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Current Pipeline
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Current Industrial Recommendation Pipeline: 
• Multi-stage Cascade Ranking System

• Recall
• Pre-Ranking
• Ranking
• Re-Ranking

• Not just engineering but decomposes a global 
recommendation problem into local 
discrimination score problems

• Cause information loss, inconsistent goals, and 
accumulated errors



Current Pipeline

Discriminative Recommendation (GR):
• Structure follows “Embedding – MLP”

• Input
• Feature Embedding
• Discriminative Model Structure
• Optimization
• Output

• Learns a scoring function over a given user, 
item, and context
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The bottlenecks of Discriminative Rec

Representation 
Bottleneck1

Scoring pipelines create three structural bottlenecks:

Optimization 
Bottleneck3Architecture 

Bottleneck2

Recall
Loss

Rank
Loss

Re-Rank
Loss

Global 
Objective

• Atomic item embeddings create 
semantic isolation, making cold-
start and cross-domain transfer 
difficult.

• Fragmented components limit 
scaling and MFU (<5%).

• Modest-sized models modest-
sized models

• Stage-specific losses miss global 
item distributions and multi-
stakeholder goals.

• Cumulative errors with 
progressive information loss

9



Paradigm Shift to GenRec
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Generative Recommendation (GR):
• Rather than scoring or ranking, GR directly 

generate item identifiers through generative 
models

• Structure paradigm shift:
• Input
• Item Tokenization
• Generative Model Structure
• Generative Optimization
• Output

10



Advantages of GenRec

Advantage of GR Tokenization:
1. Operating at the semantic level

Semantic ID – TIGER Reusing LLM vocabulary – BIGRec  

Amazon-Reviews-2023

～48,200,000 Item IDs/ Tokens

Llama-4

Qwen-3.5

～ 200,000 Tokens

～ 250,000 Tokens
11

2. More compact vocabulary design



Advantages of GenRec

Advantage of GR Architecture:
1. Model size scaling advantages 

12

2. High MFU and Maximizing hardware computation

3. Leverage NLP Technologies
- PEFT, Reasoning, Agentic, etc. 



Advantages of GenRec

Advantage of GR Optimization:
1. Next-token prediction over item tokens

• No longer only to separate positives from negatives.

User
Satisfaction

Creator
Ecosystem

Platform
Objectives

RL / Preference 
Optimization

GR model
P(next item | history)

Full Item distribution

  
  

 

               

                
     

13

2. Preference alignment
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Tokenization
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• What is Tokenization:
• Convert “human-readable data” to “machine-readable formats”

• Language Tokenization:
• Process of breaking text into small units, called tokens, that a language model can 

understand and process.

• Recommendation Tokenization:
• Process of converting users, items, and interactions into discrete tokens that a 

generative model can understand and predict.

Text, Image, Action Sequence of Tokens

“I love recommender systems.” ["I", " love", " recommend", "er", " systems", "."]

[40, 3021, 8542, 261, 6067, 13]



Tokenization

We divide the categories of current Tokenization method in three types:

16

• Sparse ID-based
• Random unique IDs; 
• Massive vocabulary.

• Text ID-based
• Natural language descriptions;

• Semantic ID-based
• Fixed-length quantized sequences; 

Compact & Semantic.



Sparse ID
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• Background
• Traditional Foundation: Rooted in the classic "Embedding & MLP" paradigm, 

assigning unique, parameterized vectors to each sparse ID (e.g., user/item ID).
• Generative Adaptation: Reformulates recommendation as a sequential transduction 

task. User behaviors are tokenized into chronological sequences for causal 
autoregressive modeling.

• Motivation
• Zero ID Collision
• Rich Feature Interaction
• Industrial Readness



Sparse ID - HSTU
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• Limitation of DLRMs: 
• Despite extensive features and vast data, most Deep Learning 

Recommendation Models scale poorly with compute

• Key Challenges:
• Features lack explicit structures in recommendation systems
• Billion-scale dynamic vocabulary (vs. 100K static in language)
• Computational cost: recommendation systems handle orders 

of magnitude more tokens than language models

• Scale Gap: 
• GPT-3 trained on 300B tokens over 1-2 months, while 

platforms process billions of user actions daily
Zhai et al. "Actions Speak Louder than Words: Trillion-Parameter Sequential Transducers for Generative 
Recommendations." ICML 2024. arXiv:2402.17152.



• Generative Recommenders (GRs)
• Reformulate ranking and retrieval as sequential transduction 

tasks
• Unify heterogeneous features into single time series
• Interleave items and actions: [item₁, act₁, ..., itemₙ, actₙ]

• HSTU Architecture:
• Pointwise aggregated attention (replaces softmax)

• Captures preference intensity for non-stationary vocabulary
• 5.3× to 15.2× faster than FlashAttention2-based Transformers

• Efficiency Innovations:
• Stochastic Length (SL): reduces sequence sparsity
• M-FALCON: batched inference for ranking candidates

Sparse ID - HSTU

19



• Offline Performance:
• HSTU outperforms SASRec by up to 65.8% in NDCG on 

public datasets
• 1.5×-2× faster wall-clock time with 50% less HBM 

usage

• Online A/B Tests:
• 12.4% improvement on main engagement metrics
• Deployed on multiple surfaces with billions of users

• Scaling Law:
• First demonstration that scaling law applies to 

recommendations
• Model quality scales as power-law of training compute
• Successfully scaled to 1.5 trillion parameters (GPT-

3/LLaMa-2 scale)

Sparse ID - HSTU

20



Sparse ID - MTGR
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• Scaling Law Dilemma:
• Generative recommendation shows excellent scalability 

but requires abandoning meticulously constructed cross 
features

• Critical Challenge for Sparse ID:
• How to retain sparse ID-based cross features (user-item 

interactions) while achieving GRM scalability?
• Removing cross features severely damages performance, 

cannot be compensated by scaling
• Industrial Requirements:

• High QPS and low latency constraints
• Need to process billions of user actions with sparse ID 

sequences

Han et al. "MTGR: Industrial-Scale Generative Recommendation Framework." CIKM 2024.



• Sparse ID Tokenization Strategy:
• Converts user features (U), sequence features (→S, →R), and 

candidate features (C, I) into unified token sequences
• Aggregates candidates by user: 
• Preserves all sparse ID-based cross features in candidate tokens

• Architecture Innovations:
• HSTU-based encoder with Group-Layer Normalization (GLN) for 

different semantic spaces
• Dynamic masking: Full attention for static features, auto-

regressive for real-time behaviors, diagonal mask for candidates

• Efficiency Optimization:
• Dynamic hash tables for sparse embedding entries
• Embedding ID de-duplication and automatic table merging

Sparse ID - MTGR

22



Text ID
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• Background: The Limitation of Sparse IDs
• Semantic Void: Random IDs lack inherent meaning; models rely solely on 

collaborative signals
• Cold-Start Bottleneck: Struggles to represent long-tail or newly introduced items.
• The Paradigm Shift: Tokenizing items via natural language (e.g., titles, attributes) 

using LLM pre-trained vocabularies

• Motivation & Advantages
• World Knowledge Integration: Leverages the LLM’s dense semantic space and 

reasoning capabilities
• Zero/Few-Shot Generalization: Naturally resolves cold-start issues and enables 

cross-domain transfer
• Interpretability & Interactivity: Provides human-readable explanations and 

supports conversational recommendations



Text ID - TallRec
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• Limitations:
• Random IDs lack semantic information
• Cold-start problem for long-tail items
• Cannot leverage LLM's world knowledge

• Critical Finding:
• LLMs with In-context Learning perform at random level 

(AUC ≈ 0.5)
• ChatGPT either refuses to answer or always predicts "like"

• Core Challenge:
• Huge gap between language tasks and recommendation
• Need to align LLMs with recommendation without sparse 

IDs

Bao et al. "TALLRec: An Effective and Efficient Tuning Framework to Align LLM with Recommendation." 
RecSys, 2023.



• Text-based Tokenization:
• Replace sparse IDs with textual 

descriptions
• Format: "attribute name: attribute 

value" (e.g., "Title: iPhone 17")
• Leverage LLM's pre-trained 

vocabulary (~30K tokens vs millions of 
sparse IDs)

• Two-Stage Tuning:
• Alpaca Tuning: General instruction 

following capability
• Rec-Tuning: Recommendation-specific 

alignment with LoRA
• Efficiency:

• Only tune 0.1% parameters via LoRA
• Trainable on single RTX 3090 (24GB)

Text ID - TallRec

25



• Effectiveness (64-shot setting):
• TALLRec: AUC = 0.67 (Movie), 0.60 (Book)
• Traditional models (SASRec, GRU4Rec): 

AUC ≈ 0.50
• In-context Learning (ChatGPT): AUC ≈ 

0.50 (random)

Text ID - TallRec
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• Effectiveness (64-shot setting):
• TALLRec: AUC = 0.67 (Movie), 0.60 (Book)
• Traditional models (SASRec, GRU4Rec): 

AUC ≈ 0.50
• In-context Learning (ChatGPT): AUC ≈ 

0.50 (random)

• Few-shot Capability:
• Strong performance with only 64 training 

samples & Outperforms sparse ID-based 
models 

• Cross-domain Generalization:
• Movie→Book transfer shows strong 

generalization
• Text-based ID enables semantic knowledge 

transfer across domains

Text ID - TallRec

27



Text ID - P5
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• Limitations:
• Task-Specific Silos: Traditional Sparse ID models require 

distinct, customized architectures for different tasks (e.g., 
rating vs. sequence)

• Semantic Deficiency: Sparse IDs are random integers, 
lacking inherent semantic meaning and world knowledge

• Cold-Start & Transferability: Sparse ID embeddings fail on 
long-tail items and cannot transfer knowledge across 
domains

• Core Question: 
• Replacing random IDs with the rich semantics of natural 

language?

Geng et al. "Recommendation as Language Processing (RLP): A Unified Pretrain, Personalized Prompt & 
Predict Paradigm (P5)." RecSys, 2022.



• Text-based Representation: 
• Replace Sparse IDs with textual attributes 

(e.g., "Title: iPhone", "Brand: Apple")
• Personalized Prompts: 

• Formulate diverse tasks into unified, 
instruction-based natural language 
templates

• Shared Architecture: 
• Use a single Encoder-Decoder (T5) 

backbone for all tasks, eliminating Sparse 
ID embedding tables

• Unified Objective: 
• Optimize all tasks with a single Language 

Modeling (text-to-text) loss

Text ID - P5

29



• Unified Task Performance: P5 matches or exceeds task-specific Sparse ID baselines across 5 
task families.

Text ID - P5

30



Text ID - P5
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• Unified Task Performance: P5 matches or exceeds task-specific Sparse ID baselines across 5 
task families.

• Cross-Domain Transfer: Successfully recommends and explains items in unseen domains (e.g., 
Toys to Beauty).

• Semantic Advantage: Text IDs enable LLMs to utilize world knowledge for cold-start and cross-
domain scenarios (Impossible for Sparse IDs).



Semantic ID
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• Background
• Atomic item IDs share no semantics → poor transfer to long-tail / unseen items
• Embedding tables & ANN indices scale linearly with catalog size
• Generative rec needs compact, unique, structured item identifiers

• Motivation
• First SID-based generative recommender: next-item = SID sequence generation 
• Sentence-T5 + RQ-VAE → coarse-to-fine Semantic ID
• Shows SID potential for cold-start expansion and diversity control

Rajput el.al. Recommender Systems with Generative Retrieval. NeurIPS 2023



SID - LETTER
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• Background: Item tokenization is necessary 
for LLM-based generative recommendation.

• There is a gap between the language space of 
LLMs and recommendation data.

• Varying length of item content make it hard to 
generate the exact item.

• Motivation: 
• ID identifier: assign each item with a unique 

numerical string
• Inefficiency in encoding semantic 

information
• Textual identifier : directly leverage item 

semantic information such as titles, 
attributes as item identifiers.
• Non-hierarchical semantics
• Lack of collaborative signals

• SID-based Identifier: adopt auto-encoders 
to encode item semantics into hierarchical 
code sequences as identifiers
• Lack of collaborative signals
• Code assignment bias

Wang et al. “Learnable Item Tokenization for Generative Recommendation” CIKM 2024.



SID - LETTER
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• Objective: 
• Semantic integration: Integrating hierarchical semantic with the token sequence
• Collaborative signals: Incorporating collaborative signals into the token assignment
• Diversity: Mitigating code assignment bias brought by token assignment.

Semantic regularization

Collaborative regularization

Diversity regularization



SID - LETTER
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• Collaborative Regularization 
• Motivation: Alleviating the misalignment between item identifiers and collaborative 

signals
• Idea: Using embeddings from a well-trained CF Model (e.g. SASRec) to align with the 

quantized embedding in RQ-VAE
• Loss form

Misalignment between item identifiers and collaborative signals. “Emb.” denotes “Embeddings”.



SID - LETTER
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• Diversity Regularization 
• Motivation: Mitigating code assignments bias brought by a biased code embedding 

distribution
• Idea: Evenly distribute code embeddings across their representation space in each layer
• Loss form

Comparison between Code assignment with biased distribution and uniform distribution of code embeddings.



SID - OneRec
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• Motivation:
• Retrieval / ranking / re-

ranking are fragmented; 
communication & storage 
dominate compute 

• Hundreds of objectives 
optimized independently → 
cross-stage conflicts 

• Cascaded systems cannot 
fully exploit scaling laws, 
MoE, or RL

• Contribution: 
• First Industrial SID-based Method.
• Deployable enc-dec generative recommender that unifies 

retrieval and ranking 
• Collaborative-aware RQ-KMeans tokenizer with multimodal + 

collaborative signals

OneRec Team. OneRec Technical Report. In Arxiv 2025



SID - OneRec
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• Tokenizer:
• miniCPM-V-8B → QFormer compress → collaborative alignment → 3-level 

RQ-KMeans



SID - OneRec
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• Full Architecture:
• Multi-path encoder (static / short-term / positive / lifelong) + MoE 

decoder → 3-token SID



SID - RPG
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• Motivation:
• Short SIDs (4 tokens) have limited 

capacity; extending to 32–64 tokens 
makes AR decoding expensive 

• Independent parallel prediction can 
produce invalid SID combinations 

• Exhaustively scoring all items 
reintroduces catalog-scale online 
compute

• Contribution: 
• First OPQ-based SIDs up to 64 tokens with 

no cross-position AR dependency
• Multi-Token Prediction (MTP): all SID 

positions in one backbone forward pass 

Hou et al. Generating Long Semantic IDs in Parallel for Recommendation. KDD 2025.



SID Challenge - Inconsistency
ETEGRec 
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• Motivation:
• Two-stage methods (TIGER/LETTER): tokenizer 

frozen after pre-train → reconstruction ≠ 
recommendation objective 

• Naively updating both components → unstable 
SID and objective drift

• Contribution: 
• First joint training: RQ-VAE tokenizer + 

generative recommender co-adapt 
• Alternating optimization stabilizes tokenizer–

recommender co-evolution

Liu et al. Generative Recommender with End-to-End Learnable Item Tokenization. SIGIR 2025.



SID Challenge - Interpretability
OneRec-Think 

42

• Motivation:
• Existing generative recommenders generate 

SIDs directly — preference modeling is implicit 
& uncontrollable 

• Itemic tokens are not aligned with language 
space → general LLM cannot reason over SIDs

• Full CoT reasoning is too slow for real-time 
serving

• Contribution: 
• First work to Unified autoregressive process: 

textual rationale + itemic-token 
recommendation

• Target-aware reasoning scaffolding: rationale 
from relevant history, SFT on full noisy history

Liu et al. ONEREC -THINK: In-Text Reasoning for Generative Recommendation. ACL 2026.



SID Challenge - Interpretability
OneRec-Think 
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• Method:
• Itemic Alignment:Token 

warm-up → multi-task: 
persona grounding, 
sequential preference, dense 
captioning, general LM



SID Challenge - Interpretability
OneRec-Think 
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• Method:
• Itemic Alignment:Token 

warm-up → multi-task: 
persona grounding, 
sequential preference, dense 
captioning, general LM

• Reasoning SFT: Generate 
rationales from top-10 
target-relevant behaviors; 
distill to training on full noisy 
history



SID Challenge - Interpretability
OneRec-Think 
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• Method:
• Itemic Alignment:Token 

warm-up → multi-task: 
persona grounding, 
sequential preference, dense 
captioning, general LM

• Reasoning SFT: Generate 
rationales from top-10 
target-relevant behaviors; 
distill to training on full noisy 
history

• GRPO: Each reasoning rollout 
→ beam search; best SID-
token match count = reward



SID Challenge - Modality
QARM 
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• Motivation:
• Representation Unmatching: Pretrained MLLMs (CLIP, BLIP2, etc.) are trained on NLP/CV 

self-supervised objectives, misaligned with recommendation-specific user behavior signals
• Representation Unlearning: Multimodal features are stored as fixed cached inputs to the 

recommendation model, blocking gradient updates and end-to-end learning

• Contribution: 
• Item Alignment: Fine-tunes the MLLM via 

contrastive learning on business-derived 
item-item pairs to align representations 
with downstream recommendation 
distributions

• Quantitative Code (VQ + RQ): Discretizes 
continuous multimodal representations 
into learnable Semantic IDs, enabling end-
to-end training within the 
recommendation model

Luo et al. QARM: Quantitative Alignment Multi-Modal Recommendation at Kuaishou. CIKM 2026.



SID Challenge - Modality
QARM 
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• Method:
• Item Alignment: Mines item-item pairs from U2I/I2I retrieval models; fine-tunes MLLM with batch-

contrastive loss using multimodal (text + image + audio) inputs only



SID Challenge - Modality
QARM 
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• Method:
• Item Alignment: Mines item-item pairs from U2I/I2I retrieval models; fine-tunes MLLM with batch-

contrastive loss using multimodal (text + image + audio) inputs only
• VQ Code: Uses all item representations as a codebook; assigns each item its Top-K (K=25) nearest 

neighbors as discrete VQ codes



SID Challenge - Modality
QARM 
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• Method:
• Item Alignment: Mines item-item pairs from U2I/I2I retrieval models; fine-tunes MLLM with batch-

contrastive loss using multimodal (text + image + audio) inputs only
• VQ Code: Uses all item representations as a codebook; assigns each item its Top-K (K=25) nearest 

neighbors as discrete VQ codes
• RQ Code: L-level (L=6) residual K-means — each level quantizes the residual from the previous level, 

yielding hierarchical Semantic IDs



SID Challenge - Modality
QARM 
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• Method:
• Item Alignment: Mines item-item pairs from U2I/I2I retrieval models; fine-tunes MLLM with batch-

contrastive loss using multimodal (text + image + audio) inputs only
• VQ Code: Uses all item representations as a codebook; assigns each item its Top-K (K=25) nearest 

neighbors as discrete VQ codes
• RQ Code: L-level (L=6) residual K-means — each level quantizes the residual from the previous level, 

yielding hierarchical Semantic IDs



Summary
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➢ Summary:
• Sparse ID lacks semantics and generalizability, 

but offers accurate grounding
• Text-Based is semantically rich and 

generalizable, but grounding is difficult
• SID-Based is the most promising direction, 

balancing compact vocabulary, semantics, and 
grounding

➢ Future:
• Adaptive tokenization: Dynamically adjusts to 

handle collision rate changes, new item influx, 
and cross-scenario generalization

• Tokenizer evaluation framework: Current 
metrics (collision rate, information entropy, 
codebook utilization) are all surface-level 
proxies that cannot directly guide the design of 
tokenizers truly optimized for downstream 
recommendation performance
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Architecture
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• Encoder-Decoder
• Encoding rich information.
• Decoding the SID of next 

item.

• Decoder-only
• Putting all the information in 

causal sequence.

• Diffusion-based
• Denosing the state to the 

final stage to derive the 
possible SID.



Architecture
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• Emerging Trend: Decoder-Only + Scaling

• One causal sequence for behavior, context, 
and candidates.

• Scale long histories with efficient, serving-
ready generation.

• Examples: HSTU, COBRA, MTGR, RecGPT.

Model structure Analysis:



Architecture Roadmap

• One-page map: 
• Compare conditioning, generated object, and serving trade-off.

Architecture family Context / conditioning Generated object Serving bias / examples

Encoder-Decoder 
Architecture

Encoder conditions prompts, 
instructions, modalities, and 
local context.

Text, item IDs, semantic IDs, or 
local-service targets.

Rich but heavier 
conditioning; P5, 
InstructRec/VIP5, 
OneRec-v1, OneLoc.

Decoder-Only 
Architecture

Causal stream over user actions, 
candidates, and context tokens.

Next actions/items or sparse-
dense retrieval representations.

Throughput-oriented 
scaling; 
BIGRec,Llama4Rec, 
COBRA, RecGPT

Diffusion-based 
Architecture

Iterative denoising from noisy 
candidate or code states.

Denoised item/code 
distributions or candidate sets.

Parallel or non-AR 
generation; diffusion-
based GR.

[Tutorial] Li et al. Tutorial on Generative Recommendation: Foundations and Frontiers. KDD 2026. 4
55



Encoder-Decoder GR

• Shared question: 
• What context should the encoder preserve, what target should the decoder generate, and how 

does serving reshape the architecture?
[1] Geng et al. P5. RecSys 2022; [2] Zhang et al. InstructRec. TOIS 2024/2025; [3] Geng et al. VIP5. EMNLP Findings 2023; [4] Wang et al. EAGER. KDD 2024; [5] Luo et al. OneLoc. WSDM 2026. 5

56

Axis P5 InstructRec / VIP5 M6-Rec OneRec-v1 OneLoc

Input Prompt text + item 
IDs

Instructions + 
visual tokens

Segmented user / 
candidate / 

feature fields

Multi-scale user 
behaviors

Geo-aware SIDs + 
location

Encoder T5 encoder Instruction / visual 
conditioning

M6 foundation 
backbone

Multi-path 
behavior encoder

Location-aware 
attention

Decoder / output Text-to-text 
outputs

Richer-context 
outputs

Task outputs + late 
interaction

Causal semantic-
ID decoder

Local semantic-ID 
decoder + RL

Lesson Backbone reuse Richer 
conditioning

Foundation model 
+ segments

End-to-end 
generator

Serving-
specialized 

context



Encoder-Decoder: Interface

Encoder: represent user history, task prompt, modality, and context as conditional states.

Decoder: emit text, item tokens, semantic IDs, explanations, or local-service targets.

Key question: what enters the encoder, and what object should the decoder generate?

6
57



Encoder-Decoder: Design Axes

Backbone reuse: keep a T5-style text-to-text architecture.

Conditioning: add instructions, visual tokens, prompts, or geo context on the encoder 
side.

Decoder structure: move from one output stream to behavior/semantic or geo-aware 
code streams.

Optimization: attach auxiliary or deployment-aware objectives around the backbone.

7
58



Encoder-Decoder: P5

Background
• P5 starts from a standard T5 text-to-text 

encoder-decoder.

Motivation
• Multiple recommendation tasks need one 

prompt interface instead of task-specific 
heads.

Contributions
• Serialize users, items, histories, and tasks into 

prompts, then decode task outputs.

[1] Geng et al. P5. RecSys 2022. Fig. 1 (arXiv version). 8
59



Encoder-Decoder: P5

Input arrangement: template user, history, item, and task fields as encoder text.

Generation: use the T5 decoder for ratings, item tokens, explanations, and reviews.

Takeaway: architecture novelty is mainly the prompt interface, not new layers.

[1] Geng et al. P5. RecSys 2022. Fig. 3 (arXiv version). 9
60



Encoder-Decoder: InstructRec/VIP5

Background
• P5 leaves intent and multimodal item evidence 

mostly to the prompt text.

Motivation
• A stronger encoder side should carry 

preferences, instructions, and visual signals.

Contributions
• InstructRec injects preference instructions; 

VIP5 adds visual tokens while preserving T5.

[2] Zhang et al. InstructRec. TOIS 2024/2025; [3] Geng et al. VIP5. EMNLP Findings 2023. 10
61



Encoder-Decoder: InstructRec/VIP5

Instruction conditioning: convert user preference into Flan-T5-readable task context.

Visual conditioning: place item image tokens into the same encoder-side interface.

Takeaway: both methods improve what the encoder sees rather than redesigning the 
decoder.

[2] Zhang et al. InstructRec. TOIS 2024/2025; [3] Geng et al. VIP5. EMNLP Findings 2023. 11
62



Encoder-Decoder:M6-Rec

Motivation
• Foundation models offer one generative 

interface for heterogeneous 
recommendation tasks.

Challenge
• User, candidate, and feature fields must 

remain interaction-aware and efficient to 
adapt.

Contribution
• M6-Rec combines an M6 backbone with 

multi-segment forward passes and late 
interaction.

[1] Cui et al. M6-Rec. arXiv:2205.08084, 2022. Fig. 4. 2
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Encoder-Decoder:M6-Rec

A shared M6 backbone reads user, candidate, behavior, and feature segments in one 
model.

Late interaction keeps user and candidate features separable until the scoring stage.

[1] Cui et al. M6-Rec. arXiv:2205.08084, 2022. Fig. 3. 3
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Encoder-Decoder:M6-Rec

M6-Rec reports gains in CTR prediction and all-item retrieval, while Figure 7 shows zero-
shot transfer.

Main task results

All-item retrieval (HitRate@100)

Zero-shot transfer (AlipayQuery)

Main signal: M6-Rec reaches 0.7508/0.7995 AUC in CTR and 74.1% HitRate@100 in retrieval.

[1] Cui et al. M6-Rec. arXiv:2205.08084, 2022. Fig. 7 and Tables 2-3. 4
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Encoder-Decoder: OneRec-v1

Motivation
• Cascaded retrieval and ranking pipelines 

fragment optimization and waste 
modern accelerator capacity.

Challenge
• A generator must use rich user behavior 

while directly optimizing the final 
recommendation outcome.

Contribution
• OneRec replaces the cascade with an 

end-to-end encoder-decoder generator 
guided by rewards.

[2] Zhou et al. OneRec Technical Report. arXiv:2506.13695, 2025. Fig. 2. 5
66



Encoder-Decoder: OneRec-v1

The tokenizer aligns multimodal item content with collaborative item-pair signals before 
quantization.

RQ-Kmeans turns each item into coarse-to-fine semantic IDs, giving the decoder a 
compact fixed target vocabulary.

[2] Zhou et al. OneRec Technical Report. arXiv:2506.13695, 2025. Fig. 3. 6
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Encoder-Decoder: OneRec-v1

The encoder-decoder uses static, short-term, positive-feedback, and lifecycle behavior 
pathways.

A causal decoder generates coarse-to-fine semantic IDs through cross-attention to encoder 
states.

[2] Zhou et al. OneRec Technical Report. arXiv:2506.13695, 2025. Fig. 4. 6
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Encoder-Decoder: OneRec-v1

We pair offline feature ablation with online RL results under different Pass@K settings.

Offline: feature ablation (Table 2) Online: RL impact under Pass@K (Table 6)

• Main signal:
• Offline features improve P-Score by 28.88%; online RL at Pass@32 raises App Stay Time by +0.49%.

[2] Zhou et al. OneRec Technical Report. arXiv:2506.13695, 2025. Tables 2 and 6. 7
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Encoder-Decoder: OneLoc

Background
• Local-life recommendation is conditioned by 

history, current location, and nearby POIs.

Motivation
• Plain SID generation misses geography, 

neighborhood structure, and business signals.

Contributions
• OneLoc injects geography into encoder attention, 

decoder prompts, and RL rewards.

[5] Luo et al. OneLoc. WSDM 2026. Fig. 2 (arXiv version). 15
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Encoder-Decoder: OneLoc

[5] Luo et al. OneLoc. WSDM 2026. Fig. 2 (arXiv version). 16
71

Geo-aware attention
• Adding location similarity to encoder self-

attention.

Location gate
• Modulating encoder outputs before 

decoder cross-attention.

Neighbor prompt
• Guiding the decoder with surrounding POI 

context.



Encoder-Decoder: OneLoc

[5] Luo et al. OneLoc. WSDM 2026. Fig. 3 (arXiv version). 17
72

Offline system: learn geo-aware SIDs and train the encoder-decoder generator.

Online system: decode local candidates, then pass them to retrieval/ranking service.

Takeaway: architecture changes are tied to serving, not only model accuracy.



Encoder-Decoder: OneLoc

• Main signal: 
• Neighbor-aware prompts improve local sensitivity in the decoder.

[5] Luo et al. OneLoc. WSDM 2026. Fig. 4 (arXiv version). 18
73

Prompt variants: compare point-wise, neighbor-MLP, and neighbor-aware prompt designs.



Reward variants: combine Recall, NDCG, distance, and GMV signals.

Encoder-Decoder: OneLoc

• Main signal: 
• RL rewards move generated candidates toward deployment objectives.

[5] Luo et al. OneLoc. WSDM 2026. Fig. 5 (arXiv version). 19
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Encoder-Decoder Work Summary
Axis P5 InstructRec / VIP5 M6-Rec OneRec-v1 OneLoc

Input Prompt text + item 
IDs

Instructions + 
visual tokens

Segmented user / 
candidate / 

feature fields

Multi-scale user 
behaviors

Geo-aware SIDs + 
location

Encoder T5 encoder Instruction / visual 
conditioning

M6 foundation 
backbone

Multi-path 
behavior encoder

Location-aware 
attention

Decoder / output Text-to-text 
outputs

Richer-context 
outputs

Task outputs + late 
interaction

Causal semantic-
ID decoder

Local semantic-ID 
decoder + RL

Lesson Backbone reuse Richer 
conditioning

Foundation model 
+ segments

End-to-end 
generator

Serving-
specialized 

context

• Bridge: 
• As more context and target design move into one generative interface, can a scaled causal decoder 

absorb the encoder?
8
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Encoder-Decoder Takeaways

Background: early encoder-decoder GR mainly reuses a strong text-to-text backbone.

Motivation: gains come from richer conditioning before generation.

Takeaway: later systems specialize output streams, semantic codes, and serving 
objectives.

21
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Bridge to Decoder-only

Encoder-decoder is strong when context is rich and heterogeneous.

Industrial serving exposes a cost problem: multi-encoder or multi-stream designs are 
heavier.

Decoder-only models move the story toward one scalable sequence and high-throughput 
generation.

22
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Why Decoder-Only Scales

• Takeaway: 
• Decoder-only turns recommendation into a standard autoregressive scaling problem.

Architecture Computation Scaling Recommendation Interface

Encoder-Decoder Separate encoding + cross-
attention

Two stacks to scale Encode history, then decode 
an item

Decoder-Only One causal Transformer One reusable backbone Predict the next token or 
item

Why the shift? Simpler training path Easier model, data, and context 
scaling

Direct fit for generation

78



Two Paths of Decoder-Only

Paradigm Item Representation Prediction Target Selected Papers

LLM-Based 
Recommendation

Natural-language semantics Item text or relevance BIGRec; Llama4Rec

SID-Based Generative Rec Discrete semantic item IDs Next SID sequence COBRA; RecGPT

Shared Foundation Decoder-only Transformer Autoregressive generation Same backbone, different 
output space
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Decoder-only: BIGRec

Bao et al. "A Bi-Step Grounding Paradigm for Large Language Models in Recommendation Systems." 2024.

• Background:
• LLMs provide strong semantic priors for recommendation.
• Existing LLM4Rec methods mainly use sampled candidate sets.

• Motivation:
• Preserve meaningful and flexible item generation.
• Ground free-form outputs to valid catalog items.
• Integrate popularity and collaborative signals.

• Contributions:
• Bi-step grounding: language space -> recommendation space -> actual item space.
• Flexible integration of semantic and behavioral information.
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Decoder-only: BIGRec

Bao et al. "A Bi-Step Grounding Paradigm for Large Language Models in Recommendation Systems." 2024.

•Language-to-Recommendation Grounding: 
instruction-tune on user histories and target 
item text.
•Constrain open-ended generation to 
preference-aligned item concepts.
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Decoder-only: BIGRec

Bao et al. "A Bi-Step Grounding Paradigm for Large Language Models in Recommendation Systems." 2024.

• Catalog grounding: rank real items by 
L2 distance to the generated concept.
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Decoder-only: BIGRec

Bao et al. "A Bi-Step Grounding Paradigm for Large Language Models in Recommendation Systems." 2024.

• Catalog grounding: retrieve the 
closest real items by semantic 
distance.

• Statistical reweighting: inject popularity or 
collaborative scores during reranking.
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Decoder-only: BIGRec

• Main signal: 
• With only 1,024 samples, BIGRec substantially outperforms data-matched baselines.

Bao et al. "A Bi-Step Grounding Paradigm for Large Language Models in Recommendation Systems." 2024.
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Decoder-only: BIGRec

• Main signal: 
• BIGRec remains competitive with full-data recommenders; collaborative signals further improve 

grounding.

Bao et al. "A Bi-Step Grounding Paradigm for Large Language Models in Recommendation Systems." 2024.
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Decoder-only: LlamaRec

• Background:
While Conventional methods excel at mining collaborative information and modeling sequential behavior, they 

struggle with data sparsity and long-tail problem.

LLM-based methods are proficient at utilizing rich textual contexts, but face challenges in utilizing collaborative 
or sequential information.

• Research Questions:
How to leverage LLM’s reasoning ability in conventional methods?

How to introduce collaborative/sequential informtaion in LLM-based methods?

How to aggregate the LLM-based method and conventional methods properly?

Significant Gap

Luo, Sichun, et al. "Integrating large language models into recommendation via mutual augmentation and adaptive aggregation." arXiv preprint arXiv:2401.13870 
(2024).
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Decoder-only: LlamaRec
• To overcome the above problems, the authors propose LlamaRec, which allows the 

conventional & LLM-based augmentation to mutually augment each other and adaptively 
aggregates the results.

Luo, Sichun, et al. "Integrating large language models into recommendation via mutual augmentation and adaptive aggregation." arXiv preprint arXiv:2401.13870 (2024). 87



Decoder-only: LlamaRec
• Specifically, for the first problem ‘Q1: How to leverage LLM’s reasoning ability in conventional 

methods?’, The authors designed the Data Augmentation module.

• Data Augmentation: 
• Direct Recommendation:

• Leveraging LLM to rank each item pair and 
form the corresponding BPR loss:

Luo, Sichun, et al. "Integrating large language models into recommendation via mutual augmentation and adaptive aggregation." arXiv preprint arXiv:2401.13870 (2024). 88



Decoder-only: LlamaRec
• Specifically, for the first problem ‘Q1: How to leverage LLM’s reasoning ability in conventional 

methods?’, The authors designed the Data Augmentation module.

• Data Augmentation: 
• Direct Recommendation:

• Leveraging LLM to rank each item pair and 
form the corresponding BPR loss:

• Sequential Recommendation:
• Leveraging LLM to predict the user prefered items in the un-interacted list, and then inserting 

them in the interaction sequence.

Luo, Sichun, et al. "Integrating large language models into recommendation via mutual augmentation and adaptive aggregation." arXiv preprint arXiv:2401.13870 (2024). 89



Decoder-only: LlamaRec
• Specifically, for the first problem ‘Q1: How to leverage LLM’s reasoning ability in conventional 

methods?’, The authors designed the Data Augmentation module.

• Data Augmentation: 
• Direct Recommendation:

• Leveraging LLM to rank each item pair and 
form the corresponding BPR loss:

• Sequential Recommendation:
• Leveraging LLM to predict the user prefered items in the un-interacted list, and then inserting 

them in the interaction sequence.
• Rating Prediction:

• Leveraging LLM’s world knowledge to provide side information of item features.

Luo, Sichun, et al. "Integrating large language models into recommendation via mutual augmentation and adaptive aggregation." arXiv preprint arXiv:2401.13870 (2024). 90



Decoder-only: LlamaRec
• For the second problem ‘Q2: How to introduce collaborative/sequential informtaion in LLM-

based methods?’, The authors design the two Prompt Augmentation strategies.

• Information from Similar User:
• Regarding the interacted items of similar users as 

collaborative information to enrich the prompt for LLM 
Instruction-tuning. 

• Knowledge from Conventional Rec Model:  
• Combining the prediction results from conventional 

models with the prompt.

Luo, Sichun, et al. "Integrating large language models into recommendation via mutual augmentation and adaptive aggregation." arXiv preprint arXiv:2401.13870 (2024). 91



• The Utility Score of Rating 
Prediction task can be formulize 
as: 

Decoder-only: LlamaRec
• Moreover, for ‘Q3: How to aggregate the LLM-based method and conventional methods 

properly?’, LlamaRec introduce the Adaptive Aggregation. 
• Long-tail coefficient:

For the top-𝑘 recommendation task, the LLM is employed to rerank the item list and the 
Utility Score can be calculated as the same.

Luo, Sichun, et al. "Integrating large language models into recommendation via mutual augmentation and adaptive aggregation." arXiv preprint arXiv:2401.13870 (2024). 92



Decoder-only: LlamaRec
• For the experimental results, LlamaRec achieves optimal results under three public datasets

and three recommendation tasks.

Overall Performance achieved by Direct Recommendation 
Models 93



Decoder-only: LlamaRec
• For the experimental results, LlamaRec achieves optimal results under three public datasets

and three recommendation tasks.

Overall Performance achieved by Sequential Recommendation 
Models
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Decoder-only: LlamaRec
For the experimental results, LlamaRec achieves optimal results under three public datasets and
three recommendation tasks.

Overall Performance achieved by Rating Prediction Models
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From LLMRec to SID-based Rec

▪ LLMRec Bottleneck
• Free-form outputs are semantically rich but 

require catalog grounding.

▪ SID Reformulation
• Represent each item as a discrete semantic 
token sequence.
• Predict the next item directly in a catalog-native 
output space.

▪ What changes
• Valid decoding and catalog-scale generation 
become easier.
• Representation quality becomes the new 
bottleneck.

[2] Yang et al. Sparse Meets Dense. arXiv 2025. Fig. 1. 29
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Decoder-only: OneRec-v2

• Background
• OneRec introduces a GR framework
• Its encoder–decoder architecture faces 

scalability limitations
• Limited model capacity leads to suboptimal 

performance

• Motivation
• Move beyond OneRec’s encoder–decoder 

design
• Embrace a decoder-only architecture for 

scalable autoregressive generation

• Contributions
• Enable effective scaling with a lazy decoder-

only architecture
29
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Decoder-only: OneRec-v2

• Context Processor
• Integrating heterogeneous and multi-modal 

user behavioral signals.

• Lazy Decoder Block
• Tokenizer: Utilizing the first 2 IDs and prepend 

a <BOS> to prepare the input

• Block Structure:

30
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Decoder-only: COBRA

• Background
• Generative retrieval needs item 

representations that are both scalable and 
discriminative.

• Motivation
• Sparse SIDs retrieve efficiently but lose fine-

grained matching signals.

• Contributions
• Couples sparse ID generation, dense-vector 

refinement, and BeamFusion in one coarse-to-
fine pipeline.

[2] Yang et al. Sparse Meets Dense. arXiv 2025. Fig. 1. 29
99



Decoder-only: COBRA

• Cascaded representation
• Pair every sparse ID with a dense item 

vector.

• Joint objective
• Optimize sparse-token generation and 

dense-vector prediction together.

• BeamFusion
• Combine beam probability and ANN 

similarity at inference.

[2] Yang et al. Sparse Meets Dense. arXiv 2025. Fig. 3. 30
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Decoder-only: COBRA

• Sparse generation
• Decode coarse semantic IDs to narrow the 

catalog.

• Dense refinement
• Predict dense vectors and search within 

candidate partitions.

• Output
• Combine generative and nearest-neighbor 

evidence for final Top-K.

[2] Yang et al. Sparse Meets Dense. arXiv 2025. Fig. 3. 30
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Decoder-only: COBRA

[2] Yang et al. Sparse Meets Dense. arXiv 2025. Table 3. 31

• Industrial ablation removes sparse IDs, dense vectors, or BeamFusion.

• Main signal:
• All three components improve Recall; the gain adds ANN-search and score-fusion cost at serving 

time.
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Decoder-only: RecGPT

Jiang et al. "RecGPT: A Foundation Model for Sequential Recommendation." EMNLP 2025.

• Background
• Common RS strugles to perform cross-domain 

recommendation.
• A foundation RS needs a shared item representation 

space.

• Motivation
• Item textual semantics are hard to grounded back to 

valid catalog.
• Item representations need item-internal consistency 

and sequence-level causality.

• Contributions
• Text-driven item tokenization with Finite Scalar 

Quantization.
• Bidirectional-causal attention and Trie-constrained 

catalog-aware beam search.
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Decoder-only: RecGPT

Jiang et al. "RecGPT: A Foundation Model for Sequential Recommendation." EMNLP 2025.

• Unified Item Tokenization: 
• Representation:

• Objective for text encoder:

• Item embeddings:

• Quantization:
• Finite Scalar Quantization:

• Optimization:
• Reconstruction optimization: 
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Decoder-only: RecGPT

Jiang et al. "RecGPT: A Foundation Model for Sequential Recommendation." EMNLP 2025.

• Unified Item Tokenization:
• Mapping semantic embeddings to 

fixed-length semantic tokens.

• Universal Recommendation:
• Bidirectional Attention for Item 

Tokens
• Auxiliary Item Semantic Features:
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Decoder-only: RecGPT

Jiang et al. "RecGPT: A Foundation Model for Sequential Recommendation." EMNLP 2025.

• Unified Item Tokenization: 
• Mapping semantic embeddings to 

fixed-length semantic tokens.

• Universal Recommendation: 
• Giving the next item token sequence 

with a decoder-only backbone.

• Efficient Token Decoder:
• Efficient Next-item Prediction
• Prefix Enhancement
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Decoder-only: RecGPT

• Main signal:
• RecGPT is zero-shot, yet beats or matches few-shot baselines across several target domains; FSQ is 

the key ablation anchor.

Jiang et al. "RecGPT: A Foundation Model for Sequential Recommendation." EMNLP 2025.
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Diffusion-based GR

• Shared question: 
• Which SID positions should be hidden, which should be restored first, and how do we keep Top-K 

generation valid?

Axis DiffGRM MDGR

Tokenizer PSE balanced digits OPQ parallel codebook

Noising On-policy coherent noising Curriculum + history-aware masks

Denoising Confidence-guided CPD Warm-up anchors + parallel decoding

Lesson Mask hard digits Tune quality vs QPS
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Why Diffusion-Based Models?

• Semantic IDs are structured objects: all digits 
jointly identify the same item.

• Autoregressive decoding creates an left-to-
right information barrier.

• Early SID mistakes propagate because later 
steps condition on an incorrect prefix.

• Masked denoising lets the model revisit 
uncertain positions and fill tokens in an 
adaptive order.
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Diffusion-based: DiffGRM

• Background
• GR represents each item as Semantic ID.
• SID is naturally structured with different 

semantic granularity.

• Motivation
• Autoregressive generation blocks later digits 

from helping earlier decisions.
• Uniform next-token loss ignores 

heterogeneous digit difficulty.

• Contributions
• Parallel Semantic Encoding and Confidence-

guided Parallel Denoising.
• Masked-diffusion decoder for SID 

reconstruction.

Liu et al. "DiffGRM: Diffusion-based Generative Recommendation Model." WWW 2026.
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Diffusion-based: DiffGRM

Liu et al. "DiffGRM: Diffusion-based Generative Recommendation Model." WWW 2026.

• Parallel Semantic Encoding:
• Leveraging OPQ-based partition-and-

quantize scheme.

• On-policy Coherent Noising:
• Probe difficulty: Fully-masking and 

measuring each digit’s uncertainty.

• Rank and coherently mask: Sorting digits 
from hard to easy, then masks the top 
hardest digits.

• Train: 
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Diffusion-based: DiffGRM

Liu et al. "DiffGRM: Diffusion-based Generative Recommendation Model." WWW 2026.

• Confidence-guided Denoising:
• Global Beams Initialization: Choosing the top digit-

codeword pairs acorss all positions

• Expantion: Filling one till-masked digit and 
accumulating the log-probability

• Truncation: Retaining the best branches and 
deduplicating
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Diffusion-based: DiffGRM

• Main signal: 
• DiffGRM improves Recall/NDCG across Amazon Reviews; PSE, OCN, and CPD each contribute to 

NDCG@10.

Liu et al. "DiffGRM: Diffusion-based Generative Recommendation Model." WWW 2026.
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Diffusion-based: MDGR

• Background
• Common GR generates SID in a fixed order.
• One-shot parallel GR is fast but lacks iterative 

refinement.

• Motivation
• SIDs should model global attribute dependencies 

and user-specific token priorities.
• Industrial systems need a controllable quality-

latency trade-off.

• Contributions
• OPQ-based parallel codebook, curriculum noising, 

and history-aware mask allocation.
• Warm-up based two-stage parallel decoding with 

beam search.

Mu et al. "Masked Diffusion Generative Recommendation."
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Diffusion-based: MDGR

• Parallel Codebook:
• Using OPQ-based parallel codebooks

to build item SID

Mu et al. "Masked Diffusion Generative Recommendation."
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Diffusion-based: MDGR

• Training:
• Global Curriculum Noise Scheduling:

• Obtaining the stretched difficulty to 
interpolate the scores 

• Deriving the probability distribution over 
the mask count

Mu et al. "Masked Diffusion Generative Recommendation."
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Diffusion-based: MDGR

• Training:
• Global curriculum noise scheduling:
• History-aware Mask Position 

Allocation:
• Calculating the Token Frequency:

• Deriving the position-wise sampling 
distribution:

• Replacing with [MASK]:

Mu et al. "Masked Diffusion Generative Recommendation."
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• Optimization:



Diffusion-based: MDGR

• Inference:
• Warm-up based Position Scheduling Strategy:

• Token Position Selection:
• Calculating Confidence Score over Position:

• Selecting the Highest for Decoding:

Mu et al. "Masked Diffusion Generative Recommendation."
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Diffusion-based: MDGR

• Inference:
• Beam Search Based Generation:

• Expanding the Position with Retained Token:

• Selecting the Top-B for Beam Search:

Mu et al. "Masked Diffusion Generative Recommendation."
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• Main signal: 
• MDGR improves up to 10.78% over the strongest baseline and shows deployment-aware efficiency 

trade-offs.

Diffusion-based: MDGR

Mu et al. "Masked Diffusion Generative Recommendation."
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Diffusion-Based Work Summary

Work Failure Mode Fixed Training / Noising Inference / Denoising

DiffGRM SID digit consistency and 
heterogeneous difficulty

OCN masks uncertain 
digits

Confidence-guided parallel denoising

LLaDA-Rec Fixed AR order and error 
accumulation

History and next-item 
masking

Adaptive remask plus beam search

MDGR Generic diffusion ignores history and 
latency

Curriculum + history-
aware allocation

Warm-up then parallel decoding

• Takeaway:
• Diffusion-based GR is a parallel SID generation architecture designed to avoid prefix-accumulated 

errors caused by autoregressive decoding.

121



Architecture Summary

• Structure framing: standardize the scalable backbone, then innovate around 
representation, masking, decoding, and deployment efficiency.

Family Core Role Strength Open Issue

Encoder-Decoder Encode user context, decode 
item tokens

Balances understanding and 
generation

Encoder-heavy compute and 
custom modules

Decoder-Only Autoregressively model 
behavior/item streams

Simple scalable backbone Needs task-aware masks and 
valid decoding

Diffusion-Based Denoise the full target SID Bidirectional target modeling 
and adaptive order

Still early for broad industrial 
integration

Source: 2026_Kuaishou_lixiaopeng_GenRec_Survey/4.Structure.tex.
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Architecture Takeaways

• Generative recommendation is moving toward unified, hardware-friendly architectures.

• Decoder-only models inherit scaling advantages but need recommendation-aware 
representation and masks.

• Diffusion-based models reframe item generation as adaptive reconstruction of 
structured semantic IDs.

• Across families, deployability depends on valid item retrieval, latency control, and task-
aware information flow.
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Background
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• Traditional Recommendation
• Traditional recommendation optimizes local scoring objectives, such as retrieval 

matching and ranking prediction.

• Generative Recommendation
• Generative recommendation optimizes item generation, learning to produce item 

tokens or recommendation lists from user history.

• Optimization Shift
• From separating positive and negative items to modeling how suitable items are 

generated, while further aligning generated results with ranking quality, user 
preference, and platform objectives.



Optimization

We divide the categories of current optimization method in two types:

126

• Supervised learning,:
• Next-Token Prediction (NTP)
• Noise-Contrastive Estimation (NCE)
• Auxiliary Loss

• Preference Learning:
• Direct Preference Optimization 

(DPO)
• Group Relative Policy 

Optimization (GRPO)



Surpervised Learning
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NTP NCE

Method TIGER LETTER COBRA PinRec IntSR

Supervision 
target

next-item 
Semantic ID

better Semantic ID 
labels

sparse ID + dense 
vector

future item set / 
sampled softmax 
target

time-aligned candidate 
set

Core signal vanilla NTP ranking-aware NTP composite 
supervision sampled-softmax NCE InfoNCE

What is 
improved

generative 
retrieval

label quality + ranking 
alignment

sparse-dense 
fusion

scalability to 
industrial catalog

avoid false negatives / 
temporal mismatch

Main 
takeaway

make retrieval 
generative

make NTP more 
ranking-aware

enrich supervision 
beyond sparse 
tokens

make contrastive 
training scalable

make contrastive 
training temporally 
correct

• Shared question: how can supervised GenRec optimize valid item generation and ranking 
quality from observed user feedback?



Supervised Learning - LETTER

• Background
• NTP task – Semantic ID.

132Wang, Wenjie, et al. "Learnable item tokenization for generative recommendation." Proceedings of the 33rd 
ACM International Conference on Information and Knowledge Management. 2024.



Supervised Learning - LETTER

• Background
• NTP task – Semantic ID.

• Motivation
• If the label sequence is biased or not aligned with ranking, the generative model may 

learn a good likelihood objective but a weak recommendation objective.

133Wang, Wenjie, et al. "Learnable item tokenization for generative recommendation." Proceedings of the 33rd 
ACM International Conference on Information and Knowledge Management. 2024.



Supervised Learning - LETTER

• Background
• NTP task – Semantic ID.

• Motivation
• If the label sequence is biased or not aligned with ranking, the generative model may 

learn a good likelihood objective but a weak recommendation objective.

• Contribution
• LETTER improves supervised GenRec by learning better item labels with a tri-

regularized tokenizer and by training with ranking-guided next-token prediction.

134Wang, Wenjie, et al. "Learnable item tokenization for generative recommendation." Proceedings of the 33rd 
ACM International Conference on Information and Knowledge Management. 2024.



Supervised Learning - LETTER

• Improving Label Quality
• LETTER learns item labels with three regularizers: semantic regularization, 

collaborative regularization, and diversity regularization.
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Supervised Learning - LETTER

• Improving Label Quality
• LETTER learns item labels with three regularizers: semantic regularization, 

collaborative regularization, and diversity regularization.

• Collaborative regularization
• To inject collaborative signals into the code sequence.

• Diversity regularization
• To address the code generation bias, it is promising to learn a more uniform 

distribution of the code embeddings
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Supervised Learning - LETTER

• Ranking-guided generation loss
• Ranking Alignment Challenge: Token likelihood does not fully reflect whether the 

true item ranks above hard negative items.
• Ranking-Guided Generation Loss: LETTER modifies next-token prediction with a 

hard-negative-aware temperature to strengthen ranking supervision.
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Supervised Learning - LETTER

• LETTER improves both TIGER and LC-Rec, showing that its supervision design is not tied 
to one generative backbone.
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• Practical Values: The consistent gains indicate that better item labels and ranking-guided 
next-token prediction both strengthen the supervised signal.



Supervised Learning - COBRA

• Background
• TIGER-style methods supervise the model mainly with sparse semantic-identifier 

tokens.

139Yang, Yuhao, et al. "Sparse meets dense: Unified generative recommendations with cascaded sparse-dense 
representations." Advances in Neural Information Processing Systems 38 (2026): 93746-93770.



Supervised Learning - COBRA

• Background
• TIGER-style methods supervise the model mainly with sparse semantic-identifier 

tokens.

• Motivation
• Sparse-token supervision is efficient, but it may lose fine-grained item similarity that 

is useful for ranking and retrieval.

140Yang, Yuhao, et al. "Sparse meets dense: Unified generative recommendations with cascaded sparse-dense 
representations." Advances in Neural Information Processing Systems 38 (2026): 93746-93770.



Supervised Learning - COBRA

• Background
• TIGER-style methods supervise the model mainly with sparse semantic-identifier 

tokens.

• Motivation
• Sparse-token supervision is efficient, but it may lose fine-grained item similarity that 

is useful for ranking and retrieval.

• Contribution
• COBRA introduces composite supervision: the model learns both sparse identifier 

prediction and dense-vector prediction, then fuses them during inference.

141Yang, Yuhao, et al. "Sparse meets dense: Unified generative recommendations with cascaded sparse-dense 
representations." Advances in Neural Information Processing Systems 38 (2026): 93746-93770.



Supervised Learning - COBRA

• Composite Supervision
• Sparse-Only Limitation: A single 

sparse-token target may not provide 
enough supervision for fine-grained 
matching.

• Composite Supervision: COBRA 
trains the model with both sparse-
identifier prediction and dense-
vector prediction.
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Supervised Learning - COBRA

• Supervision-Aware Inference with BeamFusion
• Training-Inference Gap: If the model learns both sparse and dense targets, inference 

should use both signals rather than only the generated identifier.

• BeamFusion Ranking: COBRA first uses sparse generation to produce candidates, 
then uses the predicted dense vector to refine the ranking.
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Supervised Learning - COBRA
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• COBRA shows that composite supervision improves sparse-only generative retrieval.
• It improves over TIGER on Beauty, Sports, and Toys, while ablations show that sparse 

identifiers, dense prediction, and BeamFusion all contribute to performance.

• Practical Values: COBRA shows that richer supervision is important for GenRec, because 
combining sparse identifier prediction with dense representation learning improves both 
retrieval and fine-grained matching.



Supervised Learning - PinRec 
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• Background
• PinRec studies generative item retrieval in a large-scale industrial platform where the 

model directly generates item embeddings for retrieval.

Agarwal, Prabhat, et al. "Pinrec: Outcome-conditioned, multi-token generative retrieval for industry-scale 
recommendation systems." arXiv preprint arXiv:2504.10507 (2025).



Supervised Learning - PinRec 
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• Background
• PinRec studies generative item retrieval in a large-scale industrial platform where the 

model directly generates item embeddings for retrieval.

• Motivation
• Strict next-token supervision is not fully aligned with feed recommendation, because 

users may engage with multiple future items in a session without a strict local order.

Agarwal, Prabhat, et al. "Pinrec: Outcome-conditioned, multi-token generative retrieval for industry-scale 
recommendation systems." arXiv preprint arXiv:2504.10507 (2025).



Supervised Learning - PinRec 
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• Background
• PinRec studies generative item retrieval in a large-scale industrial platform where the 

model directly generates item embeddings for retrieval.

• Motivation
• Strict next-token supervision is not fully aligned with feed recommendation, because 

users may engage with multiple future items in a session without a strict local order.

• Contribution
• PinRec keeps sampled softmax as the scalable supervision objective, but redesigns 

the positive target into relaxed future-item and multi-token prediction.

Agarwal, Prabhat, et al. "Pinrec: Outcome-conditioned, multi-token generative retrieval for industry-scale 
recommendation systems." arXiv preprint arXiv:2504.10507 (2025).



Supervised Learning - PinRec 

• Sampled Softmax Loss: PinRec contrasts the target item against sampled negatives to train 
over a large item vocabulary.

• Sampled softmax loss:

• Standard next-token objective:
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Supervised Learning - PinRec 

• Sampled Softmax Loss: PinRec contrasts the target item against sampled negatives to train 
over a large item vocabulary.

• Sampled softmax loss:

• Standard next-token objective:

• Intra-Feed Relaxation: PinRec treats future items in the same feed session as valid 
positives instead of only supervising the immediate next item.
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Supervised Learning - PinRec 

• Multi-Token Prediction: PinRec samples 
multiple future positions and trains the 
model to generate several item embeddings 
at different temporal offsets.

• Supervision Insight: The model learns a 
richer future-item distribution while still 
using sampled negatives for scalable 
contrastive training.
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Supervised Learning - PinRec 
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• PinRec compares major baselines and model variants in Table, showing that relaxed 
multi-target supervision improves generative retrieval across Homefeed, Related Pins, 
and Search.

• Practical Values: For supervised GenRec, NCE-style training should optimize the target 
set and the negative set together, not only approximate full softmax.



Supervised Learning - IntSR
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• Background
• IntSR studies integrated search and recommendation, where the same generative 

sequence model must learn from user behavior under changing item availability.

Yan, Huimin, et al. "Intsr: An integrated generative framework for search and recommendation." arXiv 
preprint arXiv:2509.21179 (2025).



Supervised Learning - IntSR
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• Background
• IntSR studies integrated search and recommendation, where the same generative 

sequence model must learn from user behavior under changing item availability.

• Motivation
• Search and recommendation share users and items, but their supervised targets 

appear under different query contexts.
• The item vocabulary changes over time, so negative samples must come from the 

candidate set available at the interaction time.

Yan, Huimin, et al. "Intsr: An integrated generative framework for search and recommendation." arXiv 
preprint arXiv:2509.21179 (2025).



Supervised Learning - IntSR
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• Background
• IntSR studies integrated search and recommendation, where the same generative 

sequence model must learn from user behavior under changing item availability.

• Motivation
• Search and recommendation share users and items, but their supervised targets 

appear under different query contexts.
• The item vocabulary changes over time, so negative samples must come from the 

candidate set available at the interaction time.

• Contribution
• IntSR builds a query-driven integrated framework and trains it with temporally aligned 

InfoNCE supervision.
Yan, Huimin, et al. "Intsr: An integrated generative framework for search and recommendation." arXiv 
preprint arXiv:2509.21179 (2025).



Supervised Learning - IntSR
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• IntSR Framework
• Query-Driven Integrated 

Sequence: IntSR inserts query 
tokens into the behavior 
sequence so search, 
recommendation, and ranking 
targets can be predicted in one 
framework.

• Candidate-Aware Prediction 
Flow: The model encodes 
historical behaviors and query 
context, then scores candidate 
items at query positions for 
supervised prediction.



Supervised Learning - IntSR
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• Temporal Candidate Alignment
• Available-Candidate InfoNCE: IntSR contrasts the positive item only against 

candidates available at the interaction timestamp.

• Temporal-Aligned Negative Sampling: IntSR sets the sampling probability to zero for 
unavailable items before random, popularity-based, or hard negatives are selected.

Yan, Huimin, et al. "Intsr: An integrated generative framework for search and recommendation." arXiv 
preprint arXiv:2509.21179 (2025).



Supervised Learning - IntSR
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• Integrated Framework: IntSR improves search performance by learning search and 
recommendation signals in one query-driven sequence model.

• Temporal Candidate Alignment: Aligning the negative pool with item availability 
consistently improves different negative sampling strategies.

• Practical Values: Temporal candidate alignment is the key contribution, and aligned hard 
negative sampling gives the strongest result among the compared sampling strategies.



Surpervised Learning Summary
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NTP NCE

Axis TIGER LETTER COBRA PinRec IntSR

Objective NTP over 
Semantic IDs Ranking-aware NTP Composite 

supervision
Sampled-softmax 
NCE

Temporally aligned 
InfoNCE

Target Next-item SID 
sequence Learnable item tokens Sparse ID + 

dense vector
Future item / 
outcome target

Query-time positive 
item

Alignment Generation 
validity

Label & ranking 
alignment

Sparse-dense 
retrieval 
alignment

Industrial retrieval 
scalability

Candidate availability 
alignment

Lesson Make retrieval 
generative

Improve token 
supervision

Enrich generated 
representation

Contrast positives 
with scalable 
negatives

Avoid false negatives 
from dynamic 
catalogs



Preference Alignment
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Background
Preference alignment post-trains GenRec beyond behavior imitation.

Motivation
NTP fits observed tokens, while platforms optimize delayed, list-level, and 
multidimensional preferences.

Taxonomy
DPO-based: chosen/rejected or multi-negative preference pairs.
GRPO-based: reward-scored lists with group-relative policy updates.



Preference Alignment - DPO: S-DPO
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DPO category: pairwise preference becomes multi-negative ranking preference.

Connection: the DPO reward can be written in a softmax-ranking form.



Preference Alignment - DPO: S-DPO
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Practical value: multi-negative DPO gives ranking-aware alignment beyond positive-only 
supervised fine-tuning.

Result: S-DPO achieves the best HR@1 on Goodreads, LastFM, and MovieLens.



Preference Alignment - DPO: RosePO
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Background
SFT fits only positive responses.

Motivation
DPO needs reliable chosen/rejected pairs; 
weak negatives produce noisy preference 
signals.

Contribution
RosePO builds informative rejected samples 
and smooths uncertain labels.



Preference Alignment - DPO: RosePO
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RosePO objective
Personalized smoothing avoids over-penalizing uncertain rejected samples.

DPO objective
Learn to prefer the chosen response over the rejected response.



Preference Alignment - DPO: RosePO

164

Main results
RosePO-h consistently outperforms SFT and prior baselines.

Sampling ablation
Self-hard negatives perform best, showing that informative rejected samples are crucial.



Preference Alignment - DPO: SPRec
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Background
DPO-style alignment refines user 
preference beyond SFT.

Motivation
Vanilla DPO can become mode-
seeking and over-recommend 
popular items.

Contribution
SPRec uses self-play negatives to 
suppress bias while keeping 
accuracy.



Preference Alignment - DPO: SPRec
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Self-play update
The previous policy generates rejected samples; the next policy prefers real positives over biased 
outputs.

Bias-aware DPO objective
High-probability biased outputs receive stronger correction.



Preference Alignment - DPO: SPRec
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Key observations: best diversity, lowest over-recommendation, and competitive HR / 
NDCG.



Preference Alignment - GRPO: OneRec
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Background
Industrial recommendation is a 
multi-stage cascade.

Motivation
Fragmented objectives make 
final user experience hard to 
optimize directly.

Contribution
OneRec unifies retrieval/ranking 
and aligns generated lists with 
rewards.



Preference Alignment - GRPO: OneRec
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Reward design
• Preference: click, like, long 
view
• Format: valid SID-to-item 
mapping
• Industrial: platform and 
ecosystem goals



Preference Alignment - GRPO: OneRec
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ECPO optimization
OneRec modifies GRPO with early clipping to stabilize RL and prevent risky probability 
increases for negative-advantage items.



Preference Alignment - GRPO: OneRec
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Key observations
RL improves VTR and stay time; beam 
search performs strongest.



Preference Alignment - GRPO: OneReason
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Embarrassment: Thinking < Non-Thinking

Embarrassing Phenomenon: 
thinking is not significantly better than non-thinking
on recommendation benchmarks.



Preference Alignment - GRPO: OneReason
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Tokenizer for Unified Cross-Domain Representation
1.Quantization: 3-level RQ-Kmeans codebooks (8192 entries 
each) enable a 500-billion representation space. 
2. Token Format 
3. Unified multi-domain item representation for enhanced 
cross-domain generalization.

Core Objective of Pre-training: 
1.Build deep bidirectional alignment between 
recommendation items and natural language.
2. Adopt a three-stage progressive training schedule



Preference Alignment - GRPO: OneReason
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➢Four-Granularity Alignment

➢Three-Stage Recipe

Pretrain: Perception Alignment

SFT: Cognitive Structuring
➢R0~R3: Data Curation&CoT training

➢Recommendation three-stage reasoning CoT

➢Five-Dimension Evaluation

RL: unlock thinking capability

➢Encourage the model to explore CoT

➢GRPO Improvement: reward sparsity



Preference Alignment - GRPO: OneReason
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Compared with Qwen3-8B,
maintain general knowledge 

capability

Recommendation-capability 
advantage is significant



Preference Alignment Summary: DPO vs GRPO

Two categories differ in supervision signal and optimization path.

DPO-based alignment

• Signal: chosen/rejected or multi-
negative preferences
• Update: direct preference objective 
without online RL rollout
• Works: S-DPO, RosePO, SPRec

GRPO-based alignment

• Signal: reward-scored generated item lists
• Update: group-relative policy optimization 
with clipping and guardrails
• Work: OneRec, OneReason

DPO is pairwise/ranking preference alignment;
GRPO is reward-driven policy alignment.

176



Optimization – Future Direction

Core insight: GenRec optimization should jointly connect token likelihood, preference 
categories, rewards, and serving constraints.

1  Objective-aware supervision
Align labels, negatives, and targets with ranking and list quality.

2  List / session-level credit
Assign rewards across positions, items, and SID tokens.

3  Reliable rewards and evaluation
Calibrate clicks, watch time, and GMV with uncertainty and off-policy checks.

4  Safe and efficient policy updates

Keep valid SIDs while controlling latency, QPS, and diversity.
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Overview

Two Dimensions of Application

A. Cascaded Systems
Retrieval: TBGRecall
Ranking: HLLM
Re-ranking: KC-GenRec
End-to-End: (covered in Sec III-V)

B. Various Scenarios
Cold Start: LC-REC
Cross Domain: GenCDR
Search: OneSearch, GenSAR
Auto-Bidding: GAVE
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Cascaded Systems: Overview

Topic Work Key Contribution
Retrieval Kuaiformer Multi-interest query tokens for diverse user interests

Retrieval TBGRecall Outcome-conditioned retrieval for e-commerce

Ranking DFGR Single/dual-stream generative ranking networks

Ranking HLLM Hierarchical LLMs for item & user modeling

Ranking HSTU Action token interleaving; unifies retrieval & ranking; Batched inference with KV 
cache; MTIA 2i chip co-design

Re-ranking GoalRank Generator-only ranking; group-relative optimization

Re-ranking SORT-Gen List-level multi-objective generative re-ranking

Re-ranking KC-GenRec Knowledge graph constrained generative re-ranker

End-to-End OneRec Unified decoder-only model; ECPO; 5× MFU improvement

End-to-End OneSug Unified search & recommendation; Prefix2Query

End-to-End ETEGRec End-to-end learnable item tokenization

End-to-End COBRA Bridging generative & dense retrieval paradigms
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Generative Retrieval

Topic Work Key Contribution
Retrieval Kuaiformer Multi-interest query tokens for diverse user interests

Retrieval TBGRecall Outcome-conditioned retrieval for e-commerce
Ranking DFGR Single/dual-stream generative ranking networks

Ranking HLLM Hierarchical LLMs for item & user modeling

Ranking HSTU Action token interleaving; unifies retrieval & ranking; Batched inference with KV 
cache; MTIA 2i chip co-design

Re-ranking GoalRank Generator-only ranking; group-relative optimization

Re-ranking SORT-Gen List-level multi-objective generative re-ranking

Re-ranking KC-GenRec Knowledge graph constrained generative re-ranker

End-to-End OneRec Unified decoder-only model; ECPO; 5× MFU improvement

End-to-End OneSug Unified search & recommendation; Prefix2Query

End-to-End ETEGRec End-to-end learnable item tokenization

End-to-End COBRA Bridging generative & dense retrieval paradigms
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TBGRecall: Motivation & Context

• Conventional autoregressive generative retrieval assumes ordered sequential dependencies (like text 
generation).

• But in e-commerce, items within a session have NO causal ordering — users interact with items after 
exposure, not in a fixed sequence.

• This creates a fundamental mismatch: next-token prediction is wrong for unordered item sets.

• TBGRecall proposes Next Session Prediction (NSP) to replace next-token prediction.

Liang et al., "TBGRecall: A Generative Retrieval Model for E-commerce Recommendation Scenarios", 2025 182



TBGRecall: Method
• NSP partitions input into multi-session sequences; each session contains one session token + item tokens, 
enabling parallel generation of unordered item sets.

• Session Mask + sw-RoPE: causal mask combined with session mask (intra-session items invisible to each 
other); session-wise rotary position embedding.
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TBGRecall: Method
• Token-Specific Network (TSN): dedicated linear projections for context vs item tokens to address 
semantic/distributional discrepancies.

• Multi-Session Prediction (MSP): extends multi-token prediction along session dimension for long-range 
dependencies.
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TBGRecall: Key Results
• Offline (Taobao, 1.2T interactions): HR@4000 = 29.45% vs online baseline (DT) 26.45%.
• Offline (RecFlow, 30M interactions): HR@4000 = 8.20% vs HSTU baseline 7.38%.

• Taobao 'Guess You Like' homepage A/B: Capturing 23.94% of total homepage exposures, +2.16% 
transaction amount, +0.60% transaction count.

• Key takeaway: Session-level autoregression solves the ordering mismatch for e-commerce retrieval.
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Generative Ranking

186

Topic Work Key Contribution
Retrieval Kuaiformer Multi-interest query tokens for diverse user interests

Retrieval TBGRecall Outcome-conditioned retrieval for e-commerce

Ranking DFGR Single/dual-stream generative ranking networks

Ranking HLLM Hierarchical LLMs for item & user modeling
Ranking HSTU Action token interleaving; unifies retrieval & ranking; Batched inference with KV 

cache; MTIA 2i chip co-design

Re-ranking GoalRank Generator-only ranking; group-relative optimization

Re-ranking SORT-Gen List-level multi-objective generative re-ranking

Re-ranking KC-GenRec Knowledge graph constrained generative re-ranker

End-to-End OneRec Unified decoder-only model; ECPO; 5× MFU improvement

End-to-End OneSug Unified search & recommendation; Prefix2Query

End-to-End ETEGRec End-to-end learnable item tokenization

End-to-End COBRA Bridging generative & dense retrieval paradigms



HLLM: Motivation & Context

• Traditional ID-based sequential models (SASRec, 
BERT4Rec) struggle to capture rich semantic 
information from item content.

• LLMs have strong NLP capabilities but bridging text 
understanding and sequential behavior modeling is 
challenging.

• HLLM uses a hierarchical two-tier LLM architecture 
to leverage pre-trained knowledge for both items 
and users.

Chen et al., "HLLM: Enhancing Sequential Recommendations via Hierarchical LLMs", 2024 187



HLLM: Method
• Hierarchical LLM architecture: one LLM models item features, 
another models user behavior sequences.

• Item-level LLM captures fine-grained semantic properties of 
each item: processing detailed item text (title, tags, description) 
and extracts content features via a [ITEM] token embedding; 
initialized from TinyLlama/Baichuan2.
• User-level LLM captures high-level preference patterns: taking 
sequences of item representations from Item LLM and modeling 
sequential behavior to predict the next item; also initialized from 
pre-trained LLMs.

• Performs top-K ranking directly through generative decoding 
rather than pointwise scoring.
• Both components are jointly trained end-to-end, allowing Item 
LLM to learn recommendation-specific representations.
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HLLM: Method
• Hierarchical LLM architecture: one LLM models item features, 
another models user behavior sequences.

• Item-level LLM captures fine-grained semantic properties of 
each item: processing detailed item text (title, tags, description) 
and extracts content features via a [ITEM] token embedding; 
initialized from TinyLlama/Baichuan2.
• User-level LLM captures high-level preference patterns: taking 
sequences of item representations from Item LLM and modeling 
sequential behavior to predict the next item; also initialized from 
pre-trained LLMs.

• Performs top-K ranking directly through generative decoding 
rather than pointwise scoring.
• Both components are jointly trained end-to-end, allowing Item 
LLM to learn recommendation-specific representations.
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HLLM: Key Results
• Amazon Books: HLLM-7B R@10=9.39, N@10=5.69 vs SASRec R@10=3.06 (~207% improvement).
• PixelRec (Pixel8M): R@10=6.129 vs SASRec 3.589 (~71% improvement).

• Online A/B test at ByteDance: +0.7% gain in production metrics.
• Key takeaway: Hierarchical LLMs transfer pre-trained knowledge to both item understanding and user 
behavior modeling.
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Generative Re-ranking

191

Topic Work Key Contribution
Retrieval Kuaiformer Multi-interest query tokens for diverse user interests

Retrieval TBGRecall Outcome-conditioned retrieval for e-commerce

Ranking DFGR Single/dual-stream generative ranking networks

Ranking HLLM Hierarchical LLMs for item & user modeling

Ranking HSTU Action token interleaving; unifies retrieval & ranking; Batched inference with KV 
cache; MTIA 2i chip co-design

Re-ranking GoalRank Generator-only ranking; group-relative optimization

Re-ranking SORT-Gen List-level multi-objective generative re-ranking

Re-ranking KC-GenRec Knowledge graph constrained generative re-ranker
End-to-End OneRec Unified decoder-only model; ECPO; 5× MFU improvement

End-to-End OneSug Unified search & recommendation; Prefix2Query

End-to-End ETEGRec End-to-end learnable item tokenization

End-to-End COBRA Bridging generative & dense retrieval paradigms



KC-GenRe: Motivation & Context

• KC-GenRe targets Knowledge Graph 
Completion (KGC), not 
recommendation — it re-ranks candidate 
entities for KG triples.

• LLM-based KGC faces three issues: 
mismatch (generating entity names 
instead of IDs), misordering (wrong 
ranking), omission (missing valid answers).

• KC-GenRe formulates KGC re-ranking as 
candidate identifier sorting — entities 
labeled with option IDs ('A','B','C') and 
the LLM generates a sorted permutation.

Wang et al., “KC-GenRe: A Knowledge-constrained Generative Re-ranking Method Based on Large Language Models for Knowledge Graph Completion”, 2024 192



KC-GenRe: Method
• Knowledge-guided interactive training: query-candidate interaction forms triples like 'Jackie Chan played in 
movie Ip Man?'; candidate-candidate interaction uses KGE scores as targets.

• Loss combines cross-entropy and ranking loss: L_Rank = (C/K²)·Σ max(0, p_i - p_j).
• Knowledge-augmented constrained inference: restricts output vocabulary to only unused option IDs at each 
decoding step, ensuring valid permutations.
• Retrieves query-related and candidate-supporting prompts via SBERT similarity.
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KC-GenRe: Key Results
• FB15K-237-N: MRR 0.399 (+6.7% vs PKGC), Hits@1 0.338 (+7.7%).
• Wiki27K: MRR 0.317 (+6.8% vs TuckER), Hits@1 0.274 (+8.9%).

• Ablation: removing constrained generation causes severe degradation, sometimes worse than no re-ranking.
• Key takeaway: Constrained inference is essential for valid generative re-ranking; the technique transfers to any 
domain with structured constraints.
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End-to-End: Overview
All End-to-End works were covered in previous Sections:

• OneRec — unified decoder-only model; ECPO; 5× MFU
• OneSug — unified search & rec; Prefix2Query 
• ETEGRec — end-to-end learnable tokenization 
• COBRA — bridging generative & dense retrieval 

Key insight: End-to-end models achieve 5× MFU improvement over cascaded systems and show 
clear scaling laws.
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Summary: Cascaded Systems

Topic Work Key Contribution

Retrieval Kuaiformer Multi-interest query tokens for diverse user interests

Retrieval TBGRecall Outcome-conditioned retrieval for e-commerce

Ranking DFGR Single/dual-stream generative ranking networks

Ranking HLLM Hierarchical LLMs for item & user modeling

Ranking HSTU Action token interleaving; unifies retrieval & ranking; Batched inference with KV cache; 
MTIA 2i chip co-design

Re-ranking GoalRank Generator-only ranking; group-relative optimization

Re-ranking SORT-Gen List-level multi-objective generative re-ranking

Re-ranking KC-GenRe Knowledge graph constrained generative re-ranker

End-to-End OneRec Unified decoder-only model; ECPO; 5× MFU improvement

End-to-End OneSug Unified search & recommendation; Prefix2Query

End-to-End ETEGRec End-to-end learnable item tokenization

End-to-End COBRA Bridging generative & dense retrieval paradigms
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Application Scenarios: Overview

Topic Work Key Contribution

Cold Start LLMTreeRec LLM-constructed hierarchical tree for item organization

Cold Start LC-REC RQ-VAE aligning collaborative & semantic token spaces

Cross Domain RecGPT FSQ-based tokenizer for cross-domain transfer

Cross Domain GMC Contrastive learning + domain-specific fine-tuning

Cross Domain GenCDR Domain-aware routing & prefix-tree decoding

Search OneSearch Single generative task unifying recall, rank, personalize

Search GenSAR Dual-purpose IDs for unified search & recommendation

Auto-Bidding DiffBid Diffusion models for bidding trajectory generation

Auto-Bidding GAS Transformer + MCTS for multi-objective bidding

Auto-Bidding GAVE Return-To-Go conditioned bidding generation
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Cross Domain

198

Topic Work Key Contribution

Cold Start LLMTreeRec LLM-constructed hierarchical tree for item organization

Cold Start LC-REC RQ-VAE aligning collaborative & semantic token spaces

Cross Domain RecGPT FSQ-based tokenizer for cross-domain transfer

Cross Domain GMC Contrastive learning + domain-specific fine-tuning

Cross Domain GenCDR Domain-aware routing & prefix-tree decoding

Search OneSearch Single generative task unifying recall, rank, personalize

Search GenSAR Dual-purpose IDs for unified search & recommendation

Auto-Bidding DiffBid Diffusion models for bidding trajectory generation

Auto-Bidding GAS Transformer + MCTS for multi-objective bidding

Auto-Bidding GAVE Return-To-Go conditioned bidding generation



GenCDR: Motivation & Context

• Item Tokenization Gap: Prior cross-domain recommendation relies on ID-based transfer — but LLM tokenizers 
cannot represent item IDs across domains.

• Domain Personalization Gap: Shared model parameters cannot capture domain-specific patterns (domain 
personalization gap).

• GenCDR replaces ID-based transfer with semantic tokenization and autoregressive generation, introduces 
domain-aware decoding that constrains generation to valid items per domain.

Hu et al., “From IDs to Semantics: A Generative Framework for Cross-Domain Recommendation with Adaptive Semantic Tokenization", 2025 199



GenCDR: Method
• Domain-adaptive Tokenization: RQ-VAE with per-domain LoRA adapters and VIB (Variational Information 
Bottleneck) router — each domain gets adapted tokenization.
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GenCDR: Method
• Cross-domain Autoregressive Recommendation: Universal LoRA captures shared patterns + Specific LoRA 
captures domain-specific patterns, with dynamic routing between them.
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GenCDR: Method
• Domain-aware Prefix-tree: constrains decoding to valid items per target domain, preventing cross-domain 
hallucination.
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GenCDR: Key Results
• NDCG@10 across six domains: Sports=0.0262, Clothing=0.0203, Phones=0.0512, Electronics=0.0283, 
Books=0.0212, Movies=0.1275.

• Per-domain LoRA adapters significantly outperform shared-parameter baselines.
• Domain-aware prefix-tree decoding eliminates invalid cross-domain item generation.

• Key takeaway: Semantic tokenization with domain-adaptive LoRA is more effective than ID-based transfer.
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Auto-Bidding
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Topic Work Key Contribution

Cold Start LLMTreeRec LLM-constructed hierarchical tree for item organization

Cold Start LC-REC RQ-VAE aligning collaborative & semantic token spaces

Cross Domain RecGPT FSQ-based tokenizer for cross-domain transfer

Cross Domain GMC Contrastive learning + domain-specific fine-tuning

Cross Domain GenCDR Domain-aware routing & prefix-tree decoding

Search OneSearch Single generative task unifying recall, rank, personalize

Search GenSAR Dual-purpose IDs for unified search & recommendation

Auto-Bidding DiffBid Diffusion models for bidding trajectory generation

Auto-Bidding GAS Transformer + MCTS for multi-objective bidding

Auto-Bidding GAVE Return-To-Go conditioned bidding generation



GAVE: Motivation & Context

• Rule-based methods (PID) lack flexibility for complex auction environments.

• RL/MDP methods assume state-independence, ignoring temporal dependencies across bidding steps.

• Offline RL training suffers from out-of-distribution (OOD) risks and behavioral collapse on fixed datasets.

• GAVE addresses all three with Return-To-Go conditioned generative bidding + value-guided exploration.

Gao et al., "Generative Auto-Bidding with Value-Guided Explorations", 2025 205



GAVE: Method
• a.1 Score-based Return-To-Go conditioner: encodes target metrics (desired conversions, CPA constraints) as 
differentiable return signals into the generation process.

• a.2 Value-guided action exploration: generates novel bidding actions with a learnable coefficient that ensures 
stability-preserving updates.

• a.3 Expectile-regression-based value function: estimates return upper bounds (not means) to guide 
exploration toward high-return trajectories and mitigate OOD risk.
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GAVE: Key Results
• AuctionNet (100% budget): GAVE=376 vs best baseline GAS=359 (+4.74%).
• AuctionNet-Sparse (100%): GAVE=37.2 vs GAS=36.1 (+3.05%).

• Outperforms across ALL budget ratios (50%–150%).
• Won first place in NeurIPS 2024 AIGB Track auto-bidding competition; Online significance.

• Key takeaway: Return-conditioned generation + value-guided exploration bridges the offline-to-online gap 
in auto-bidding.
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Summary: Application Scenarios

Topic Work Key Contribution

Cold Start LLMTreeRec LLM-constructed hierarchical tree for item organization

Cold Start LC-REC RQ-VAE aligning collaborative & semantic token spaces

Cross Domain RecGPT FSQ-based tokenizer for cross-domain transfer

Cross Domain GMC Contrastive learning + domain-specific fine-tuning

Cross Domain GenCDR Domain-aware routing & prefix-tree decoding

Search OneSearch Single generative task unifying recall, rank, personalize

Search GenSAR Dual-purpose IDs for unified search & recommendation

Auto-Bidding DiffBid Diffusion models for bidding trajectory generation

Auto-Bidding GAS Transformer + MCTS for multi-objective bidding

Auto-Bidding GAVE Return-To-Go conditioned bidding generation
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Key Takeaways
22 works spanning the cascaded pipeline and 4 application scenarios:

Cascaded Systems:
Retrieval: similarity → generative next-token prediction
Ranking: feature tables → user-centric token sequences
Re-ranking: generator-only list-level multi-objective optimization
End-to-End: unified models with 5× MFU improvement

Scenario Solutions:
Cold Start: world knowledge + semantic identifiers → generalization
Cross Domain: unified tokenization + domain-aware decoding
Search: end-to-end generation unifying search & recommendation
Auto-Bidding: diffusion + MCTS + return-conditioned generation

Common thread: end-to-end optimization, unified objectives, scalable architectures.
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Application – Future Direction
Core insight: GenRec shifts from a drop-in module to a generative nexus—co-evolving 
with cascades on the integration side, creating new supply on the value side.

1  Cascaded Systems: Stage-aware hybrid orchestration 
Evolving GenRec from a statically assigned pipeline role to a cascade-aware controller

2 Cascaded Systems: Feature & Token co-evolution
Aligning GenRec's semantic-ID/Token vocabulary with existing item feature stores 

3  Application Scenarios:  Interactive Recommendations
Suiting Genrec to agent-based and conversational recommendations, and shifting 
output from “select existing items” to “synthesize personalized content ” 

4 Application Scenarios: Supply–demand generative loop
Constructing GenRec as a creator-facing tool that generates title/tag/thumbnail 
variants aligned with the retrieval distribution
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Future Direction
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Rule-based or model-specific single-aspect

reward signal is not enough. Designing 

unified reward agents powered by LLMs 

that automatically balance user satisfaction, 

platform profit, fairness, and safety without 

hand-crafted rules is a critical next step.

Unified Reward Design

Moving from point-wise to list-wise reward 

signals for recommendation quality is essential 

for improving the overall performance of end-

to-end recommendation.

Designing a holistic reward function for the 

final recommendation list remains a 

considerable challenge.

List-wise Rewards
Utilizing a single unified model to replace

the cascade multi-stage system can save

labor and engineering overheads, enabling 

more resources to the model scaling.

Future work may scale models toward

LLM-level capacity while maintaining 

millisecond latency for balancing model

size and efficiency.

Scaling Models

End-to-End and Reward Modeling



Future Direction
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Efficiency and Co-Design

Algorithm-System Co-design Framework
An integrated algorithm-system framework is needed for streaming 

training on hundreds of millions of daily samples and for inference 

serving under strict low-latency, high-throughput requirements.

• Efficient training and preference-alignment frameworks for

keeping pace with streaming data

• Satisfy strict requirements on low latency and high concurrency
Efficiency Techniques

Ultra-long behavior modeling is both essential and a major

efficiency bottleneck for generative recommendations. Research 

directions for efficient sequence modeling paradigms include 

memory-augmented sequence compression, RAG-enhanced 

training for enhancing overall efficiency.



Future Direction
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Reasoning and Data

Leveraging the reasoning capabilities to infer 

users’ short-/long-term interests and analyze their 

behavior patterns.

• Constructing large-scale personalized chain-

of-thought data

• Controlling adaptive reasoning depth

Reasoning Enhancement

Debiasing generative training from exposure and position skew 

is essential for improving the fairness and accuracy of 

recommendation systems.

The construction of high-quality data remains a fundamental 

bottleneck, such as CoT data, user and platform multi-aspect

preference data, and explicit intent-level annotations.

Data Optimization



Future Direction
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Next Application

Multimodal generative models such as Kling and Sora 

foreshadow a shift from retrieving existing content to 

synthesizing personalized video, audio, and ads in real time.

This paradigm introduces extremely sparse feedback and high 

generation cost.

From Recommendation to GenerationConversational Agents
Building conversational agents that deliver personalized 

dialogue and maintain user-centric memory is crucial for 

enhancing user experience and engagement in next-

generation recommendation systems.



Conclusion

A unified framework
We organize generative recommender systems through a tri-dimensional decomposition: tokenization, 
architecture, and optimization, tracing the shift from discriminative ranking to generative recommendation.

Framework: tokenization · architectural design · optimization strategies

Key technical trends
The tutorial highlights semantic identifiers for compact and expressive representations, scalable architectures for 
efficient computation, and multi-dimensional preference alignment across users, platforms, and stakeholders.

Trends: efficient representation · scalable backbone · multi-objective alignment

Applications, challenges, and future directions
We discuss how generative recommendation applies across stages and scenarios, summarize current challenges, 
and outline future directions as a practical blueprint for academia and industry.

Scope: applications · challenges · future research directions
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Q & A
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Survey Paper Tutorial Slides

Thanks for Listening!

E-mail: xiaopli2-c@my.cityu.edu.hk
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