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Motivation
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Recommendation System: Cascaded => End-to-End (integrating retrieval and ranking)

• Fragmented Compute

• low computational efficiency

• Objective Collision

• cross-stage modeling conflicts

• Lag Behind AI Evolution

• remarkable progress in LLM and VLM domains

• scaling laws
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Architecture (generative)
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Tokenizer: item representation => coarse-to-fine semantic IDs

• Aligned Collaborative-Aware Multimodal Representation

• Prior Work: multimodal representation (context features) => semantic IDs
 neglecting collaborative signals
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Architecture (generative)
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Tokenizer: item representation => coarse-to-fine semantic IDs

• Aligned Collaborative-Aware Multimodal Representation

 align multimodal representations of collaboratively similar item pairs

• Multimodal Rpresentations
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Architecture (generative)
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Tokenizer: item representation => coarse-to-fine semantic IDs

• Aligned Collaborative-Aware Multimodal Representation

• Item Pairs

• User-to-Item

(positively target item, most collaboratively similar item from historical positives)

• Item-to-Item: high similarity scores, e.g., Swing similarity
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Architecture (generative)
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Tokenizer: item representation => coarse-to-fine semantic IDs

• Aligned Collaborative-Aware Multimodal Representation

• Item-to-Item Loss and Caption Loss

• Item-to-Item Loss: align representations of collaboratively similar pairs

• Caption Loss: preserve content understanding capabilities
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Architecture (generative)
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Tokenizer: item representation => coarse-to-fine semantic IDs

• Tokenization: RQ-Kmeans
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Architecture (generative)
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Encoder - Decoder

• Encoder => Multi-Scale Feature Engineering

• Lifelong Pathway: up tp 100,000 items => two-stage hierachical compression strategy

• Behavior Compression: hierachical K-means clustering => item closet to the centroid

• Feature Aggregation: categorical features; continuous features: average
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Architecture (generative)
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Encoder - Decoder

• Decoder: pointwise generation
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Architecture (generative)
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Reward System
• The pre-trained model only fits the distribution of the exposed item space. (obtained from 

the past traditional system) ==> preference alignment

User Preference Alignment

• Defining a "good recommendation" is challenging, including multiple objectives =====> score

• Reward: P-Score, a neural network to learn a personalized fusion socre

weighted 

fusion



Key Laboratory of Network Data Science & Technology, Institute of Computing Technology, Chinese Academy Science

• P-Score, a neural network to learn a personalized fusion socre

• Multiple towers: to learn specific objectives (BCE Loss)

=> fed into the final MLP -> P-Score Tower -> P-Score:

Architecture (generative)

10

Reward System => User Preference Alignment



Key Laboratory of Network Data Science & Technology, Institute of Computing Technology, Chinese Academy Science

• Early Clipped GRPO: use the P-Score to align user preferences

• G items: generated by the old policy model; ��: P-Score of item i

Architecture (generative)

11

Reward System => User Preference Alignment
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Architecture (generative)
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Reward System => Generation Format Regularization

• ECPO significantly increases the generation of illegal outputs

• Generation Format Regularization

• K samples from the G samples  &
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Architecture (generative)
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Recommendation System: Cascaded => End-to-End (integrating retrieval and ranking)

• Improve the Model FLOPs Utilization (MFU)

• Training: 4.6% -> 23.7%; Inference: 11.2% -> 28.8%

• Training Framework

• Concrete Model Architecture: 

• Pre-Training: next token prediction

• Post-Training

• RSFT (continual next token prediction)

• filter out the bottom 50% of exposure sessions

• RL

• randomly select 1% of users from the RSFT
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Scaling Experiments

14

• Parameters Scaling • Codebook Scaling



arxiv: 25.09

OneRec - V2
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Motivation
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Two critical challenges hinder the scalability and performance of OneRec-V1 

• Inefficient computational allocation in encoder-decoder architecture
• 97.66% of resources are consumed by sequence encoding context encoding rather than generation
 limits model scalability

• Limitations in reinforcement learning that relies solely on reward models
• inefficient sampling and potential reward hacking due to proxy reward signals
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Lazy Decoder-Only Architecture
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Design Principles 

• Data Organization
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Lazy Decoder-Only Architecture
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Design Principles 

• Analysis of the computation details

• Context Encoding

• context transformation operations in the encoder

• context projection operations in the cross-attention of the decoder

• Target Decoding
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Lazy Decoder-Only Architecture
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Overall Architecture

• Context: static conditioning information

• Context = [�0, ��, . . . , ��풌�·�풌�−1]

• �풌�: the number of groups; �풌�: the numer of k-v layers

• Lazy cross-attention mechanism: w/o k-v projections

• Grouped Query Attention (GQA)

 Context Processor =>

• KV-Sharing: block-wise layer-share
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Lazy Decoder-Only Architecture
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Efficiency
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Preference Alignment with Real-World User Interactions
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Reinforcement Learning with User Feedback Signals

• Duration-aware reward shaping

• Duration follows a long-tailed distribution

 => partition items into buckets with a logarithmic strategy

⬅ bucket

⬅ 
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• Duration-aware reward shaping

• percentile rank of �� within the user’s historical distribution

Preference Alignment with Real-World User Interactions

Reinforcement Learning with User Feedback Signals
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• Duration-aware reward shaping

• 푛���: explicit negative feedback

Preference Alignment with Real-World User Interactions

Reinforcement Learning with User Feedback Signals
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• Issue of Early-Clipped GRPO (ECPO)

• gradient explosion, induced by negative samples

• gradient analysis:

Preference Alignment with Real-World User Interactions

Reinforcement Learning with User Feedback Signals

overfitting
or even collapse
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• Reinforcement Learning -> Gradient-Bounded Policy Optimization (GBPO)

• based on the BCE Loss: 

• remove the clipping operation on the ratio

Preference Alignment with Real-World User Interactions

Reinforcement Learning with User Feedback Signals

• introduce a dynamic bound on ��풐��



arxiv: 25.10

OneRec - Think
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Motivation

27

• Existing generative models (e.g., OneRec) operate as implicit predictors, critically 

lacking the capacity for explicit and controllable reasoning.

 OneRec-Think: a unified framework that seamlessly integrates dialogue, reasoning, and 

personalized recommendation.
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Methodology

28

Itemic Alignment through Multi-Task Pre-training

• Definitions

• Itemic token: constitues semantic ID of the item v,                                 => expand the vocabulary

 Unify reasoning and recommendation in a single autoregressive pass:

• given user’s interaction history sequence,                                 

=>  generate reasoning sequence, e.g, analysis of user interest,

• given �� and  � => generate next target item
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Methodology

29

Itemic Alignment through Multi-Task Pre-training

• Interleaved User Persona Grounding

• Interleave the itemic tokens and text tokens of User Persona.

 Next Token Prediction Loss
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Methodology
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Itemic Alignment through Multi-Task Pre-training

• Sequential Preference Modeling

• To predict subsequent item from chronological user histories.

• given a sequence of a user’s recent interactions => predict the next item 

 Next Token Prediction Loss, computed on the tokens of the target itemic token
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Methodology
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Itemic Alignment through Multi-Task Pre-training

• Item Dense Captioning

• To understand the semantic characteristics represented by item combinations.

• ask the model to generate a textual description of a given itemic token 

 Next Token Prediction Loss, computed on the tokens of the target textual description
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Methodology
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Itemic Alignment through Multi-Task Pre-training

• General Language Modeling

• To maintain the base ability of the language model.

• contain the pretraining and instruction fine-tuning data of the general corpus 

 Next Token Prediction Loss

• Training Strategy

• Token warm-up: only train itemic token embeddings on the Interleaved User Persona Grounding task

• Multi-task integration: jointly optimize all parameters on the combined task using a designed ratio
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• Due to the noisy and lengthy nature of real-world user behavior sequences, direct application 

to industrial recommendation scenarios often fails to yield effective CoT reasoning.

 Supervised fine-tuning framework

• Bootstrapping with Pruned Contexts

• target item ��푛+1,                           →  retrieve top-k most relevant items:

• query the pre-aligned model to generate a rationale �, explaining the target item:

• Learning to Reason from Noisy Sequences

Methodology

33

Reasoning Activation
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• Due to the noisy and lengthy nature of real-world user behavior sequences, direct application 

to industrial recommendation scenarios often fails to yield effective CoT reasoning.

 Supervised fine-tuning framework

• Learning to Reason from Noisy Sequences

• The rationales serve as supervision for learning to reason from raw sequences.

Methodology

34

Reasoning Activation
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Methodology
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Reasoning Enhancement

• To refine the recommendation accuracy using a novel reward mechanism.

• Beam Candidate Reward Maximization

• Most reasoning rollouts fail to hit the target item and consequently yield identical zero rewards

• Beam search with width K => items with top-K probability in the beam search

• Optimize the model using GRPO based on:
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• Decouple the model’s inference into two stages

• First Stage: the full OneRec-Think model → reasoning path and the initial item-tokens

• Sample T diverse reasoning paths:

                                                                                , m candidate item prefixes

 personalized candidate space:                   , T*m candidate item prefixes

• Second Stage: real-time updated OneRec model → produce the final itemic token

=> items with top-K probability

Methodology

36

Industrial Deployment: A "Think-Ahead" Architecture
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• Datasets: Beauty, Toys, and Sports from the popular Amazon review benchmark

• Baselines

• Classic sequential methods: BERT4Rec, GRU4Rec, SASRec

• Generative Recommendation Models: TIGER, HSTU, ReaRec

• ReaRec: enhances user representations through implicit multi-step reasoning 

• Metrics: Recall@K, NDCG@K, K=5, 10

• Backbone model: Qwen3-1.7B => Industrial Settings: Qwen-8B

• Four-level hierarchical, 256 tokens per level => Industrial Settings: 8192

Experiments

37

Experimental Settings
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Experiments
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Overall Performance
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Experiments
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Ablation Study

• Base: tuned by the raw itemic token sequence

• IA: itemic alignment 

• R: enhanced reasoning mechanism
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Experiments
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Case Study

• Conservation Settings



Key Laboratory of Network Data Science & Technology, Institute of Computing Technology, Chinese Academy Science

Experiments

41

Case Study

• Reasoning Settings
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Experiments

42

Case Study

• Reasoning Settings



感谢大家耐心倾听！


