flEFH/EA%E<|video_begin|><a_5708>
<b_2219><c_7034> AEIVME, ENFMEREXF<|1living_begin|><a_6815><b_2789>
<c_3026>- <|living_begin|><a_6263><b_5727><c_2164> — &I “F EHBRIEIFZIITE W
Tk o MBI EIEEMFVLEGAR< | prod_begin|><a_4180><b_6532><c_0907> #f — it i
FEZEMNZ IR R IE FHRER T EPr R ER I -

FERTRERIDSB T M, AR (AP MIEMEAR - RSP RIEMEEEE; B 2ENREISITR
FfE, XRAPKEMRRAZE; CREEBHEMM, B TREEBENEMRT: DZ2NHEEEM
2 TEERE, IHERER - FATETE . BE-BERITNRAE, ANERS, R, B
FEFNRS fhitemic tokens H:[F] TR AE T FE FHX SRR FL B 12 -

I, EEAEFERCEEE] (FIPREE) FISRiETs - BFRIEAE . RBEMEERER Y, RN
VEREE NRESEENEER T - </think>

ZH P B EWRIAIME : <|video_begin|><a_0016><b_1906><c_0378>

English Translation

System: You are good at understanding user profiles, cross-scenario behavior, and itemic tokens. Infer the
user’s target content from the input information.

User: The following is a user’s profile and multi-domain behavior history:

The user is a young male student who is active across short-video, live-streaming, e-commerce, and
advertising scenarios. He installs and actively uses shooting games and short-video apps. Recent searches
repeatedly involve “Peace Elite guides”, “streamer operations”, and “crosshair settings”.

In the video domain, the user repeatedly long-viewed and shared game-skill videos such as
<|video_begin|><a_3062><b_4733><c_4451> and <|video_begin|><a_5708><b_2219>
<c_7034>. In the live domain, he followed several game streamers such as <|living_begin|>
<a_6815><b_2789><c_3026> and <|1living_begin|><a_6263><b_5727><c_2164>.

In the e-commerce domain, he browsed and purchased gaming accessories such as finger sleeves and
phone cooling clips, represented by <|prod_begin|><a_4180><b_6532><c_0907>. The user also
consumes revenge-oriented short dramas, attractiveness/selfie videos, and a small amount of
nostalgic-snack content.

Assistant:
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<think>Based on the young male student profile, together with recent searches, live follows, and
gaming-accessory purchases around shooting games, the strongest and most stable interest is Peace
Elite-related content. The game-skill video <|video_begin|><a_3062><b_4733><c_4451> and the
expert-operation compilation <|video_begin|><a_5708><b_2219><c_7034> are not isolated views;
together with game-streamer follows <|1living_begin|><a_6815><b_2789><c_3026> and
<|living_begin|><a_6263><b_5727><c_2164>, they indicate a need to learn streamer operations
and gameplay tactics. The e-commerce item < |prod_begin|><a_4180><b_6532><c_0907> further
shows that the user has moved from watching game content to improving actual gameplay performance.
Among possible directions, A is advanced Peace Elite tactics, streamer highlights, and device configuration;
B is revenge-oriented short drama, which is a stable leisure preference; C is attractiveness/selfie content, a
shallow but persistent baseline preference; and D is nostalgic snacks or rural-life clips, supported only by
scattered evidence. Considering recent density, cross-domain consistency, and investment level, A receives
the highest weight because the video, live, and product itemic tokens jointly support the
game-skill-improvement path.

Therefore, the recommendation should prioritize Peace Elite practical tutorials, expert-operation
compilations, sensitivity and crosshair configuration guides, while keeping revenge drama or
attractiveness content as auxiliary interests.</think>

The user may recently like the following video: <|video_begin|><a_0016><b_1906><c_0378>

Prompt SFT.R3.3: Purchase-Oriented Recommendation with Text-Itemic-Token CoT

H SR

;]yfzem: IRARMEFEERBD T - (RFEREH A ERS 2 2178, WihZH P EREE R B R
o

User: % H AP ERRED 1T HEER:

VHPR—&PELZNE, REERE . FE . 28 RMERNE . Ml E RERESE NS “RIF0E

AR B B ARACFF A3 G A, RFERERPE S RIH BT - RUFEFERKS -

FA P AE R RS B R SE 2% ~ B EATIRAS « A - SPIGIRFIE &, F140<|prod_begin|>

<a_1927><b_6270><c_1880> . <|prod_begin|><a_2388><b_4708><c_0107>

< |prod_begin|><a_6821><b_3569><c_6806>; 7E/ A b i RKE(CHS B MR 5,

W<|ad_begin|><a_3578><b_6234><c_3026>; FEMMMIB A BHFUUEER - B FHNE -

Assistant:

<think>ZH P HEGMTAEEITEREFE, FNHEEHAENEREYRET - ) KENAER

ARFRENE . SIERERAEFRLER, BEHRES - REINITHETERFEFES KERW

b W< | prod_begin|><a_1927><b_6270><c_1880> - HIHTE#<|prod_begin|>

<a_2388><b_4708><c_0107> A& i< |prod_begin|><a_6821><b_3569><c_6806> H:[F]iHH

W B OFIR AEEEPRIE SRS - T E MK E RS E UAERI< | ad_begin|><a_3578><b_6234>

<c_3026> MIEMFEENEE R, BEAWRMGRIEHER B -

AIRETT A ELFEA. RADEi Lo thgess, THEEE . 440 EXNANERINE; B. RERHES YRS

B, AEEERERERDGE, C RILERFIRTR, RETREEGEHE; D. M, BTIMAE

SEHPRBITEK . ZATHER - WA EFEERES, A FIERERE, FHZE A7 fhitemic tokens

FRm AREEFIRRERNE, 1) 5itemic tokens B 154/ B >4 -

iy, JELefEr G S HEER M M LR . & & E SR ET SRR RN, I

FI2E & R ERIE BTG FB RIS /) - </think>

VH P R EWHIMAE: <|video_begin|><a_2713><b_0084><c_5586>

English Translation

System: You are a recommendation-understanding assistant. Given the user profile and multi-domain
behavior, output the user’s target content in recommendation scenarios.

User: The following are the user’s profile and historical behavior signals:

The user is a middle-aged woman interested in daily life, outfits, food, beauty, and short dramas. Recent

searches include “high-end blouse”, “same-style dress”, “men’s sleepwear”, and “Northeastern home
dishes”. Followed creators include apparel-selling, beauty, and lifestyle accounts.
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In e-commerce, the user frequently browsed and purchased women’s clothing, men’s thermal tops,
sleepwear, down jackets, and food items, such as <|prod_begin|><a_1927><b_6270><c_1880>,
<|prod_begin|><a_2388><b_4708><c_0107>, and <|prod_begin|><a_6821><b_3569>
<c_6806>.

In ads, she deeply engaged with family-ethics and revenge-drama advertisements such as <|ad_begin|>
<a_3578><b_6234><c_3026>. In videos, she liked and saved food, emotion, and outfit content.
Assistant:

<think>The profile and behavior fit a middle-aged homemaker with a strong preference for live shopping.
Her long-term baseline is family-ethics and revenge-oriented short dramas, together with daily-life food
content, but the densest recent behavior centers on outfits and household purchasing. The
women’s-clothing item < |prod_begin|><a_1927><b_6270><c_1880>, the men’s thermal top
<|prod_begin|><a_2388><b_4708><c_0107>, and the food-replenishment item < |prod_begin|>
<a_6821><b_3569><c_6806> jointly show practical purchasing for herself and her family. The
family-ethics ad <|ad_begin|><a_3578><b_6234><c_3026> supplies an emotional-content
background, but it is less direct than the outfit-purchase chain.

Possible directions include A. midlife women’s outfits, especially slimming, velvet, Chinese-style, and
spring outerwear; B. family-ethics and female-comeback dramas; C. Northeastern food and home cooking
for household replenishment; and D. small beauty items for personal image management. Considering
recent search, product-click, and purchase signals, A has the strongest evidence because multiple product
itemic tokens point to outfit and household purchase decisions, while the ad itemic tokens are a secondary
preference.

Therefore, suitable recommendations should emphasize high-quality, cost-effective outfit videos or
shopping content for midlife women and family scenarios, optionally expressed through family-story or
daily-life contexts.</think>

The user may recently like the following video: <|video_begin|><a_2713><b_0084><c_5586>

D.4. Itemic Instruction Details
D.4.1. Itemic Token Instruction-Following Cases

Itemic Token Instruction Data covers task execution under mixed natural-language and itemic-token
inputs. The cases below are representative sanitized examples drawn from the observed task patterns
in the instruction data. We use synthetic itemic tokens and omit raw user identifiers, data paths,
timestamps, and internal metadata.

Prompt SFT.IIF.1: Comparing Two Product Itemic Tokens

H R

User: X LA SEEAY R, HE4EN& BRETIEE .

1. <|prod_begin|><a_1201><b_3402><c_5603>

2. <|prod_begin|><a_7704><b_2250><c_8191>

Assistant:

1. <|prod_begin|><a_1201><b_3402><c_5603> Hi&i & H HH I #H R, FITRERT  RHR
TERIFERETFI -

2. <|prod_begin|><a_7704><b_2250><c_8191> Wi A& SR, I & AT A G 2 HE -

gﬁ%&ﬂﬁ%%@%’%@ﬁﬁ%%ﬂ, BRIE RSN, EEERNREE, 7R RA DR

Iz \ﬂ °

English Example

User: Compare the following two products in terms of usage scenarios, and summarize the main function
of each product.

1. <|prod_begin|><a_1201><b_3402><c_5603>

2. <|prod_begin|><a_7704><b_2250><c_8191>

Assistant:
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1. <|prod_begin|><a_1201><b_3402><c_5603> is better suited for daily facial-care scenarios,
focusing on brightening, blemish reduction, and basic skin maintenance.

2. <|prod_begin|><a_7704><b_2250><c_8191> is better suited for nutritional supplementation,
focusing on gut regulation and immune support.

Both improve everyday well-being, but the former is an external skincare product, while the latter is an
ingestible health supplement.

Prompt SFT.IIF.2: Set Operation over Itemic Token Lists

F R
User: &0 LA T PEEAIANSZE, FHi Hi P9 4H 2 7] 63 & A3 Token -
%_‘ZH

1. <|video_begin|><a_3108><b_6412><c_2046>
2. <|video_begin|><a_5520><b_1183><c_6905>
3. <|video_begin|><a_4807><b_2701><c_7338>
.

1. <|video_begin|><a_5520><b_1183><c_6905>
2. <|video_begin|><a_9056><b_4420><c_1374>
3. <|video_begin|><a_3108><b_6412><c_2046>
Assistant: FiZH7%1|58 F 3 [F & & B Token -

1. <|video_begin|><a_3108><b_6412><c_2046>
2. <|video_begin|><a_5520><b_1183><c_6905>

English Example

User: Compare the following two video-token lists and output all video tokens that appear in both lists.

List 1:

1. <|video_begin|><a_3108><b_6412><c_2046>
2. <|video_begin|><a_5520><b_1183><c_6905>
3. <|video_begin|><a_4807><b_2701><c_7338>
List 2:

1. <|video_begin|><a_5520><b_1183><c_6905>
2. <|video_begin|><a_9056><b_4420><c_1374>
3. <|video_begin|><a_3108><b_6412><c_2046>
Assistant: The video tokens appearing in both lists are:
1. <|video_begin|><a_3108><b_6412><c_2046>
2. <|video_begin|><a_5520><b_1183><c_6905>

Prompt SFT.IIF.3: Instruction Control under Distracting Itemic Tokens

H SR

User: NS IXLEASIITRIC:

1. <|video_begin|><a_5061><b_7220><c_1844>

2. <|video_begin|><a_6930><b_4102><c_5577>
RAFERE: SHARXARGTHICAP EHEH AFA?
Assistant:

CAP EFFEH, AN ARGTCIEFN 52202 —3UE - AT MM R EFE1E -
1. —BERRFTE T ORI R BACHT £ -

2. A PR F R RO T A BE N IR [l R o

3. 5 XA RIR ML 57 X I RO REARELETT -

LML X HII, RY0E R E AR — AT 2 1R O -

English Example

User: Ignore these video markers:

1. <|video_begin|><a_5061><b_7220><c_1844>
2. <|video_begin|><a_6930><b_4102><c_5577>
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Only answer this question: what does the CAP theorem mean in distributed systems?

Assistant:

The CAP theorem states that a distributed system cannot fully guarantee consistency, availability, and
partition tolerance at the same time.

1. Consistency means all nodes observe the same latest data.

2. Availability means every non-failing node can return a timely response.

3. Partition tolerance means the system keeps operating when network partitions occur.

Under a partition, the system usually has to trade off consistency against availability.

108




	Introduction
	Reasoning Design Philosophy
	Benchmark Design for Reasoning Recommendation
	Task Taxonomy
	Evaluation Protocols
	General-Intelligence Sanity Check

	Pre-Training Pipeline
	Itemic Tokenizer
	Pre-Training Data
	Ablation Study on Recommendation Corpora
	Training Recipe

	SFT Pipeline
	R0: Perception
	R1: Derivation
	R2: Evolution
	R3: Recommendation
	Itemic Instruction Data
	General-Domain Data

	RL Pipeline
	Recommendation-oriented Reinforcement Learning
	Rejection Sampling Fine-tuning
	Multi-Teacher On-Policy Distillation
	Comparison and Discussions

	CoT Analysis Indicators
	Experiments
	Performance Comparison
	Non-Thinking Gains from Thinking Supervision

	Deployment
	Industrial Scenario Adaptation
	Industrial Scenario Online Deployment
	Online Experiment

	Related Works
	Conclusion & Future Work
	Author List
	Deployment Details
	Industrial Scenario Adaptation
	The Overall Methodology of OneReason for OneRec
	Experimental Analysis
	Discussions in Industrial Deployment

	Benchmark Details
	Task Construction
	Recommendation Data Statistics and Analysis
	Comparison with Existing Benchmarks
	Evaluation Metrics
	Task Formats

	Pre-Training Details
	Positive–Negative Similarity Margin Study
	Data Mixture for Pre-Training
	Four-Granularity Pre-Training Samples

	SFT Details
	SFT Data and Itemic-Token Perception
	Cognitive-Reasoning Data Construction
	Recommendation CoT Construction
	Itemic Instruction Details


