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Current Industrial Recommendation Pipeline: Stages of a Cascade

e Multi-stage Cascade Ranking System Ranking System

* Recall # OF CANDIDATES

. RECALL
* Pre-Ranking
MILLIONS

* Ranking
] PRE-RANKING
e Re-Ranking
THOUSANDS
* Not just engineering but decomposes a global RANKING

recommendation problem into local

discrimination score problems o SRR

e Cause information loss, inconsistent goals, and
accumulated errors —

TOP N - RANKED
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Discriminative Output
Ranking Score ye [0.1]| E

0.99
0.96
0.92
0.88
0.62

Discriminative Recommendation (GR):

e Structure follows “Embedding — MLP”
* Input

Feature Embedding

Discriminative Model Structure

Optimization

Output

Ranked Candidate List

ir

Discriminative Optimization

Output

Architecture
[ \ [ [ ] [ ] \ ( [ ] [ ] [ ] \ ( [ ] [ ] \ ( [ ] [ ] \

[V} FNG [V IO

Sorted

PO.lntV'VISC Lpss . pe(y = 1|u,i,¢)
Pairwise / Listwise Loss

r

Discriminative Model Architecture
Feature Interaction v

°
Optimization

Behavior Modeling X
Multi-task / Multi-scenario  O\GAA

r

Feature Embedding

* Learns a scoring function over a given user,
item, and context

Category Features

One-hot Encoding

Tokenizer

1 1
1
1

@)
)

User Profile Item Attributes

Input

Contextual
Information
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Scoring pipelines create three structural bottlenecks:

G Representation
Bottleneck

e Atomic item embeddings create
semantic isolation, making cold-
start and cross-domain transfer

difficult.

e Architecture
Bottleneck

Sparse Custom
Tables Operators
.
'

2 \l—l
\

Small
MLP Blocks

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

Modest-sized models modest-
sized models

e Optimization
Bottleneck
Recall Rank Re-Rank Global
Loss  Loss Loss Objective

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

* Cumulative errors with
progressive information loss



I Paradigm Shift to GenRec

M B 4 kpp2036

Generative Recommendation (GR):

* Rather than scoring or ranking, GR directly
generate item identifiers through generative

models

 Structure paradigm shift:

Input
ltem Tokenization

Generative Model Structure
Generative Optimization

Output

Tokenizer Architecture Optimization Output

Input

* Encoder-Decoder FFN
ross-attention
elf-attention
T

® DeCOder‘Only Self-attention

* Behavior Items _SREE . D
« Semantic / Text ID EF‘P

Generative Qutput
Top-k predicted

» Token probabilities : items
e (@enerative Item List

£
]
=
=%

Item Vocabulary

Generative Optlmlzatlon

* Next-token PI:CdlCthIl nm) (i lice, u, ©)
* Preference Alignment

Generative Model Architecture

Tokenization
SID

Text ID

(53
Tokenizer

. .l1 .lz .1.3 .
1

1
to t1 tz t3 ts
Chronological User Behavior Sequence

10
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Advantage of GR Tokenization:
1. Operating at the semantic level

G \
¢4 Language . : ItemID Title Description Categories Brand Semantic ID
>l | Space e E
o . = I’ ® | |(zion van ao0m) 3 O (Clouching Tiger, Hidden Dragon | |
o an language model - Man (Sichuan'disiect) ° . %o (Wu hu zang long) g
3 t ha access to your o 4 @oﬂ " 2 : @m Man (2008) WS o
~ pe sonal preferences.. @em Tiger, Hidden @ 2 o ® =]
N ,.@o m( cm:m 5 Dragon (W hu zang long) ., @ ’ ] e . g_ =
: é e . ® & ° G T g, £
| ouching Tiger, Hidden T & ' ~ - o o
Hl S e ® . "~ Grounding e . . | Statisticalal =] Item Content Content b Quantization
- AN /it N Intormaticn Encoder | |2
w

Reusing LLM vocabulary — BIGRec Semantic ID - TIGER

2. More compact vocabulary design
Amazon-Reviews-2023 m Llama-4  ~ 200,000 Tokens

~ 48,200,000 Item IDs/ Tokens Qwen-3.5 ~ 250,000 Tokens

11
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Advantage of GR Architecture:
1. Model size scaling advantages

TN 42
6 SN — L=(D/5.4- 1013)-—0.095 5.6 —— L=(N/8.8" 1013)-0,076
3.9
= 4.8
2 3.6 4.0
Sa ’
E , 3.3 32
3.0
L= (Crinf2:3 +108)~0:050 e
fo5 107 10% 10° 107 10t & 108 109 10° 107 109
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding
e [ o L3 [
2. High MFU and Maximizing hardware computation
FLOPs OPEX & MFU Comparison
datiol

Relative OPEX
o
o
=

11
120% - Stlgo (sml)
10
10 100% 25
9
10 80% 20
S 10° e S
9 2 6% 152
w T =
7 [
i 40% 10
6
10 20% 5
§
10° o N I

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn

3. Leverage NLP Technologies

- PEFT, Reasoning, Agentic, etc.
12
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Advantage of GR Optimization:

1. Next-token prediction over item tokens
* No longer only to separate positives from negatives.

Top-k predicted
'\ items

GR model
P(next item | history)

Prob.

Item Vocabulary
Full Item distribution

2. Preference alighment

User Platform Creator
Satisfaction Objectives Ecosystem

|

_ RL/ Preference
Optimization

13
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1 Introduction | 2 Tokenization

(9:00 - 9:15) (9:15 - 9:45)
- Y,

Xiaopeng Li Xiaopeng Li
§3¢
4 ™) > .) 4 ™)
3 Model Structure 4 Optimization

(9:45 - 10:30) “ (10:45 - 11:15)

- Y, - Y,
Ziwei Liu 15mins Wenlin Zhang Kaifeng Guo

( 5 Application h 0:: [ 6Challenge & ) @’

(11_;’? - 11:30) 7/ - Conclusion q
\_ . . ) \_ (11:30 - 11:45) )

Yejing Wang Bo Chen
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e What is Tokenization:
e Convert “human-readable data” to “machine-readable formats”

Text, Image, Action = Sequence of Tokens

* Language Tokenization:

* Process of breaking text into small units, called tokens, that a language model can
understand and process.

“I love recommender systems.” mmmmmp ["|", " [ove", " recommend", "e systems”, "."]

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

e Recommendation Tokenization:

* Process of converting users, items, and interactions into discrete tokens that a
generative model can understand and predict.

15
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We divide the categories of current Tokenization method in three types:

Tokenization ° Sparse |D-baSEd
Evolutionary [mvesio ] .
Tree in GR Efgm -  Random unique IDs;
. N Y * Massive vocabulary.

[ = ~® . =8 =
s 5 e e -  Text ID-based

- m@ . .

& x e Natural language descriptions;

[T} HLM u.M-c m ETEGRec [0}
: * Semantic ID-based

BiGRec ] LLaRA | RecSysLLM LC-Rec ) Viindexer . .
I =R BT T ) T * Fixed-length quantized sequences;
- omm | em Compact & Semantic.
e2

SRR SID-based

Figure 3. The evolution of tokenizer paradigms, showing the transition from sparse ID-based and text-based
models toward semantic ID approaches, with affiliations noted beside each work.

16
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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

e Zero ID Collision

* Rich Feature Interaction

* Industrial Readness

17
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e Limitation of DLRMs:

* Despite extensive features and vast data, most Deep Learning
Recommendation Models scale poorly with compute

LLaMa-2
10000 + GPT3 .G*R-24

AlphaZero
* GR-23

100 + *

DLRM-22
BERT DLRM-21 4
° *

* Key Challenges:
* Features lack explicit structures in recommendation systems
* Billion-scale dynamic vocabulary (vs. 100K static in language)

* Computational cost: recommendation systems handle orders A N N A R
of magnitude more tokens than language models 212 204 06 016 2020 2022 2028

1+ DLRM-20
*
VGG ResNet
o ©

Training PetaFLOP/s-days

JAlexNet
0.01 Py

e 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 18
Recommendations." ICML 2024. arXiv:2402.17152.
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* Generative Recommenders (GRs) y 4
. . . . 2 Y(X) = fy(..)
e Reformulate ranking and retrieval as sequential transduction E L — \
task Ke} Top Neural Norm(AX)V(X)) OU(X)
aSKs ] Networks x
. ) ) ) ) Ju (MMOE, PLE, ...) . .
* Unify heterogeneous features into single time series s 1‘ AX=giaratr) | [ 00y
* Interleave items and actions: [item,, acty, ..., item,, act,] § /u.QK = on(f1(X) )\
. %’_ Add&Norm ,
* HSTU Architecture: g ACTEIEIN
* Pointwise aggregated attention (replaces softmax) § Feature Interactions Norm(A)V(X) OUX)
- (FMs, DCN, ——
U(X), V(X),Q(X), K (X) = Split(61(f:(X))) I e e
ACOV(X) = 62 (QOK(X)T + 1ab™) V(X) ; | £003m O\
Y(X) = f2 (Norm (A(X)V(X)) © U(X)) /Y0600 \
A
. . . B Embeddi
Captures preference intensity for non-stationary vocabulary 2| | Newsl | | operstorsy Norm(AYTENOUE0
. '% Networks Embeddings [ ]
5.3x to 15.2x faster than FlashAttention2-based Transformers | &g ¥ 3 AX)=da(akm+rabPT) | [ U
. . . § Numericgl Categoric.al A I
* Efficiency Innovations: £|| reawresin || Feawresin || /U.QKV=0H00\
 Stochastic Length (SL): reduces sequence sparsity — ' | Freprofessing |
. ] . Raw Features | | Sequentialized Unified Features |
 M-FALCON: batched inference for ranking candidates

19
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e Offline Performance:

Table 4. Evaluations of methods on public datasets in multi-pass, full-shuffle settings.

. Method HR@10 HR@50 HR@200 NDCG@10 NDCG @200
* HSTU outperforms SASRec by up to 65.8% in NDCG on S G, 3053 7T e R P
. ML-IM  HSTU 3097 (+8.6%) 5754 (+5.1%) 7716 (+2.5%) 1720 (+7.3%) .2606 (+4.3%)
pu b | IC d atasets HSTU-large 3294 (+15.5%) 5935 (+8.4%) 7839 (+4.1%)  .1893 (+18.1%) .2771 (+10.9%)
f | | I k . . h o I SASRec (2023)  .2906 .5499 7655 1621 2521
(] - - ML-20M HSTU 3252 (+11.9%)  .5885 (+7.0%) 7943 (+3.8%) U878 (+15.9%)  .2774 (+10.0%)
1 ° 5 X 2 X aSte r Wa C OC tl m e Wlt 50 A) eSS H B M HSTU-large 3567 (122.8%) 6149 (111.8%) 8076 (:5.5%) .2106 (:30.0%) 2971 (117.9%)
u S a ge SASRec (2023) .0292 .0729 1400 0156 .0350
Books HSTU 0404 (+38.4%)  .0943 (+29.5%)  .1710 (+22.1%)  .0219 (+40.6%) .0450 (+28.6%)
HSTU-large L0469 (+60.6%) .1066 (+46.2%) .1876 (+33.9%) .0257 (+65.8%) .0508 (+45.1%)
° i .
O nl ine A/ B Te Sts ¢ Table 7. Offline/Online Comparison of Ranking Models.
* 12.4% improvement on main engagement metrics Methods Offline NEs  Online metrics
E-Task C-Task E-Task C-Task
o i i illi DLRM 4982 7842 0%  +0%
Deployed on multiple surfaces with billions of users DI DINDCN) s s o g
S I' L DLRM (abl. features) .5053 7925 - -
) o GR (interactions only) 4851 .7903 -
caling Law. GR 4845 7645 +124% +4.4%
* First demonstration that scaling law applies to
. 4 Traditional DLRMs * Generative Recommenders (GRs)
recommendations 040 T = L= 15+ 0195InC

* Model quality scales as power-law of training compute

Successfully scaled to 1.5 trillion parameters (GPT- ? |
3/LLaMa-2 scale) ’:;o.so

5000 10000 50000 100000
Training PetaFLOPs per day

20
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e Scaling Law Dilemma:
* Generative recommendation shows excellent scalability ...
r ir ndoning meticul | nstr r By
?euattuigs es abandoning meticulously constructed cross . 00 0
* Critical Challenge for Sparse ID: Oe Yo
. . embeddmg lookup
 How to retain sparse ID-based cross features (user-item
e e B

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
seguences

Han et al. "MTGR: Industrial-Scale Generative Recommendation Framework." CIKM 2024.
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e Sparse ID Tokenization Strategy:
Converts user features (U), sequence features (=S, >R), and RaeraturescandlateS ______________________
candidate features (C, I) into unified token sequences _qu ________________ 13_ T ________________

* Aggregates candidates by user:  D=[US, R, [CI]y,... [CI]] | User

00O

--------------------------- 2232

» Preserves all sparse ID-based cross features in candidate tokens @ ‘ @@@
200

 Emb(brand)] Emb(brand)}: | Emb(brand)] Emb(brand)) : : lIE Emb(ID) [

 HSTU-based encoder with Group-Layer Normalization (GLN) for S

° ° ettt gt N, eTTTTTemmsssssssssssssssssssssssssssseoes -,
° h o ! [Emb(ID) | [Emb(ID) ;g ZONIEEIORME Embictr) | Embictr) | Embict) :
ArC itecture Inn0vat|0ns. { [Emb(tag) | [ Emb(tag) | : | Emb(tag) | | Emb(tag) ii Emb(pv) | Emb(pv) | Emb(pv) §
Emb(ID Emb(ID)
[Emb( (

------------- ’ [
different semantic spaces — [ i
[ MLP for Seq] [MLP for RT} [ MLP for Candiates ]
 Dynamic masking: Full attention for static features, auto- o J

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

22
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* Background: The Limitation of Sparse IDs
e Semantic Void: Random IDs lack inherent meaning; models rely solely on
collaborative signals
e 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

23
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| Text ID - TallRec
* Limitations: Historical Sequence a
* Random IDs lack semantic information '_'““" W oute . LLM Fails ! a __
e Cold-start problem for long-tail items Sl °° L {Bzizi;:i: ol
e Cannot leverage LLM's world knowledge ~ : ﬂﬂ/ X - :(“ghlk”'
* Critical Finding: T e e /1T
* LLMs with In-context Learning perform at random level 0754 LLMSs on Movie Rec
(AUC = 0.5) 5 S
* ChatGPT either refuses to answer or always predicts "like" o5 f—o—=—
paca nd
* core Cha"enge: 0.75 ¢ o LLMOSA:)n Book Rec
* Huge gap between language tasks and recommendation g | e S
* Need to align LLMs with recommendation without sparse o8 = —
o02 (a3 003 (GPT2)

IDs

24

Bao et al. "TALLRec: An Effective and Efficient Tuning Framework to Align LLM with Recommendation
RecSys, 2023.
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— 5 N N N N N N N N N N § § N N N § § § §N N N § § B _§ N N N § ™

rLightweight Tuning u TALLRec Framework Rec-Tuning
LORAQ H Samples
a ﬁ LLM (] -?ll,?::: ﬁ Rec-Tuning mSI::::lon
Input a LLM Output I A A i
\ y ggggg L Q;Qggg_g;Q;Qggj_;i’: XK
* Text-based Tokenization: * Two-Stage Tuning:
* Replace sparse IDs with textual * Alpaca Tuning: General instruction
descriptions following capability
* Format: "attribute name: attribute * Rec-Tuning: Recommendation-specific
value" (e.g., "Title: iPhone 17") alignment with LoRA
* Leverage LLM's pre-trained « Efficiency:
vocabulary (~30K tokens vs millions of « Only tune 0.1% parameters via LORA

1D
sparse IDs) * Trainable on single RTX 3090 (24GB)

25
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Jeju, Korea

Table 3: Performance comparison between conventional sequential recommendation baselines and TALLRec under different
few-shot training settings. The reported result is the AUC multiplied by 100, with boldface indicating the highest score. i:
significantly better than all baselines with t-test p<0.01.

Few-shot GRU4Rec Caser SASRec DROS GRU-BERT DROS-BERT TALLRec
16 49.07 49.68 50.43 50.76 50.85 50.21 67.24%
movie 64 49.87 51.06 50.48 51.54 51.65 51.71 67.48%
256 52.89 54.20 52.25 54.07 53.44 53.94 71.98%
16 48.95 49.84 49.48 49.28 50.07 50.07 56.36
book 64 49.64 49.72 50.06 49.13 49.64 48.98 60.39:%
256 49.86 49.57 50.20 49.13 49.79 50.20 64.38%

 Effectiveness (64-shot setting):
e TALLRec: AUC = 0.67 (Movie), 0.60 (Book)

* Traditional models (SASRec, GRU4Rec):
AUC = 0.50

* In-context Learning (ChatGPT): AUC =
0.50 (random)

26
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mm Alpaca-LoRA W Text-Davinci-003 TALLRec 64 Samples (Ours) ~#- TALLRec -4 Caser ~-#— SASRec ~#- GRU—BERT =~ AT
mm Text-Davinci-002 = ChatGPT s~ RT ~#- DROS ~#%- DROS—BERT ~#- GRU4Rec
0.70 0.75 0.650
X
0.70 p——" | 0.625
0.65 iy *7* /
0.600
0.65 — / /
0.60 v / 0.575 v
S 3 0.60 V t /
F < 0.550 | ¥
0.55 0.55 [ S
4 —_— ? 0.525 t
050 | LmEmE—— X " ;
0.50 . - Rk 0.500 Fp——
04—
0.45 ;- I w—— 0 50 100 150 200 250 0 50 100 150 200 250

* Effectiveness (64f;vie10t setting): - . Few-;uhmlg;saép:;ogioility: e
e TALLRec: AUC = 0.67 (Movie), 0.60 (Book) e+ Strong performance with only 64 training
* Traditional models (SASRec, GRU4Rec): samples & Outperforms sparse ID-based
AUC = 0.50 models
* In-context Learning (ChatGPT): AUC= < Cross-domain Generalization:
0.50 (random) « Movie->Book transfer shows strong
generalization

* Text-based ID enables semantic knowledge
transfer across domains

27



xab 44/
D<> gust 9-13, 2026

=, KDD2076 |

68

j TextID-P5 o

 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 failon =rssszzz= BRI ol
long-tail items and cannot transfer knowledge across e
domains SEFErooas EEsEssT

* 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 & 28

Predict Paradigm (P5)." RecSys, 2022.
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Text-based Representation:

* Replace Sparse IDs with textual attributes
(e.g., "Title: iPhone",

Personalized Prompts:

"Brand: Apple")

* Formulate diverse tasks into unified,
instruction-based natural language

templates
Shared Architecture:

e Use a single Encoder-Decoder (T5)

backbone for all tasks, eliminating Sparse

ID embedding tables
Unified Objective:

e Optimize all tasks with a single Language

Modeling (text-to-text) loss

Sequential Recommendation

[l find the purchase history list of user_15466:

4110 -> 4467 -> 4468 -> 4472

1 wonder what is the next item to recommend to the user. Can you help
me decide?

Rating Prediction

[What star rating do you think user_23 will give item_7391?

Explanation Generation
[Help Hong "Old boy" a 5-star explanation about this product: L

OtterBox Defender Case for iPhone 3G, 3GS (Black) [Retail Packaging]

P5

Review Summarization

Give a short sentence describing the following product review from
Mom of 3 yo girl:

First it came with the packaging open and then as soon as my son
took it out it was so easily broken. Hopefully a little glue will fix it.

Direct Recommendation

Pick the most suitable item from the following list and recommend )
to user_250: \n 4915, 1823, 3112, 3821, 3773, 520, 7384,
7469, 9318 , 3876, 1143 , 789 , 595 , 3824 , 3587 , 10396 , 2766 ,
7498, 2490 , 3232, 9711, 2975, 1427, 9923 , 3097, 3594,

6469 , 9460 , 6956 , 9154

Zero-shot Generalization to New Product & Personalized Prompt

( 1 being lowest and 5 being highest ) : \n title : Hugg-A-Moon

Predict user_14456 's preference about the new product
\n price : 13.22 \n brand : Hugg-A-Planet

1581

you can protect your prescious

iphone more safe

)

29

broke immediately
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Table 3: Performance comparison on sequential recommendation.

Sports Beauty Toys
HR@5 NDCG@5 HR@10 NDCG@10 HR@5 NDCG@5 HR@10 NDCG@10 HR@5 NDCG@5 HR@10 NDCG@10

Caser 0.0116 0.0072 0.0194 0.0097 0.0205 0.0131 0.0347 0.0176 0.0166 0.0107 0.0270 0.0141
HGN 0.0189 0.0120 0.0313 0.0159 0.0325 0.0206 0.0512 0.0266 0.0321 0.0221 0.0497 0.0277
GRU4Rec  0.0129 0.0086 0.0204 0.0110 0.0164 0.0099 0.0283 0.0137 0.0097 0.0059 0.0176 0.0084
BERT4Rec  0.0115 0.0075 0.0191 0.0099 0.0203 0.0124 0.0347 0.0170 0.0116 0.0071 0.0203 0.0099
FDSA 0.0182 0.0122 0.0288 0.0156 0.0267 0.0163 0.0407 0.0208 0.0228 0.0140 0.0381 0.0189
SASRec 0.0233 0.0154 0.0350 0.0192 0.0387 0.0249 0.0605 0.0318 0.0463 0.0306 0.0675 0.0374
S*-Rec 0.0251 0.0161 0.0385 0.0204 0.0387 0.0244 0.0647 0.0327 0.0443 0.0294 0.0700 0.0376
P5-S (2-3)  0.0272 0.0169 0.0361 0.0198 0.0503 0.0370 0.0659 0.0421 0.0648 0.0567 0.0709 0.0587
P5-B (2-3)  0.0364 0.0296 0.0431 0.0318 0.0508 0.0379 0.0664 0.0429 0.0608 0.0507 0.0688 0.0534
P5-S (2-13)  0.0258 0.0159 0.0346 0.0188 0.0490 0.0358 0.0646 0.0409 0.0647 0.0566 0.0705 0.0585
3

Methods

P5-B (2-13) 0.0387 0.0312 0.0460 0.0336 0.0493 0.0367 0.0645 0.0416 0.0587 0.0486 0.0675 0.0536

* Unified Task Performance: P5 matches or exceeds task-specific Sparse ID baselines across 5
task families.
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Toys -> Beauty
Case 1 Input: Based on the word color , help user_4549 write a 5-star explanation for this new product : \n Target Output: I have color treated fine hair but lots of it
:Ei: : Bain De Terre Serum Anti-Frizz Recovery Complex 1.7 oz. \n price : 3.86 \n brand : Bain de P5's Output: The colors are bright
Case 2 Input: Based on the word shampoo , help user_1491 write a 1-star explanation for this new product : Target Output: I tried the shampoo and it hardly foams up
\n title : CLEAR SCALP &amp; HAIR BEAUTY Volumizing Root Boost Nourishing Shampoo, 12.9 Fluid Ounce P5's Output: Not worth the price
\n price : 1.66 \n brand : Clear put: P Z_l & Z__l Z_2 & 2_3 Z_5 & Z_7 Z_6

Case 3

Case 4

Case 5

Case 6

Beauty -> Sports

Input: Based on the word tool , help user_3877 write a 5-star explanation for this new product : \n
title : SOG Specialty Knives &amp; Tools TF6-CP Trident Knife with Straight Edge Assisted Folding
3.75-Inch Steel Tanto Shape Blade and GRN Handle, Satin Finish \n price : 57.6 \n brand : SOG
Specialty Knives

Input: Based on the word saw , help user_326 write a 2-star explanation for this new product : \n
title : Rome's #1705 Square Pie Iron with Steel and Wood Handles \n price : 20.26 \n brand : Rome
Industries

Sports -> Toys

Input: Based on the word game , help user_29782 write a 3-star explanation for this new product : \n
title : Deal Breaker Coaster Card Game \n price : 13.95 \n brand : Zobmondo!!

Input: Based on the word cars , help user_2121 write a 5-star explanation for this new product : \n
title : Ridemakerz Marvel Universe Spiderman and Venom Xtreme Customz Swap Set \n price : 14.89 \n
brand : RIDEMAKERZ

Target Output: this is an excellent tool
P5’s Output: This is a great tool tool

Target Output: After looking closely we saw 2 of the rivots
that are supposed to hold it on were missing

P5’'s Output: I saw no visible improvement

Target Output: I think this game could prove interesting if
played while drinking

P5'sOutput: I'm a big fan of this game and it is a great
game

Target Output: These are great looking little plastic cars
P5's Output: I have several cars and this one is the best

Directions
Accuracy MAE BLUE4 ROUGE1 BLUE4 ROUGE1

Toys -> Beauty 0.7922  0.8244 1.8869 61.1919 5.4609 66.4931
Toys -> Sports  0.8682  0.6644 0.7405 60.9575 2.2601 62.0353

Beauty -> Toys 0.8073  0.7792 0.0929 41.3061 11.8046 64.8701
Beauty -> Sports 0.8676  0.6838 0.0346 39.7191 6.6409 66.9222

Sports -> Toys  0.8230  0.7443 0.0687 42.9310 13.3408 69.7910
Sports -> Beauty 0.8057  0.8102 0.0790 41.0659 13.1690 66.7687

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

e 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).
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* Background
e 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
e Sentence-T5 + RQ-VAE - coarse-to-fine Semantic ID
* Shows SID potential for cold-start expansion and diversity control

Residual Quantization

s

User History Next item

Orange shoes, Brand X Red shoes, Brand Y Orange shoes, Brand Y
Atomic Item ID: 233 Atomlc Iltem ID: 515 Atomic Item ID: 64
Semantic ID

g
ltem 2 Encoder
Generator Lookup
(5,23, 55) (5.25,78) | Generative (5, 25, 55)
Retrieval

Rajput el.al. Recommender Systems with Generative Retrieval. NeurIPS 2023 32
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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.

Semantic information User’s historical interactions

m (Title: Casio 44 Key Mini Keyboard\ [: i) g ]
Description: The 44 key Casio
\SA-76 offers children...

-

I | <a_2><b_4><c_3><d_6> | |<a_8><b_66><c_9><d_6>
LETTER with Mu}ti-objgctives ‘
* 7 m\ Generative recommender model
<a_2><b_4><c_3><d_6>
[] Hierarchical semantics integration

[ collaborative integration into code assignment <a_8><b_66><c_93><d_1>

[] Diversity improvement of code assignment «7

(a) Item tokenization (b) Next-item generation
Figure 1: Overview of utilizing LETTER for LLM-based gen-
erative recommendation.

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

* 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

e Lack of collaborative signals
* Code assignment bias
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* Objective:

* Semantic integration: Integrating hierarchical semantic with the token sequence
e Collaborative signals: Incorporating collaborative signals into the token assignment
* Diversity: Mitigating code assignment bias brought by token assignment.

Diversity regularization

Semantic regularization
G) @ O : Code embedding ""'-(?Lmu

Semantic regularization
v Y

' \I @ : Cluster .

5 hY _ ®) @ Postive emb. :lNearut
i @{;" OO O:Negave e

E ﬁw/ E) = : Push away

@ ~» <~ : Pull closer - . E l :
" 1 | | ! ;
P —— Diverisity regularization - - - - - - - - ! E i : LSem:
Resudual Residual ReSIdual Residual : :
Title: Casio 44 Key :
Mini Keyboard Code embedding: Decoder ;
Description: The 44 !
key Casio SA-76... Quantized .
. Latent Code sequence: <a_2> <b_4> <c_3> <d_6> hed | Reconstructed |
Semantic information ~ Semantic nti g ' '
embedding eV / . semantic
gt embedding | embedding '
oy —_—-— ' '
1 hh- : _________
L e g, |
- 1
: CF model CF embedding hy Ler ) H H H
‘- Collaborative regularization - - - - - - - - - oo COI Ia bo ratlve regUIa rlzatlon
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* Collaborative Regularization
* Motivation: Alleviating the misalignment between item identifiers and collaborative
sighals

e ldea: Using embeddings from a well-trained CF Model (e.g. SASRec) to align with the
guantized embedding in RQ-VAE

* Lossform , __1 ZB] exp(< 7, h; >)

B P Z]le exp(< zj, hj >)’

tem Title/Description ___Identifier Interacted users
éf [ 6-string } {Code:<a_8><b_66><c 93><d_8>, :/ 2 8 @ \}
N .guitar (acoustic) 'Emb.: == W — | User_2 User 3 User9 |

: Aligned Similar ~ Misaligned ID il |

| I Similar 4_fﬂ_, 4_fis_gr_, issimilar |

4’ . 6-string | | Codei<a_8><b_66><c_93><d 1> 1>. 8 £ © |
lgwtar(electrlc), \Emb o O o O '\ User_1 User_5 User_6 |

‘Semantics Colléb&éfﬁe_éfdnals

Misalighment between item identifiers and collaborative signals. “Emb.” denotes “Embeddings”.
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* Diversity Regularization

* Motivation: Mitigating code assignments bias brought by a biased code embedding

distribution

* ldea: 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.

Lpiy =

B

52,

i=1

exp(< e;l es >)

271 exp(< ecl ej >)

O Latent semantic embedding A Code embedding

-~ -
A \ \} -
10 /6 O 270

‘ /7

N s

/

AN \_‘ , O
o) A
o ol 0
A . A
o € o

N

L /Biased Code o
Assignment

(a) Code assignment with biased

code embedding distribution.

(4)

> Code assignment

o 00 o)

o 4o uo&o

S *————O—<
o A @) L @) % q

o Y 0 o.

(b) Code assignment with uniform

code embedding distribution.
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e Motivation:

* Retrieval / ranking / re-
ranking are fragmented,;
communication & storage
dominate compute

* Hundreds of objectives
optimized independently -
cross-stage conflicts

e (Cascaded systems cannot
fully exploit scaling laws,
MoE, or RL

OneRec Team. OneRec Technical Report. In Arxiv 2025

+2.0%

+1.5%

+1.0%

+0.5%

+0.0%

APP Stay Time Improvement

-0.5%

-1.0%

Contribution:
* First Industrial SID-based Method.
* Deployable enc-dec generative recommender that unifies
retrieval and ranking
e Collaborative-aware RQ-KMeans tokenizer with multimodal +
collaborative signals
Online Performance FLOPs OPEX & MFU Comparison
[ Cascaded Recommendation 1011 @ Cascaded Recommendation 3(Q
I OneRec: APP Stay Time +0.08% 120% gy Ranking Stage (SIM)
A OneRec: LT7 10 I OneRec
+0.06% 10 100% 25
w04 10 & 80% 20 _
S & o 2
+0.02%5 9 10 S 60% 152
E v k= =
+0.00% 5 10’ “ a0% 10
-0.02% 10 20% 5
: . : -0.04% 10° = oo . I
Kuaishou Kuaishou Lite Linear DLRM SIM OneRec OPEX Training MFU Inference MFU

Figure 1 | Online performance, FLOPs, OPEX, and MFU comparison.
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 Tokenizer:

* miniCPM-V-8B - QFormer compress - collaborative alighnment - 3-level
RQ-KMeans

K-means Clustering

Lcaption_gen Lcaption_gen
LLaMA3 LLaMA3
compressed @any aoy (am ay @B G35 Gam Gag compressed X"Ss)
oo tokens M (3L Ly I tokens
ggloenM EREmEREE . 4121 S '
] Codebook 1 Codebook 2 Codebook 3
3 QFormer QFormer . § ]
'; i ,E (TN {""E I{'"\ f If'"‘ CTVCTTYTTY ( 2 3 3
o R RS, | O [P e (0| D O B R S 8 8
M M g § g
= = H
2 2 2
miniCPM-V-8B miniCPM-V-8B
1 Cover +5 Frames (Capmm +T,g+0CR+ASR 1 Cover +5 Frames C,pm“+Tlg+0CR+ASR ‘ ] _
\ — - =
m | #extremesports #skiing \#sk iing #extremesports
'y | skiing Showcase | #snowboarding == =1
Item Pairs 'Dp it Item semantic identifiers (3, 4, 1)

Figure 3 | Illustration of our tokenizer implementation. We first align multimodal representations of
item pairs with high collaborative similarity to obtain collaborative multimodal representations, then
tokenize these representations into discrete semantic IDs using RQ-Kmeans.
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 Full Architecture:

* Multi-path encoder (static / short-term / positive / lifelong) + MoE
decoder - 3-token SID

| l \ 3 l\\
1 2 L
\ \

i 5 ittt :
[ Feed Forward ] i ?’/'@'\? i
t i i
[ AdaRMSNom [ i[ Expewxpe‘rt\Z][ Expert 3 ] [ Expert 4 ] [Expert Ng ,,m]i
| ] 1
1 ]
[ Fully Visible Self-Attention ] i MoE Layer Router i
I e M ———— /
D —
i XLenc [ Add&RMSNorm |
key/value_( — -
D DD D D[:] D C]D [:] > Fully Visible Cross-Attention ]
User Static Short-term Positive-Feedback ? X
Pathway Pathway Pathway S Casual Self-Attention ]
. ecoder ;
User Interest Compression ‘ XLgec
S S S —
EENENEES CEEEEE . ) () &) &

Lifelong Pathway

Figure 4 | Illustration of our encoder-decoder architecture.
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* Motivation: * Contribution:
* Short SIDs (4 tokens) have limited * First OPQ-based SIDs up to 64 tokens with
capacity; extending to 32—-64 tokens no cross-position AR dependency
makes AR decoding expensive * Multi-Token Prediction (MTP): all SID

o positions in one backbone forward pass
* Independent parallel prediction can

produce invalid SID combinations

* Exhaustively scoring all items
reintroduces catalog-scale online
compute

Training w/ Multi-token Prediction \ Inference w/ Graph-constrained Decoding beam size b = 2

(4) Iterate for q steps

Lc> J[e25 |[c5 | Final recommendations

Learning to generate

1
1
semantic IDs in parallel (Head) (Head) (Head) : : E I E o E E m
= Fa WRNCI=]=
1 ;
[. Transformer Decoder ] . = B\ o |
Aggregation r—% r—% 1 N& ; o) Candidate SID
[ Token Embedding Table ) ! A LN N é ©  SIDinbeam
O—O Similar SIDs
Tokens | c5 |[c23 | [ <55 | (MC) [NECTN| e : (1) Sample the (2) Propagate on (3) Keep the 0= Propagation
| Item 233 | Item 515 | | initial beam  decoding graph  best b nodes - "Topag

Figure 1: The overall framework of RPG.

Hou et al. Generating Long Semantic IDs in Parallel for Recommendation. KDD 2025. 40
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ETEGRec

* Motivation:

. Two-stage methods (TIGER/LETTER): tokenizer Tab.le 1: Compa'rlsqn of ETEGRec V\‘Ilth several relatefl studies
on item Tokenization and generative recommendation. “EL”
means the length of item identifiers are equal. “IA” denotes
interaction-aware. “TI” denotes tokenization integration.

frozen after pre-train - reconstruction #
recommendation objective

* Naively updating both components - unstable

SID and objective drift Methods Item Tokenization =~ Generative Recommendation
Learning EL IA  Token Sequence TI
e Contri b ution: GPTRec [16] Heuristic ¢ Pre-processed X
. . - CID [9] Heuristic X X Pre-processed X
* First JOIIj\t training: RQ-VAE tokenizer + TIGER [19]  Pre-learned ¥ X  Pre-processed X
generative recommender co-adapt LETTER [30] Pre-learned ¢/ X  Pre-processed X
* Alternating optimization stabilizes tokenizer— ETEGRec End-to-end ¢ ¢  Gradually Refined ¢/

recommender co-evolution

Liu et al. Generative Recommender with End-to-End Learnable Item Tokenization. SIGIR 2025. 41
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OneRec-Think

e Motivation:

* Existing generative recommenders generate
SIDs directly — preference modeling is implicit
& uncontrollable

* [|temic tokens are not aligned with language
space - general LLM cannot reason over SIDs

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

e 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.

® Prompt

Please describe the content of
<item_a_8121><item_b_3259><item_c_6391>
Note: <item_a_8121><item b_3259><item_c j;i

_6391> are the itemic IDs of a video. Part of

the content of this video includes:

© Describe the video

This is a bustling street market
scene, filled with various food stalls
and the calls of vendors hawking
their goods. Vendors enthusiastically
promote their products to passersby,
such as skewers, fried rice,
pancakes, and candied hawthorns.

-

® Prompt

Describe the user's preferences based on
their interaction history:
Liked and favorited video

<item_a_1468><item_b_868><item_c_6436>
Liked and favorited video
<item_a_1468><item_b_2768><item_c_349>;
Liked video

<item_a_842><item_b_92><item_c_7860>; N

Favorited video
<item_a_5069><item_b_4601><item_c_3132>;

N\

.

& Describe the user
Prlmary Interests: enjoys
humorous skits, film analyses (over
60% of content) and lighthearted
entertainment. Also engages with
Honor of Kings content, indicating
a casual gaming interest.

Secondary  Interests:  Diverse
explorations include pet (cat) videos,
traditional culture, and local food
content.

® Prompt

Recommend videos based on
the user's viewing history.

Historical Interactions:

~

® Prompt

I'm feeling a bit down. Could you
suggest some cheerful and
lighthearted videos to watch?

Note: This user's historical
behavior is identical to the above.

Figure 1: Examples of OneRec-Think’s Unified Dia-
logue, Reasoning and Recommendation Framework.
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OneRec-Think
e Method:

ltemic Alignment:Token
warm-up - multi-task:
persona grounding,
sequential preference, dense
captioning, general LM

=N == o= LuEN pmEN pmmN g pmma pmemN e s ey pmmy e gy gy PEEDY
i i i i i 1 1 1 i il H [ ' i i i il 1 i 1
i i i ] 1 1 1 [ N il H I 1y il T il il 1 1 1
VN Ve Vee?d N v’ SNamw? Vs V- Vewm? Vvew? vew? \aal Vel \aad Ve | yep—
OneRec-Think
nernec-1nin
After searching for Arctic, the user clicked <item_a 1><itemn b _1><item_c_1> and collected <itemn_a_2><item b 2
L= ey g PN pmmN ey g g - - R p—— Yy —— - -
ST e T Tan e T e Tan T T o T Tan Tan T o T Vi Vo T
N \ev \__l' N Nev \__JI l\__ll L__II I\__,_II I\__./I L__l’ L )1 )\ ) 4 _1| t ) 4 ; ! )
. A
Tokenizer T | ?

< SHort video > < Short Video >

Reasoning Itemic Tokens
A A

><item_c_ 2>, she will next click

l’--i Text Token ;’_

N

“:: Itemic Token

Mapping

< Short Video >

(a) Stagel: Itemic Alignment
Task 1: Interleaved User Persona Grounding
iThe user is a 25-30 year old software :
iEngineer. He recently liked video <
iitem_a 1123><item_b_5813><item_c_4212>,
iCaptioned "Exploring the Andromeda i
iGaIaxy with the James Webb Telescope.” and |
ivideo <item_ a_234><item_b_167><item_c_332>, |
icaptioned ... i

Task2: Sequential Preference Modeling
Task3: Itemic Dense Captioning
Task4: General Language Modeling

Training Strategy:
Token Warm-up {377 ¢ 1% OneRec-Think '
Multi-Task Integration {5 77 % oneRec-Think (%

el

-
(b) Stage2: Reasoning Activation

303 03 @) OneRecThink @Y

| The user recently |iked video **+,

iCaptioned *» and video ***, captioned -,

i <think> T <\think> Consequently, |
i the user ‘s next video of interest is !
i <item_a><item_b><item c> (Target Item). :

E ey es
MI t Rélative |Behaviors

(SwyrSwz s s Swi

PRSP
[PSL P

g
:
g
£
7
E

(Svy 1Sy 1 5v, ) Svnit

(c) Stage3: Reasoning Enhancement\

Bonod OneRec-Think ()

Reasoning
T L0
os. O S S S S e -
5 Cf L
WS ] -

Reasoning 77177}

Rollout-i o g oo g e
OneRec-  — { T i (]

Think

o\

ég Reasoning
& F TR

1
Lol kR

& _

Figure 2: The framework of the OneRec-Think. In the first stage, we achieve item-level semantic alignment through
multi-task pre-training. In the second stage, we activate explicit reasoning by prompting the model to generate
preference rationales. In the third stage, we refine the reasoning paths through RL based on a reward tailored for
recommendations.
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* Method:
OneRec—Thmk
Py Itemic Al ign ment-Token A:iiersia_rchingforArEti_c,thf_userclicked< item_a_1><item b _1><item c_1> and collected <item_a 2><item b _2><item c_ 2>, she will next click
: OO 00O00 00 i:? (03000000 ) Text Token (__:‘ Itemic Token
warm-up - multi-task: Tokenizer 14 Tokenizer |11 T
oosgondry - LA SSERE SR
sequential preference, dense =
Short Video Short Video > Short Video >

captioning, general LM

(c) Stage3: Reasoning Enhancement\

Bonod OneRec-Think ()

(b) Stage2: Reasoning Activation|

303 03 @) OneRecThink @Y

(a) Stagel: Itemic Alignment

Task 1: Interleaved User Persona Groundmg
: iThe user recently liked video ==,

The user is a 25—30 year old software ! R :
. 'Engineer. He recently liked video < Captioned *++ and video **-, captioned -, | Ca50IIng s
(] . Lit 1123>< b 5813 4212>, 1 <think> T <\think> Consequently, | e d L L
Reasonlng SFT' Generate ‘(‘)a;z:lc;ned Exl;lt:nljung the Ar;d:':;m;da i ithe user ‘s next video of interest is | Qg LR 'I 'L':L"L"L ) AL IR
. iGalaxy with the James Webb Telescope and | | <item_a><item b><item c> (Target Item). : 5 Lol
rat|ona|es from top-lo {video <item_a_234><item b_167><item c 332>, | | [| T g e “ Reasoning =1
. 3,9??}@9!‘9‘?,;;; ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, ® Prompt: Reason for preference = T OneRec. "I _g g
- . . . 4 neRec- — L L_il_iliq L.
ta rgEt re I eva nt be h aVI OrS, Task2: Sequential Preference Modeling T Think L
. . — . Task3: Itemic Dense Captioning e e Rt Behavo @
distill to training on full noisy Taskd: General Language Modeling o %\ Reasoning [ (30X
4 ) — it
. o QA GR FRirS Fn g EN i PSTERRR e AT .
Training Strategy: bt ctehabet oottt ol mholhakol 1 Salholhaf
history b i PR N DOBRBERBBMEBE 00 { ey
Multi-Task Integration {5 % 7 7¢% OneRec-Think & User Elist;)ricalsBehaviors Tal;get Itent
LR 7R R Vnit
g &

Figure 2: The framework of the OneRec-Think. In the first stage, we achieve item-level semantic alignment through
multi-task pre-training. In the second stage, we activate explicit reasoning by prompting the model to generate
preference rationales. In the third stage, we refine the reasoning paths through RL based on a reward tailored for
recommendations.

44



I SID Challenge - Interpretability

Q0 s
.v

Al:]
.Iq Jeju, Korea

'KDD 267 |

OneRec-Think
e Method:

ltemic 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

After searching for Arctic, the user clicked <item a 1>
L3250 gm=s pmms,
OO OOOOnnm
N \ev \__l’ ! ) X 1'

Vs \.._4 \_-J Vmm/ Cmwd \__

Tokenizer

item_b_1><

i
1
S

________

OneRec—Thmk

]
’ \.__J [ A

Y
I

Short Video

item_c_1> and collected <item_a_2>-

Fira l:--\”,--\ =N PR pTEN pmms pmms pmms pmms pmma pmmy pmemy pmes

=N
R 1 K TR ]
|I ]

Tokenizer

g e gagt

item_b_2><item ¢ 2>,

Reasoning Itemic Tokens

A A
[ \ o o)
. YYD
<thll’lk>l 1 I 1 it 1y 11 1y ]
Vmw? Vaw? V\aw? Vvawl Vaw? el Saw/ sad/

she will next click
[ i 3
1 ]

i 1 Text Token :’“

N S

| Ttemic Token

Mapping

Short Video

Short Video =

(a) Stagel: Itemic Alignment
Task 1: Interleaved User Persona Groundmg

}The user is a 25—30 year old software
iEngineer. He recently liked video <
iitem_a 1123><item_b_5813><item_c_4212>,
iCaptioned "Exploring the Andromeda

iGaIaxy with the James Webb Telescope.” and;
ivideo <item_ a_234><item_b_167><item_c_332>, |
icaptioned ...

Task2: Sequential Preference Modeling
Task3: Itemic Dense Captioning
Task4: General Language Modeling

Training Strategy:
Token Warm-up { i{{ -“ OneRec-Think -
Multi-Task Integration {5 7 7% oneRec-Think ()

N

(b) Stage2: Reasoning Activation

esene

[PRU o l*OneRecTMnk“

iThe user recently liked video ==,

(c) Stage3: Reasoning Enhancement\

Bonod OneRec-Think ()

s R\
i Captioned *+ and video -, captioned - Reasoning L:"::";:'V
i <think> T <\think> Consequently, | ~— T L
ithe user ‘s next video of interest is | 05" subobbobobob e
Citem a><iten b<iten o> (Target Item). | & LLILX
Reasoning i }i |7}
® Prompt: Reason for preference = T Rollout-i "-1'-|—-|' e =
A OneRec- — 1 ;i il ¢ |
P A, Think
N=UNShA St [ P PRI P [PSL P
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FAFSCAPACR PR PR PR PR PR PR P o P
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Figure 2: The framework of the OneRec-Think. In the first stage, we achieve item-level semantic alignment through
multi-task pre-training. In the second stage, we activate explicit reasoning by prompting the model to generate
preference rationales. In the third stage, we refine the reasoning paths through RL based on a reward tailored for

recommendations.
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SID Challenge - Modality 1@ DOOO 2. KDD2026

QARM

e 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

e Contribution: C ""‘"“‘“‘"“‘,""‘“"’"“:;.U,D D C e >
* Item Alignment: Fine-tunes the MLLM via "fxm . S h / | , \
- . . . Recommendation Model
contrastive learning on business-derived | il ] T
item-item pairs to align representations '-~-- """"""""""""""" | ——— —
with downstream recommendation R e ,[ e B

_________________________________________________________________________

distributions

* Quantitative Code (VQ + RQ): Discretizes

continuous multimodal representations
. . . Figure 1: (a) Representation Unmatching: multi-modal features are obtained through down-streaming task-agnostic self-
N tO I edarna b | e S eman tl C | D S ’ ena bl N g en d - sui:rvilsefl :askl.: like i:n::ge-text m:tchingg. (b) It{epresentati(t)l:xr Unlearnixtlg: gen::rate(lg multi-mo:ial reprfs:antati(g)n istalways

. . . . nly served as additional fixed static input feature for recommendation model.
to-end training within the ’
recommendation model
Luo et al. QARM: Quantitative Alignment Multi-Modal Recommendation at Kuaishou. CIKM 2026. 46

(a) MLLM pre-training (b) Multi-modal infor usageinr dation model
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I SID Challenge - Modality @ DOOO 4. KDD2075 |

QARM
e Method:

* |tem Alignment: Mines item-item pairs from U21/I2I retrieval models; fine-tunes MLLM with batch-
contrastive loss using multimodal (text + image + audio) inputs only

( Batch Contrastive Loss click long-view buy others

7 7 !
= - ST
.f.:::‘r " shared 11_!:;:\" @mi “Codebook T T Codebook 2~ Codebook 3 E-_“_-;_: / D;:gt::::s \

S IIIH:HII ’""‘ BHB @H_‘E III i
ST BBEEEE BB % ey

|

Trigger item Target item i : ]
Text/Audio/Images Text/Audio/Images '\ temcode(3,4,1,.) — = Code Cache Store
Item Alignment Quantitative Code Downstream Usage

Figure 3: Sketches of QARM workflow, the left sub-figure gives the training framework of our item alignment mechanism, the
middle sub-figure expresses our quantitative mechanism, and the right sub-figure indicates the learnable ID-based training.
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I SID Challenge - Modality @ DOOO 4. KDD2075 |

QARM
e Method:

* |tem Alignment: Mines item-item pairs from U21/I2I retrieval models; fine-tunes MLLM with batch-
contrastive loss using multimodal (text + image + audio) inputs only

e VQ Code: Uses all item representations as a codebook; assigns each item its Top-K (K=25) nearest
neighbors as discrete VQ codes

( Batch Contrastive Loss ) [} [ ¥ 3 click long-view buy others

EEEEE@EE ------ N I

_________________________________________________________

Item : 4 it \' / DGGP Cross \
Tower _Nenrm, Pov Network
Code 1 ] 4
j , =5 HH B |HEBE | BEEE j
EEECTOTT] BT[] i :
t f i . i [ ID-based Embedding ]
[ Multi-Modal LLM ] | Q- : @_ @- E= H -B. ETJ T
it : ; (
Text/Ado/moges  Text/Audio/mages o Hemcode(3,4,1,.) —————— L Cosecachestore |
Item Alignment Quantitative Code Downstream Usage

Figure 3: Sketches of QARM workflow, the left sub-figure gives the training framework of our item alignment mechanism, the
middle sub-figure expresses our quantitative mechanism, and the right sub-figure indicates the learnable ID-based training.
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QARM
e Method:

ltem Alighment: Mines item-item pairs from U21/12I 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

( Batch Contrastive Loss ) [ ] 3 click long-view buy others

EEEEE@EE ------ EE@ et

........................

Codebook 1 Codebook 2 Codebook 3 v
Item N | — — i Deep Cross
Network

I“HIHIH IIIHIIHI g’i:'d:h BHB @H% III ; [ ID-MLMQMM ]
[ Multi-Modal LLM ] Q_ =E_§_H=:_ ) :@ - r

|

Trigger item Target item i : ]
Text/Audio/Images Text/Audio/Images '\ temcode(3,4,1,.) — = Code Cache Store
Item Alignment Quantitative Code Downstream Usage

Figure 3: Sketches of QARM workflow, the left sub-figure gives the training framework of our item alignment mechanism, the
middle sub-figure expresses our quantitative mechanism, and the right sub-figure indicates the learnable ID-based training.
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QARM
e Method:

ltem Alighment: Mines item-item pairs from U21/12I 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

( Batch Contrastive Loss )

click long-view buy others

T . s T

........................

Codebook 1 Codebook 2~ Codebook 3 \
----- ; / Deep Cross \

- - ; v Network
et et U"E«Z‘; BEGE [AE | dmE | 1
[ Multi-Modal LLM ] Q_ : @_ ﬁ_az =l _H. @ E

[ ID-based Embedding ]

Trigger item Target item 1 3 f ]
Text/Audio/Images Text/Audio/Images . emcode(34.1.) —— = | Code Cache Store
Item Alignment Quantitative Code Downstream Usage

Figure 3: Sketches of QARM workflow, the left sub-figure gives the training framework of our item alignment mechanism, the
middle sub-figure expresses our quantitative mechanism, and the right sub-figure indicates the learnable ID-based training.
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I Summary

0 8 #.kpp202%

» Summary:

e Sparse ID lacks semantics and generalizability,
but offers accurate grounding

* Text-Based is semantically rich and
generalizable, but grounding is difficult

e 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

4 Tokenization

Evolutionary [ Onesearch |
Tree in GR
(o )
=@
m = t)] RecFound m
RecR1 I m 2

| eacer-um K2

Z [~
)
N
ETEGRec [0;
= m m RecSysLLM m]{; LMIndexer l
& ® © ¢ == .
~

(@] ps

Text-based

M6-Rec

ESEARCH SID-based

Figure 3. The evolution of tokenizer paradigms, showing the transition from sparse ID-based and text-based
models toward semantic ID approaches, with affiliations noted beside each work.
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Next Item Token
t /Semantic ID

Next Item Token
/Semantic ID
Zt

N 7k

* Encoder-Decoder
* Encoding rich information.

1 * Decoding the SID of next
( Contextual Memory H }—v’ ’»-s-eau-ezc-e--======;:jj:ijj --------- ‘1 |tem
: (o 7] X | :
/ﬁ Decoder Blocks ;-_“CLD_ _____ %_%:‘::::D_"a::.:i__ _'i ¢ DECOder'Only
S Sl ! * Putting all the information in
! Final Item Distribution ] Causal Sequence'

Z Z 7

1

1

1

1

1

Previous :

SIDs 1
————————————————————————————— :
1

* Diffusion-based
* Denosing the state to the

' Encoder Blocks ' Diffusion

{'_Sequence R - \ final stage to derive the
\ .
O L2 TA i | possible SID.
Y T EEmm T i | ety ¥ '
] Context User User ', ] oA '
l\ Features  Features History Prompt ) ! i @ & ‘.\..'.__-_@._‘. _4: i
L e e e e e e m e e mmm e A TIIIIooIIIIIIIoIIIIIIIoTIIIoIT
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Model structure Analysis: * Emerging Trend: Decoder-Only + Scaling
Size |:| Encoder-Decoder
A Decoder-Only
Online Experiment abgm o,%‘.vzmmnk * One causal sequence for behavior, context,
A A A and candidates.
BT age [ ca, 2lw T
¢ N 7 o * Scale long histories with efficient, serving-
3B I OneSug gg )
8 ’ ready generation.
7 L
18 | % s@ﬂ@wm“ TeGRecal
ST  Examples: HSTU, COBRA, MTGR, RecGPT.
0.58 | , &
y o A Spacetime-GR
A EGA-VZMTGR €L
0.18 — A CerRec 5 ;mA
GPT4Rec [/ Gec @ COBRA Tecent
- H%R = Lihﬂiﬂn “
2023 2024 2025 Timeline
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* One-page map:
 Compare conditioning, generated object, and serving trade-off.

Architecture family Context / conditioning Generated object Serving bias / examples

Encoder conditions prompts el [UE [ 2R11e)
Encoder-Decoder . . p PES, Text, item IDs, semantic IDs, or  conditioning; P5,
instructions, modalities, and

Architecture local-service targets. InstructRec/VIP5,
local context.
OneRec-v1, Oneloc.

Throughput-oriented
Decoder-Only Causal stream over user actions, Next actions/items or sparse- scaling;
Architecture candidates, and context tokens. dense retrieval representations. BIGRec,Llama4Rec,
COBRA, RecGPT

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

Diffusion-based lterative denoising from noisy Denoised item/code
Architecture candidate or code states. distributions or candidate sets.

[Tutorial] Li et al. Tutorial on Generative Recommendation: Foundations and Frontiers. KDD 2026.
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I Encoder-Decoder GR 1@ O §§;KDD20”§’§ |

Segmented user /

Prompt text + item Instructions + . Multi-scale user  Geo-aware SIDs +
Input . candidate / . :
IDs visual tokens . behaviors location
feature fields
Instruction / visual M6 foundation Multi-path Location-aware
Encoder T5 encoder e : .
conditioning backbone behavior encoder attention
Text-to-text Richer-context = Task outputs + late Causal semantic- Local semantic-ID
Decoder / output . .
outputs outputs interaction ID decoder decoder + RL
: : Serving-
Richer Foundation model End-to-end : _g
Lesson Backbone reuse e specialized
conditioning + segments generator S

e 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. EMINLP Findings 2023; [4] Wang et al. EAGER. KDD 2024; [5] Luo et al. OnelLoc. WSDM 2026.
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= 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?
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I Encoder-Decoder: Design Axes @ O :V;I/(DDZOZG |

= 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.
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= Background s ezt

e PS5 starts from a standard T5 text-to-text [
encoder-decoder.

I wonder what is the next item to recommend to the user  Can you help m
me decide?

Rating Prediction

[Whut star rating do you think user_23 will give item_7391?
Explanation Generation

* Motivation e e |8 P5 =
e Multiple recommendation tasks need one [ZT,IZ""M
prompt interface instead of task-specific

Mom of 3 yo girl:
Direct Recommendation
~
h ea d s [I’ick the most suitable item from the following list and recommend
.

took it out it was so easily broken. Hopefully a little glue will fix it

First it came with the packaging open and then as soon as my son broke immes diately
to user_250:\n 4915 , 1823 , 3112, 3821, 3773, 520, 7384,

7469 ,9318 , 3876, 1143 , 789 , 505 , 3824 , 3587 , 10396 , 2766 ,
7498 , 2490 , 3232, 9711, 2975 , 1427 , 9923 , 3097 , 3594,
6469 , 9460 , 6956 , 9154

* Contributions B

* Serialize users, items, histories, and tasks into " T
prompts, then decode task outputs. [

(1 being lowest and 5 being highest ) - \n title : Hugg-A-Moon
\n price : 13.22 \n brand : Hugg-A-Planet

[1] Geng et al. P5. RecSys 2022. Fig. 1 (arXiv version).
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I Encoder-Decoder: P5 1@ 50 ©.KDD2076 |

= 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.

x =template(u, Hy, i, T), poly | xX) =[Too(ye | ¥y <t x
t

ctl>  <t2>  <t3> <td> <t5> <tb> <t7> <t8> <t9> <t10> <tll> <t12> <t13> <t1d> <t15> <t16>
t t t t t t t t t t t t t t t t t t
Bidirectional Text Encoder I » Autoregressive Text Decoder
t t t t t t t t t t t t t t t t t t
Token Emb. | what |star||rottng ’ do | you ||tMnh |uscr| | | | 23 | | will 9tue‘ itten || 73 | 91 | ? I

BES
+ + + + + + + + + + + + + + + +

Position Emb. <pl> <p2> <p3> <pd> <p5>  <pb> <p7>  <p8> <p9> <plO> <pli> <pl2> <pi3> <pld>  <pl5> <plb>

+ + + + + + + + + + + + + + + +

Whole-word Emb, <wl>  <p2> <p3> <d>  <pb>  <pée <n7> <p8> <9 <wi@> <piil>

[1] Geng et al. P5. RecSys 2022. Fig. 3 (arXiv version).
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Jeju, Korea

= Background

e P5 |leaves intent and multimodal item evidence
mostly to the prompt text.

. . Proactively . . System Instruction tuning

. M Ot |Vat ion Iprefer...” —>  Formulation - Sequential

: User Concatenation Model g3 dati
* A Stronger enCOder SI de ShOUId Carry [nstructions Plnsen:}?ﬂ Inslrﬁctions% o ORmEEOE
gy e pio £ Product Search
. . . . - 0 O'Q
preferences, instructions, and visual signals. =%
Recorded Info. T =3 Personalized
. . | Historical () Search
- C o nt r b Ut ions Passively interactions Sesal lleis)
Recommendation

* 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.
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= 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 x=[ly; Py Vi 71, pely | X) =[lpelyt |y <t x
' it

[ Adapter ¢ ]
|

[ PS5 Encoder

L R R O

Token pick the t itable it f 25 1 3 71 62 <il>  <i2> 5 45 41 <i3> <i4> ) 23 17 <i5> <i6>
Adapter ¢}
4
P pl p2> <p3 p4 <p5> <p6> <p7> <p8> <p9> <plO> <pll> <pl2> <pl3> <pld> <pl5> <pl6> <pl7> <pl8> <pl9> <p20> <p21> <p22> <p23> <p24> <p25> PS5 Decoder
XL
+
<s> 23
Whole-word <wl> <w2> <w3> <wé> <W5>  <w6> <W7> <w8> <W9> <Wl0> <wll> <wl12> <wl13> <Wld> <wl5> <wl6> <wl7> <W18> <wl9>
Category <c-text> <c-visual> <c—text> <c-visual> <c—text> PE— VIPS' Model (a)
Architecture
r 8 b
Pick the most suitable item for user_251 : 7162 /zq‘ , 4541 | 2317 =£$ =F CLIP Image Mapping . . . Visual
o w Encoder Network iy Tokens
Multimodal Personalized Prompt b) -_‘-‘# i5 <i6 (c)

[2] Zhang et al. InstructRec. TOIS 2024/2025; [3] Geng et al. VIP5. EMNLP Findings 2023.
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* Motivation
* Foundation models offer one generative

interface for heterogeneous
»(y =0) p(y=1[000 000 000 DO0 O
- o e SRR R BER ¢
recom me nd at|0n taSkS- Softmax Layer | option1 °P":"1 000 888 888 888 8 >
—~ |888 886 888 888 6 ]
( Transformer Layer L of M6 )| |00 000 000 000 0o
000 000 000 000 0=
* Chall
a enge ( Transformer Layer L' + 1 of M6 ]“ggg ggg ggg ggg g §
' . e e o
H H i + Emb of S t 0 :i + Emb of S t1:i+Emb of t2 i + Emb of S t3:i+Seg. 4 4
 User, candidate, and feature fields must o R s B s s B i B S RS s PR
. . . e e bidirectional autoregressive
remain interaction-aware and efficient to 000090 098 995 0
d ( Transformer LaverL of M6 ) ggg ggg ggg ggg g .
a apt' ( Transformer LayerZofMG ]"888 888 888 888 8 g
( Transformer Layer 1 of M6 ]| |000 000 000 000 0 5
000 000 000 o000 0 (=
. o I f T od I | I | I | I 1 I......l...|000 OO0 OO0 OO0 O(2
[ Contrlbutlon i +§mboff’oslt¢z3 i +EmboflPos4t?6 it +§mboffos4t?6 i +|§mboff’os4tcj)6 i#Pos4il000 opo ooo ooo o|%
!MMKIIOpllonllnpﬂonl!! buy [shoes| , || buy [shirts|[ , || will | buy Ipants‘|[ {eos) | 888 888 888 888 8
; : Trainable Embeddi History Behavi Candidate It Rank 000 000 000 000 O
* M6-Rec combines an M6 backbone with roinable Embeddings storyBeaviers andidateem to fan e
multi-segment forward passes and late
Interaction.

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

poly | X

)= [Tyt | y <. ),
t

X = [Xuser; Xcandidate; Xfeature

Labe] U/1

Transformer Layer L of M6

Transformer Layer L — 1 of M6

Transformer Layer L' + 1 of M6

'y

vy

r'y vy

'y

'y

1]

'y
A ).

|

+ Embedding|of Segment 1

+ Embedding jof Segment 2

+ Embedding of Segment 3 + Embedding of Segment 4 + Embedding of Segment 5

+ Embedding of Segment S —2 i

+ Embedding of Segment S — 1

+ Embedding of Segment S

[ Transformer Layer L' of M6 ]

[ Transformer Layer L' of M6 ]

[ Transformer LayerL of M6 ] [ Transformer Layer L' of M6 ] [ Transformer Layer L' of M6 ]

[ Transformer Layer L' of M6 ]

[ Transformer Layer L' of M6 ]

[ Transformer Layer L' of M6 ]

[ Transformer Layer 2 of M6 ]

[ Transformer Layer 2 of M6 ]

[ Transformer Layer 2 of M6 ] [ Transformer Layer 2 of M6 ]

[ Transformer Layer 2 of M6 ]

[ Transformer Layer 2 of M6 ]

[ Transformer Layer 2 of M6 ]

[ Transformer Layer 2 of M6 ]

[ Transformer Layer 1 of M6 ]

[ Transformer Layer 1 of M6 ]

[ Transformer Layer 1 of M6 ] [ Transformer Layer 1 of M6 ] [ Transformer Layer 1 of M6 ]

[ Transformer Layer 1 of M6 ]

[ Transformer Layer 1 of M6 ]

[ Transformer Layer 1 of M6 ]

i

i

I . I i T

i

i

i

i + Embeddings of Position 1, 2, ... '

+ Embeddings of Position 1,2,... i

+ Embeddings of Position 1,2,... i +Embeddings of Position 1, 2,... ii

+ Embeddings of Position 1, 2, ...

i +Embeddings of Position 1, 2, ... ‘

+ Embeddings of Position 1, 2, ...

+ Embeddings of Position 1,2, ... }

This is a female user in Beijing.

Ten hours ago, the user
clicked

a product named Ray-Ban New
Wayfarer Sunglasses.

a product named Timberland

Three hours ago, the user Women's Waterproof Hiking

purchased

The user is now recommended
the search query Hiking Gear,

which the user has clicked >10
times in the last two years.

[EOS]

LA

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

User features.

Candidate features.

T
User-candidate cross features.
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= M6-Rec reports gains in CTR prediction and all-item retrieval, while Figure 7 shows zero-

shot transfer.
Main task results

Datasets
Method Method Type AlipayQueryT TaoProduct]
DIN ID embeddings 0.7332 0.7611
Mé6-Rec  Text semantics 0.7508 0.7995
All-item retrieval (HitRate@100)
Test Sets
Method Method Type All ItemsT Unseen ItemsT
YouTubeDNN  ID embeddings 54.4% fail
TwinBERT Text semantics 69.6% 49.6%
Mé6-Rec Text semantics 74.1% 57.0%

Zero-shot transfer (AlipayQuery)

0.7 S

5] e~ e e S S S
N e e S S S S s
<0.65 /
y
Y /
c |
" f
g 0.6 ';’
‘g 1' ~——— DIN
& 0.55 ' M6-rec zeroshot
' ' M6-rec 80-shot
’ —=— M6-rec 400-shot
0.5

OM 2M 4M 6M 8M 10M
Training Samples

12M 14M 16M

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.
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68

= Motivation

Cascaded retrieval and ranking pipelines
fragment optimization and waste

CascadedRec
Infrastructure %g;
modern accelerator capacity. - - 2; o »
. Challenge User Data Item Data ‘x‘;
A generator must use rich user behavior
while directly optimizing the final Reco Log
recommendation outcome.
° ° [--- ]
= Contribution = Q |
D Tokens IO R R O :
* OneRec replaces the cascade with an o o mem mae Q0
Samples User Info Context Info Item Info @) m_ —
end-to-end encoder-decoder generator =
guided by rewards.

[2] Zhou et al. OneRec Technical Report. arXiv:2506.13695, 2025. Fig. 2
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= The tokenizer aligns multimodal item content with collaborative item-pair signals before
guantization.

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

(£) ' (£) (£) (1) (L¢)
s;/=argmin||R;” —c’|l, si=I[s;”,....5; "]
k
K-means Clustering
Lca i L i
ption_gen caption_gen
Ko ©) X ®
xc(z)
LLaMA3 LLaMA3 !
"o IERIDEN L BEEE N — e
ol e
g i::::: QFormer QFormer g Codebook 3
=00 0
%;'::; CVCTYTYTY CTYTYTTYCTY o ] E’;
= LN LS L W | Lt L L S LU L S0 Bl WY =
miniCPM-V-8B miniCPM-V-8B
1 Cover +5 l;'rames ‘;‘np:imlfT:gf(K:\SR » @ : _ o :
| #extremesports #sking | (T (OUEEC A |#skiing #extremesports ||
Item Pairs D Item semantic identifiers (3, 4, 1)

[2] Zhou et al. OneRec Technical Report. arXiv:2506.13695, 2025. Fig. 3.
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= 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. Po(zy:1 | X) =

[ Feed Forward

]

f

([ Add&RMSNorm | e¢——

[ Fully Visible Self-Attention
'y

]

Encoder

User Static Short-term Positive-Feedback
Pathway Pathway Pathway

User Interest Compression

0 0O-000-0O DET] ?

________________________________________________________________

Lifelong Pathway

[2] Zhou et al. OneRec Technical Report. arXiv:2506.13695, 2025. Fig. 4.

______

XLenc

L
[Mps(z | z<4 Ence(x))

_____

| \
1
i i
1
'[ Expert 1 ] [ Expert 2 ] [ Expert 3 ] [ Expert 4 ] [Expert Ne ,,m]i
E N— >~ :
1 1
E MOoE Layer Router ;

[ Add & RMS Norm }<
key/value_r — t -

4l Fully Visible Cross-Attention ]
7

Casual Self-Attention ]

Decoder Y XLgec

bos) () () (&
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= 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)

Metric w/o. feature w/. feature Impr Method vtr Watch time App Stay Time Video View!
OneRec w/oRL 0.1978  +1.62% -0.10% -4.18%
lvtr 0.4940 0.5500 11.34% Pass@32 OneRecw/RL 0.2138  +3.17% +0.39% -9.87%
vir 0.8730 0.8901 1.96% Relative Impr. +8.08% +1.55% +0.49%7117 -3.69%
ltr 0.0391 0.0441 12.79% OneRec w/o RL  0.2239  +4.61% +1.11% -12.75%
Pass@128 OneRecw/RL  0.2387  +5.22% +1.49% -15.06%
0
witr 0.0190 0.0224 17.89 0/0 Relative Impr. ~ +6.61% +1.53%  +0.38%17 -2.65%
cmtr 0.0919 0.1010 9.90% OneRec w/o RL  0.2444  +6.32% +1.66% -15.54%
P-score 0.0749 0.0966 28.88% Pass@512 OneRecw/RL  0.2494 +5.88%  +1.75% -13.88%
Relative Impr. +2.05% -0.41% +0.09%7 +1.97%

 Main signal:
e 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.
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= Background

* Local-life recommendation is conditioned by
history, current location, and nearby POls.

* Motivation

* Plain SID generation misses geography,
neighborhood structure, and business signals.

* Contributions

 Onelocinjects geography into encoder attention,

decoder prompts, and RL rewards.

[5] Luo et al. OneLoc. WSDM 2026. Fig. 2 (arXiv version).
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= Geo-aware attention GA"I_SI':‘:‘:‘_ ______________ OftmmEmmsmm—aeee 0 LLLES
i |

= Location gate

= Neighbor prompt

A = softmax(QK T /Vd + ASgeo),

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

Adding location similarity to encoder self-
attention.

Modulating encoder outputs before
decoder cross-attention.

Guiding the decoder with surrounding POI
context.

[ Softmax(QK" + Locyeqlocky) | S
(CMLP

| | |

Query Key Value

o l:]I:lI] l]

j OneLoc
[ Encod ] [ Decoder ]
Update
\ © DPO Pair
OneLoc,,,l @ Q

T

MLP

Embedding Layer
BEIP THIUE 1S

Satch Selick o

User History

p(z: | Z<t, h, Pror)

Feed Forward Network

|

Cross-Attention

i Encoder Decod
[ Feed Forward Network ] [

: r

i kv

b J-A Self-A

Casual Self-Attention

xK
Reward Signal
[~ m®)
Nt/ &
. @ \\ -------
Dis(v, =
Thresh - @
(3]
GMV

Neighbor-Aware Prompt
LocPrompt i““i""i
t " Semanticids

[]
User Realtime Loc Neighbor Loc
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= 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.

Online System
Request Semantic
s il /> OneLoc tokens Results
Recommend | Inference Server Mapping Reward System
Server
A
Update
IParameters
Collect Log . ] Candidates
Trainer
J‘ DPO Pairs

Offline System

[5] Luo et al. OneLoc. WSDM 2026. Fig. 3 (arXiv version).
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* Prompt variants: compare point-wise, neighbor-MLP, and neighbor-aware prompt designs.

0.55- 1 @5 1 @5
== @10 | 0-21 == @10
0.50 EE @20 0.20 I @20
A45-
045 0.19-
0.40-
0.18+
0.351
0.17
0.30+
0.16-
0.25-
0.151
0.20+
Full Point-wise  Neightbor-MLP Full Point-wise  Neightbor-MLP
Model Prompt Prompt Model Prompt Prompt
Recall NDCG

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

[5] Luo et al. OneLoc. WSDM 2026. Fig. 4 (arXiv version).
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= Reward variants: combine Recall, NDCG, distance, and GMV signals.

— @ | 0.220- — @ | 10.001
0.60- = @10 = @10
== @20 = @20
0.55- 0.2151 9.00-
0.50- |
0.210 8.00.
0.45-
0.205
0.40 - 7.00 -
0.35+ 0.200 1
6.00 -
0.301 0.195-
full wlo wlo full wlo wlo 500" wio wio wio
model GMV  Geographic model GMV  Geographic Model GMV  Geographic Reward
Reward  Reward Reward  Reward Reward Reward  Signal
Recall NDCG GMV Score

* Main signal:
* RLrewards move generated candidates toward deployment objectives.

[5] Luo et al. OneLoc. WSDM 2026. Fig. 5 (arXiv version).
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Segmented user /

Prompt text + item Instructions + . Multi-scale user  Geo-aware SIDs +
Input . candidate / . :
IDs visual tokens . behaviors location
feature fields
Instruction / visual M6 foundation Multi-path Location-aware
Encoder T5 encoder e : .
conditioning backbone behavior encoder attention
Text-to-text Richer-context = Task outputs + late Causal semantic- Local semantic-ID
Decoder / output . .
outputs outputs interaction ID decoder decoder + RL
: : Serving-
Richer Foundation model End-to-end : _g
Lesson Backbone reuse e specialized
conditioning + segments generator S

e Bridge:
 As more context and target design move into one generative interface, can a scaled causal decoder
absorb the encoder?
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= 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.
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= 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.

77



\mDOdA/

I Why Decoder-Only Scales ¥ty uj (;ooo %.KDD2076 |

Architecture Computation “ Recommendation Interface

Encoder-Decoder Separate encoding + cross- Two stacks to scale Encode history, then decode
attention 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 Direct fit for generation
scaling

 Takeaway:
 Decoder-only turns recommendation into a standard autoregressive scaling problem.
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Item Representation Prediction Target Selected Papers

LLM-Based Natural-language semantics ltem text or relevance BIGRec; LlamadRec
Recommendation

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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* Background:
e 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.

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

) . :
° | ELFTEL-NNEE | Recommendation Actual Item =
. ® )
> | Il LTI | Space Space 3
g)o . e. . . . @ B
o] H an AI language model, I -
o) don’ t have access to your ‘ A B
Q0 personal preferences... @ o
g - a
'g - ® ‘on Man (Sichuan dialect) . o))
> @ PN Grounding Gl
) X . A )
o0 uching Tiger, Hidden P . - AL
:&' @:gon (Wu hu zang long) @D Grounding : ;Snt?:;?ntlai?(l)'::ll =
| [ | @ °® Large Language @ Actual item L J

@ Model Output @ Hypothetical item

*Language-to-Recommendation Grounding: Instruction: Given ten movies that the user

. . . . watched recently, please recom-

instruction-tune on user histories and target mend a new movie that the user

H likes to the user.

Item text. ‘Input:  The user has watched the follow-
. . ing movies before: “Traffic (2000)”,

*Constrain open-ended generation to “Ocean's Eleven (2001)", . “Fargo

(1996)”

preference-aligned item concepts.

Instruction Output

Output: “Crouching Tiger, Hidden Dragon
(Wu hu zang long) (2000)”

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

Language . |aGEEdulnlhlELdL]y Actual Item

Space - Space Space
! an AI language .model, I &' . . . @

’
don t have access to your ‘ A
personal preferences...

c:

|
* ® (@on Man (Sichuan dialect)
o A @
A
@ouching Tiger, Hidden °
Dragon (Wu hu zang long) ‘ °
m

Grounding

o
()]
0
@)
3
3
(0)
)
Q.
Q
3
@)
B

| Statistical:il |

I Information |
N —— - w

Grounding

@ ° Large Language @ Actual item
@ Model Output @ Hypothetical item

O
T
=
)
1))
«
)
o0
=
()
—
)
o))
~
«
-

e Catalog grounding: rank real items by
L2 distance to the generated concept.

D; = ||emb; — oracle||,,

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

Language . |aGEEdulnlhlELdL]y Actual Item
Space - Space Space

*

! an AI language model, I

don’ t have access to your ‘ A
personal preferences...
|

* ® (@on Man (sichuan dialect)
o A @
A
@ouching Tiger, Hidden °
Dragon (Wu hu zang long) . °
m

Grounding

o
()]
0
@)
3
3
(0)
)
Q.
Q
3
@)
B

| Statistical:il | I
| Informatlon |

Grounding

@ ° Large Language @ Actual item
@ Model Output @ Hypothetical item

()
i®)
=
()
o1
«
)
o]
g
«
—
)
o1
~
)
—

* Catalog grounding: retrieve the * Statistical reweighting: inject popularity or
closest real items by semantic collaborative scores during reranking.
distance.
C: = Ni ﬁ-— Di—mianI{Dj}
o o C Xjer N7 ' maxjer{D;} - minjer {D;}’
Di=llemb; - oraclell;, W) {4
Bao et al. "A Bi-Step Grounding Paradigm for Large Language Models in Recommendation Systems." 2024. Pi B ma-XJGI{C]} mln]GI{Cj} ’ P (1 +Pi)Y’
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Dataset Model NG@1 NG@3 NG@5 NG@10 NG@20 HR@1 HR@3 HR@5 HR@10 HR@20
GRU4Rec 0.0015  0.0034  0.0047  0.0070  0.0104  0.0015  0.0047  0.0079  0.0147  0.0281

Caser 0.0020  0.0035  0.0052  0.0078  0.0109  0.0020  0.0046  0.0088  0.0171  0.0293

SASRec 0.0023  0.0051  0.0062  0.0082  0.0117  0.0023  0.0070  0.0097  0.0161  0.0301

Movic P5 0.0014  0.0026  0.0036  0.0051  0.0069  0.0014  0.0035  0.0059  0.0107  0.0176
DROS 0.0022  0.0040  0.0052  0.0081  0.0112  0.0022  0.0051  0.0081  0.0173  0.0297
GPT4Rec-LLaMA  0.0016  0.0022  0.0024  0.0028  0.0035  0.0016  0.0026  0.0030  0.0044  0.0074

» Rec )24

Improve

654.29%

0.0214

323.31%

273.70%

213.71%

142.55%

0.0176 0.0
654.29% 244.71%

.02
188.39%

111.97%

0.04
56.55%

Game DROS .
PT4Rec- A 0.0000 0.0000 0.0000 0.0001 0.0001 0.0000 0.0000 0.0000 0,0002 0.000
BIGRec (1024) 0.0133 0.0169 0.0189 0.0216 0.0248 0.0133 0.0195 0.0243 0.0329 0.0457

* 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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%|e" Jeju, Korea

Injected Model NG@1 NG@3 NG@5 NG@10 NG@20 HR@!1 HR@3 HR@5 HR@10 HR@20
Movie
7 7 7 7 7 7 Most-Pop 00032 0.0076 0.0088 00121  0.0170  0.0032 0.0108 0.0138  0.0244  0.0438
Single GRU4Rec 00047 0.0108 00151 00237 00351  0.0047 0.0155 00259  0.0527  0.0985
Model Caser 0.0045 0.0113 00161  0.0242  0.0354  0.0045 0.0165 0.0281  0.0537  0.0986
(+None) SASRec 0.0045 0.0119 00171  0.0268  0.0389  0.0045 0.0175 0.0302  0.0606  0.1088
DROS () 0087 () 0186 () 0%‘5 (00359 [1] (HQ'% (0 0087 1] ()am “ “4')6 00761 () 1292

BIGRec (0) 0.0020  0.0034  0.0046 0.0060 0.0095 0.0020  0.0044  0.0074 0.0120 0.0258
BIGRec (1024) 0.0176 0.0214  0.0230 0.0257 0.0283  0.0176 0.0241  0.0281 0.0366 0.0471

+ DROS SASRec 0.0089 0.0184 0.0245 0.0357 0.0493 0.0089 0.0256 0.0409 0.0754 0.1307
BIGRec (1024) 0.0176 0.0250 0.0315 0.0427 0.0562 0.0176 0.0308 0.0464 0.0813 0.1353
Game
© 7 7 7 7 7 Most-Pop 00000 0.0000 0.000  0.0004  0.0018  0.0000 0.0000 0.000  0.0014  0.0068

GRU4Rec 0.0051  0.0080  0.0094 0.0109 0.0129 0.0051  0.0101

Caser 0.0059  0.0094  0.0111 0.0141 0.0177 0.0059  0.0119

Single SASRec 0.0113  0.0151  0.0164 0.0185 0.0204 0.0113  0.0179
Model P5 0.0094  0.0116  0.0131 0.0145 0.0167 0.0094 0.0134

(+None) DROS

BIGRec (1024)
BIGRec (full)

BIGRec (1024) 0.0133  0.0243  0.0268 0.0302 0.0338 0.0133  0.0320  0.0377 0.0474 0.0619
BIGRec (full) 0.0221 0.0292 0.0312 0.0338 0.0375 0.0221 0.0340 0.0387 0.0478 0.0611

* 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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* Background:

While Conventional methods excel at mining collaborative information and modeling sequential behavior, they
struggle with data sparsity and long-tail problem.

Significant Gap

LLM-based methods are proficient at utilizing rich te>ltua| 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?

Luo, Sichun, et al. "Integrating large language models into recommendation via mutual augmentation and adaptive aggregation." arXiv preprint arXiv:2401.13870 86
(2024).
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Jeju, Korea

 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.

J

\

rConventlonal Recommendation Model !

s N | w/ Data Augmentation i
| Conventional (_:, ':r?/enl ti:en:I H
| | Recommendation 1
| Model Recommendation Raw Rec. Data H
| Model H
. T 1

—————————————————— 1 1

i P A A \ !

[—————~ "/ "\ ———— — — I 1 !
| | instruction Tuned Augmented e : :\ Data Aug: j E
Instruction Tuned (.~ T 77777 | 1

| LLM P t A i 1
| rompt Aug. UM H )

N
| Instruction Tuned LLM w/ Prompt Augmentation s - I
| y | Augmented Instruction Tuned LLM |
I'd ~ 25 (N
| g o ®o0 o o0 e 2\ | ||| |Conventional Recommender Prediction ! | Adaptive Aggregation 0 :
| '."é e © — o Given the user preference <item 1>, <item 2>, <item 3> ... | : ________ : : :
| g ° .’ _wA similar user like <item 4>, <item 5> .. [{|1 Ranking Pred.: @ @ @ . H ! User u => Cal. @y, =0.4 !
| o ° - «Pfeaise rar;k the cand::late |te:1(s) <Itemf6> <item 7>, (]} v Score: 2.3 ! i Utility Score = a,,* Utility Score,m i
] Similar . <item 7>, ... according .tot e given in ‘ormation. | 1 Utility Score: 4 3 (I + (1-a,,)* Utility Scorecon, pec. !
| User (,lent: another recommendation model indicates <pred.>.... DN e : :
= [ e e ———————— R
| Sonventiona g | LLM Prediction ' (i) (&) i
||| Recommendation (<LLM Response> i m=s--c== b . |
| Model Based on the given information, the user may prefer : ! Ranking Pred.: @ >E > E> @ i ! Calculated Utility Score: 3.4 3.2 2.4 1.0 !
<LLM prediction>... e T [ PUTI. I
'kk N |1 Utility Score: 4. 3. 2. 1. | | Prediction: @ > @ > @ > !
___________________________________________ N o o e e N e e e
N VAN J
(i). Overall Framework (iii). Adaptive Aggregation
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* Specifically, for the first problem ‘Ql: How to leverage LLM’s reasoning ability in conventional
methods?’, The authors designed the Data Augmentation module.

Direct Rec. i !’;i;-ti-n-g-;r-e;c-t;o-n --------- \l * Data Augme ntation:
7 | (a,) E * Direct Recommendation:

x i : | . |
() g | () ) i * Leveraging LLM to rank each item pair and
(K o i & i form the corresponding BPR loss:

| \ E : i ’ A .
: ; | : | Lppr =~ Z log o (Jui = Guj)
- = et ———— 4 (u,i,j)eD’
88

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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* Specifically, for the first problem ‘Ql: How to leverage LLM’s reasoning ability in conventional
methods?’, The authors designed the Data Augmentation module.

DirectRec. [ sequential Rec. (7«3}.-',.;';;}7&7;,. """"" i| © Data Augmentation:

i 7 ! (@, i e Direct Recommendation:

P — ! i i : - -

' () o | () ) i * Leveraging LLM to rank each item pair and
(K s L_‘;_“ | & i form the corresponding BPR loss:

i | \ E : i ’ N R

| : ; | : : Lipr=— D, logo(ui—Ju))
N - ettt ntatattatatat 4 (wi,j)eD’

* Sequential Recommendation:
* Leveraging LLM to predict the user prefered items in the un-interacted list, and then inserting
them in the interaction sequence.
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* Specifically, for the first problem ‘Ql: How to leverage LLM’s reasoning ability in conventional
methods?’, The authors designed the Data Augmentation module.

:"I-Jl-r-e::t-l-i;; ------------------ Rating Prediction ¢ Data Augme ntatIOnZ

: 7 * Direct Recommendation:

Ly, : : :
(K o * Leveraging LLM to rank each item pair and
i WK s form the corresponding BPR loss:

E \ , . .

| : Lppr =~ Z log o (Jui = Ju;)
i (u,i,j) €D’

* 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.

90
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o Jeju, Korea

e For the second problem ‘Q2: How to introduce collaborative/sequential informtaion in LLM-
based methods?’, The authors design the two Prompt Augmentation strategies.

— — — — — — — — — — — — — — — — — — — —— —— — — — — — — — — — — — — — — — — — — ——

r
Instruction Tuned LLM w/ Prompt Augmentation s - N\
- ~ | Augmented Instruction Tuned LLM

Top-k Recommendation Prompt Example:

Instruction: Rank the candidate movies based on user histori- i o ®50 e ®,0 (<Human Instruction> \
cal interactions and make the tOp k recommendations. ‘.2 e © ™ o Given the us‘eripreferen_ce <ifem 1>, <igem 2>, <item 3> ...

2 ™ : _wA similar user like <item 4>, <item 5> ...
Interaction History: Beyond Rangoon (1995); Alien (1979); R o ° __Please rank the candidate item(s) <item 6>, <item 7>,

14 <item 7>, ... according to the given information.
(,Hint: another recommendation model indicates <pred.>....

Hollow Reed (1996); Primary Colors (1998); ...; Birds, The (1963)
Candidate Items: Last Dance (1996); Remains of the Day, The
(1993); Assassins (1995); ...; Fatal Instinct (1993)

(<LLM Response>

Conventional
Recommendation
Based on the given information, the user may prefer

Model

Similar User Interaction History: L.A. Confidential (1997); g <LLM prediction>... ;
Apt Pupil (1998); Kolya (1996); ...; Star Wars (1977) e e e p—
Conventional Model Prediction: Remains of the Day, The ° I nfo rmatio n from Si m i Ia r U ser:

(1993); Addiction, The (1995); ...; Fugitive, The (1993)
Output: Fugitive, The (1993); Angel Baby (1995); ...; Remains ° ; ; i mi
of the Day; The (1993) Regarding the interacted items of similar users as

Rating Prediction Prompt Example: collaborative information to enrich the prompt for LLM

Instruction: Predict the rating of a target movie based on the Instruction-tunin g.
user’s historical movie ratings.
Rating History: Independence Day (1996): 3; Grosse Fatigue

(1994): 3; Face/Off (1997): 4; ...; Shall We Dance? (1996): 3  Knowledge from Conventional Rec Model:
Candidate Item: Pink Floyd - The Wall (1982)

Similar User Rating History:L.A. Confidential (1997):3; Apt e Combining the prediction results from conventional
Pupil (1998): 4; ...; English Patient, The (1996): 3 )

Conventional Model Prediction: 3.2 models with the prompt.

Output: 3

91
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* Moreover, for ‘Q3: How to aggregate the LLM-based method and conventional methods
properly?’, LlamaRec introduce the Adaptive Aggregation.

r
Conventional Recommender Prediction

User u => Cal. a,, =0.4

Ranking Pred.: lz i :> i3)>|is

___________

Utility Score = a,, * Utility Scoreym
+ (1-a,,)* Utility Scorecon. Rec.

21

r
LLM Prediction _Q

i

i3

2

Calculated Utility Score:3.4 3.2 2.4 1.0

___________

Utility Score: 4. 3. 2. 1. Prediction: | i |>| i,

]
! 1
I ]
! , /(s : /) |
| Ranking Pred.: | i, >il 14| >| i3 |i> i)
| |
! !

d

.

[P ———

* Long-tail coefficient:

£y = log (N (u) + 1)

 The Utility Score of Rating
Prediction task can be formulize

as:

[max - fu
Oy = max 21 -1
fmax - fmin

Uy = o, Urpm + (1 = a)URec

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).
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o Jeju, Korea

For the experimental results, LlamaRec achieves optimal results under three public datasets
and three recommendation tasks.

ML-100K ML-1M BookC i
Backbone Method 00Kt rossing

H@37 N@37 H@57 N@57 H@37 N@37 H@57 N@57 H@37 N@37 H@5T N@57

Base 0.0455 0.0325 0.0690 0.0420 0.0255 0.0187 0.0403 0.0248 0.0294 0.0227 0.0394 0.0269

ME IFT 0.0546 0.0388 0.0790 0.0488 0.0242 0.0175 0.0410 0.0244 0.0247 0.0177 0.0377 0.0230
I Llama4Rec 0.0645* 0.0474* 0.0919° 0.0588 0.0281 0.0203" 0.0433" 0.0265° 0.0365" 0.0284" 0.0462" 0.0324*|

Impro. 18.13% 22.16% 16.33% 20.49% 10.20% 8.56% 5.61% 6.85% 24.15% 25.55% 17.26% 20.45%

Base 0.0492 0.0343 0.0744 0.0447 0.0283 0.0203 0.0432 0.0264 0.0358 0.0272 0.0480 0.0322

LichtGCN IFT 0.0537 0.0381 0.0846 0.0507 0.0268 0.0193 0.0441 0.0263 0.0287 0.0202 0.0448 0.0268
8 I Llama4Rec 0.0647* 0.0476" 0.0967° 0.0608 0.0304" 0.0222° 0.0461" 0.0286* 0.0434" 0.0338" 0.057" 0.0394*|

Impro. 20.48% 24.93% 14.30% 19.92% 7.42% 9.36% 4.54% 8.33% 21.23% 24.26% 18.75% 22.36%

Base 0.0526 0.0401 0.0757 0.0496 0.0159 0.0115 0.0238 0.0147 0.0426 0.0330 0.0556 0.0384

MixGCE 0.0617 0.0452 0.0906 0.0570 0.0162 0.0114 0.0259 0.0154 0.0337 0.0243 0.0506 0.0312
ILlama4Rec 0.0690° 0.0515°_ 0.0949° 0.0621° _ 0.0174° _0.0128"_ 0.0259 _ 0.0162" _ 0.0495" _ 0.0384" _ 0.0635" 0.04417 )

Impro. 11.83% 13.94% 4.75% 8.95% 7.41% 11.30% 0.00% 5.19% 16.20% 16.36% 14.21% 14.84%

Base 0.0505 0.0380 0.0729 0.0472 0.0284 0.0206 0.0434 0.0267 0.0419 0.0319 0.0566 0.0380

SGL IFT 0.0520 0.0392 0.0792 0.0503 0.0275 0.0202 0.0438 0.0269 0.0326 0.0237 0.0499 0.0307
| Llama4Rec 0.0632* 0.0479" 0.0917° 0.0596" 0.0308* 0.0224" 0.0480" 0.0294" 0.0501" 0.0393* 0.0634" 0.0448" |

Impro. 21.54% 22.19% 15.78% 18.49% 8.45% 8.74% 9.59% 9.29% 19.57% 23.20% 12.01% 17.89%

Overall Performance achieved by Direct Recommendation
Models >
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For the experimental results, LlamaRec achieves optimal results under three public datasets
and three recommendation tasks.

Backbore Method ML-100K ML-1IM BookCrossing

H@3T N@37T H@5T N@5T H@3T N@37T H@5T N@57T H@3T N@3T H@5T N@57

Base 0.0187 0.0125 0.0385 0.0205 0.0277 0.0165 0.0502 0.0257 0.0086 0.0049 0.0163 0.0081

SASRec IFT 0.0204 0.0136 0.0379 0.0207 0.0241 0.0159  0.0473  0.0254 0.0124 0.0086 0.0185 0.0111
Llama4Rec 0.0238" 0.0155" 0.0449" 0.0240* 0.0293* 0.0201* 0.0504 0.0287* 0.0142" 0.0098* 0.0227" 0.0131

Impro. 16.67% 13.97% 16.62% 15.94% 5.78% 21.82% 0.40% 11.67% 14.52% 13.95% 22.70% 18.02%

Base 0.0153 0.0104 0.0294 0.0161 0.0107 0.0069 0.0211 0.0112 0.0088 0.0058 0.0161 0.0088

BERT4Rec IFT 0.0174 0.0119 0.0326 0.0100 0.0106 0.0071  0.0188  0.0104 0.0127 0.0092 0.0180 0.0113
Llama4Rec 0.0198" 0.0134* 0.0332 0.0189" 0.0115" 0.0078* 0.0206  0.0115* 0.0154" 0.0108* 0.023* 0.0139

Impro. 13.79% 12.61% 1.84% 17.39% 7.48% 9.86% -2.37% 2.68% 21.26% 17.39% 27.78% 23.01%

Base 0.0243 0.0143 0.0436 0.0222 0.0259 0.0153 0.0492 0.0248 0.0083 0.0048 0.0165 0.0082

CL4SRec [FT 0.0230 0.0149 0.0428 0.0230 0.0234 0.0155 0.0447 0.0241 0.0102 0.0071 0.0177 0.0102
ama4Re ).Q *0.0182° 0.0440 0.C *0.0278"  0.0185"  0.048 0.0268* 0.0138* 0.0093" 0.0220" 0.0 ‘

Impro. 4.94% 22.15% 0.92% 10.87% 7.34% 19.35% -2.03% 8.06% 35.29% 30.99% 24.29% 24.51%

Overall Performance achieved by Sequential Recommendation
Models
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Jeju, Korea

For the experimental results, LlamaRec achieves optimal results under three public datasets and
three recommendation tasks.

Backbone ~ Method ML-100K ML-1M BookCrossing
RMSE| MAE| RMSE| MAE| RMSE| MAE]
LLaMA IFT 1.2792 0.8940 1.2302 0.8770 2.0152 1.3782
Base 1.0487 0.8082 0.9455 0.7409 1.7738 1.3554

DeepFM |JLlamad4Rec 1.0306° 0.7987° 0.9360° 0.7321
Impro. 1. A A
2,121 L5
NFM * 9 07303 _19253" ||4;::* I

Impro. 0.92% 0.55% 0.73% 0.83% 9.23% 9.45%

DCN

Impro 1.06% 0.37% 0.86% 0.95% 8.40% 7.22%

10471 08035 09508 07464 16516 12614
AFM Llama4Rec  1.0340"  0.7996 0.9426* 0.7394" 1.6244" 1.2259" I
Impro. 1.25% 0.49% 0.86% 0.94% 1.65% 2.81%

22 08836 00519 07428 217
xDeepFM | Llamad4Rec 1.0947" 0.8483" 0.9401" 0.7336" 1.9610" 1.4833"

Impro. 4.58% 4.00% 1.24% 1.24% 9.86% 9.89%
() 0 k120 ()9
AutOInt * * * * * *
Impro. 1.25% 0.75% 0.94% 1.05% 6.43% 6.96%

Overall Performance achieved by Rating Prediction Models
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= LLMRec Bottleneck

* Free-form outputs are semantically rich but
require catalog grounding.
= SID Reformulation

e Represent each item as a discrete semantic
token sequence.

e Predict the next item directly in a catalog-native
output space.

= What changes

e Valid decoding and catalog-scale generation
become easier.

e Representation quality becomes the new
bottleneck.

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

?I

[
User History Next item

Orange shoes, Brand X Red shoes, Brand Y Orange shoes, Brand Y

Atomic Item ID: 233 Atomlc Item ID: 515 Atomic Item ID: 64

Semantic ID ltem
Generator Lookup

(5, 23, 55) (5,25,78) | Generative (5, 25, 55)
Retrieval
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* Background
e OneRecintroduces a GR framework

* |ts encoder—decoder architecture faces
scalability limitations

* Limited model capacity leads to suboptimal
performance

e Motivation

* Move beyond OneRec’s encoder—decoder
design

 Embrace a decoder-only architecture for
scalable autoregressive generation

e Contributions

* Enable effective scaling with a lazy decoder-
only architecture

User Info Context Info Item Info WatchTime; WatchTime, WatchTimey
- . | |[EY | — E‘ E- E’
Tokenizer Tokenizer Real Feedback
TN LTI TN TN oRE F==N ==\ === ==~
UG G e Dot D G M BQR
Ve Ve Ve Ve Vv S e S J Nt Reward
| Shaping
’(B Lazy Decoder T Impression

Cross Attention w/o wy and w,,

EE-@3

Self Attention el
XN
l | r Reward Model
GBPO
Lazy Decoder-Only ;-* \: - “:'-""‘. r ﬂ Inference Preference
Architecture L War’ tige’ TNTP Pass@k Alignment
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e Context Processor

) ) 3]

—

Context = [CO, C]_, c oy CSkv'LkV_l]’ v [ QLlnear Layer ]

\\ (___RMSNorm
\
‘_'_’ [I] \ A
\

* Integrating heterogeneous and multi-modal D e, . AR
user behavioral signals. { ("Output Linear Layer | ‘: * Nwer
i I E [ Feed-Forward Network ]
dcontext =Sy * Ly - Gkv . dhea ds E [ Flash Attention with GQA ] E [ RMsrform :
i i D
i I l\ [ Causal Self-Attention ]

* Lazy Decoder Block

_______ C_ ‘lrlt_“-l‘f____________”.'E'S’EE‘_SEE‘E__.»' \‘\\ E' Lazy Cross Attention w/o wy, and wy, ‘i
* Tokenizer: Utilizing the first 2 IDs and prepend contextprocessor | [ o
. (__RMSNorm ] (_RMS Norm _|
a <BOS> to prepare the input 1
User Static Short-term Long-term
h(o) — Embed([BOS’ 51, 32]) € R?’deodel. [ Linears ] [ Info Linear ] [ Info Linear ] Embedding Look-up
* Block Structure: | ! | I
0o-@ 00-0 00-0 o) () )
h(l) =h"D 4 CrossAttn (RMSNorm(h(l_l)), k;, ,v ) , User Static Short-term Long-term
cross ko? v Pathway Pathway Pathway Semantic IDs

self Cross

h® =h® _ + SelfAttn (RMSNorm(h(” )

h® =h® 4+ FENO (RMSNorm(h(l) )) ,
self self
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* Background

e Generative retrieval needs item
representations that are both scalable and
discriminative.

e Motivation

e Sparse SIDs retrieve efficiently but lose fine-
grained matching signals.

e 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.

~ TIGER ~
Item 134
Title, Brand, Category, ... ID=(3, 24, 55)
[ Transformer Decoder )—’ 'I\l:_(t(;tzz 237?

{

Bidirectional Transformer Encoder

J

(3] [ee] [ ] [n] [31] [i9]
( L J

Y
Item 278
ID=(11, 31, 79)

Item 134
ID=(3, 24, 55)

J

~— COBRA (Ours)
-n CoarseID  Fine Rep.
Item 134 I e
Title, Brand, Category, ... | IDy3; | Densesss’
[ Transformer Decoder }

’Dense,u ’Densezn

| IDq34 ID27g

CoarseID Fine Rep. CoarselD  Fine Rep.
\ J \

J

Y Y
Item 134 Item 278
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e Cascaded representation ot

Za_ 1o P )
e Pair every sparse ID with a dense item 1 t
| M Transformer Decoder
vector. —_
Item Pos Emb Py P, ‘ Py I I P, \ Ps P e Pyy Py ‘ ‘ P2es1 ‘ Paes2
P(IDt+1’ Vt+1 |Sl:t) = P(IDt-I-l ISl:t)P(Vt+1 |IDt+1’ Sl:t) Item Type Emb Type,s Typea..m*‘ Type, HT}'PC.:.m.w ‘ Type;n  TyPeasnse ™ [ Typen TJ’P¢amn] Type,y  TYPeCyese

h; = [e;; tememb [ e || v [ e [ w T[ e e e [ w e ][ v
t [et Vt] "I ’Il—i 'I """"" LI I I

* Joint objective i s i A At AT A

...........

* Optimize sparse-token generation and Reprosontation | @ | v |
. . 4
dense-vector prediction together. Sparse ID S N B
T-1 ID; 41 T-1 A . [ h Bidirectional Transformer Encoder
Lopuse = Z log( ZXP(zmz]) ) Lae=— 3 log N exp(cZi("(t:;S(zt+l)27- 3 ) _ . :
t=1 Xy exp(zyy,) t=1 item;Batch €XP t+1, Titem; § > §_ g Token Emb \ Wiews) ‘ W, W, | | W W, Ws I W
) 2 Pos Emb ’ Py ‘ P, P, | | Ps P, P, | P,
® Bea m Fu S iO n codi;ok Type Emb ’Typc[‘“’ ‘ TYPecaae | TYPeisase | IT”’"‘"‘ || Typeuss | Typesrana r’}'ﬂfmna
[CLS) category text: ... title text: ... brand text: ...

.

Pretrained Quantization Model L

* Combine beam probability and ANN -
similarity at inference.

[2] Yang et al. Sparse Meets Dense. arXiv 2025. Fig. 3.
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* Sparse generation

* Decode coarse semantic IDs to narrow the
catalog.

{Ii)lj;+ . }£’f= , = BeamSearch(TransformerDecoder(S;.7), M,)A

* Dense refinement

 Predict dense vectors and search within
candidate partitions.
K

V7., = TransformerDecoder([S;.7, Embed(Ii)I;~+1)])
~ k ~ k
A = ANN(IDT41, C(IDT41), N)
* Output

* Combine generative and nearest-neighbor
evidence for final Top-K.

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

R = TopK (U Ay, &K
k=1

“‘ Transformer Decoder

gy

ItemPosEmb | P1 | P ‘ P3 H P, ’ Ps P,

ol Py Py Pzesq Paesz

Item Type Emb Type, TypPesunse ‘ | Typep | ITyPemm.w | ’ Type;, TyPeasnse ’ Typep Typesonse ‘ Type,s Typeyemse

tememb [ e || w | |l w | [e ] v o[ ] |[em v
'I 'Il—i ’I """"" LI """" I

1D, vy 1D,
e e S S S 4— ————————————— B EEEEEy SRl S
U SO S B S | S S
Cascaded [~ =TT
Representation | ™ |~ |
f . .
Sparse 1D hoo || B, h, oy ||,
——
T [ “ Bidirectional Transformer Encoder
= 5‘ g —_
§ > 8 §_ Token Emb \ Wiews) ‘ W, W, | | W W, Wi | W,
[ o
e 2 PosEmb | p, | b P, | P, || P
;.f{l' Type Emb ’T)’Pc[u.s) ‘ TypPe roan T)’Pezmm| IT.YPSzwc Typeun: TYPesrana |T}'P¢m~ana
codebook
[CLS) category text: ... title text: ... brand text: ...
Pretrained Quantization Model L '
T
item
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%P

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

COBRA industrial ablation from Table 3

0.5 -
=@= COBRA =@==W/0 |ID =@==W/0 Dense w/o BeamFusion

0.4
¥ 0.3~ —2
®
=
8 ‘/
g 0.2 7

0.1

0.0 T T T T T

50 100 200 500 800

Recall cutoff K
 Main signal:

e All three components improve Recall; the gain adds ANN-search and score-fusion cost at serving
time.

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

* Background

) Existing Methods: Learning ID Representations
Common RS strugles to perform cross-domain [ 3 3 3 J
recom mendatlon' item id386 item_idgloz item id853

This navy suit; ‘A nice watch Just a touch of
:should  make a' @ will show I'm! :cologne to feel !
.good 1mpressmn. waw Professional | .more confident ;

 Motivation L L} L
RecGPT: Text-Driven Foundation Model

* A foundation RS needs a shared item representation
space.

r
—

* Item textual semantics are hard to grounded back to -
valid catalog [ Cannot Handle New Items | Few-shot Baseline v.s. Zero-shot RecGPT

* Item representations need item-internal consistency "4.'*[[/ jUnseen ltems -

'Sports (basketball, : !
and sequence-level causality. 'volleyball ... !
° Contributions | Zero-Shot Generalization |

e Text-driven item tokenization with Finite Scalar
Quantization.

e Bidirectional-causal attention and Trie-constrained
catalog-aware beam search.

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

103



Decoder-only: RecGPT

 Unified Item Tokenization:

* Representation:
e Objective for text encoder:
Bz, 3 logP(on oo, .0 :0),
t=c+1
* |tem embeddings:
e; = MPNet(X;), e; € R
Quantization:
* Finite Scalar Quantization:
FSQ(er) = (L — 1)o(Tin(e))+
sg[R[(L — 1o (Tin(er))] —
Optimization:

* Reconstruction optimization:
N-1

Loy = ZHeZ Decoder( [%ut(e ), -

Jiang et al. "RecGPT: A Foundat/oﬁ?b"ﬂ)delfor Sequential Recommendation." EMINLP 2025.

M B £ kpp2036 |

Jeju, Korea
Z1C&] [ -,

$ Autoregressive
juence Decoder Loss

FSQ. Token Sequence

[ Sentence | ranstormer

* Causal Atten
Bidirectional Atten
@ item text: {title, category, ...} Token %\4 = E—

= .y
112304 5[6][7][C8
Seq. -

(ii) Universal Recommendation Modeling

) - eoeoeeeeee | [N [
A A

(i) Unified Item Tokenization

(L = 1)o(Tin(er)))

L Tour(& D))

prefix: [1]; candidates: {1, 2, 3}  prefix: [1]; candidates: {1, 2, 3}
prefix: [1, 2]; candidates: {3, 5}  prefix: [1, 1]; candidates: {2, 3}
prefix: [1, 2, 3]; candidates: {5} prefix:[1, 1, 2]; candidates: {2, 4}

0.01 0.02 0.01 0.02
5 5 4 3
0.03 0.05 0.05 0.05
4 4 5 [ 5 > 0.0013
0.08 0.06 016 , 0.06 V5
3 3 o ol
0.22 0.09 021 , 011 TargeT ttem
2 1K A3 2
041 031 X 055 0.51

/ 2 _— 4 0.0104 selecte
TopK : ‘
Infer Result 1 2
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 Unified Item Tokenization:

Token Sequence

FSQ

* Mapping semantic embeddings to
fixed-length semantic tokens.

 Universal Recommendation:

e Bidirectional Attention for Item
Tokens

o Transformet ]

¢

item text: {title, category, ...}

entenc

[
@3

(i) Unified Item Tokenization

Auxiliary Item Semantic Features:

X — LNOffﬂ(Eaum) +LN0rm(Ewte) +Ewpe

0.01
5
0.03
4
0.08
3
0.22

2

0. 41

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

Infer Result

% Z4/"9»<>4KDD2

7 |C&] | .

Autoregressive

1ce Decodet Loss
[ Transformer ]
" Multi-Lay
1
[ Tral ,‘i'm\\",, ]
)
[ Transformel ]
Embed sum
. 00000000~ | [ [N [
A
Causal Atten
’%jﬁ;@qg@ Atten
T;/;n 11020 5 y: 5 [[6][ 718

(i) Universal Recommendation Modeling

prefix: [1]; candidates: {1, 2, 3}  prefix: [1]; candidates: {1, 2, 3}
prefix: [1, 2]; candidates: {3, 5}  prefix: [1, 1]; candidates: {2, 3}
prefix: [1, 2, 3]; candidates: {5}

prefix: [1, 1, 2]; candidates: {2, 4}

0.02 0.01 0.02

5 4 3
0.05 0.05 0.05

4 5 [ 5 P> 00013

0.06 016 ' 0.06 V5

3 i S
0.09 021, 011 Target Item

1 13 2

031 X 055 0.51

2 — 4 0.0104 selecte

|
L i [ 2
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Decoder-only: RecGPT 1@ (;OOO %, KDD20%6 |

Z 8] | .

$ Autoregressive
juence Decoder Loss

e Unified Item Tokenization: - Token Sequence

* Mapping semantic embeddings to

|
|
|
|
|
|
|

fixed-length semantic tokens. | Multi-Lays
[ Transformet ]
e Universal Recommendation: | e )
Giving the next item token sequence * | Embed ﬁm
with a decoder-only backbone. [ AT TG ] j ol BISIS :'..'4 | L |
) * | ’%Efmona Atten
* Efficient Token Decoder: @ fem text: {title, categary, .} | Token {000 o | (150 e 8

(i) Unified Item Tokenization | (i) Universal Recommendation Modeling

e Efficient Next-item Prediction

. prefix: [1]; candidates: {1, 2, 3}  prefix: [1]; candidates: {1, 2, 3}
* Prefix Enhancement prefxc (1,2, candidates: 3, 5) _prefic 1, 1] canlidates: 2, 3
prefix: [1, 2, 3]; candidates: {5} prefix:[1, 1, 2]; candidates: {2, 4}
0.01 0.02 0.01 0.02
5 5 4 3
0.03 0.05 0.05 0.05
4 4 5 15 0.0013
—~—
0.08 0.06 016 ' 0.06 o
/ (o
; . e 0111 X
0.22 0.09 0.21 ! Target Item
2 1 A3 2
041 031 . 0.55 0.51
/ 2 — 4 0.0104 selecte
Top K ‘
Jiang et al. "RecGPT: A Foundation Model for Sequential Recommendation." EMNLP 2025. ¢ I
Infer Result
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8.5
Data Metric GRU4Rec GRU4RecF Caser BERT4Rec FDSA CLA4SRec DuoRec ICLRec MAERec RecGPT % RecGPT 25%
\ ---- 100% - 10%
@3 @5 @3 @5 @3 @5 @3 @5 @3 @5 @3 @5 @3 @5 @3 @5 @3 @5 @3 @5 w84t e 50% e 5%
o) \
Cross-Domain in Amazon Dataset - W
< kN
Hit@1 .0019 .0019 .0025 .0024 .0025 .0024 .0025 .0010 0016 .0273* -:—3 8.3 \\\\‘\\\
Baby Hit .0051 .0090 .0060 .0091 .0062 .0099 .0061 .0096 .0064 .0099 .0060 .0093 .0061 .0103 .0046 .0082 .0055 .0090 .0281* .0283* g NN
NDCG .0036 .0052 .0043 .0056 .0046 .0061 .0045 .0060 .0047 .0061 .0045 .0059 .0046 .0063 .0031 .0045 .0038 .0052 .0277* .0279* < 8.21 ‘\:‘ N
> NN
Hit@1 .0031 .0032 .0032 .0032 .0026 .0045 .0031 .0026 0018 .0364™ w e o -
Games  Hit .0079 .0133 .0093 .0133 .0093 .0139 .0082 .0135 .0084 .0135 .0112 .0163 .0078 .0117 .0060 .0107 .0078 .0119 .0374™ .0376" 8.1r o

NDCG .0058 .0080 .0066 .0083 .0066 .0084 .0061 .0083 .0059 .0080 .0082 .0103 .0058 .0074 .0046 .0065 .0052 .0069 .0370* .0371* 1 1 1 L
2e8 4e8 6e8 8e8

Hit@l 0021 0019 0021 0021 0021 0021 0022 0021 0020 0280 # Token Number
Office  Hit  .0042 .0059 .0043 .0053 .0040 .0059 .0031 .0049 0042 .0061 .0043 .0058 0040 .0056 .0038 .0049 .0036 .0047 .0293* .0299*

NDCG .0033 .0040 .0033 .0037 .0032 .0040 .0027 .0034 .0033 .0041 .0034 .0040 .0032 .0039 .0031 .0035 .0029 .0034 .0287* .0290* 8.7 % RecGPT
Cross-Domain on Different Platforms n -==- 100%
n 8.6 ---- 50%
Hit@1 0011 .0008 .0007 .0013 .0009 .0021 .0019 .0003 .0029 .0161* 3 8.54- 25%
Yelp Hit .0023 .0036 .0022 .0039 .0026 .0040 .0037 .0054 .0025 .0038 .0056 .0083 .0043 .0065 .0027 .0045 .0079 .0119 .0163™ .0166™ c TS - 10%
NDCG .0018 .0023 .0016 .0023 .0018 .0024 .0026 .0033 .0018 .0023 .0040 .0051 .0033 .0042 .0016 .0024 .0057 .0074 .0162* .0163* g 8.4 == 5%
© —— Scalin
Hit@1 .0012 .0016 .0010 .0027 .0016 .0032 .0024 .0017 0041 0122~ 3 831 -8 E
Washington Hit .0030 .0043 .0037 .0056 .0033 .0046 .0073 .0114 .0038 .0053 .0085 .0127 .0067 .0105 .0043 .0069 .0103 .0154 .0128* .0130 > ~~~~~
NDCG .0022 .0028 .0028 .0036 .0023 .0028 .0053 .0070 .0029 .0035 .0063 .0079 .0049 .0064 .0032 .0042 .0076 .0097 .0126™ .0127* w 8.2 1
Hit@1 .0396 .0484 0121 0757 .1022 .0681 1011 .0014 0727 1237* 8.11
Steam  Hit .0675 .0830 .0737 .0881 .0350 .0538 .1002 .1161 .1231 .1366 .0986 .1177 .1223 .1351 .0433 .0678 .1018 .1172 .1246™ .1253 167 168 109

NDCG .0557 .0621 .0630 .0689 .0254 .0331 .0898 .0964 .1143 .1232 .0858 .0936 .1134 .1187 .0257 .0357 .0897 .0960 .1242* .1245™
——— log # Token Number

* 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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I Diffusion-based GR

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

* Shared question:

* Which SID positions should be hidden, which should be restored first, and how do we keep Top-K
generation valid?
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I Why Diffusion-Based Models?
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e Semantic IDs are structured objects: all digits
jointly identify the same item.

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

e 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.

dLLL,

[ Self-Attention Decoder

bad . e8d

User History

4
...-

Btdlrecflonal Aﬂemlon
Self Attention Encoder H lefuﬂ g Decoder

6880 =

4 Add Noise

T BEEE®
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 Background

 GRrepresents each item as Semantic ID.

Dior Rouge 999 Velvet
|
-« -
—_ —_—

Tokenizer

|:> Intra-item consistency

> Qv

:> Inter-digit heterogeneity

E() T T T
* SIDis naturally structured with different | | |
semantic granularity. @" Category| Brand | Type | Size
. . (a)
e Motivation =
. . . . pr _<rl§l\> 1nf0 barrier,
* Autoregressive generation blocks later digits irms: |V —*E!]:':. ) G png BV R CEEE YV
from helping earlier decisions. Ball: 233> Adidas:<I31>  Soccer: <55>  Size 5: <88>
[ gl |
* Uniform next-token loss ignores - ===
heterogeneous digit difficulty. of SR o<Be
8 & y Ours: |\ iy ::: v ‘—:EI:I.:IT, v/ :r—_> v/
e Contributions Ball: <233> Spaldllng_ _<13_4_>_ Basketball: <56>|  Size 7: <90>

hard digit

e Parallel Semantic Encoding and Confidence-
guided Parallel Denoising.

e Masked-diffusion decoder for SID
reconstruction.

Liu et al. "DiffGRM.: Diffusion-based Generative Recommendation Model." WWW 2026.
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e P3 ra"el Semantic Encoding: (@) Trainingw/Diffusion-basednoising_ _______________
. .. | sg.‘ ” s}m || siu || siu | |/ m_oit_c(_)n_ﬁdent \|
* Leveraging OPQ-based partition-and- [ FecaForvard ] 1 | S — e
S (D N [ o S I X R |
quant|ze SCheme. | Feed Forward _%_====.._ \QA :
—( Add&INorm ) ( Add&|N : .=.. i s, i dic aia| |
° e e orm l' 1 . .t1=0 ,/
* On-policy Coherent Noising: Self-Attention e ——1 e :
. ppe . Hacatir X Lene [o Cross-Attention ] : :
* Probe difficulty: Fully-masking and I | i
. .y . ®_C+> Non-causal ' :
measuring each digit’s uncertainty. Posional Encading Self-Attention | [I] [I] |
s N |
* _ ( " ) MD-Decoder X Lgec i digit0 digitl digit3 :
R k) —
max — 5 =1 = Pmaxs LT :
P {Or,?f‘])\(/l—l} (@) 4 : Lk %@table :
:
I
|
I
|
I

[
A0
[ ’[ MD-Decoder ]
|
|
[
[

* Rank and coherently mask: Sorting digits | T.‘p‘“h}f ........ } Mere
from hard to easy, then masks the top wTalalald L L----
. . 0 0 0 o s 0 3 | VN e e ey
hardest dIgItS. user history o | °L. ” SL" ” SL" ” *Ly, l On-policy Coherent Noising

") = {o(1),...
(r.k) { Emasklk], if ke M), M {lo(1),....o(mp)},
YU R R kL "
[S ], ifkg MV, M(r) = {0.(1) ..... 0'(mr)},

5t oo

=0

(7= 1 R
e Train: "o, 2 ==L
r=1

keM®)
Liu et al. "DiffGRM.: Diffusion-based Generative Recommendation Model." WWW 2026.
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* Confidence-guided Denoising:

* Global Beams Initialization: Choosing the top digit-
codeword pairs acorss all positions

Bp = ng{ logpe (yk=c ’ y(R),Hu) },

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

sr—1(b, k, c) = score,(b) +log pg (yk:c | yl(’r), Hu),

* Truncation: Retaining the best branches and
deduplicating

Bro1= ll;o;:{ sr—1(b,k, c) }

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

(b) Inference w/ Confidence-guided denoising

0 2 3 _
SLu SL SLu SLu t1 =0
'
gl
¥
0 2 3
s, | [MASK] [ s, || si,
A vi
4T T D =,
1 ! !
1 I 1 |
on |
- I
I I
0 2
57, 51, | wAsk] | -
3% I\ A g
|—_| ——de_. e== L“‘ Z.
' : I =]
1 1 . 1 1 [ ]
I B — I B :
t t t
2
Wwasic| [wasic] [ s;,, | [wasic]
A A A
remasking ! _K\/ i
B - 1 | S
, Ny N 1 ’ N
||_|_I'| 1l I 1 1
1 1 [ 1 1
1 b .'I 1 !
l )| ;=L — /
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Jeju, Korea

Sports and Outdoors Beauty Toys and Games
Methods  Recall NDCG Recal NDCG  Recall NDCG Recall NDCG  Recall NDCG Recal NDCG
@5 @5 @10 @10 @5 @5 @10 @10 @5 @5 @10 @10
Item ID-based (Discriminative) Variants Sports Beauty Toys
GRU4Rec 0.0129 0.0086 0.0204 0.0110 0.0164 0.0099 0.0283 0.0137 0.0097 0.0059 0.0176 0.0084 Semantic ID Settin
HGN 0.0189 0.0120 0.0313 0.0159 0.0325 0.0206 0.0512 0.0266 0.0321 0.0221 0.0497 0.0277 §
SASRec 0.0233 0.0154 0.0350 0.0192 0.0387 0.0249 0.0605 0.0318 0.0463 0.0306 0.0675 0.0374 (1.1) PSE — RQ-Kmeans 0.0200 0.0343 0.0305
BERT4Rec 0.0115 0.0075 0.0191 0.0099 0.0203 0.0124 0.0347 0.0170 0.0116 0.0071 0.0203 0.0099 (1 2) PSE — Random 0.0138 0.0300 0.0206
Semantic-enhanced (Discriminative) .
Training strategy

FDSA 0.0182 0.0122 0.0288 0.0156 0.0267 0.0163 0.0407 0.0208 0.0228 0.0140 0.0381 0.0189
S3-Rec 0.0251  0.0161  0.0385  0.0204  0.0387  0.0244  0.0647  0.0327  0.0443  0.0294  0.0700  0.0376 (2.1) w/o OCN 0.0250  0.0368  0.0385
VQ-Rec 0.0208 0.0144 0.0300 0.0173 0.0457 0.0317 0.0664 0.0383 0.0497 0.0346 0.0737 0.0423 (2.2) w/0 On-policy 0.0263 0.0455 0.0430
RecJPQ 0.0141 0.0076 0.0220 0.0102 0.0311 0.0167 0.0482 0.0222 0.0331 0.0182 0.0484 0.0231

- - Inference strategy

Semantic ID-based (Generative)

TIGER 0.0264 0.0181 0.0400 0.0225 0.0454 0.0321 0.0648 0.0384 0.0521 0.0371 0.0712 0.0432 (3'1) w/o CPD 0.0273 0.0496 0.0499
HSTU 0.0258 0.0165 0.0414 0.0215 0.0469 0.0314 0.0704 0.0389 0.0433 0.0281 0.0669 0.0357 DiffGRM (ours) 0.0305 0.0502 0.0524
ActionPiece  0.0316 0.0205 0.0500 0.0264 0.0511 0.0340 0.0775 0.0424 — — — —
RPG 0.0314 0.0216 0.0463 0.0263 0.0550 0.0381 0.0809 0.0464 0.0592 0.0401 0.0869 0.0490
DiffGRM 0.0363 0.0245 0.0550 0.0305 0.0603 0.0414 0.0876 0.0502 0.0618 0.0455 0.0834 0.0524
Improv. +14.87% +13.43% +10.00% +15.53% +9.64%  +8.66% +8.28% +8.19% +4.39% +13.47% -4.03% 6.94%

* Main signal:

e 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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I Diffusion-based: MDGR

* Background S.emantic D . . ayn
* Common GR generates SID in a fixed order. M "o ..Brand
* One-shot parallel GR is fast but lacks iterative Title ] g "‘5 e (st ot | s Dmder]
ne-s ® * Size
refinemenl?c. Cosserin) ¥ | (&)~ category ‘ ‘ ‘ [5 (=) ' ' @
User History Target Item
(a) Item Semantic ID (b) Autoregressive GR

¢ Motivation __(a)ltem SemanticID

e SIDs should model global attribute dependencies
and user-specific token priorities. ’ ’ @ ’

* Industrial systems need a controllable quality- [ " —— [ etf-Artntion Encader B"gfffﬁ?::'@ﬂm ]
latency trade-off. “&] —— “ ‘ é] [_] mm m

. . 4 Add Noise

* Contributions User Hist.ory.D Y L@

_____________________L________________

* OPQ-based parallel codebook, curriculum noising, (c) Parallel GR
and history-aware mask allocation.

(d) Discrete Diffusion based GR

Warm-up based two-stage parallel decoding with
beam search.

Mu et al. "Masked Diffusion Generative Recommendation."
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Q0 g%
ff based: MDGR 596 |
Diffusion-base O egpq!gpnzozs
°
Parallel Codebook ~— Codebook — | - Training Stage X
[ . | Encoder'-Decodler' Architecture (2) .‘@ (4)
e Using OPQ-based parallel codebooks < Seceder 7 ||| (Ereoder Tim Decoder [ Fin ]
to bU||d |tem SID ..=E]. ( Add&lNorm ) kiv %Qd—ﬁ%’rm—]]
ross- Attention
dt’ [ Self- A:tention ] [ Bidirectional-Attention ]
- f{" (ei) € R t = 1, SR La gggﬁ4 DDDI Position [:][:] ; [:][:][:][:] Difficulty Emb I u - 0
. sioEmb( (] e O000 msk< N B 86 W)
ode = T=0 stept = s
Tk mmﬂm .IOI ------- 280e
Ci = arg mln ”e - Cl’ ] “2 > Code User History Semantic ID ..@.MA:(.c:um. .MASII:::smo! .@
Book 2 IDDD ( History-aware Mask Position Allocation @ ¢ E] .
Code IDH Stepz-Mask Position F _re_qitency I I P
Book1 ] o m T T e S S e o L TIEEr S =S -
Em—— | 0000 - SEEE 8008 08 @9
/ Encoder \ 5 User I-l-u;t;;y-één_mérftfc'lb """""""""""" '};rget Item
- 'Global Curriculum Noise Schedulmg Step1- Mask Count
Im_l
BSOS SESNS
n F |
\_ L Step 100 Step 200
Mu et al. "Masked Diffusion Generative Recommendation

|
Training Step _ ~

ep 500

A
Step 1000

NESNS SN8N

J
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Jeju, Korea

* Training: Codebook T
. raining Stage
T Odi 20 T " Encoder-Decoder Architecture 9 9 G066 R
* Global Curriculum Noise Scheduling: < Deceder 7 | |(Eooer min Decoder TN
.« . cr e = — (_Add & Norm )
* Obtaining the stretched difficulty to 2058 ST K Cruse Asmtion )
|nterp0|ate the scores ; [ HERE Attentlon ] [ Bidirectionitl-Attention ]
) gggﬁ4 DDDI Position [ (] - [:][:][:][:] .E[ Difficulty Emb (3] .l - 0
5= (\/1_(:052(2(14))) = s £ OO00 TSN INIOIN)
2 ’ ode H - o T
Book 3 |:||:| O ..E]. """" 8006 ..@. ?Il;.. ||-> ..@
Code I D User History Semantic ID MASK Count _ MASK Positions
Book 2 - i
s(k) = (1= 6) fuigh (k) + 6 fiow(k), k=1,...,L. C°: =i :f:f%;"f;ftfffk Position Allocation NJE l
* Deriving the probability distribution over Book 1 DIDD ---------------------------------------
the mask count I - I .....__._,_"_"__"_'_ ___________________________
/ Enc;der \ User History Semantic ID Target ltem
- Global Curriculum Noise Scheduling Step1- Mask Count
ESEE SESE SBSS
TR (R N e e———
ZI,‘z 1 S( ] ) ’ ’ ’ L Step 100 Step 200 Training Step Step 500 Step 1000

Mu et al. "Masked Diffusion Generative Recommendation."
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Jeju, Korea

* Training:

Codebook Training Stage
T . T " Encoder-Decoder Architecture S G066 h
. . . I 4
* Global curriculum noise scheduling: N i 7 | | (Ereoder T Decoder [ EEN
. oo 2 (" Add&Norm | kiv (_Add&Norm
* History-aware Mask Position aloBlo i Cross- Attention )
AI I ocC ation . [ Self- Attentlon ] ( Bidirectionitl-Attention )
gggﬁ - DDDI Position ][] - [:][:][:][:] Difficulty Emb l .]_'] - )
e Calculating the Token Frequency: i sipEmb( )] - [j[j[j[j [MASK] <> [ ‘. B N
ode H T=0  Stepl =
f[ :#{] € Sy | C[- :Ctj R =1,...,L, Book 3 DDHD ..[:]. """" ..D. 286 = N ||l} ..@
J Code User History Semantic ID MASK Count  MASK Positions
Book 2 IDDD History-aware Mask Position Allocation @ ¢ E] =)
Code I Step2-Mask Position Frequency I I ® on=2
* Deriving the position-wise sampling sookt i1 ......@; ....’"..@.
AictviliidiAane I 2 ! ~-___“'—‘:::_—_—_—_———-———---——-—————"-"'=—':::ff:— ———————
Ppos = (P;l;os, cees P;Sos) / Encoder \ User History Semanticd Target Item
, * Global Curriculum Noise Scheduling Step1- Mask Count
1 _ w _ [ item Embedding | ‘\ ) N o ) WS vENENEN
=y BSOS SESE  NESY
m=1 R 00 s
e L Ste%loo Steezoo Trammg Step Steesoo StepAIOOO )
1, = [MASK], ct+1 = [MASK],
e e, # [MASK], ¢ m = [MASK], o
q(cpq | cpou,i™) = 1= e (i), + [MASK], cf,, = ¢!, ° Opt|m|zat|on; L= E(u,i+)Ek~Pﬁme(')EM~Ppos('|k,u,i+) Z logpg | Ci+, Su, dk)
0, 0therw1se teM

Mu et al. "Masked Diffusion Generative Recommendation."
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~—————Inference Stage ———
e |Inference: Beam Search base; Ge‘nerOcnio‘n 0
* Warm-up based Position Scheduling Strategy: 5;”62@ @O
= ®@0O®
1, r< Rwarm, Original path ..O. 0
m= Mpar, T > Ryarm Mpar > 1. Parallel Stage IT 1
t=0 . [%]
* Token Position Selection: T H D ﬁ
e (Calculating Confidence Score over Position: El,deg,g1 COEQQZQE.,OQMDEEO.M
| MDGR Decoder |
conf(¢) = ?;afpg( =c | Xy, Suwd(r))- ) B
* Selecting the Highest for Decoding: g Warmup Stage &
=

| @eMask I’Global Ma@ @
Sty = (s s lm} C M), ol Mol ol D:.Dl

Codebook 1 Codebook 2 Codebook 3 Codebook 4

[ MDGR Decoder ]

N N8N

Mu et al. "Masked Diffusion Generative Recommendation."
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* |Inference:

 Beam Search Based Generation:
* Expanding the Position with Retained Token:

ik eS8 k=1,....m

b’
X(r'*'l),(jl,--,jm) { t(’ ) th .
(r),b’ otnerwise.

m
~0,j
V(r+1),(jseojm) = O(r).b T Zlogp(r’)k’b.
k=1
» Selecting the Top-B for Beam Search:

X(r+1) = Topg { (X(r+1), Gt jm)> O 41). (it i) )}

Mu et al. "Masked Diffusion Generative Recommendation."

" Beam Search based Generation

o 8ee mo
OO0 H@O® =

(r+1), Gipenjm)

arallel Stage

) DTDD H:DD DS]HD mﬂﬁ

Codebook 1 Codebook 2 Codebook 3 Codebook 4

| MDGR Decoder |

N N S

Original path
! 0000 =00

Timestep t

Warmup Stage I
Global Ma@ @

Confi dencen

olln 8l ool |:||:||:|I

Codebook 1 Codebook 2 Codebook 3 Codebook 4

[ MDGR Decoder ]

: ReMask

N N8N
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Methods Amazon Electronics Amazon Books Industry
Recall@5 NDCG@5 Recall@10 NDCG@10 Recall@5 NDCG@5 Recall@10 NDCG@10 Recall@5 NDCG@5 Recall@10 NDCG@10

Item ID-based Discriminative Recommendation

SASRec 0.0321 0.0213 0.0490 0.0309 0.0506 0.0297 0.0697 0.0391 0.1413 0.0909 0.1695 0.1080

BERT4Rec 0.0324 0.0214 0.0495 0.0311 0.0509 0.0299 0.0699 0.0394 0.1421 0.0911 0.1693 0.1079

S*Rec 0.0320 0.0211 0.0489 0.0307 0.0514 0.0302 0.0704 0.0396 0.1456 0.0934 0.1722 0.1101

PinnerFormer 0.0330 0.0220 0.0502 0.0316 0.0525 0.0307 0.0716 0.0401 0.1483 0.0950 0.1766 0.1132

HeterRec 0.0336 0.0221 0.0510 0.0319 0.0522 0.0306 0.0712 0.0398 0.1592 0.1014 0.1890 0.1208

DiffuRec 0.0334 0.0220 0.0507 0.0317 0.0531 0.0311 0.0722 0.0403 0.1586 0.1013 0.1889 0.1207

VQ-Rec 0.0331 0.0217 0.0498 0.0312 0.0517 0.0301 0.0687 0.0384 0.1520 0.0975 0.1843 0.1177
Semantic ID-based Generative Recommendation

TIGER 0.0348 0.0230 0.0524 0.0324 0.0552 0.0315 0.0731 0.0408 0.1620 0.1049 0.1943 0.1244

Cobra 0.0359 0.0237 0.0544 0.0338 0.0576 0.0330 0.0763 0.0426 0.1659 0.1059 0.1996 0.1285

RPG 0.0357 0.0236 0.0543 0.0339 0.0581 0.0332 0.0762 0.0427 0.1679 0.1076 0.2018 0.1296

Ours
MDGR 0.0394 0.0258 0.0583 0.0367 0.0631 0.0361 0.0826 0.0463 0.1856 0.1192 0.2210 0.1422
Improv. +9.75% +8.86% +7.17% +8.26% +8.61% +8.73% +8.26% +8.43% +10.45% +10.78% +9.54% +9.72%

Ryarm My, Total step Recall@10 QPS  QPS uplift
Base Setting

0 1 8 0.2219 2.212 -
Impact of Ryarm

0 2 4 0.2127 3.015 +36.30%

2 2 5 0.2199 2.741 +23.92%

4 2 6 0.2210 2.527  +14.24%

6 2 7 0.2213 2.365 +6.92%
Impact of mpar

4 3 6 0.2205 2.526 +14.19%

4 4 5 0.2204 2.739 +23.82%

* Main signal:

Mu et al. "Masked Diffusion Generative Recommendation."

* MDGR improves up to 10.78% over the strongest baseline and shows deployment-aware efficiency

trade-offs.
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gl

“ Failure Mode Fixed Training / Noising Inference / Denoising
DiffGRM SID digit consistency and OCN masks uncertain Confidence-guided parallel denoising
heterogeneous difficulty digits
LLaDA-Rec Fixed AR order and error History and next-item Adaptive remask plus beam search
accumulation masking
MDGR Generic diffusion ignores history and  Curriculum + history- Warm-up then parallel decoding
latency aware allocation

* Takeaway:

» Diffusion-based GR is a parallel SID generation architecture designed to avoid prefix-accumulated
errors caused by autoregressive decoding.
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I O N L

Encoder-Decoder Encode user context, decode Balances understanding and  Encoder-heavy compute and
item tokens generation custom modules
Decoder-Only Autoregressively model Simple scalable backbone Needs task-aware masks and
behavior/item streams valid decoding
Diffusion-Based Denoise the full target SID Bidirectional target modeling  Still early for broad industrial

and adaptive order integration

Source: 2026_Kuaishou_lixiaopeng_GenRec_Survey/4.Structure.tex.
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* 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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* Traditional Recommendation

* Traditional recommendation optimizes local scoring objectives, such as retrieval
matching and ranking prediction.

e Generative Recommendation

* Generative recommendation optimizes item generation, learning to produce item
tokens or recommendation lists from user history.

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

2024.9

o * Supervised learning,:
2024.6 m e s o NeXt-TOken PrEdiCtiOn (NTP)

%/f OneRes * Noise-Contrastive Estimation (NCE)
e Auxiliary Loss

2025.3
COBRA

%
* Preference Learning:
Flower

* Direct Preference Optimization
/ S (DPO)

2025.9 2022 3 2025.3

REG4Rec 2023 T TIGER Rec-R1 Auxiliary Loss . .
LCTes 1 * Group Relative Policy
2025.6 V////// Premined —— \cp .. .
OneRon 1 Pinker Optimization (GRPO)
2025.5 2025.4 Preference ] GPRO
GenRank STREAM-Rec Alignment I:| DPO
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I Surpervised Learning

future item set /

Supervision next-item better Semantic ID sparse ID + dense time-aligned candidate

. sampled softmax
target Semantic ID labels vector set

target
. : : composite
Core signal vanilla NTP ranking-aware NTP P . sampled-softmax NCE InfoNCE
supervision
What is generative label quality + ranking  sparse-dense scalability to avoid false negatives /
improved retrieval alignment fusion industrial catalog temporal mismatch
. . enrich supervision : make contrastive

Main make retrieval make NTP more P make contrastive .

. . beyond sparse . training temporally
takeaway generative ranking-aware training scalable

tokens correct

e Shared question: how can supervised GenRec optimize valid item generation and ranking
quality from observed user feedback?
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* Background
e NTP task — Semantic ID.

Wang, Wenijie, et al. "Learnable item tokenization for generative recommendation." Proceedings of the 33rd 132
ACM International Conference on Information and Knowledge Management. 2024.
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Item Title/Description _____Identifier Interacted users
* Background @/ | 6sting | [Code:<a 85<b 665<c 935<d 85, | 2 @
. .guitar (acoustic) 'Emb.: G [ W — | User2 User_3 User_9 !
* NTP task — Semantic ID. ] simitar Aligned imitar  Misalighed Imss:muar :
#’ E 6-string | ICode:<a_s><b_66><c_93>mi : S
|gu1tar (electnc), \Emb.: Ih D =D E | User_1 User_5 User 6 |
‘Semantics c°ﬁébb}éin§/}e'éfér§als

* Motivation

 |f the label sequence is biased or not aligned with ranking, the generative model may
learn a good likelihood objective but a weak recommendation objective.

Wang, Wenijie, et al. "Learnable item tokenization for generative recommendation." Proceedings of the 33rd 133
ACM International Conference on Information and Knowledge Management. 2024.
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ltem Title/Description Identifier Interacted users
* Background @ | 6string | Code:<a g5<b 665<c 9350 85, | 2 @ |
. .guitar (acoustic) 'Emb.: G [ R e | User 2 User_3 User_9 !
* NTP task — Semantic ID. | simitar Aligned Similar w&u&n_ed IDISSlmllar |
& | 6estring || Code:<a 85<b_665< 93@ " E 8 @ |
|g’UIl‘ar (electrlc), Emb o D | User_1 User 5 User 6 |
‘Semantics COHABb}éiu_v}e'é[éﬁals

* Motivation

 |f the label sequence is biased or not aligned with ranking, the generative model may
learn a good likelihood objective but a weak recommendation objective.

e Contribution

 LETTER improves supervised GenRec by learning better item labels with a tri-
regularized tokenizer and by training with ranking-guided next-token prediction.

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

 LETTER learns item labels with three regularizers: semantic regularization,
collaborative regularization, and diversity regularization.

L1eTTER = Lsem + aLcr + BLpiv.
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* Improving Label Quality

 LETTER learns item labels with three regularizers: semantic regularization,
collaborative regularization, and diversity regularization.

LierTER = Lsem + aLcr + BLpiv.
e Collaborative regularization
* To inject collaborative signals into the code sequence.

LCF———Z exp(< z;, h; >)

— > exp(< zi,hj>)

 Diversity regularization

e To address the code generation bias, it is promising to learn a more uniform
distribution of the code embeddings

1 & exp(< ei e >)

LDIV ==

By exp(< el e; >)
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* 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.

( lyl
-[:rank - = Z logpé?(ytly<t, X),

4 t=1
exp(p(y:)/7)
Yocy exp(p(v)/7)

\Pe(yt|y<t, X) =
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Jeju, Korea

 LETTER improves both TIGER and LC-Rec, showing that its supervision design is not tied
to one generative backbone.

Instruments Beauty Yelp
Model R@5 R@10 N@5 N@10 R@5 R@10 N@5 N@10 R@5 R@10 N@5 N@10
MF 0.0479 0.0735 0.0330 0.0412 0.0294 0.0474 0.0145 0.0191 0.0220 0.0381 0.0138 0.0190
Caser 0.0543 0.0710 0.0355 0.0409 0.0205 0.0347 0.0131 0.0176 0.0150 0.0263 0.0099 0.0134
HGN 0.0813 0.1048 0.0668 0.0774 0.0325 0.0512 0.0206 0.0266 0.0186 0.0326 0.0115 0.0159
Bert4Rec 0.0671 0.0822 0.0560 0.0608 0.0203 0.0347 0.0124 0.0170 0.0186 0.0291 0.0115 0.0159
LightGCN 0.0794 0.0100 0.0662 0.0728 0.0305 0.0511 0.0194 0.0260 0.0248 0.0407 0.0156 0.0207
SASRec 0.0751 0.0947 0.0627 0.0690 0.0380 0.0588 0.0246 0.0313 0.0183 0.0296 0.0116 0.0152
BigRec 0.0513 0.0576 0.0470 0.0491 0.0243 0.0299 0.0181 0.0198 0.0154 0.0169 0.0137 0.0142
P5-TID 0.0000 0.0001 0.0000 0.0000 0.0182 0.0432 0.0132 0.0254 0.0184 0.0263 0.0130 0.0155
P5-SemID 0.0775 0.0964 0.0669 0.0730 0.0393 0.0584 0.0273 0.0335 0.0202 0.0324 0.0131 0.0170
P5-CID 0.0809 0.0987 0.0695 0.0751 0.0404 0.0597 0.0284 0.0347 0.0219 0.0347 0.0140 0.0181

TIGER
LETTER-TIGER

LC-Rec
LETTER-LC-Rec

* Practical Values: The consistent gains indicate that better item labels and ranking-guided

next-token prediction both strengthen the supervised signal.
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* Background

* TIGER-style methods supervise the model mainly with sparse semantic-identifier
tokens.

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

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

e Contribution

 COBRA introduces composite supervision: the model learns both sparse identifier
prediction and dense-vector prediction, then fuses them during inference.

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

 Composite Supervision
e 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.

I T
T a0 B
ot
[ “ Transformer Decoder ]
g
Item Pos Emb ’ Py H P, H P3 || P, H Py H Pg ‘| Py H Py, H Paes H Py ‘
Item Type Emb ’ Typep |Typede,m| | Type;p ||Type,,me’ ’ Type;p HTypedme"" I Type;p HTypedme‘ | Typ HTyp eeeee ‘
tememb [ e [[ w [ e [ w [ J[ v [ [Ce [ w [[en [l | -
e [ v b | ﬁn """ Com, | ﬁn """"" m, | w |i Bes || ven |
~---4I. ---------------------- I-—--" ------------------------------ P s SEE
amesatation {|_12_[_v__J} +—— ponsevactor
Sparte BRI O I | R I IV
4 —_
I [ Q“ Bidirectional Transformer Encoder ]
g
S g
i~ 2 §  Tokentmb |Wiaq || wi || w. || ws |[ w. [[ w || w. |
o o
TR e [ [n ([n [n [ [n ][]~
o d?lfook Type Emb | Typecs) | [Typewrae | TyPeurase | | Typeue || Typece ||Typemna| TYPerana| -
[CLS] category text: ... title text: ... brand text: ...
Pretrained Quantization Model \ ]
ite'm

Dt+1

exp (2,1

L= Lsparse + Ldense

t=1

T-1
Ls arse — — log
b D 5

exp(ztﬂ)

T-1
) Ldense = Z log
t=1

exp(cos(Vit+1 - Vi+1))

Zitemj eBatch exp(cos(Vi4q, Vitem; )
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e 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.

Top K Retrieved Ads .
Generative P BeamFusion
Model Izl =l I

Beam Fusion

, Final Score
Beam Search "I .., Candidate Nearest
\  ID? Dense Vectors Neighborhood T
: D}, k
| vy

e

> ‘! M L
o : .M DI
-l

- Pra Beam Score NN Score
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 COBRA shows that composite supervision improves sparse-only generative retrieval.

|t improves over TIGER on Beauty, Sports, and Toys, while ablations show that sparse
identifiers, dense prediction, and BeamFusion all contribute to performance.

| Method | R@5 N@5 R@10 N@10 , '
P5 0.0163 0.0107 0.0254 0.0136 P5 0.0061 0.0041 0.0095 0.0052 P5 0.0070 0.0050 0.0121 0.0066
Caser 0.0205 0.0131 0.0347 0.0176 Caser 0.0116 0.0072 0.0194 0.0097 Caser 0.0166 0.0107 0.0270 0.0141
HGN 0.0325 0.0206 0.0512 0.0266 HGN 0.0189 0.0120 0.0313 0.0159 HGN 0.0321 0.0221 0.0497 0.0277
> | GRU4Rec 0.0164 0.0099 0.0283 00137 & | GRU4Rec 0.0129 0.0086  0.0204  0.0110 » | GRU4Rec 0.0097 ~ 0.0059  0.0176  0.0084
= | BERT4Rec 0.0203 0.0124 0.0347 0.0170 ‘g BERT4Rec 0.0115 0.0075 0.0191 0.0099 [§‘ BERT4Rec 0.0116 0.0071 0.0203 0.0099
& | FDSA 0.0267 0.0163 0.0407 0.0208 @ | FDSA 0.0182 0.0122 0.0288 0.0156 FDSA 0.0228 0.0140 0.0381 0.0189
SASRec 0.0387 0.0249 0.0605 0.0318 SASRec 0.0233 0.0154 0.0350 0.0192 SASRec 0.0463 0.0306 0.0675 0.0374
¢3 00337 0-0244 00647 0-033% g3 00051 a0l a020c a8.0204 S3_Rec 00443 00294 00700 00376
TIGER 0.0454 0.0321 0.0648 0.0384 TIGER 0.0264 0.0181 0.0400 0.0225 TIGER 0.0521 0.0371 0.0712 0.0432
COBRA[Ours] | 0.0537  0.0395  0.0725  0.0456 COBRA[Ours] | 0.0305  0.0215  0.0434  0.0257 COBRA[Ours] | 0.0619  0.0462  0.0781  0.0515

* 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.
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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 145
recommendation systems." arXiv preprint arXiv:2504.10507 (2025).
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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 146
recommendation systems." arXiv preprint arXiv:2504.10507 (2025).
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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.

e 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 147
recommendation systems." arXiv preprint arXiv:2504.10507 (2025).
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 Sampled Softmax Loss: PinRec contrasts the target item against sampled negatives to train
over a large item vocabulary.

* Sampled softmax loss:
eXP(S(iu,ta itarget))

CXP(S(iu,t, itarget)) + ZineN EXP(S(iu,t, in))

Ls (iu,ta itarget) - - 10g

e Standard next-token objective:
tmax — 1
1

|H(ut )l Z Ls(iu,taiu,t+1)
sy YImMax

t=1

L™ (H(u, tmax)) =
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 Sampled Softmax Loss: PinRec contrasts the target item against sampled negatives to train
over a large item vocabulary.

* Sampled softmax loss:
eXP(S(iu,ta itarget))

CXP(S(iu,t, itarget)) + ZineN eXP(S(iu,t, in))

Ls (iu,ta itarget) - - 10g

e Standard next-token objective:

tmax_l
1 R
L™ (H (4, tmax)) = Ls (i, i
0 ( ( max)) |H(U,tmax)| ; s( u,t u,t+1)

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

LEY(H(u, tmax)) =

Hut )|Z m1n L(lutj,l)

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

e Supervision Insight: The model learns a
richer future-item distribution while still
using sampled negatives for scalable
contrastive training.

Out 1 Out 2
Output Outcome 2 Q Q Q ANN for Outcome 1, 2 vicome :ﬂime
Embeddi I:>
mbeddings Outcome 1 O @ @ - -
Dedup for each outcome :-' ‘ .
) g Blend with budgets
Multl token @ Outcome 1: 60%
Out 2:40%
co eso GE® GED e 9 o
Outcome ' " ?
-conditionmg 7 A
2 G @ . - =
,/) 1% rf/ -=
‘/
PinRec .

Inputs é\\/{é é é Candidates retrieved

Auto-regressive generation

150



I Supervised Learning - PinRec Vi, uj DOOO %;:iknozdi’é |

* PinRec compares major baselines and model variants in Table, showing that relaxed
multi-target supervision improves generative retrieval across Homefeed, Related Pins,

n rch.
and Searc Table 1: Comparison of baselines and PinRec variants (un-

ordered recall @ 10) across major surfaces at Pinterest.

Model Homefeed Related Pins Search
SASRec [12] 0.382 0.426 0.142
PinnerFormer [18] 0.461 0.412 0.257
TIGER [22] 0.208 0.230 0.090
HTSU-OC [32] 0.596 0.539 0.179
PinRec-UC 0.608 0.521 0.350
PinRec-OC 0.625 0.537 0.352
PinRec-{MT, OC} 0.676 0.631 0.450

* Practical Values: For supervised GenRec, NCE-style training should optimize the target
set and the negative set together, not only approximate full softmax.
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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 152
preprint arXiv:2509.21179 (2025).
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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

e 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 153
preprint arXiv:2509.21179 (2025).
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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

e 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.

e 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 154
preprint arXiv:2509.21179 (2025).
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* IntSR Framework

* Query-Driven Integrated
Sequence: IntSR inserts query
tokens into the behavior (" mncils ) {

1
Sequence SO SearChl [Recommlqndation] [ Seltch m

QQQ .. O

Negative samples ]

recommendation, and ranking o e e
targets can be predicted inone | i 1 O 0 Q Q <) QQ QL Q e
fra m ework i = Usefq“eﬂ' - ‘ : Multi-scenario block: DSFNet )
i 5050606 0309 WU
° c andid ate- Awa re Pre di Cti on i Adflpter ' Query-driven decoder with customized mask
i — “"'_:.3{::::: R St SRt et S i oot ook o , AT
Flow: The model encodes =1}y @5 60O éz)é é I} © éz) | ondduces
H H H &E ction grou Action group 1-2} &1 Action grou 21
historical behaviors and query [ ST e NN s
context, then scores candidate A SO PO

items at query positions for
supervised prediction.
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 Temporal Candidate Alignment

* Available-Candidate InfoNCE: IntSR contrasts the positive item only against
candidates available at the interaction timestamp.

X -
=TT > Y Sualog P(Zua.it)
ueu acA, ZiEIta exp(zu,a,z’)

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

) prob,, if i€,
prob; ; = { 0, otherwise.

Yan, Huimin, et al. "Intsr: An integrated generative framework for search and recommendation." arXiv 156
preprint arXiv:2509.21179 (2025).
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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.

Dataset Model HR@] HR@5 HR@I0 N@5 N@I10
HEM' 0.2497 0.6778 0.8267  0.4736 0.5221
ZAMT 0.2954 0.7109 0.8468  0.5147 0.5590
TEM' 0.4090 0.8185 0.9051  0.6303 0.6587
CoPPS' 0.4052 0.8169 0.9051  0.6281 0.6570
Amazon  JSRf 0.3176  0.7038 0.8225  0.5173 0.5563
USER' 0.4123 0.7631 0.8697  0.6000 0.6348
UnifiedSSRT  0.3663 0.7744 0.8812  0.5847 0.6196
UniSAR 0.5343 0.8190 0.8977  0.6875 0.7132
IntSR 0.5678 0.8266 0.8920  0.7091 0.7305

Negative sampling strategy HR@1 HR@5 HR@10 N@5 N@10
RNS 0.1426 0.3691 0.4991  0.2592 0.3012
RNS (aligned) 0.1810 0.4269 0.5573  0.3075 0.3497
PNS (best) 0.1430 0.3655 0.4914  0.2576 0.2983
PNS (best, aligned) 0.1760 0.3949 0.5327  0.2817 0.3264
HNS 0.1569 0.3880 0.5150  0.2763 0.3173
HNS (aligned) 0.1842 0.4305 0.5601  0.3112 0.3533

* Practical Values: Temporal candidate alignment is the key contribution, and aligned hard
negative sampling gives the strongest result among the compared sampling strategies.
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NTP over
Semantic IDs

Objective

Target

Alignment

Lesson

Next-item SID
sequence

Generation
validity

Make retrieval
generative

Ranking-aware NTP

Learnable item tokens

Label & ranking
alignment

Improve token
supervision

Composite
supervision

Sparse ID +
dense vector

Sparse-dense
retrieval
alignment

Enrich generated
representation

Sampled-softmax
NCE

Future item /
outcome target

Industrial retrieval
scalability

Contrast positives
with scalable
negatives

Temporally aligned

InfoNCE

Query-time positive

item

Candidate availability

alignment

Avoid false negatives

from dynamic
catalogs
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Supervised -4 "Preference

«-= Aligning N
SFPVsi=® Preference

pairs

— Pretraining -.- _ .- = ) -
.’ 9 N, Fine-tuning

. : (|
: Lar'ge Corpus |"

I
[

1

I The Godfather is a 1972
I American epic gangster
I

1

|

\

User-item
interactions

... Please recommend a movie for this
user to watch next. Answer:

I' .. Please recommend a movie for

1 this user to watch next. Answer:
| The Godfather. The Godfather > Toy Story

! | |

World Knowledge ' | Instruction Following ' "Helpful and Harmless"
~ RN R4 Human Values /
Background mmmmimmeme e -
Preference alignment post-trains GenRec beyond behavior imitation.

film directed by Francis
Ford Coppola ...

N i =

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. =
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X: “After watching [History Sequence], which movie do you think the person will choose next from [Item List]?”

Supervised Fine-Tuning Direct Preference Optimization Softmax-DPO
2 ip idl ip .
Autoregressive - — Pairwise ‘ , K e Softmax
Loss ; \ | Ranking Loss || 'Ranking Loss g
God y God I
Father Father, l\
Target Item Pairwise Preference Data Multi-Negative Preference Data

DPO category: pairwise preference becomes multi-negative ranking preference.

To(€qd| Ty To(Ep| Ty
Ls-ppro(6; Tret) = ~E(z, e, £0)~D lloga (—10g Y exp <B log mo(alzu) Blog TolEpl). ))]

eq€Eq Tref (edlxu) ﬂ-ref(eplxu)

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

Lsoftmax = _E(u,ip,l'd) lloga (_log Z exXp (f(u: Zd) _ f(ua Zp)))]

1d€ZLq
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Result: S-DPO achieves the best HR@1 on Goodreads, LastFM, and Movielens.

Goodreads LastFM MovieLens

HR@1 ValidRatio Rellpv | HR@1 ValidRatio Rellpv | HR@1 ValidRatio  Rel.Ipv

Traditional | GRU4Rec | 0.3867 1.0000 70.91% | 0.2616 1.0000 153.36% | 0.3750 1.0000 40.35%

Caser 0.4174 1.0000 58.34% | 0.2233 1.0000 196.82% | 0.3861 1.0000 36.31%

SASRec | 0.3581 1.0000 84.56% | 0.2233 1.0000 196.82% | 0.3444 1.0000 52.82%
LM-based | LLaMA2 | 0.0233 03845  2736.48% | 0.0246  0.3443  2594.31% | 0.0421 0.4421 1150.12%
ChatRec | 0.3306 1.0000 99.91% | 0.3770 1.0000 75.81% | 0.2000  0.9895 163.15%

MoRec | 0.2877 1.0000 129.72% | 0.1652 1.0000 301.21% | 0.2822 1.0000 86.50%

TALLRec | 0.4983 0.9573 32.63% | 04180  0.9836 58.56% | 0.3895 0.9263 35.12%

LLaRA | 0.5292  0.9950 24.89% | 0.4508 0.9918 47.03% | 0.4737 0.9684 11.10%

Ours S-DPO | 0.6609  0.9900 - 0.6628  0.9992 - 0.5263  0.9895 -

Practical value: multi-negative DPO gives ranking-aware alignment beyond positive-only
supervised fine-tuning.
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Background
SFT fits only positive responses.

Given the user's watching history, please

recommend one movie from the options for this & < °
Motivation user to watch next.
) _ . Watching history: [HISTORY_SEQUENCE]
DPO needs reliable chosen/rejected pairs; Options: [CANDIDATE_ITEMS]
weak negatives produce noisy preference WHAPRSPIPE Hard Rejected 8
. o b "Gkl - - - - \ uncertainty : Before Sunrise =
5|gna|5- The Bridges of > Smmmm-------- 3
__Madison County - -
---------- : Toy Story

———————— — - — -

Contribution
RosePO builds informative rejected samples
and smooths uncertain labels.
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4

/

Input Prompt x

Given the user's watching history, please
recommend one movie from the options for
this user to watch next.

Options: [CANDIDATE_ITEMS].

Chosen Response y,,

& Real-next

Watching history: [HISTORY_SEQUENCE].

Preference Data
Construction

Self-hard

T e e S e e

[ Please recommend
| amovie for me.

@me

‘ SFT
{nodel

g\{@ The Bridges of '(
i ‘

N ——— s e —

Rejected Response y,

2. . . . ) .
( JSemantic-similar { JPopularity-aware

/__.__—____\

Madison County

|
I
% IV_Vaterloo Bri dgel

Oy User Interest Distribution
More
Preferred
@ Less
Preferred

®J

———— e ——

g e

DPO objective

Personalized
Optimization

>§1|>

DPO: max ]E(xyw y0-Dpy, 1080 G > Y1)
@O: max ]E(x,yw,y,,e,l,)wl)pb[(l 7 G¢) log g Yw > 1) + €p 108 Do Ow <

Personalized

Uncertainty €,

o,

Learn to prefer the chosen response over the rejected response.
P(yw > y1 | x) = a(r(x, yw) — r(x,y))

RosePO objective

=0 (,Blog

7 (yy | x)
”ref(yl | x)

7o (Yw | x)
Tref(Yw | X)

— flog

)

Personalized smoothing avoids over-penalizing uncertain rejected samples.

mOaX]E(x,yw,yl)~Z)pL logﬁ(yw > yl I X).

163



I Preference Alignhment - DPO: RosePO

xQ 2
@am

A%

\BD<§A/

<7

Jeju, Korea

.. KDD2076 |

Main results

RosePO-h consistently outperforms SFT and prior baselines.

Movielens Goodreads Steam
Model HR@1 HR@5 N@5 HR@10 N@10 | HR@1 HR@5 N@5 HR@10 N@10 | HR@1 HR@5 N@5 HR@10 N@10
GRU4Rec 0.2767 0.6200 0.4614 0.7100 0.4902 0.4048 0.7852 0.6087 0.9187 0.6523 0.3610 0.7324 0.5542 0.8886 0.6050
Caser 0.3783 0.6383 0.5143 0.7267 0.5430 04161 0.8128 0.6284 0.9187 0.6630 0.3810 0.7587 0.5803 0.8879 0.6225
SASRec 0.2817 0.6183 0.4598 0.7184 0.4928 0.4102 0.7770 0.6067 0.9032 0.6475 0.3927 0.74856 0.5817 0.8699 0.6211
MoRec 0.2050 0.5083 0.3638 0.6716 0.4168 0.3152 0.7025 0.5147 0.8635 0.5670 0.3942 0.7617 0.5918 0.8857 0.6323
Chat-REC 0.2105 0.6842 0.4534 0.8211 0.4978 0.3694 0.7088 0.5412 0.8336 0.5814 0.4012 0.7306 0.5785 0.8370 0.6128
LLaRA 0.4379 0.7895 0.6285 0.8884 0.6602 0.5158 0.8060 0.6747 0.8859 0.7005 0.4927 0.8749 0.6988 0.9511 0.7236
PT 0.0968 0.3074 0.2032 0.5347 0.2753 0.1191 0.3418 0.2320 0.5820 0.3090 0.0868 0.3506 0.2214 0.5793 0.2947
SFT 0.4674 0.8800 0.6865 0.9537 0.7111 0.5165 0.8692 0.7053 0.9667 0.7373 0.5105 0.8788 0.7100 0.9548 0.7348
RosePO-h 0.5053 0.8926 0.7144 0.9537 0.7348 0.5398 0.8805 0.7221 0.9717 0.7520 0.5322 0.8836 0.7239 0.9619 0.7494
Sampling ablation
Self-hard negatives perform best, showing that informative rejected samples are crucial.
Movielens Goodreads Steam
Model HR@1 HR@5 N@5 HR@10 N@10 HR@1 HR@5 N@5 HR@10 N@10 HR@1 HR@5 N@5 HR@10 N@10
uniform 0.4632 0.8695 0.6850 0.9305 0.7056 0.5285 0.8799 0.7171 0.9671 0.7458 0.5283 0.8811 0.7218 0.9592 0.7472
semantic 0.4400 0.8863 0.6843 0.9474 0.7042 0.5314 0.8819 0.7206 0.9661 0.7482 0.5121 0.8836 0.7143 0.9563 0.7379
popular 0.4758 0.8842 0.6981 0.9495 0.7196 0.5328 0.8812 0.7198 0.9657 0.7477 0.5261 0.8836 0.7219 0.9599 0.7467
self-hard 0.5053 0.8926 0.7144 0.9537 0.7348 0.5398 0.8805 0.7221 0.9717 0.7520 0.5322 0.8836 0.7239 0.9619 0.7494
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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.

= Token-level biases in LLM-based recommendations

The Shawshank The The Silence The The
Redemption  Godfather of theLambs Terminator  Prestige

Favoring movies titles with frequent tokens, e.g., “the”.

= [tem-level biases in fine-tuned LLMs

The Dark Batimah Batman Batman The Dark

Knight Begins Returns  Knight Rises

Focusing exclusively on the Batman film series.
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I Preference Alignment - DPO: SPRec @ % VZKDD2026 |

7zmmmzmmmzsmmozmmmennnea ‘ JPREE s @
| Training | _|Random | ' | Traini Model

i[ Data ]>[Samples]r{m® i[ rlablantl:g} [Outputs] ® LLM
' ’ . elf-play

"""""""""""""""""""""""" -@“-----S
Mode-seeking results
(Item-level biases) _ Biases suppressed
Mass-covering results : Inherent token- in Self-play

Inherent token- level b:ase;s

-, level biases.

True preference
dlstrrbutton

() SFT  [eJine userprejerences ., (bppo __Alleviatebiases
Self-play update
The previous policy generates rejected samples; the next policy prefers real positives over biased
outputs. mg,,, < arg rrjlt%x E(x,yw)~D,yz~7ret (-1x) L (g5 709, 5 X, Yws 1) -

Bias-aware DPO objective

High-probability biased outputs receive stronger correction.
g, (Yilx)

99 (yilx)

Lspppro = —E(x,y,,)~D,yi~q0 (-|x) [(7g; 79, s X, Yw: Y1)-
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I Preference Alignment - DPO: SPRec

Dataset Model DivRatioT ORRatio| MGU| HRT NDCGT

\[;D Ja%
<> August 9-13, 2026

%.KDD2026 |

SASRec  0.0021 0.1205 0.0226 0.0170
SASRec 00031  1.0000 0.1209 0.0225 0.0136 BIGRec 03198  0.2597 0.0461 0.0132 0.0130
BIGRec  0.1939 0.2561  0.0620 0.0347 0.0281 RW 0.2821 0.2648  0.0432 0.0112 0.0103
RW  0.1918 0.2551  0.0577 0.0327 0.0276 D3 0.3135 0.2672  0.0320 0.0103 0.0088
D3 0.1246 0.3238 0.0664 0.0266 0.0197 e
______________________ CDs_and_Vinyl DMPO 0.3116 0.1740 0.0195 0.0090 0.0090
MovieLens DMPO  0.1827 0.2561  0.0529 0.0310 0.0264 SDPO 03218 0.2118 0.0380 0.0110 0.0106
SDPO  0.1816 0.2449  0.0462 0.0310 0.0258 RosePO  0.3625 0.1853  0.0426 0.0090 0.0090
RosePO  0.1857 0.2378 0.0538 0.0290 0.0244 - - _—-——_ ____ __________
—————————————————————— SPRec 0.3859  0.1670 0.0242 0.0143 0.0140
SPRec  0.2806  0.1510 0.0432 0.0388 0.0319

SASRec  0.0010 1.0000 0.1094 0.0660 0.0379
SASRec  0.0030 1.0000 0.0458 0.0202 0.0139  oowenEw  mmem o R TORZE RRER NN
BIGRec 0.1420 03170 0.0175 0.0310 0.0236 BIISV%CC g';zgg 823:8 g'ggi(; 8‘8328 g'g;gg

RW  0.1050 0.3730  0.0238 0.0380 0.0281 3 ' ' . : .
D3 0.1199 02581  0.0260 0.0413 0.0324 D 0.1580 0.4560 0.0511 0.0730 0.0718
Goodreads DMPO 01560 03310 0.0164 0.0410 00314  Steam DMPO  0.2270 02990  0.0443 0.0850 0.0834
SDPO  0.1580 03270  0.0161 0.0420 0.0315 SDPO  0.2080 0.3510 0.0475 0.0820 0.0810
RosePO  0.1860 03230 0.0181 0.0300 0.0215 RosePO 0.2310 0.3160 0.0499 0.0820 0.0805
SPRec  0.2090  0.2170 0.0099 0.0330 0.0250 SPRec  0.2930  0.2560 0.0367 0.0910 0.0893

Key observations: best diversity, lowest over-recommendation, and competitive HR /

NDCG.
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68

Background e ... Tokens _ Video ID
Industrial recommendation is a . L - video,
" do. = Lytp  Pre-train Loss STV Mapping P y
multistage cascade. o Laero Psmnlow {7 ¢ LT N
Infer Phase Online Learning :{ |f if |: STVE
CRSMI L S L S - i ’ULdeOk

Motivation

Fragmented objectives make
final user experience hard to
optimize directly.

{ ------ ' ------ ' ---------- l{ ------ - |(>_>>\' L
________________________ 4 i’_"_,! NTP
: T —— Tokenizer . . . . ..o Tokenizer ... ... . .. . .
Contribution - B -
i User Info Context Info Item Info

OneRec unifies retrieval/ranking
and aligns generated lists with
rewards.
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{ Encoder H Decoder

Reward design :.-PreferenceReward ................ BCEBCEBE ..................... . Vlde\ID Semantic ID
1 Click, Like, ... T Click Like e |
_____ ee BT {1 01
 Preference: click, like, Iong — Sy 1 S o i
view [ MLP J : [ Preference Model ] N e B Sl Rt :
L Do |00 0

o . It t : L \ /
e Format: valid SID-to-item ::é%:::::H?:e::r::::::::::::::::::::::::::::(.?:r:?:::::::::::::::::::::::::::::"" ......................................... U e e
. Industrial Reward : P Format Reward Semantic ID
H e Video ID : : Index Item ID :
mapping o i Hitols (i) |
P $ - 0 | 24313414 o LT
. : LY ey ey |
e Industrial: platform and B ¢ ) 1 | 73219473 S AL
ecosystem goals Content ~ Business | . 2 | 61841040 , ey
Ecosystem Needs Miss ) i

0
------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

mo(0;|u)

9 = IE Ala
Jecro(0) 7, (o)

u~P(U),{0i} ~mo,,

S22

— mean({ry,ro, ...

clip| ————,
P (arg,ow (0:lw)

7o (0i|u)

,TGY)

i=

std({r1,r2, ...

,TGY) ’

1—e,1+e)Ai)
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Encoder H Decoder
Preference Reward BCE BCE_ BCE
T Click, Like, ... T Click Like
P-Score Tower ~  [---- ctr Tower ltr Tower  *** &
MLP ] [ Preference Model ]
4
R
User Item User Item :
% Industrial Reward Index ltem ID Format Reward
@ iy $ 0 24313414
(&)
=2_Q 1 1 73219473
Content  Business 2 61841040
Ecosystem Needs

ECPO optimization

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

g . (0ilu) = max (

sg(7g(0i|u))

A>0

------
A)

l+e+6

» T, (oiIU)), 6 >0,

Early-clip

No gradient
@ @ @
1-—e¢ 1 1+e

—— ECPO
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I Preference Alighment - GRPO: OneRec @ % szDD2026 |

Method vtr Watch time App Stay Time Video View!
OneRec w/o RL 0.1978 +1.62% -0.10% -4.18%
Pass@32 OneRecw/ RL 0.2138 +3.17% +0.39% -9.87%
Relative Impr. +8.08% +1.55% +0.49%7117 -3.69%
OneRec w/o RL.  0.2239 +4.61% +1.11% -12.75%
Pass@128 OneRecw/ RL  0.2387 +5.22% +1.49% -15.06%
Relative Impr. +6.61% +1.53% +0.38%77 -2.65%
OneRecw/o RL 0.2444  +6.32% +1.66% -15.54%
Pass@512 OneRecw/ RL 0.2494 +5.88% +1.75% -13.88%
Relative Impr. +2.05% -0.41% +0.09%7 +1.97%

vtr Watch time App Stay Time Video View!

_ . Top-k+Top-p  0.2131 +4.45% +1.16% -13.61%
RL improves VTR and stay time; beam Beam Search  0.2162  +5.35% +1.76% -13.30%

search performs strongest. Relative Impr. +1.45%  +0.87% +0.60% +0.36%

Key observations
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68

Embarrassment: Thinking < Non-Thinking

e EEE1

T e K F2 01 B

enmmnqnumvnmllﬂmunn:nl
ENEMREN, SRR SR SOTNN |, ML PR G,

</think>
B AR TR NN <|sid_begin|><s_a_1966><s_b_2581><s_c_6305><|sid_end]>

== 1.7B w/o Think

Embarrassing Phenomenon: A

thinking is not significantly better than non-thinking A
on recommendation benchmarks. /\\

Video = Product 172
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Emb

1
I
I
: 5o Text
i
1
I

v Itemic

S S e S e - —

(
i

I

i

[ =

[ .

1 Token
| =

/

IR It
=
! &

| B g
! | .‘ Relation
: r.j User
"\L |

Stage 1: Vocabulary Warmup

LM Head

© Text

* Itemic

General-
Domain Data

‘ B

@ Text
Document

ImageToText

————————————————————————————

@ TextTolmage
S

N o o o o e e e e o

Core Objective of Pre-training:
1.Build deep bidirectional alignment between
recommendation items and natural language.

2. Adopt a three-stage progressive training schedule

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.

173



\bD<§A/

I Preference Alighment - GRPO: OneReason @ O %QDQQKDDZO 15 |
Pretrain: Perce ption Ali gnment [ ]
» Four-Granularity Alignment T o L T M r_ ﬂ}:ﬁ:j

» Three-Stage Recipe

SFT: Cognitive Structuring
»R0O~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

ﬁq
l--aﬂ

I = ?ﬂaéﬂ

—

Stage 2&3: Full-Parameter Co-Pretral I SFT Checkpomt
] (] = =
[ Emb ][erJ[mnu] High-Quality SFT Data s
0 Porvpten Trained on 4-domain RL dat
u% — (joint multi-domain RL) -
Stage 1: Vocabulary Warmup o '
Emb LM Head o e S
[ Text ][y ][* Text | Seemmndate & ;
T > '
& Itemic & _Itemic el
i J ( ) )) e — )} Video Expert Ad Expert :
Pretrained- - "
Multi-Granula arity General- Checkpoint . . ‘ !
Reco Data Domain Data Rocomcudetion CoTDu Live Expert Prod ctE ;
@ ; E o Comtnc e xpert
e Token =® de .._E.._ ...ji%._ hg'ﬁ.w Off-policy/\()n-policy
f—i. Item + E Document ‘ Quality Evabassion ‘ F;ﬁ ';Fr q thn
b Relsion B imageToText O cjn §1- < [_'T_J
- R Sefcty | |Comiscncy || Lope || Factlity || infoemutivencss B G
o U TextTolmage S e e Bl [$ Final Clcth [@ Final Ckpt]
=t / £ R3CoT D SN, L MOPD

Reasonmg Evaluation Benchmark

RO: Perception R1:Derivation @)’ R2: Evolution R3: Recommendation ||

i

i

1

' Q Semantic Grounding /< Ttem Relation Reasoning * Interest Evolution Reasoning Integrated Recommendation | |

: Lo

H

. Q: What is the item 1. Single-Domain Rec | |
. Single-Domain Rec | |

s used for? Inner pot is the

- @

-------------------------------------------------------------------------------------------------

ooking vessel

f the rice cooker 2. Cross-Domain Rec |

A: Cooking rice.



I Preference Alignment - GRPO: OneReason % VZKDD2026

D.l o Jeju, Korea

~ofe— OneReason-8B  -O- Best Baseline  —A— Qwen3-8B

Category Model Cross-Video Cross-Product Cross-Ad Cross-Live
Item
DiGaIr’S)ﬁ . ond. Item2Item Pass@64 Recall@64 Pass@64 Recall@64 Pass@64 Recall@64 Pass@64 Recall@64
SASRec 0.03 0.01 0.31 0.25 1.04 0.37 1.76 0.40
ID-Based
MY Evolution HSTU 0.10 0.01 0.32 0.24 2.79 0.78 2.32 2.14
Qwen3-8B 0.05 0.01 0.15 0.12 0.48 0.09 2.10 1.85
Qwen3-32B 0.33 0.03 0.84 0.63 1.21 0.30 5.64 5.10
GSMBK 3ingle Qwen3-235B-A22B 0.24 0.02 0.64 0.49 0.77 0.19 5.10 4.66
Deepseek-V3.2 0.11 0.01 0.38 0.31 0.62 0.13 3.46 3.12
Text-Based
Claude-Opus-4.6 0.14 0.01 0.23 0.17 0.50 0.11 3.02 2.66
. Gemini-3-Preview 0.29 0.03 0.74 0.59 1.22 0.27 3.92 3.44
MATH Cross
500 Video GPT-40-mini 0.19 0.02 0.73 0.55 1.21 0.28 4.01 3.57
GPT-5.4 0.24 0.02 1.43 1.15 1.64 0.43 7.20 6.38
TIGER 0.88 0.07 0.21 0.17 7.65 2.39 2.32 1.78
e Single LC-Rec-SFT-Only-8B 0.22 0.02 0.06 0.05 2.83 0.67 0.89 0.71
LC-Rec-SFT-Only-14B 0.20 0.01 1.03 0.73 5.99 1.94 3.76 3.09
Sli_'??.'}‘ %msis Itemic Token-Based LC-Rec-PT-SFT-8B 1.49 0.13 3.95 3.00 15.85 6.55 19.32 16.70
2t X OneReason SFT non-thinking ~ 1.33 0.11 3.94 2.96 15.73 6.49 18.05 15.52
C/r\oiss Sixgllc OneReason SFT thinking 0.71 0.06 2.18 1.65 9.16 3.41 16.43 14.32
d {8
g TR OneReason RFT non-thinking 2.08 0.19 5.20 3.96 17.56 7.26 21.01 18.17
BN Perception Evolution OneReason RFT thinking 2.41 0.24 5.47 4.19 17.78 7.50 21.10 18.35
*Video Recall@64 is notably low due to the largest target set (avg. 13.92 items) making full recall harder.
Compared with Qwen3-8B, Recommendation-capability

capability
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I Preference Alignment Summary: DPO vs GRPO @ &0 ::i/(ppzoze |

Two categories differ in supervision signal and optimization path.

DPO-based alignhment GRPO-based alighment

e Signal: chosen/rejected or multi- e Signal: reward-scored generated item lists

negative preferences e Update: group-relative policy optimization

e Update: direct preference objective with clipping and guardrails
without online RL rollout

e Works: S-DPO, RosePO, SPRec

e Work: OneRec, OneReason

DPO is pairwise/ranking preference alignment;

GRPO is reward-driven policy alignment.
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I Optimization — Future Direction 1@ O :jl/(DDZOZG |

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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Application in Cascaded System

Two Dimensions of Application Retrieval Rank
== A0~ [LL ae @
:,,-:5 Slmllanty |II
A. Cascaded Systems & g

Input
P Interaction

Retrieval: TBGRecall

Ranking: HLLM P O@@
§ @ Qe G"L';Zm:“’e
Re-ranking: KC-GenRec ¥ Generatine ) i =
o cam-searc
End-to-End: (covered in Sec 111-V) Model I“p“t Output
L
L 2
B. Various Scenarios End-to-end
Cold Start: LC-REC e &)
Cross Domain: GenCDR Unified Model Efficiency Preference Alignment
Search: OneSearch, GenSAR Application Scenarios
Auto-Bidding: GAVE
O # Q 2
Cold Start Cross Domain Search Auto-bidding
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I Cascaded Systems: Overview @ DOOO ZKDD2026 |
Topic  |Work |KeyContribution |

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; 5x 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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Topic [ Work | KeyComvbution

I Generative Retrieval

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; 5x 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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e Conventional autoregressive generative retrieval assumes ordered sequential dependencies (like text
generation).

e Butin 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
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%P

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

e Session Mask + sw-RoPE: causal mask combined with session mask (intra-session items invisible to each
other); session-wise rotary position embedding.

( ( Train : Infer
( w Session 1 1 Session 2 Session 3 :
ctxl item11 item12 item13 ctx2 item21 item22 ctx3 item31 item32 item33 : ctx4 ANH
1
1
R A A N N N N N N N 1
1
HSTU x N !
1
L L L 1 Recalled
0ss Loss Loss I item set
4 (I A 1
5 ItemID NaN idit  idl2  id13 NaN  id21 id22 NaN  id31 id32 id33 | NaN
=
S Action NaN  Click Click Expo NaN Expo  Expo NaN  Expo Expo  Click : NaN
0
Item Pool S SideInfo  Nall sD11 sD12 sD13  hahl sD21 sD22 NaN sb3l 5Db32 5Dh33 : NaN
o
- gr. Context SE NaN NaN NaN  GUL NaN NaN GUL NaN NaN NaN : GUL
S srmee s a0 0 D 2 EE B B e e e | e
1 Gi
Token Sequence c¢tx1 item11 item12 itemi3  ctx2 item21 item22 ctx3 item31 item32 item33 : ctx4 Colr:/tZZt
le= =) k= Jo
5 L Negative Sampling T ] :Sorted by Time ; g5
1
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e Token-Specific Network (TSN): dedicated linear projections for context vs item tokens to address
semantic/distributional discrepancies.

e Multi-Session Prediction (MSP): extends multi-token prediction along session dimension for long-range
dependencies.

( ( Train : Infer
( w Session 1 1 Session 2 Session 3 :
ctxl item11 item12 item13 ctx2 item21 item22 ctx3 item31 item32 item33 : ctx4 ANH
1
1
R A A N N N N N N N 1
1
HSTU x N !
1
L L L 1 Recalled
0ss Loss Loss I item set
4 (I A 1
5 ItemID NaN idit  idl2  id13 NaN  id21 id22 NaN  id31 id32 id33 | NaN
=
S Action NaN  Click Click Expo NaN Expo  Expo NaN  Expo Expo  Click : NaN
0
Item Pool S SideInfo  Nall sD11 sD12 sD13  hahl sD21 sD22 NaN sb3l 5Db32 5Dh33 : NaN
o
- gr. Context SE NaN NaN NaN  GUL NaN NaN GUL NaN NaN NaN : GUL
S srmee s a0 0 D 2 EE B B e e e | e
1 Gi
Token Sequence c¢tx1 item11 item12 itemi3  ctx2 item21 item22 ctx3 item31 item32 item33 : ctx4 Colr:/tZZt
le= =) k= Jo
5 L Negative Sampling T ] :Sorted by Time ;g4
1




TBGRecall: Key Results Y DOOO izii(DDZﬁ““i? |

%P

Jeju, Korea

e Offline (Taobao, 1.2T interactions): HR@4000 = 29.45% vs online baseline (DT) 26.45%.
e Offline (RecFlow, 30M interactions): HR@4000 = 8.20% vs HSTU baseline 7.38%.

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

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

MODEL REcFLow TaoBao

HR @20 @100 @500 @1000 @2000 @4000 | @20 @100 @500 @1000 @2000 @4000
YouTuBEDNN | 0.01% 0.08% 0.43% 1.02% 2.37% 328% | 047% 1.29%  3.28% 4.75% 6.68% 9.22%
SASREC 0.04% 0.19% 1.00% 1.96% 3.66% 6.53% | 0.50% 1.65%  4.47% 6.40% 8.79% 11.70%
BERT4REC 0.06% 0.24% 1.01% 1.87% 3.43% 6.09% | 0.11% 0.44% 1.53% 2.50% 3.90% 5.96%
FDSA 0.02% 0.13% 0.54% 1.41% 3.90% 432% | 052% 1.47%  3.70% 5.30% 7.44% 10.14%
HSTU 0.06% 0.30% 1.21% 2.19% 4.06% 7.38% | 0.54% 1.78%  4.88% 7.01% 9.75% 13.11%
ONLINE - - - - - - 1.03% 3.53% 9.37% 13.36% 18.08% 23.57%
ONLINE(DT) - - - - - - 1.26% 4.28% 11.03% 15.44% 20.62% 26.45%
TBGREcCALL 0.26% 0.83% 2.45% 3.85% 5.61% 8.20% | 1.53% 4.65% 11.81% 16.62% 22.57% 29.45%

PVR TRANSACTION COUNT TRANSACTION AMOUNT

23.94% +0.60% +2.16%
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B Generative Ranking M &S % kpp207 |
Topic [ Work | KeyComvbution

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; 5x MFU improvement
End-to-End OneSug Unified search & recommendation; Prefix2 Query
End-to-End ETEGRec End-to-end learnable item tokenization

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

e 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

m \BD<>4A/
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Item Large Language Model

0000 - 0000
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____________________________________________

! Compress the following sentence into embedding:

| Tlfle Arctic Terns Animals that live in the light of day.
| Tag: F

: Description: Arctic terns make a round tfrip to the North and South
1 Poles once a year, a distance of kilometers, which is equivalent to

: a full circle of the Earth, and live only in the polar daytime, so

\ they are known as the creatures that always live in the [fight ... ,

1
]
1
1
1
1
1
1
1
1

187



(@ o W e
I HLLM: Method W O .KDD2076 |
E, E, E, E; Evo Euy By Eay
e Hierarchical LLM architecture: one LLM models item features, O0o000 - 0000
another models user behavior sequences. ‘ Lt f t t t 1

e [tem-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/Baichuan?2. [j [j [j [j

E, E, E, E,

e User-level LLM captures high-level preference patterns: taking

sequences of item representations from Item LLM and modeling g] g] [_’__] [;]
sequential behavior to predict the next item; also initialized from
pre-trained LLMs.

e Performs top-K ranking directly through generative decoding Item Large Language Model
rather than pointwise scoring.

e Both components are jointly trained end-to-end, allowing Item [j [j [j [j [J__] t] [j [j

. . [ . t t t t . . [ITEM]
LLM to learn recommendation-specific representations. s 2 ot I

1+ Compress the following sentence into embedding: \
| Title: Arctic Terns: Animals that live in the light of day.

' Tag: .
: Degcripﬁon: Arctic terns make a round trip to the North and South |
| Poles once a year, a distance of kilometers, which is equivalent to !
: a full circle of the Earth, and live only in the polar daytime, so 1

\ they are known as the creatures that always live in the Ifight .. 188
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e Hierarchical LLM architecture: one LLM models item features, O0o000 - 0000
another models user behavior sequences. ‘ Lt f t t t 1

e [tem-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/Baichuan?. [j [j t] t] ir _][j t] [Ej

e User-level LLM captures high-level preference patterns: taking T

sequences of item representations from Item LLM and modeling @ Q g] [;] Q g] ()

sequential behavior to predict the next item; also initialized from f
pre-trained LLMs ¢
e Performs top-K ranking directly through generative decoding Item Large Language Model
rather than pointwise scoring.
e Both components are jointly trained end-to-end, allowing Item t] t] [j [j é] t] [J__] [j
. o pe . t t t t . ,
LLM to learn recommendation-specific representations. PR S A — 2 ot LM
1+ Compress the following sentence into embedding: \
S(E;',i’Ej,i) | Title: Arctic Terns: Animals that live in the light of day.
z_zzbg E E N E. . E; :TC‘Q-'*' : Arctic t k d trip to the North and ’rh:
e s( 3 )+Zk es( i Eiik) I Description: Arctic terns make a round trip to the North and South !

. —_— A E | Poles once a year, a distance of kilometers, which is equivalent to !
Ldzs — Egen - Lcls | .

| a full circle of the Earth, and live only in the polar daytime, so

£cls — (y . log(m) + (1 _ y) . log(l _ IU)) \ they are known as the creatures that always live in the Ifight .. 189



HLLM: Key Results
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e Amazon Books: HLLM-7B R@10=9.39, N@10=5.69 vs SASRec R@10=3.06 (~207% improvement).

e PixelRec (Pixel8M): R@10=6.129 vs SASRec 3.589 (~71% improvement).

e Online A/B test at ByteDance: +0.7% gain in production metrics.

e Key takeaway: Hierarchical LLMs transfer pre-trained knowledge to both item understanding and user

behavior modeling.

Dataset Method R@10 R@50 R@200 N@10 N@50 N@200 Impv. (avg)
SASRec;; (2024) 3.589 - - 1.941 - - -27.72%
HSTU* (2024) 4.848 10.315 18.327 2.752 3.939 5.135 +0.0%
PixelSM SASRec* 5083 10.667 18754 2911 4123 5331  +43.82%
HSTU-1B* 5.120 11.010 19.393 2.879 4.159 5411 +5.37%
SASRec-1B* 5.142 10.899 19.044 2915 4.166 5.383 +4.83%
HLLM-1B (Ours) 6.129 12475 21.179 3.539 4.919 6.221 +22.93%
SASRec (2018) 3.06 7.54 14.31 1.64 2.60 3.62 +0.0%
LEARN (2024) 4.07 9.79 18.74 2.24 3.71 4.83 +34.42%
HSTU-large (2024) 4.78 10.82 19.08 2.62 3.93 5.17 +47.80%
SASRec* 5.35 11.91 21.02 2.98 4.40 5.76 +64.96%
SASRec-1B* 5.09 11.11 19.45 2.86 4.17 5.42 +55.68%
HSTU-large* 5.00 11.29 20.13 2.78 4.14 5.47 +55.61%
Amazon Books ey 18* 525 1203 2160 289 436 580  +64.37%
HLLM-1B (Ours) 6.97 14.61 24.78 3.98 5.64 7.16 +108.68%
HSTU—laIgeT* 6.49 12.22 19.81 3.99 5.24 6.38 +88.94%
HLLM-1B-Scratch! (Ours) ~ 6.85  13.95  23.19 402  5.56 6.95  +103.65%
HLLM-1Bf (Ours) 9.28 17.34 27.22 5.65 7.41 8.89 +166.42%
HLLM-7B' (Ours) 939 1765 2759 569  7.50 8.99  +169.58%
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I Generative Re-ranking 1@ (;Ooo 2. KDD2026
Topic | Work | KeyCommbuton

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; 5x MFU improvement
End-to-End OneSug Unified search & recommendation; Prefix2 Query
End-to-End ETEGRec End-to-end learnable item tokenization

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

191



I KC-GenRe: Motivation & Context

\[;D 44/
<> ugust 9-13, 2026

Ze%<>4KDD2026

G

Qo
O

e 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.

(@) KGE | query (e;,. 7,?) : (Jackie Chan, played in movie, ?)

model

ra"k'l'lg candidate entities : e;(King of Comedy), €, (Ip Man), e; (Police Story)
results

input construction ’

(b) LLM  (Task instruction:

p ... output a ranking of these candidates.
re-ranxing Query: Jackie Chan played in movie  ?

Candidate answers: King of Comedy; Ip Man; Police Story

[ Generative LLMs ] e.g. GPT3, LLaMA

samples of generated text

— = | . T T
| Police Story|; Ki

I
|| Ranking: 1. Ip Man; 2.

mlsmatch
mlsordermg

3. King of Comedy. X SCEL I

Police Story 2013|;

| omission
| The ranking would be : Ip Man; King of Comedy. x <€--------- ! :

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

e Loss combines cross-entropy and ranking loss: L_Rank = (C/K?)-Z max(0, p_i - p_j).

e Knowledge-augmented constrained inference: restricts output vocabulary to only unused option IDs at each
decoding step, ensuring valid permutations.

e Retrieves query-related and candidate-supporting prompts via SBERT similarity.

query (e, r, ? ) : (Jackie Chan, played in movie, ?) ground truth text
+ > C A B
- KGE model ey > e et
_____ ranking
candidate- 4t
ranking entity name  score identifier candidate ‘CPrml C(--E
KG : interaction

(known facts) € Top-3 | 1 | PoliceStory 36| C pB > pc > p, Predicted
candidates| 2 Ip Man 25| A H ranking

Task instruction: ... output a ranking of these candidates.
Query: Jackie Chan played in movie _ ?

3 [King of Comedy| 19| B
contextual prompts ] ]
retrieval input construction *

Query-related prompt:

(Jackie Chan, played in movie, New Police Story) p——

Candidate-supporting prompt: andidate answers:y” " " """ T T,

(Donnie Yen, played in movie, Ip Man) A.[Jackie Chan played in movie|lp Man|? Generative LLMs
o0 B.Jackie Chan played in movie|King of Comedy|?
"""""""""""" v C.[Jackie Chan played in movie|Police Story|?

193
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I KC-GenRe: Key Results @ (:OOO ZKDD2026 |

o Jeju, Korea

e FB15K-237-N: MRR 0.399 (+6.7% vs PKGC), Hits@1 0.338 (+7.7%).
e Wiki27K: MRR 0.317 (+6.8% vs TuckER), Hits@1 0.274 (+8.9%).
e Ablation: removing constrained generation causes severe degradation, sometimes worse than no re-ranking.

e Key takeaway: Constrained inference is essential for valid generative re-ranking; the technique transfers to any

domain with structured constraints. QCl GOl QP CP Ca| ReVerb20K | ReVerba5K
MRR Hits@1 | MRR Hits@1
Base 0.367 0.288 |0.352 0.274
1 0.350 0.263 [0.334 0.246
Model ReVerb20K ReVerb45K 2 v v v v |0383 0.304 |0.365 0.282
MRR MR Hits@1 Hits@3 Hits@10 | MRR MR Hits@1 Hits@3 Hits@10 3 v v v v |0.405 0.326 |0.381 0.298
TransE (Bordes et al., 2013) 0.138 1150.5 0.034 0.201 0.316 0.202 1889.5 0.122 0.243 0.346 4 v v v v 10399 0.320 (0.397 0.323
ALGON (Schichtirul ot a1 2018) 012 12043 o o0 0ter | oot omes o o' oos ° v ¥ v v |0403 0328|0400 0327
ConvE (Dettmers et al., 2018) 0.262 14837 0203 0.287 0371 | 0218 33068 0.166 0243 0314 (75 5 j oy v gggs 8'223 8'222 gg;;
KG-BERT (Yao et al., 2019) 0.047 4204 0014 0.039 0105 |0.123 13258 0070 0.131  0.223 : : : :
RotatE (Sun et al., 2019) 0.065 28615 0043 0069 0108 |0.141 30334 0110 0.147 0196 KC-GenRe v v v v v ]0.408 0.331 |0.404 0.332
PairRE (Chao et al., 2021) 0.213 13662 0.166 0.229 0296 | 0.205 26084 0.153 0.228  0.302 — A
ResNet (Lovelace et al., 2021) 0.224 22584 0.188 0.240 0292 |0.181 39289 0.150 0.196  0.242 Model QCl CClI DP CG W'k'2_7K FB15K 2_37N
BertResNet-ReRank (Lovelace et al., 2021) | 0.272 12456 0225 0.294 0347 | 0.208 27734 0.166 0227  0.281 MRR Hits@1 | MRR Hits@1
CaRe (Gupta et al., 2019) 0318 973.2 - - 0439 | 0.324 13080 - - 0.456 Base 0.249 0.185 [0.309 0.227
OKGIT (Chandrahas and Talukdar, 2021) | 0.359 5271 0.282 0.394 0499 | 0.332 7739 0261 0363  0.464 ] 0283 0227 10329 0248
OKGSE (Xie et al., 2022a) 0.372 487.3 0291 0408 0524 | 0342 7711 0.274  0.371 0.473 ' ) ' '
CEKFA (Wang et al., 2023b) 0.387 4167 0310 0.427 0515 |0.369 8845 0.294 0.409  0.502 2 v. v v 0314 0268 |0.340 0.257
KC-GenRe 0.408 410.8 0.331 0.450 0.547 | 0.404 8741 0.332 0.444 0.534 3 v v v 10311 0.266 |0.361 0.284
4 v oV v 10.298 0.249 [0.353 0.277
5 v v Vv 0.245 0.178 [0.303 0.218
KC-GenRe v v v v [0.317 0.274 94399 0.338




I End-to-End: Overview a0 B 4 ko253 |

All End-to-End works were covered in previous Sections:

e OneRec — unified decoder-only model; ECPO; 5x MFU
e OneSug — unified search & rec; Prefix2Query
e ETEGRec — end-to-end learnable tokenization

e COBRA — bridging generative & dense retrieval

Key insight: End-to-end models achieve 5x MFU improvement over cascaded systems and show
clear scaling laws.
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Topic workeLkeyCombuion

I Summary: Cascaded Systems

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; 5x 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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I Application Scenarios: Overview M B £ kpp2036 |

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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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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GenCDR: Motivation & Context
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i u Technology Domain P @DD | Lifestyle Domain i

4 ) ( )
Title: Apple Watch Title: Fresh Fuji Apple
Description: Advanced health tracking, Description: Naturally sweet and
compact design, and seamless daily refreshing. Ideal for daily consumption,
use. Perfect for fitness and smart rich in fiber and vitamins. Grown
lifestyle integration. without pesticides.

\ J . J

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.

“From IDs to Semantics: A Generative Framework for Cross-Domain Recommendation with Adaptive Semantic Tokenization", 2025 199
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e Domain-adaptive Tokenization: RQ-VAE with per-domain LoRA adapters and VIB (Variational Information
Bottleneck) router — each domain gets adapted tokenization.

(a) Overall Pipeline E (b) Domain-adaptive Tokenization E (c) Autoregressive Recommendation
e N\ | !
——————— E Reconstructed Embedding | Output
1 3: Prefix Tree | |1 E Do L | t
~~~~~ i ecoder § 7 ] § ﬂ‘
~~~~~~~ 3 3| - i -
LB i) /| A A
LLM Decoder ! : or | : Ospecy
I . 1 .
' I » I =
13]6| |3]2|5 1/5]6] i — / _/ | \_/
, P AR [BYPA A
1 Unified token i rl : g E WO Buunin
Item Tokenizer : 12]3]4]5 . | : "
I T i Codebook | F K \ -/.' i \®‘_§ /
1 8)4— I
: A : A A
1 I
s /N N\
D, Dy, D, i E 64 i i euni,l
Two Stage Training i Encoder L---@ E L---@
D Domain A D Domain B D Target Domain E i
0 stagel @y Stage2 Frozen : Embedding | Input
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e Cross-domain Autoregressive Recommendation: Universal LORA captures shared patterns + Specific LoRA

captures domain-specific patterns, with dynamic routing between them.

(a) Overall Pipeline
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(b) Domain-adaptive Tokenization

(c) Autoregressive Recommendation
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e Domain-aware Prefix-tree: constrains decoding to valid items per target domain, preventing cross-domain
hallucination.

(a) Overall Pipeline (b) Domain-adaptive Tokenization E (c) Autoregressive Recommendation
- 1 3\ :
——————— Reconstructed Embedding | Output
1123 :;Preﬁx Tree n S . E t v
~~~~~~~~~~~ -« : E <
- : ® = | A
LLM Decoder i , : Ta | 5 Specd.
i [ I
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e NDCG@10 across six domains: Sports=0.0262, Clothing=0.0203, Phones=0.0512, Electronics=0.0283,

Books=0.0212, Movies=0.1275.

e Per-domain LoRA adapters significantly outperform shared-parameter baselines.

e Domain-aware prefix-tree decoding eliminates invalid cross-domain item generation.

e Key takeaway: Semantic tokenization with domain-adaptive LoRA is more effective than ID-based transfer.

Dataset | Metric | SDSR | GenRec | CDSR | Ours
Scene| Domain BertdRec  SASRec ~ STOSA | VQ-Rec TIGER HSTU | C2DSR  TriCDR LLMA4CDSR| GenCDR
R@5 | 00188 0.0197 0.0236 | 0.0261 0.0267 0.0254 | 0.0265 0.0266  0.0263 | 0.0274

Sports N@5 | 00121 0.0126 0.0162 | 0.0238  0.0244  0.0241 | 0.0253  0.0255  0.0257 | 0.0261

® P R@10 | 0.0325 0.0334 0.0346 | 0.0389 0.0397 0.0381 | 0.0395 0.0396 0.0398 | 0.0403
3 N@10 | 0.0169 0.0173  0.0283 | 0.0281  0.0287  0.0277 | 0.0258  0.0259  0.0260 | 0.0262
2 R@5 | 00128 0.0132 0.0162 | 0.0171 0.0173  0.0175 | 0.0172 0.0174  0.0176 | 0.0181
Clothi N@5 | 00078 0.0081 0.0119 | 0.0129 00125 0.0132 | 0.0158 0.0161 0.0163 | 0.0167

ofing  'r@10 | 0.0219 0.0227  0.0223 | 0.0248  0.0241  0.0253 | 0.0255 0.0258  0.0261 | 0.0265

N@10 | 0.0105 0.0108 0.0135 | 0.0170 0.0167 0.0174 | 0.0191 0.0194 0.0196 | 0.0203

R@5 | 00331 0.0345 0.0415 | 0.0411 00423 0.0415 | 0.0428 0.0434  0.0431 | 0.0436

& |pn N@5 | 00215 0.0224 0.0283 | 0.0308 0.0315 0.0327 | 0.0392 0.0396 0.0401 | 0.0411
o ones  'R@10 | 0.0524 0.0537 0.0618 | 0.0607 0.0613 0.0615 | 0.0589 0.0593 0.0614 | 0.0621
S N@10 | 0.0278 0.0287 0.0346 | 0.0399 0.0406 0.0425 | 0.0493 0.0505 0.0506 | 0.0512
§ R@5 | 00179 0.0186 0.0213 | 0.0219 0.0228  0.0232 | 0.0235 0.0238  0.0237 | 0.0241
= Electronics | N@3 | 0.0118 00122 00148 | 0.0211 00214 00226 | 00229 0.0231 0.0230 | 0.0235
R@10 | 0.0276 0.0285 0.0315 | 0.0318 0.0322 0.0328 | 0.0336 0.0339 0.0338 | 0.0342

N@10 | 00149 0.0154 0.0172 | 0.0262 0.0269 0.0271 | 0.0278  0.0280  0.0279 | 0.0283
- R@5 | 0.0089 0.0093 0.0142 | 0.0175 00172 0.0181 | 0.0152 0.0155 0.0161 | 0.0192
£ Books N@5 | 00071 0.0076 0.0117 | 0.0178 0.0177 0.0180 | 0.0143  0.0148  0.0153 | 0.0187
g R@10 | 00176 0.0182 0.0219 | 0.0224 0.0221  0.0230 | 0.0205 0.0211  0.0216 | 0.0237
.5 N@10 | 00158 0.0164 0.0165 | 0.0201 0.0198 0.0206 | 0.0182 0.0185 0.0189 | 0.0212
5 R@5 | 0.1503 0.1542 0.1562 | 0.1680 0.1652 0.1682 | 0.1588 0.1601 0.1613 | 0.1713
= Movi N@5 | 0.1015 0.1047 0.1063 | 0.1182 0.1156  0.1189 | 0.1092  0.1105 0.1149 | 0.1215
= OvVIes  IR@10 | 0.1798 0.1825 0.1753 | 0.1922 0.1893  0.1931 | 0.1854 0.1865 0.1878 | 0.1971
N@10 | 0.1211 0.1265 0.1223 | 0.1261  0.1255 0.1268 | 0.1203 0.1217  0.1225 | 0.1275
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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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I GAVE: Motivation & Context @ O ;:AI/(DDZOZG |

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
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GAVE: Method a0 B <. kpp2o3é

* 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.

] linear decoder

(a) GAVE: Generative Auto-Bidding with Value-Guided Explorations 2 51-=-Z- :;1,- C T -}
[ i [
iy 5= min { (220)7 1} - X mo
(a.2) Action 1 e ! (a.3) Learnable 5 .1 o
@ Explorations: : Value fu_nc_tzcln . 85 =min | (gpz) 17 X x’v"
“ - -, e o am am Em E E a w
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e AuctionNet (100% budget): GAVE=376 vs best baseline GAS=359 (+4.74%).
e AuctionNet-Sparse (100%): GAVE=37.2 vs GAS=36.1 (+3.05%).

e Qutperforms across ALL budget ratios (50%—150%).

e Won first place in NeurlIPS 2024 AIGB Track auto-bidding competition; Online significance.

e Key takeaway: Return-conditioned generation + value-guided exploration bridges the offline-to-online gap

in auto-bidding.

Cost Conversion Target cost CPA valid ratio
+0.8% +8.0% +3.2% /
Costcap | +2.0% +3.6% +2.2% +1.9%

Dataset | Budget | DiffBid USCB CQL IQL BCQ DT CDT GAS GAVE  Improve
50% 54 86 113 164 190 191 174 193 201" 4.15%
75% 100 135 139 232 259 265 242 287 296" 3.14%
AuctionNet 100% 152 157 171 281 321 329 326 359 376 4.74%
125% 193 220 201 355 379 396 378 409 421" 2.93%
150% 234 281 238 401 429 450 433 461 467" 1.30%
50% 9.9 11.5 12.8 16.5 17.7 14.8 11.2 18.4 19.6* 6.52%
75% 15.4 14.9 16.7 22.1 24.6 22.9 18.0 27.5 28.3* 2.91%
AuctionNet-Sparse 100% 19.5 17.5 222 300 311 296 312 361  37.2° 3.05%
125% 25.3 26.7 28.6 37.1 34.2 34.3 31.7 40.0 42.7* 6.75%
150% 30.8 31.3 35.8 43.1 37.9 44.5 39.1 46.5 47.4* 1.94%
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I Summary: Application Scenarios 1@ DOOO 2. KDD2026 |

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 + MICTS for multi-objective bidding

Auto-Bidding  GAVE Return-To-Go conditioned bidding generation
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I Key Takeaways 1@ (;Ooo %,KDD2026 |

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 5x 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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I Application — Future Direction @ O ::ﬂl/(DDzoza |

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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4 ™) 4 ™)
1 Introduction 2 Tokenization
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- Y, - Y,
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4 ™) > .) 4 ™)
3 Model Structure 4 Optimization
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- Y, - Y,
Ziwei Liu 15mins Wenlin Zhang Kaifeng Guo
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Yejing Wang Bo Chen
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End-to-End and Reward Modeling

Scaling Models

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.

& Generative

— Recommender _ _ _ . _" ﬁ L
. (Model) @21
: Q5
{ -
e e e =——— Trained Fod-to End S

Unified Reward Design

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.

List-wise Rewards

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.
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Efficiency and Co-Design

Algorithm-System Co-design Framework
An integrated algorithm-system framework is needed for
on hundreds of millions of daily samples and for inference
serving under strict
» Efficient training and preference-alignment frameworks for
keeping pace with streaming data

e Satisfy strict requirements on low latency and high concurrency

Efficiency Techniques

is both essential and a major
efficiency bottleneck for generative recommendations. Research

directions for efficient sequence modeling paradigms include

for enhancing overall efficiency.
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Reasoning and Data

L ) 2

Reasoning Enhancement

Data Optimization

Leveraging the reasoning capabilities to infer Debiasing generative training from exposure and position skew

users’ short-/long-term interests and analyze their is essential for improving the fairness and accuracy of
behavior patterns. recommendation systems.

* Constructing large-scale personalized chain- The construction of high-quality data remains a fundamental
of-thought data bottleneck, such as CoT data, user and platform multi-aspect
*  Controlling adaptive reasoning depth preference data, and explicit intent-level annotations.
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I Future Direction ICit, uj

Next Application

Conversational Agents | " From Recommendation to Generation

Building conversational agents that deliver personalized
& & P Multimodal generative models such as Kling and Sora

dialogue and maintain user-centric memory is crucial for ) . .
foreshadow a shift from retrieving existing content to

enhancing user experience and engagement in next- . . . ) . .
synthesizing personalized video, audio, and ads in real time.

eneration recommendation systems.
. i This paradigm introduces extremely sparse feedback and high

generation cost.
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Efficient Advanced
Representation ~ Architecture

Multi-dimensional

Alignment

£

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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