Semantic ID

-based Generative Recommendation
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Semantic IDs
(also called: SemID or SID)

A few tokens that jointly index one item.

'd ‘ﬁ \
t3, t321, t643, t1011
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SemlID-based Generative Recommendation

Part 1:

Item 64
Sem. ID = (5, 25, 55)

s ssles)  HOW to construct SIDs

— > Transformer Decoder ‘ e Pa rt 2.

! bt [ rr 1t
Tokens|t_us | [<BOs>|[t5][t_25] [t_55] c
How to build SID-based

Sem. ID = (5, 23, 55) Sem. ID = (5, 25, 78)

o oraotontrmory ot O Generative Rec Models

Encoded

Bidirectional Transformer Encoder

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 129



Part 1: Semantic ID Construction
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Semantic ID Construction

Input: all data associated with the item
(description, title, interactions, features, ...)

The Legend of Zelda: Tears of the
Kingdom - Nintendo Switch (US
Version)

Brand: Nintendo
Platform : Nintendo Switch | Rated: Rating Pending v
49 Wk h kK v 22,782 ratings

Amazon's Choice

3K+ bought in past month
55
List Price: $69:99 @

Or $9.48 /mo (6 mo). Select from 2 plans

Roll over image to zoom in FREE Returns v

Output: mapping between items & Semantic IDs
BO97B2YWFX & {t3, t321, t643, t1011} 4




Part 1: Semantic ID Construction

(i) First example: TIGER and RQ-VAE-based SemiIDs;
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SemlID Construction - First Example: TIGER

Input: concatenated text features

ItemID Title Description Categories Brand Semantic ID

Item Content Content Quantization
Information Encoder

Output: mapping between items & Semantic IDs

Embedding

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 133



SemlID Construction - First Example: TIGER

Text > Vector > IDs

Item Content Content Quantization
Information Encoder

Embedding

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 134



SemlID Construction - First Example: TIGER

1. Iltem Content Information (Text)

ItemID Title Description

BO97B2YWFX. The Legend of Zelda: Tears of the
Kingdom - Nintendo Switch (US Version). An epic
adventure across the land ... threaten the kingdom?
Video Games > Nintendo Switch » Games. Nintendo.

Categories

135



SemlID Construction - First Example: TIGER

2. Content Encoder + Embedding (Text > Vector)

Pre-trained (fixed) sentence embedding model
(SentenceT5)

ItemID Title Description

B097B2YWFX. The Legend of Zelda: Tears of the
Kingdom - Nintendo Switch (US Version). An epic
adventure across the land ... threaten the kingdom?
Video Games > Nintendo Switch > Games. Nintendo.

Content
Encoder

Y

Embedding

Categories

Ni et al. Sentence-T5: Scalable Sentence Encoders from Pre-trained Text-to-Text Models. Findings of ACL 2022.
Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 136



SemlID Construction - First Example: TIGER

3. RQ-VAE Quantization (Vector > IDs)

Residual Quantization

codebook_1 ¢ codebook_2 codebook_3

Embedding

DNN { a0 1 et 1y o=2 | DNN
Encoder V= 'I \ ' = N - L = - : Decoder

Embedding

S / Quantized representation

~"
Semantic codes

Zeghidour et al. SoundStream: An End-to-End Neural Audio Codec. TASLP 2022.
Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 37



SemlID Construction - First Example: TIGER

3. RQ-VAE Quantization (Vector > IDs)

Embedding

DNN
Encoder

codebook 1 ¢

K-means: cluster center ID
as a code in the codebook

Zeghidour et al. SoundStream: An End-to-End Neural Audio Codec. TASLP 2022.
Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 13 8



SemlID Construction - First Example: TIGER

3. RQ-VAE Quantization (Vector > IDs)

codebook 1 ¢
ONITNIE2RIESE | FARI ES NN G!

g
Residual of “input vector” and
“clustering center vector”

Zeghidour et al. SoundStream: An End-to-End Neural Audio Codec. TASLP 2022.
Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. ]39

Embedding



SemlID Construction - First Example: TIGER

3. RQ-VAE Quantization (Vector > IDs)

codebook_2

____________

Residual as next level's input

Zeghidour et al. SoundStream: An End-to-End Neural Audio Codec. TASLP 2022.
Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 140



SemlID Construction - First Example: TIGER

3. RQ-VAE Quantization (Vector > IDs)

2

S|| DNN
é Encoder
w

Learned Sem;

codebook_1

Residual Quantization

codebook_2

N
w
&
o
o
~

————————————

codebook_3

____________

antic IDs

DNN
Decoder

Embedding

____________

~"
Semantic codes

Quantized representation

Zeghidour et al. SoundStream: An End-to-End Neural Audio Codec. TASLP 2022.
Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023.
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SemlID Construction - First Example: TIGER

Properties of RQ-VAE-based SemIDs

Hair Tools Serr(];niic*l)D

M ° Hair Products (2% %)
e I I I a I I I C Hair Shampoos (1, %, %)
° I Hair Conditione (0, %, %)

Hair Treatments

Hair Color
Hair Products
Hair Sets
Hair

Bath AccessorieE
Skin Body |

Bath Treatmentsl
Skin Face\
Makeup Face
Skin Nails
Tools &
Bath Cleansers
Tools Cases
Makeup Eyes
Bath

Makeup Sets
Tools Mirrors
Makeup Remover
Makeup Lips
Skin Eyes

Skin

Skin Sun
Fragrance Women
Fragrance Men's

0.00 0.02 0.04 0.06 0.08
Probability

Category

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 142



SemlID Construction - First Example: TIGER

Properties of RQ-VAE-based SemIDs

1. Semantic;
2. Ordered / sequential dependent;

codebook 1 codebook 2 codebook 3
(o)) (R el (| IR S ) () 0|l1]2|3|4|5|6]|7 0o|1|2]|3|4|5]|6]|7

____________

________________________

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 143



SemlID Construction - First Example: TIGER

Collisions

=
w (12, 24,52)

‘.‘ (12, 24, 52)

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 144



SemlID Construction - First Example: TIGER

Collisions

hwrd
|
12,24,52,0
w ( ) One extra token

- to avoid conflicts
&b
. (12,24, 52, 1)

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 145



Part 1: Semantic ID Construction

(ii) Techniques to construct SemiDs;
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Techniques to Construct SemiDs

Residual Quantization: RQ-VAE

Embedding

DNN
Encoder

codebook_1

Residual Quantization

codebook_2

codebook_3

____________

DNN
Decoder

=]
1
[~
1
7
Q
rﬂ}
Embedding

Semantic codes

Quantized representation

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023.
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Techniques to Construct SemlIDs

Residual Quantization: RQ-VAE

Issues:

e Enc-Dec Training Unstable
e Unbalanced IDs

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 148



Techniques to Construct SemlIDs

Residual Quantization: RQ-VAE

Issues:

e Enc-Dec Training Unstable
e Unbalanced IDs

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 149



Techniques to Construct SemiDs

Variants of Residual Quantization: RQ

Residual Quantization
codebook_1 codebook_2 codebook_3
0 1 2|3|4|5]|6 0ol 1 2|3)14|5]|6]7 0 1 2(3|4]|5]|6]|7
f \
=2 i e S e Vsl il (T ST T T T T TS o
5 1 d=0 | 1 d=1 | 1 d=2 | 3
= Vo= - 1 1 12] = 1 - | 3] = = 1 8
‘é \ ! \ ! v ! €
| e W |\ __ . M- tmmmmmmama=- T
(7 1 4)
N = Quantized representation
Semant d

150



Techniques to Construct SemlIDs

Residual Quantization: RQ-VAE

Issues:

e Enc-Dec Training Unstable
e Unbalanced IDs

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 151



Techniques to Construct SemiDs

Variants of Residual Quantization: VQ-VAE +
K N/~

Pretrained Model Embedding ]

\2
[ Quantized AlxutoEncoder ] M B G en [ C | K M ! 2 4] :

4 |

.
¢ ¢ Code
[Codel] [Codez] ----- Lelvel Layer 1: VQ-VAE

\_ Resi:dual Resildual Residual J
-’ . Layer 2: K-Means on residuals
- L K- | Level
Means Means Means
. iy Layer 3: Random hash
Y Y Y

Liu et al. Multi-Behavior Generative Recommendation. CIKM 2024. 152



Techniques to Construct SemlIDs

Variants of Residual Quantization: RQ + K-Means

Algorithm 1: Balanced K-means Clustering

Input: Item set V, number of clusters K
1 Compute w « |V|/K

2 Initialize centroids C; = {ci, 853 c}(,} with random selection;

s repeat OneRec:
4 Initialize unassigned set U < V
5 for each clusterk € {1,...,K} do

6 Sort U by ascending distance from centroid cllc ; L i m it t h e MmaXx # i te ms

7 Assign Vi «— U[0: w—1];

8 Update centroid ¢, « 3 2, 1cqy, rl; per ClUSter

9 Remove assigned items U «— U \ Vj;
10 end

11 until Assignment convergence;
Output: Optimized codebook C; = {ci, e, c}<}

Deng et al. OneRec: Unifying Retrieve and Rank with Generative Recommender and Iterative Preference Alignment. arXiv:2502.18965. 153



Techniques to Construct SemlIDs

Variants of Residual Quantization

Table 1: Performance of GR models with by SIDs generated by different tokenization algorithms.

Methiods ’ Recommendation Performance (Recall@5/Recall@10/NDCG@5/NDCG@10)

\ Beauty Toys Sports
RK-Means | 0.0422 0.0639 0.0277 0.0347 | 0.0376 0.0577 0.0243 0.0308 | 0.0236 0.0353 0.0153 0.0191
R-VQ 0.0422 0.0638 0.0282 0.0351 | 0.0327 0.0493 0.0209 0.0262 | 0.0234 0.0352 0.0151 0.0189

RQ-VAE 0.0404 0.0593 0.0268 0.0329 | 0.0342 0.0514 0.0224 0.0280 | 0.0205 0.0312 0.0132 0.0166

https://github.com/snap-research/GRID

Ju et al. Generative Recommendation with Semantic IDs: A Practitioner's Handbook. CIKM 2025. 154



Techniques to Construct SemiDs

Are the orders among tokens necessary?

Residual Quantization

codebook_1 codebook_2 codebook_3
112)|3|4|5(|6]|7

DNN II_________;;O\' |’ o=t ! |( H Dd=2 : DNN
Encoder VY= - I | ! 2| = = e = ) Decoder

(7, 1, 4
Quantized representation

Embedding
Embedding

Semantic codes

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 155



Techniques to Construct SemlIDs

Are the orders among tokens necessary?

Orders
<-> autoregressive generation

<-> SemlIDs have to be short

156



Techniques to Construct SemlIDs

Product Quantization
Unordered

WT

PQ on COQ Q0O OQ QO

pre-trained x; *
domains | Fixed PLM (e.g. BERT) |
item text {wq, ..., we }

Hou et al. Learning Vector-Quantized Item Representation for Transferable Sequential Recommenders. WWW 2023. 157



Users

Techniques to Construct SemiDs

Product Quantization

ltems User Embeddings Largest Singular
BT Eigenvalues
ojojojoypajojopt 13 | 02 | 09
of1fofojof1]o]|o 0.9 0.9 -0.4
ojojoj1|ofofofo Step 1 09 | 09 | o0 25 0 9
ofofojofafopt]of---| Truncated |[--- 00 | 00 | 00 X 0 22 0 X
ofol1|oflof1|o]o SVD 0.7 -0.7 0.0 0 0 14
ojojojo 1 ojo}1i 0.5 0.7 -0.9
1 1 ojojo 1 olo 0.9 -0.9 -0.4
1.1 1.1 0.0
User-Item interactions
matrix ~Leeeeeeeeees Step2 | ..
” ) Normalise, adc} noise [T
.13 and quantise 151 s
2 2|2 2|5|8
] 1 0 step3 0| 4|6
ol i R Offseti-th column ~ [-=------- | g I
zjofo by v*(i-1) zls)e
1 210 1 5|6
1 0|2 1 3|8
2 0 1 2 3 7
Quantised Tokenised
Iltem Embeddings ltems

Item Embeddings

0.2 0.2 0.0
0.5 0.5 0.4
0.1 0.1 -0.4
0.0 0.0 0.0
0.4 -0.5 -0.4
0.4 0.5 -0.4
0.3 -0.2 0.4
0.5 0.4 0

T

Early exploration on
PQ-based SIDs, but
performance is not
ideal

Autoregressive
generation needs
orders

Petrov et al. Generative Sequential Recommendation with GPTRec. Gen-IR@SIGIR 2023.
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Techniques to Construct SemiDs

Product Quantization: RPG [KDD'25]

Long semantic |IDs + parallel generation

RPG (#digit=64): 134, 1392, 1600, 1891, 11221, 11495, 11556, 11924, 12296, 12511, 12715, 13060, 13255, 13439,

13655, 13984, 14167, 14400, 14736, 14939, 15278, 15426, 15669, 16057, 16385, 16451, 16837, 17134, 17329, 17528,
17924, 18162, 18325, 18479, 18711, 19007, 19420, 19472, 19980, 110154, 110364, 110662, 110784, 111105, 111377,
111642, 111848, 112261, 112334, 112585, 112963, 1133006, 113367, 113722, 113973, t14143, 114506, 114696, 114995,

115331, 1154006, 115813, 116034, 116251

Hou et al. Generating Long Semantic IDs in Parallel for Recommendation. KDD 2025. 159



Techniques to Construct SemlIDs

Product Quantization: RPG [KDD'25]

Training|w/ Multi-token Prediction / Usi ng OPQ to
c5 | [c25 | [c55 produce semlIDs

Learning to generate T A A .
semantic IDs in parallel (Head) (Head) (Head) w/o sequenti al
[

' dependencies

[ Transformer Decoder
A ti
S8teed 1onr $ N C $ R
( Token Embedding Table |
Tokens &5 E@2s @55 @5 a5 c78

Item 233 Item 515

Hou et al. Generating Long Semantic IDs in Parallel for Recommendation. KDD 2025. 160



Techniques to Construct SemlIDs

Product Quantization: RPG [KDD'25]

Graph: connecting

Inference w/ Graph-constrained Decoding beam size b = 2

{ . . 4) Iterate for q steps
similar SIDs/ltems ()qp Final recommendations
(offline) — 5 l} ” ® |c5| 25| [c55
4 % i S © [c3][c23][c69
N\ E
= , = :
8 ,
N& ; O Candidate SID
N0 i ©  SIDinbeam
1)S ﬁl the (2)P ¢ (3) Keep th O—O Similar SIDs
ample the ropagate on eep the S :
initial beam decoding graph  best b nodes O=C Propagation

Hou et al. Generating Long Semantic IDs in Parallel for Recommendation. KDD 2025.
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Techniques to Construct SemiDs

Hierarchical Clustering (Heuristics-based)

1. Ordered;
| EPRY MR w0 Variable-length SemiDs;

Bathing Bathing Lips Makeup Sets& . —  Bags&
Bath Accessories Bod Cases

/N Accessonover Kits ﬂ\

Lip Lip P Brush CosmeticToiletry  Tote
Bath Bath Bath Bath . Lipstick
Bombs Brushes Mitts & Pearls PlumpersLiners Bags Bags Bags Bags

<Bath&Body><BathingAccessories> <Makeup><Lips> <Tool&Accessories>
<BathBrushes><7> <Lip_Liners><5> <Bags&Cases>
<ToiletryBags><1>

Hua et al. How to Index Item IDs for Recommendation Foundation Models. SIGIR-AP 2023. 162



Techniques to Construct SemlIDs

Hierarchical Clustering (Latent-based)

Granularity <S0s> , (a) Item Identifiers

Q/ -
\/) y2 Q le

(D()CNDC)CDS
%AwAﬁ@&@Q

Si et al. Generative Retrieval with Semantic Tree-Structured Item Identifiers via Contrastive Learning. SIGIR-AP 2024. 163
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Techniques to Construct SemiDs

Language Model-based ID Generator

[] ] SemanticIDs &1 I_i_l Semantic ID
representation
B word token 4 4
Semantic Indexer - ;
[] Masked token [ .. [] codebook E i been |
S S

. T T T
Semantic Encoder Reconstructor

Deep TransEncoder Deep TransDecoder :‘% Shallow Transformer

Documen t A 4 4 4 4 4 A A A
[ [ o i [ [ | [ [
@H----- - O O w(> HOED . O
i nly been a <s> = He only

Natural language as inputs;
SemlDs as outputs

Jin et al. Language Models as Semantic Indexers. ICML 2024. 164



Techniques to Construct SemiDs

Language Model-based ID Generator

Generated ID for Item A Generated ID for Item B
| jessica simpson perfume women I [ broadway performer buffalo dance Iessons] WO rd S aS Sel I | | DS
* @« . .
LLM-based ID Generator ( I | ke t a gg | ﬂ g)
* *
title: jessica simpson fancy love eau de title: stepping out vhs; brand: na;
parfum spray, 1.7 ounce; brand: jessica description: a hasbeen broadway performer
simpson; description: buy jessica simpson moves to buffalo and starts teaching tap
womens perfumes fancy love by jessica dance lessons to a group of misfits who,
simpson for women 1.7 oz eau de parfum through their dance classes, bond and
spray; categories: beauty, fragrance, realize what they can achieve. their
womens, eau de parfum; price: 23.54; newfound selfconfidence changes their lives
salesrank: beauty: 132446 forever.; categories: movies tv, movies;
price: 19.99; salesrank: movies tv: 244008

Item A plain text from Beauty Item B plain text from Movie

Tan et al. IDGenRec: LLM-RecSys Alignment with Textual ID Learning. SIGIR 2024. 165



Summary of
Techniques to Construct SemiDs

Residual Quantization (ordered)
Product Quantization (unordered)
Hierarchical Clustering

LM-based ID Generator

166



Part 1: Semantic ID Construction

(iii) Inputs for SemID construction;
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Inputs for SemID Construction

Input: all data associated with the item

7 VIDEOS

Roll over image to zoom in

The Legend of Zelda: Tears of the
Kingdom - Nintendo Switch (US
Version)

Brand: Nintendo
Platform : Nintendo Switch | Rated: Rating Pending v
49 Wk h kK v 22,782 ratings

Amazon's Choice

3K+ bought in past month

£ 5~

List Price: $69:99 @
Or $9.48 /mo (6 mo). Select from 2 plans
FREE Returns v

168



Inputs for SemID Construction

Input: all data associated with the item

What exactly does “all data” mean? &

169



Inputs for SemID Construction

Text or Multimodal Features

Text/Visual/Acoustic > Vector > IDs
Pretrained Encoder Quantization

ItemID Title Description

B097B2YWFX. The Legend of Zelda: Tears of the
Kingdom - Nintendo Switch (US Version). An epic
adventure across the land ... threaten the kingdom?
Video Games > Nintendo Switch » Games. Nintendo.

Categories

Text Multimodal

170



Inputs for SemID Construction

Text or Multimodal Features

. }o |||‘)

e Multimodal
Encoder

(a) Early Fusion

—»H—,L» Quantizer [

0]
wand Quantizer —>

[
O

 —
aad Quantizer
w—» s Quantizer —’E

(b) Late Fusion

(NN (DI  [E———

Zhu et al. Beyond Unimodal Boundaries: Generative Recommendation with Multimodal Semantics. arXiv:2503.23333.
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Inputs for SemID Construction

Text or Multimodal Features

0] 0
Transformers ——
rad Quantize
6
—

@ This next item the user is going to buy is
8L (XX
G
This is wrong. It should be 0,2,1,7. ™
A

(b) Late Fusion: Modality Correspondence

“i”i", b@\—» Multimodal Quantize fumd
.‘j‘[ Encoder 6

[
I
I
I
I
1
I
I
I
I
I
I
I
[
1
[
Transformers :
I
I
I
I

(a) Early Fusion: Modality Sensitivity

Zhu et al. Beyond Unimodal Boundaries: Generative Recommendation with Multimodal Semantics. arXiv:2503.23333. 172



Inputs for SemID Construction

Categorical Features

Categorical Features > IDs
Merge & Sequentialize

Go 0N joF Ho Gy O
‘ - : ‘ ‘ to 11,20 t a4 tz tg 19, an
! i I ! |
{ [ i I I
i Eo . || i BB || i EsEs. || : (OF , Dpq
| ; i i | i 11,20 ta |7 19, an-1
! 1! I ! | merge & . . R
i Fo,F+ ! i FoF3 : i Fs | | sequentialize : main time series
I i : | } : el e e e, e
e ——— I e S e S P £
1 ¥ T i L] Go Go Go | . | G1 Gi
| G [ii] Go [ ~ i Gi |l—7_t ty t tg to
| b } i it sequentialize : ! ol X -
i me L v SN oo ¢ auxiliary time series 1
-.\----------»-»--I.r -------------- ‘- -------- freeeccccccccen -‘_; ,,,,,,,,, bbbl A Al e Al A iAot bbbt saLTIiLLIILIIIIIIII
! 1! | ! H Do
1 ' B (| Ho Ho Ho
} i | | | 0 || sequentialize | i i g t7 ts to
o o o i . auxiliary time series2 L—— ——~——

Zhai et al. Actions Speak Louder than Words: Trillion-Parameter Sequential Transducers for Generative Recommendations. ICML 2024. 173



Inputs for SemID Construction

No Features

ltemID > IDs
Text Tokenizer

<t1> <t2>  <t3>  <td>| <t5> <t6> <t7> <t8> <t9> |<t10> <tll> <t12> <t13> <tld> <t15> <t16>
t t t t t t t t t t t t t t t t t t
Bidirectional Text Encoder ‘ Autoregressive Text Decoder
t t t t t t t t t t 1) t t t t t t t
Token Emb. ’mhat \ I starl ’ratingH do I | you chinkl |user| | - | l 23 | ’ will Hgiue ’ ’iteml | _ | | 73 ‘ | 91 | I ? ‘

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

Position Emb. ' <p1> | <p2>|  <p3> | <pd> || <p5> \<p6> <p7> <p8>  <p9> ‘<p10> <pl1> <p12> <pl13> <pl4> <pl5> <p16>}

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

Whole-word Emb. <w1>‘ <w2>‘ \ <w3> 7<w4>‘ <w5> [ <wé6> <w7> ‘ <w8> <w9> <wi10> <w11>‘

Geng et al. Recommendation as Language Processing (RLP): A Unified Pretrain, Personalized Prompt & Predict Paradigm (P5). RecSys 2022. 174



Inputs for SemID Construction

No Features

ltemID > IDs
Text Tokenizer

] [ (2] (2]

<pl2> <p13> <pl4> <pil5>

<wi10>

Geng et al. Recommendation as Language Processing (RLP): A Unified Pretrain, Personalized Prompt & Predict Paradigm (P5). RecSys 2022. ]75



Inputs for SemID Construction

No Features

Random IDs

Balanced Chunked ID

[ Item ID ] [ Random Map ] [ Represent in base-k ]

16688

27899

6

59

Liu et al. Multi-Behavior Generative Recommendation. CIKM 2024. ]76



Inputs for SemID Construction

Input: all data associated with the item

(1) Item Metadata

Text / Multimodal / Categorical / No Features

177



Inputs for SemID Construction

Input: all data associated with the item

(2) Item Metadata + Behaviors

178



Inputs for SemID Construction

Input: all data associated with the item

(2) Item Metadata + Behaviors
But how?

179



Inputs for SemID Construction

Residual Quantization + [tem-level Regularization

Xi Codebook
: Iﬁ Decoder —— R

Item-Item Indexing l
e e e i 1
%' task; (textual content C; | U;" || r—r [ _________ - _J_[ = ;_]: : —’%
. :_ _____ ’Tt____}_ — _Jl taski textual content c’1,7 ui | @] l_ @% Item GID
1

F Title: Bruno Marc Loafers Shoes T l

iad: B . 1 ]
[ iad: 1750 ][ Brand: Bruno Marc } —‘I task; | textual content C; J ui‘ |@ l . GNN-based CF Indexing Loss Lindex

_____________________

Wang et al. Content-Based Collaborative Generation for Recommender Systems. CIKM 2024. 180



Inputs for SemID Construction

Residual Quantization + [tem-level Regularization

@ / % < : Push away

@ : Pull closer { ‘I
e = -2l

———————— Diverisity regularization -------- : |
= S— /7

|

WA N1 e e O Lo Lts Lo
@ % QO :Code embedding | | __-----

L (@ @ 1 | I R} :

i ‘ @ ; emantic regularization
| AN @ . L _7iCluster ;

| N\ ; [ ] t Nearest T

: .‘//'9 @Postlveemb eares 12/3/als|6 1|2/3lals|e Nearestlza“56 Nearetlza“56

i Q @@@ Negative emb.

U

U

U

U

U

\

1
T
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

1

1

1

1

1

1

1

i

1

LSem :

1

T Residual Residual | Re eglaﬁal _____ Ee_snaaal :

Title: Casio 44 Key '
Mini Keyboard N, . Code embedding: ———————+| Decoder :
Description: The 44 : !
o a0 {atert Code sequence: <a_2> <b_4>  <c_3> <d_6> Quantized : B . |
Semantic information  Semantic icL embedding ) : econstruf:te !
embedding | semantic |

| embedding !

' ]

FEgTT, embedding
: ph- :
L mmm—— OX w0

~ - Collab iveregulafization - - - - - - - - - - - c e e e e -

Wang et al. Learnable Item Tokenization for Generative Recommendation. CIKM 2024. 181



Inputs for SemID Construction

Residual Quantization + [tem-level Regularization

4 p
Codebook1 Codebook2 Codebook3
- 2 ©
3 * il * | Decoder =
5 g
1 0 2 N =
.

/ Quantization

Reconstruction Loss

|

uoneznuenp
indino

Reconstructive Quantization

Workflow

Y
Constrastive Loss
———Neg——

| Output1 || Input2 |

Posl Quantization | |Quantization |Pos

| Input1 || Output2 |
—Neg——

Contrastive Quantization

Zhu et al. CoST: Contrastive Quantization based Semantic Tokenization for Generative Recommendation. RecSys 2024.
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Inputs for SemID Construction

Residual Quantization + Recommendation Loss

(@) Lrec

Target ,Zl
®

Generative
Recommender
( Embedding Table |

(2][4][1][3] [1][4][3][2] ---
T Token Seq. T(b) LSQ

[ Item Tokenizer J

item 1 [Citem2 ]...

Item Emb.

HE HP

Té’ken —{ Encoder } — % — [ Decoder J _.%
€q. pooling | pooling l
zE AN\ \\ NN
hE

(©) L (d) Lpsa
e, ol Tl uﬂlu bl e
Alignment

Allgnment InfoNCE
l l l l

KL D1v KL D1v KL D1v KL D1v

T 2 - DDDI UIDD DUID IDDU ﬂ — ==

Res1dual Quantization (RQ)

Liu et al. End-to-End Learnable Item Tokenization for Generative Recommendation. arXiv:2409.05546.
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Inputs for SemID Construction

Item Metadata + Behaviors

Fused Semantic IDs

Item2token
: Embeddings @ 7;? @ ' X
Candidate Items
:- ------------ : Image ( p ned ) : Hierarchical Iz] IE' IE'
1 :—> S ret'fragle d — || K-Means @ IE‘
E S W ' @ i Text L emantic Encoder ) B —_—
i 1 Semantic Tokens
I . e p —
: ‘1" g : IDs Pretrained || Hierarchical
- "’ s : — K-Means E‘
I Behavior Encoder || e——p

S p— - \ J || [4]

Behavior Tokens

Wang et al. EAGER: Two-Stream Generative Recommender with Behavior-Semantic Collaboration. KDD 2024. 184



Inputs for SemID Construction

Item Metadata + Behaviors

Fused Semantic IDs + Two-stream Generation

[ J[2 | o2 flyBos |

Auto-regressive I

u Behavior
Decoder

J 4

1
ysos JLy? J[y2 |- L2 ]

Behavior Tokens

Confidence-based | ‘ ‘ ‘
Ranking JEE

Lo Ilws | Lyd Hyos|

Auto-regressive T
Semantic
Decoder

vios Il w8 Il w8 |~ [y |

Semantic Tokens

Step 3. Self-Consistent Reranking

N CEID Prompt

AR

Recommender J

| ”ﬂ CEID topk ranked list |_\L

I e e N N

I‘” SEID Prompt
N2

”ﬂ SEID topk ranked st |-

Wang et al. EAGER: Two-Stream Generative Recommender with Behavior-Semantic Collaboration. KDD 2024.

Kim et al. SC-Rec: Enhancing Generative Retrieval with Self-Consistent Reranking for Sequential Recommendation. arXiv:2408:08686. 185



Inputs for SemID Construction

Item Metadata + Behaviors

Fused Representations

Rec-ID: (6 1 4 DPk)

User-ltem Graph +
Semantic Features

Codebook 1

Liu et al. MMGRec: Multimodal Generative Recommendation with Transformer Model. arXiv:2404.16555. 186



Inputs for SemID Construction

Item Metadata + Behaviors

M u Iti— Behavior Recom mendation Behavior-Specific Item Prediction

Semantic IDs fused
with behavior types

Unified Multi-Task Framework

/ Target Behavior Item Prediction \

bt 1| [it? ||it? |[it?

[be*] [it2 |[it? |[i?
Behavior-Item Prediction
bt 2 | [it? | [ie? | [it?

Behavior Prediction

Next |
Behavior |

bt 2| it8 | it97 | it 156

B N N

Next Item

PBA Transformer Encoder

—> PBA Transformer Decoder

bt 1 it 8 | |it 97 | lit 156 | bt 3 | |it42 | |it 78| |it 177 -

ut u
Behalwlor Ttem 304 Behzwor T G i

[bt2 | [its | [it97] [it156

Liu et al. Multi-Behavior Generative Recommendation. CIKM 2024.
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Inputs for SemID Construction

Unified Multi-Task Framework

I t e m M et a d a t a + B e h aVi o rs /Target Behavior Item Prediction \

Multi-Behavior Recommendation || s immu

Behavior-Item Prediction

Next Token Prediction as

natural multi-task learning \ I T )

Next

Behavior

(prompted by behavior type)

G N

PBA Transformer Encoder —> PBA Transformer Decoder

ut u bt 1 it 8 | [it97 it 156] | be3 | [it42 | [ie 78 [it 177]- -+ - [be2 ] [it8 | [it97] [ic_156

Behzlwlor Ttem 304 Behgwor oo - -

Liu et al. Multi-Behavior Generative Recommendation. CIKM 2024. 188



Inputs for SemID Construction

Context-independent

Action Tokenization Example Contextual Unordered

Product Quantization = VQ-Rec (Hou et al., 2023)
Hierarchical Clustering P5-CID (Hua et al., 2023)
Residual Quantization TIGER (Rajput et al., 2023)
Text Tokenization LMlIndexer (Jin et al., 2024)
Raw Features HSTU (Zhai et al., 2024)
SentencePiece SPM-SID (Singh et al., 2024)

*X X X X X X
XX XXX\

Same item = fixed semlIDs in all sequences

Hou et al. ActionPiece: Contextually Tokenizing Action Sequences for Generative Recommendation. ICML 2025. ]89



Inputs for SemID Construction

Context-independent = Context-aware

245
_ 284
Action

747

e
2>

679

m:
276
=

560

feature set:

unordered
Sequence of ¢4 941 943 I:{>
Feature Sets 147 1100 1131 1123
92
Segment 1 @ @ 276 245
747 245 362 291
284 76 679 1100 560 799
923 1067 941 a3 635 '3
Token 1131
Sequence 1 14844 21063 284 | 76 679 20155 1100 ] 7995 1734 6784
Segment 2 245@%23 @1100 5 5l e
747 284 941 76 362 560 276 799
Token 1067 679 943 1131 13 635
Sequence 2 747 284 210638316 941 76 362 19895]24364 276 6784 1734

Hou et al. ActionPiece: Contextually Tokenizing Action Sequences for Generative Recommendation. ICML 2025.

Same item =
different semlIDs
based on context
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Inputs for SemID Construction

Context-independent = Context-aware

245 245
e | ! 284 @ 362 ﬂ 276 ‘ 291 } feature set: Core Idea:
ction

Sequence of ol unordered
923 941 943 799
Feature Sets | ooy bt o o Merge frequently

o CO—-OocCcurring
Segment 1 ®747 245 @ 362 276 9gp | 245 features

284 76 679 1100 560 799
923 1067 941 943 635 1123
Token 51 as new tokens

Sequence 1 14844 21063 284 76 679 20155 1100 7995 1734 6784

(ActionPiece: “WordPiece"” tokenization for generative rec)

Hou et al. ActionPiece: Contextually Tokenizing Action Sequences for Generative Recommendation. ICML 2025. 191



Inputs for SemID Construction

Context-independent = Context-aware

Algorithm 1 ActionPiece Vocabulary Construction

input Sequence corpus &', initial tokens Vo, target size Q
output Merge rules R, constructed vocabulary V
1: Initialize vocabulary V < V), # each initial token corresponds cee
to one unique item feature
R0
while | V| < Q do
# Count: accumulate weighted token co-occurrences | | 1-1
count(-,-) < Count(S’, V) # Algorithm 2 _ ®n®) _ =z
# Upd(atez Merge a f(requerzt token pair into a new token PG, 0) 1<O,O>| 3) Fe at ures .
Select (cu, cv) < argmax, . ) count(ci, ¢;) co-occurrin g
S’ < Update(S’, {(cu, cv) = Cnew}) # Algorithm 3 ; .
9: R+ RU{(cu,Cv) —> Cnew} # new merge rule Wlthln
10: V< V U {cnew} # add new token to the vocabulary In=n]

3-1 .
11: end whil PO = = Items
ey v A e !

sequence of token sets .-~ token

20 =3 @y U he 2 b

Hou et al. ActionPiece: Contextually Tokenizing Action Sequences for Generative Recommendation. ICML 2025. 192



Inputs for SemID Construction

Context-independent = Context-aware

Algorithm 1 ActionPiece Vocabulary Construction

sequence of token sets .-~ token

input Sequence corpus &', initial tokens Vo, target size Q 5
output Merge rules R, constructed vocabulary V @) -ﬂ
1: Initialize vocabulary V < V), # each initial token corresponds XX O g ] O soe
to one unique item feature O ]
R0

2
3: while |V| < Q do
4: )# Count: accumulate weighted token co-occurrences | | 1-1
5:  count(,-) - Count(S’, V) # Algorithm 2 P _ On®) _ 2
6:  # Update: Merge a frequent token pair into a new token (G0) 1<O,O>| () Fe at ures
7 Select (cu,cv) < argmax, ..y count(ci, c;) - 1
’ 1 CO-0OCcCuUrrin
8 S « Update(S', {(Cur cv) — taow}) # Algorithm 3 P(O,[]) = -2 — — S 8
9: R+ RU{(cu,Cv) —> Cnew} # new merge rule Ol Ol Wlthln or
10: V< V U {cnew} # add new token to the vocabulary 1 .
11: end while PO = ’D'D; - across items
return R,V <O, ()

Hou et al. ActionPiece: Contextually Tokenizing Action Sequences for Generative Recommendation. ICML 2025. 193



Inputs for SemID Construction

Context-independent = Context-aware

Algorithm 1 ActionPiece Vocabulary Construction

input Sequence corpus &', initial tokens Vo, target size Q
output Merge rules R, constructed vocabulary V

Merge tokens in Merge tokens in
1: Initialize vocabulary V <— V) # each initial token corresponds . 5 ction node Gy il ontt meon WHleR
to one unique item feature T
R « 0 1 .O ol OO & O -
while |V| < Q do ' 0 P m
# Count: accumulate weighted token co-occurrences —

count(-, -) <— Count(S’, V) # Algorithm 2 —
|# Update: Merge a frequent token pair into a new token | | * o e
Select (cu, cv) < argmax, ) count(ci, ¢;) o S

S/ A Update(sla {(Cu, C’U) — cneW}) # Algonthm 3 new token in the \"inserza new
R+ RU {(Cu, Cv) — cnew} # new merge rule original action node intermediate node
10: VYV« VU {cnew} # add new token to the vocabulary

11: end while

return R,V

2D 00! = (O LB ) b

Merge tokens in
action & intermediate nodes

.....

““new token in the

intermediate node

Hou et al. ActionPiece: Contextually Tokenizing Action Sequences for Generative Recommendation. ICML 2025. 194



Inputs for SemID Construction

Context-independent = Context-aware =

Personalized

(a) Non-persondlized action tokenizer

Can different users interpret
the same item in different ways?

O @ G

m_71

o
SN
LY |
& 7 ﬁ
2

m_73

(c) Our motivation

(b) Personalized context-aware action tokenizer (ours)

Zhong et al. Pctx: Tokenizing Personalized Context for Generative Recommendation. arXiv:2510.21276.
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Inputs for SemID Construction

Input: all data associated with the item

(2) Item Metadata + Behaviors
Regularization / Fusion

Context-independent = Context-aware
196



Part 1 Summary - SemID Construction

(1) First Example: TIGER

(2) Construction Techniques

(3) Inputs

197



Part 1 Summary - SemID Construction

(1) First Example: TIGER

(2) Construction Techniques
RQ, PQ, Clustering, LM-based generator
(3) Inputs
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Part 1 Summary - SemID Construction

(1) First Example: TIGER
(2) Construction Techniques

RQ, PQ, Clustering, LM-based generator
(3) Inputs

ltem Metadata (Text, Multimodal)

+ Behaviors (Regularization, Fusion, Context)

1SS



Part 2: SemID-based Generative
Recommendation Model Architecture

200



SemID-based Recommender Architecture

Recommendation as a seq-to-seq generation problem

Ir;put: user interacted items {c,, ¢, C, C, C,, C,,,

Output: next item {c_,c. c. cC,

201



SemID-based Recommender Architecture

Architecture: Encoder-Decoder

Next Item
A
e N
Item 64
Sem. ID = (5, 25, 55)

| t.5 |[t25][t.55]<EOS>|
Encoded

!
s . Context
Bidirectional Transformer Encoder }:>[ Transformer Decoder }

| A R A R [ S

Tokens[tus|  [t5][t23][t55]  [t5][t 25|t 78] <BOS>|[t.5[t.25] [1_55]
Item 233 Iltem 515
Sem. ID = (5, 23, 55) Sem. ID = (5, 25, 78)
— _

Y
Item Interaction History of User 5

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 202



SemID-based Recommender Architecture

GO & &)
A rc h it e ct u re : ,"/— N ““]- a -_\\ Lazy Decoder Block

! \ x N
[ Output Linear Layer ] ‘i ayer ()
’.) ] ! [ Feed-Forward Network ]
1
DeCOder_Only. i i (mlml
[ Flash Attention with GQA ] '
‘ &
1
i 1 I\\ [ Causal Self-Attention ]
Pk ) [ \ ] Q Linear Layer | AN [
I % RMS Norm

N
N,
N,
1 ‘—'_, l : l 5 a
\ L S, \VV

. hY
eV C_ o.rltf.xf-_-_-------.}".'géff.s.tffe___—" “\\ i Lazy Cross Attention w/o wy, and w;, i
D G T — =/
Context Processor l :t:
RMS Norm RMS Norm
User Static Short-term ] Long-term
Linears Info Linear Info Linear Embedding Look-up

I I I ]
00-0 00O-0 00-0 ) () )

User Static Short-term Long-term
Pathway Pathway Pathway Semantic IDs

Zhou et al. OneRec-V2 Technical Report. arXiv:2508.20900. 203



SemID-based Recommender Architecture

Objective: Next-Token Prediction (w/ RQ)

Next Item
A
e N
Item 64
Sem. ID = (5, 25, 55)

| t.5 |[t25][t.55]<EOS>|
Encoded

!
5 s . Context
Bidirectional Transformer Encoder }:>[ Transformer Decoder

| A R A R [ S

4

Tokens[tus|  [t5][t23][t55]  [t5][t 25|t 78] <BOS>|[t.5[t.25] [1_55]
Item 233 Iltem 515
Sem. ID = (5, 23, 55) Sem. ID = (5, 25, 78)
— _

Y
Item Interaction History of User 5

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 204



SemID-based Recommender Architecture

Objective: Multi-Token Prediction (w/ PQ)

Training w/ Multi-token Prediction

. e)i5) @25 €59
Learning to generate £ A A

semantic IDs in parallel (Head) (Head) (Head]
| [ ]

[ Transformer Decoder \

Aggregationr $ $ N

A (
[ Token Embedding Table ]
Tokens s 25 €55 &5 @25 c78

Item 233 Item 515

Hou et al. Generating Long Semantic IDs in Parallel for Recommendation. KDD 2025. 205



SemID-based Recommender Architecture

Objective: RL

Will introduce later at “Align w/ LLMs”
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SemiD-based Recommender Architecture

Inference: How to get a ranking list?

Next Item

e A N
Item 64

Sem. ID = (5, 25, 55)

| t.5 |[t25][t.55]<EOS>|
Encoded

!
5 s . Context
Bidirectional Transformer Encoder }:>[ Transformer Decoder

| A R A R [ S

-4

Tokens[tus|  [t5][t23][t55]  [t5][t 25|t 78] <BOS>|[t.5[t.25] [1_55]
Item 233 Iltem 515
Sem. ID = (5, 23, 55) Sem. ID = (5, 25, 78)
— _

Y
Item Interaction History of User 5

Rajput et al. Recommender Systems with Generative Retrieval. NeurlPS 2023. 207



SemiD-based Recommender Architecture

Inference: How to get a ranking list?

(Constrained) Beam Search

https://en.wikipedia.org/wiki/Beam_search 208



SemID-based Recommender Architecture

Inference: Can we do dense retrieval-like grounding?

209



SemiD-based Recommender Architecture

Align with LLMS - LC-Rec

Item Index Tokens

Collaborative Semantics

' N \ &
' ' i oo
: Large ! . Semantic (001 <o)
OOOOO% : Large Language Models Gop 8 8 888 : Recommendation Integration O(S)O%% OO
%50’ ! 00000 : 02 620 LC-Rec
03%° : (e.g. LLaMA-7B) 333060 NS WXl QS %3 C(()j) % Q
i : oy

Language Tokens

Language Semantics

Language and Collaborative Alignment

Zheng et al. Adapting Large Language Models by Integrating Collaborative Semantics for Recommendation. ICDE 2024.

210



SemiD-based Recommender Architecture

Align with LLMS - LC-Rec

N\ /@ O )
1
! Semantic 0°0 (@)
i L L Model Recomm ti
000 ! arge Language Models ecommendation Integration o OO QO

0 , i
Q0 ~ P ! & o o Oo LC-Rec
o) OQOO L (e.g. LLaMA-7B) @> i) W > @ CP 00
Language Tokens i Language Semantics Item Index Tokens E Collaborative Semantics Language and Collaborative Alignment
\

Ooooo

Core Idea:

Construct instructions containing
both Semantic IDs and language tokens

Zheng et al. Adapting Large Language Models by Integrating Collaborative Semantics for Recommendation. ICDE 2024.
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SemID-based Recommender Architecture

Align with LLMS - LC-Rec

— D

A. Sequential Item Prediction

Based on the user’s historical interactions:

153 3 Il o o Y | cx
what to recommend to the user next? =Eek

SemlD-based seqg2seq task
N Y

Zheng et al. Adapting Large Language Models by Integrating Collaborative Semantics for Recommendation. ICDE 2024. 212



SemID-based Recommender Architecture

Align with LLMS - LC-Rec

— R
B. Explicit Index-Language Alignment

A. Sequential Item Prediction

Based on the user’s historical interactions:

153 3 Il o o Y | cx
what to recommend to the user next? =Eek

« Can you provide (the corresponding title) / (item) ?

[2.5][p3 ][5 ][_7 | 4% [ Pokémon Moon — Nintendo 3DS |

Translation between SemlIDs and titles
N Y,

Zheng et al. Adapting Large Language Models by Integrating Collaborative Semantics for Recommendation. ICDE 2024. 213



SemID-based Recommender Architecture

Align with LLMS - LC-Rec

(A. ial Item Predicti ) ( ‘ O
A-Sequential Item Prediction [B. Explicit Index-Language Alignment A
Based on the user’s historical interactions: pe T

an you provide ?
as5|[b2|fc6|d7| [as5]ba]c2]d1 » «
S Loree | | EoEerE) o ()

§ J

(C1-1. Asymmetric Item Prediction ) ~— (C1-2. Asymmetric Item Prediction )
Based on the user’s historical interactions: t Given the title sequence of user historical items:
Mlﬁ"ﬂl ,lb;4| c2 M . | Ultimate Workout LI Marvel Super Heroes | Yo
predict the title of next item. recommend a suitable next item. w26 zlcellaz

\ | Pokémon Moon — Nintendo 3DS | C. Imp]lCIt \ /

Recommendation-
oriented Alignment

Implicit Translation between SemIDs and titles
- Y

Zheng et al. Adapting Large Language Models by Integrating Collaborative Semantics for Recommendation. ICDE 2024. 214



SemID-based Recommender Architecture

Align with LLMS - LC-Rec

(" A. Sequential Item Predicti ) ’ ‘ D)
SIS I (B. Explicit Index-Language Alignment A

Based on the user’s historical interactions:

Can you provide (the corresponding title) / (item) ?
5|[b_2|[c6|d7]| [as5]ba]c2]d1 » «
Im:llﬁllen_mlo SI:IIC],I:T] 4. LC-Rec [a5][b3][c5 ][d_7 | 4= [Pokémon Moon — Nintendo 3D5 |
1\ 1 e

&

(C1-1. Asymmetric Item Prediction ) ~— (C1-2. Asymmetric Item Prediction )

Based on the user’s historical interactions: t Given the title sequence of user historical items:

Mlﬁ"ﬂl ,lbilww . [ Uttimate Workout LI Marvel Super Heroes | o
predict the title of next item. recommend a suitable next item. azlbzlce [z
I e )

\ | Pokémon Moon — Nintendo 3DS | C. Impﬁdt \
Recommendation-

(" C 2. Ttem Prediction Based on User Intention ) | Oriented Alignment
Suppose you are a search engine, now a user searches that:

The game has an open world environment....
can you select an item to respond to the user’s query?

N\ ]2 o] / )

Zheng et al. Adapting Large Language Models by Integrating Collaborative Semantics for Recommendation. ICDE 2024. 215



SemID-based Recommender Architecture

Align with LLMS - LC-Rec

) \
h (" B. Explici i R
. Explicit Index-Language Alignment

(. A. Sequential Item Prediction

Based on the user’s historical interactions:

Can you provide (the corresponding title) / (item) ?
5|[b_2|[c6|d7]| [as5]ba]c2]d1 » «
Im:llﬁllen_mlo SI:IIC],I:T] 4. LC-Rec [a5][b3][c5 ][d_7 | 4= [Pokémon Moon — Nintendo 3D5 |
1\

&

(C1-1. Asymmetric Item Prediction ) ~— (C1-2. Asymmetric Item Prediction )

Based on the user’s historical interactions: t Given the title sequence of user historical items:

Mlﬁ"ﬂl ,lbilww . [ Uttimate Workout LI Marvel Super Heroes | o
\predict the title of next item. & It \recommend a suitable next item. j

| Pokémon Moon — Nintendo 3DS |

Recommendation-
4 C 2. Item Prediction Based on User Intention ) oriented Alignment (" C 3. Personalized Preference Inference )
Suppose you are a search engine, now a user searches that: Given the user's historical interactive items:
The game has an open world environment.... | b2]c6]d7], | b4|cz]d1] .

can you select an item to respond to the user’s query? e e

b / K The user has recently been playing a
K game that requires a hard disk drive /

Zheng et al. Adapting Large Language Models by Integrating Collaborative Semantics for Recommendation. ICDE 2024. 216



SemiD-based Recommender Architecture

Align with LLMS
OneRec-Think

After searching for Arctic, the user clicked

L= o=
i i

Nrmmn  fmmN pmms pmmn e pmma
\ IR IR R R

ool 1 1" 1 1 1
- R T TP S G )

Tokenizer

OneRec-Think

and collected
== p==n g
1 1y 1 1
H 1 1 1
Smm? Smmd Vs

Tokenizer |

"‘ r‘.e

Reasolning
i \ 1 \

—-—
i

1

-

Itemic Tokens
|

P

, she will next click

} Text Token

R
o8 Pt
P |

1 Itemic Token

Mapping

Liu et al. OneRec-Think: In-Text Reasoning for Generative Recommendation. arXiv:2510.11639.

™ A
(a) Stagel: Itemic Alignment (b) Stage2: Reasoning Activation | | (¢) Stage3: Reasoning Enhancement
Task 1: Interleaved User Persona Grounding ) Onekec Think () 7€) OneRec-Think ()
The user is a 25-30 year old software The user recently liked video -, s Sh—
Engineer. He recently liked video Captioned -+ and video -, captioned -, Reasoning LL L WV
3 > K > 212 <think> T <\think> Consequent ly, v ' g 1 |. . T 1 ) 4
Captioned "Exploring the Andromeda the user ‘s next video of interest is g} N i
Galaxy with the James Webb Telescope " and <item_a><item_b><item c> (Target Item). = b 4
e : N l{'é;s.c;ning X
captioned ... ® Prompt: R;ason for preference = T OncRee ROHOHHE- }'::} ::E:: - 1%
Task2: Sequential Preference Modeling = Think | e
Task3: Itemic Dense Captioning ) Most Refative Behaviors \ 1%
Task4: General Language Modeling e Surgr oty Swei) 9% Reasoning ST S
;. T ) 1 = 4 4 (4 1
Training Strategy: v e W &8 v
Token Warm-up | () OneRec-Think i 1 X
Multi-Task Integration 769 OneRec-Think () Target Item .
: '\ U\ ,/
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SemiD-based Recommender Architecture

Align with LLMS: MiniOneRec

iy G different AcCC Rank
g items Reward Reward
- um LR e ve Lol | g e R |/ o i
IteTnlf!) Encoder E RQ-VAE _.gmosg i \D 1 [
MU | x: ol
SID hist i 6- i
ht.. 10 . predict e
User bought preaic . @@@i x -
288 88 88 o [
H
| BEB- ¥ |+ W o
LLM & fems || 1 °
1
‘ i L] LN ]
VXX | %: =
Next Item @ itemg | 0 rag
> Full-Process SID Alignment >

Kong et al. MiniOneRec: An Open-Source Framework for Scaling Generative Recommendation. arXiv:2510.24431. 218



Part 2 Summary - Architecture

(1) Train from Scratch

(2) Align with LLMs
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Part 2 Summary - Architecture

(1) Train from Scratch
Objective (NTP, MTP, RL)
Inference (Beam Search)

(2) Align with LLMs
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Part 2 Summary - Architecture

(1) Train from Scratch
Objective (NTP, MTP, RL)
Inference (Beam Search)
(2) Align with LLMs
LC-Rec / OneRec-Think / MiniOneRec
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