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1.1 AT BEZERTNHEE (GenRec) ?

HERGERER. GO, FE. T SFIRPEMNROEMIRNE, JLFAERPMEEATHRERS. ©5775 QiR EREDHE.
BERT4Rec. LightGCN. SASRec) KEAXHiEAL ID-based &R, AIEEM ERGTREMT, TUFRMBHEAT “BE - BH - BH B
ZMBRRBEN, SMERURNRERMIE, TR T TREAENE, BEMNEMRBAMAIIR. HEIREIRE—ER,

EREE I SR KGR ZHLY, X—EHEXAXHTRELRMRAMEIRL:

+ |ID-based BHEREIEXRASZHEEN: EETEBYRMATE D, VET latent AEEE, RTERIEX, HLUEASEIHSEEZR.

- TMEREBSREINEIRS REEAK: ARl HEE. B IETAEERS BinlE, BEARGHELIRBHE—NRME, REEUER
heuristic #{T#NT XL

(a) Unified Architecture - - Recommended Videos

End-to-End
Generation Encoder Decode

D00 O5%

‘ Video I
C
orpus Recommended Videos

Dozens :
L— ———— > F

~1010
—— ———Hundredsof Coaes
Coarse-grained |Thousands grained Thousands | fine-grained Dozens
Retrieval Corpus 2 Ranking [ ranking 7 S
~103 ~102

(b) Cascade Architecture =k



Embedding

DNN
Encoder

1.2 M “w” 2 “&r” : TIGER KIER

TIGER [1]X—ITErILLEESIDs based £ AEFR "FILUZE Z2—, BB —RERAGHREFEISMN "TOITED/ [REHER" EEXR
“EBGEX ID FAT , MMiLEZFERES Y SERREEFIERESIE T E—MAFE L.

£ TIGER &, #&EEIEFER RQ-VAE XEKESHEN, EELSEN item embedding BEH AR Semantic ID (EIFH/VEREL code HRLHY
token F3l) , HYTAEMMMEI T —REZEN “BEXHE" . ME, TIGER B Encoder - Decoder Transformer 3P HAERE
FREIEX token FBHHITEEFEE, BIRLUXAERNAR—FTTERT—MIRIEX ID, BEY beam search MgIRARESE &K

M Top-K #EFIR,
EMUETERNXBURE: EEIUBREFE—NETI IMENIEX token AR EHITRINER, MABBERTXMER item ID M9 EFHITH.

Next ltem
A

—— N
Item 64
Sem. ID = (5, 25, 55)

Residual Quantization t5 |t.25] t55] <EOS>
Pt

codebook_1 codebook_2 codebaok_3 T
Encoded -

T e e A
o - Context
‘ Bidirectional Transformer Encoder :j) Transformer Decoder ‘

ItemID Title Description Categories Brand Semantic ID

ITTITI ot

' i
OB iﬁéfilﬁifﬂﬁffj' 0-0-07

ltees | ! \
Comant i | Quantization Sem. |D (5 23, 55) Sem. ID (5 25 78)

Embedding

Encoder
Item Interaction H story of User 5

D e DR A (a) Semantic ID generation for items using (b) Transformer based encoder-decoder setup for building the
quantization of content embeddings. sequence-to-sequence model used for generative retrieval.

[1] Recommender Systems with Generative Retrieval



2.1 ERNEFHAZ “—MEEY” |, ME—FKMK

TRER, TA— 1AM SID-based GenRec A A# A LUFEA — R MM NARHESIRALHEFIIRIRKE, MAUIEENE2—HNBEZ

¥,
Representation — Tokenization — Backbone — Training —
Inference
N e Inference
Trai ning Sem. Ige= (56.425, 55)
t.5 ||t.25||t 55 |<EOS>
Tokenization ST I T

i 4 Context
‘ Bidirectional Transformer Encoder I::}‘ Transformer Decoder ‘

[ N A L S

Representation

ItemID Title Description Categories Brand Semantic ID

|| ! P
Tokens @ @
e Item 233 Item 515 B a Ckb one

Conten€ Sem. ID = (5, 23, 55) Sem. ID = (5, 25, 78)
Encoder ~ ~

Quantization

Item Content
Information

(a) Semantic ID generation for items using (b) Transformer based encoder-decoder setup for building the
sequence-to-sequence model used for generative retrieval.

Item Interaction History of User 5

Embedding

quantization of content embeddings.
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2.2 ERTVIEFDMERBERGIESR

Representation Tokenization Gen-Backbone Training paradigm Inference
B)  Text RQ-Family Encoder-Decoder End-to-end Beam Search
N Image PQ-Family Decoder only (LLM) Pre train & fine tune Prefix Tree
03% Co-interaction Semantic Tokenizer Encoder-Retrieval Encoder-Retrieval Re-ranking

ATHENS—IMELE, BINRE—THEEATMMERARNERLIESR, ATZIEERNIEEMNAA SR LHNTERE,
« Representation HERRBIAR - YRER. XA, BR. BELERBASRENEL embedding;

« Tokenization BXEELERTEEILAIENX token B Semantic ID, {FEHAEIBHERIER HREAME;

« Generative Backbone NET token FFIZIERF{TA, £ T—1 token SIEEFIIK;

+ Training Paradigm REENH ’?,T‘UIIQFB’TEX*%HW%%%% WMARMER. mER. F)IER+R0A. 2ESBKES,;

+ Inference MIFTRz4E FIFIRSRIDER, €1 beam search. BRI, Softmax KEMEHFZ,



Recommender Systems with Generative Retrieval

» E _
“INER: N 1
‘ User History - e Next item
AL ORI B R, JAEEEE “4R item” , BRSIENFARES, AERMTE, e ey

Semantic ID Itemn
Lookup

MEIFE—FAIER. FLZA. RAIT R, HEEENR ItemID WE—EXERH=ZIE? b |
(5.23.55) 5,258,789 G::;::a"le> (5.25,55)

TIGER EAMETEIN FHEETENTT

1.Representation (ETABRMELIEXRIE) TIGER A SentenceT5 £EX item X & embedding, BESRENNBREBNERT, XEBNMENMNERNE

fito
2.Tokenization (F§ RQ-VAE #33& Semantic ID) :REZ%%xEEWLX (RQ-VAE) ¥ item embedding E48A—1MEF5 (40 5-23-55)

1. B8k - £EBKRET
2.1 XAEWHE — B item HEFITR
3.EXID=EE — A BHZEKER
3.Generative Backbone (Transformer ##©%&51%) #EHBF{TARFFIFA Semantic ID B3, $AEH Seq2Seq Transformer E##U T—% Semantic ID,

BRISEARERA “WEFRS|” (Index-in-Model) , #F%4 ANN + candidate tower,
4.Training Paradigm (174 Seq2Seq imEliwillgk) AT — token Fll (Next Semantic ID Generation) #{TimEimill4k, RHEERIMIZIES. MHFES

HFAMERIESS, BEFERZS: BFART— 1 EmNEE token 5,
5.Inference (Beam Search A& item) TELMERET beam search £ ETRIEERY Semantic ID, AEMREE] item, FILLBREH: 1285 (B

Next Iltem

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

[t5 ][12s] [t58] 05|
|

-, Encoded - 1

i . Context
ltemID  Title Description Categories Brand Semantic ID ‘ Bidirectional Transformer Encoder }:> Transformer Decoder
T B r

' R
Tokers 18] [e5] e8] [cs][izsl[im) [0 [e5] 28] [e55]

| User 5 | Item 233 Item 515
v antization - ‘ Sem. ID = (5, 23, 55) Sem. ID = (5, 25, 78) |
- ~ el

4 Item Interaction History of User &

Embedding

Item Content Conter;t“
Information Encoder
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3 Representation: M\ “TRIEYI&E” F

“E48(E BERIER/NVARL”

Representation 2{t47?

EERIHEER, Representation IEREMMMNRIBAR (XK. REfTA. ZIESAE) B
HE—D EEMEXEAETE, FAEE 24 (RQ-VAE / PQ / OPQ %) 48k Semantic IDs

Representation & MusiE:

1. XAIEX (Text) @AM, #HAFEXARREALZUMIEXEE, #NE ID RAENRBEITERo
EHIEEAR: Sentence-T5 / BERT / MiniLM / T5-encoder XA %555,

2. hE{ES (Collaborative) FIBAFTAHMKXAZIRARTFEN, AEMRMBAITAERHNS

mE A,
EHEIAR: MF / LightGCN / SASRec / 1TAF5 Transformer F=4HF51 embeddingo
3. Z1EAEE (Multimodal) REXA. BR. i, EWELREE, WEETES—EX

SRENAR: CLP/ et (B LP (SEMfFME) , BEAXFT (W0 Cross—
Rem@s@ntatlonﬁdﬁf‘h ﬁfi ‘@

1.2HRE (Early Fusion) : EEHXZETREXA. B, 178 embedding EEHHESMNEES, FE—

MNE—HELEE/EAR Tokenizer iAo
- il RABENR, BHE SID BEEXE,; ha: REBETHRETE,
1. 8RS (Late Fusion) 230X XA /EBUH&R/{TAMIIEE, BEEMER THERHHITHE,
- iR RERS. ERFER; RK: SID BERRES.

ococare Coconut
il 100% Pure 4 Oz

Collaborative
Embedding

!
A

ID
B0009P4PZC

E Textual
' Embedding

H
A

Title

i Visual

Image ' Embedding

CLIP-ViT

LLM2CLIP



Case Study 1 RHig&

FORGE: Forming Semantic Identifiers for
Generative Retrieval in Industrial Datasets

FORGE BXM “#i&E. #EiR. A, X" OPEEARSGMERR SID KTl & o)

|a] i
A SID ARRZ TABRIMELRSEKYE, SID MUTIE. WIERAS., L&KM, MAEERSS
BAAMRZRT, SBE. WHMEHHESHERIEX ID (SID) ?

&

1. HMEENMNEETI R GenRec #iEE

1. %g/@igg‘:ﬁ% (a) Generation of the Semantic Identifier : 5 Lrecon
< Waterproof OCT Text [
. =] outdoor jacket Ly, | l B
2.Z1E%: ID + XA embedding + L,ghm,em E>J§>§Q ) _;"'m:;n ; i = ;"g’
. i =
& embedding \ Mult-modal 'l’"_""_‘g_s_°fs._-ﬂgng°g§gat ------ V8 : IL‘ e .§§EE>
3.%#F SID M3&. fiEfAR. GR 4k, & N Q\ E>ﬂ? 5,?—~' I B 3
; SRR
BRES y N TCoi Image |

2. 2555 SID &5 (BT RQ-VAE)
-I .Tﬂ*ilu\ZEAjj—ﬁ

(b) Tokenizer (d) Diagram of the Generative Retrieval
Codebook #1 #2 #3 Large

2 s S —
3.RQ-VAE #3i SID HS%54 =

3.8% Pretraining INE T 5RE
1.904k + E4&H0R
2. 184 LW SaRtE) A 50% (MR —
— 3£t a])

Ci2asc:s475C69681 [T )

Ci1248C:1475€:2968 1 [ 17!

Encoder
Output

J2ZIU2X0 )|
:;,;aoa-q"x

&

«C11248><C26475>C36968>

__________________ M (c) Alleviating ID Collisions

<

, 1t Generative Retrieval EIEE& TEF Ak,

4821 4821

«C11248><C26475>]

4821 4821

<«C34821> <«C34821> -

! . :\\ 3rd codebook
D ' |-a_ N
g B @ AT ]
=X -] @
N o 130
g :':Ou; g m
g O [ igi ©\©
2 = 1E »
- ’

N 5 s

% <C112485C26475>  <C34821> -
<C112485<C21475>C32968> Prefix

Dynamic Beam Search
(beam size = n)

€0 c0
W
[ [5)
i R
18190 €:8098 *
8191

R
AN A A —
W S ) et

Insertion Time &

Explanation

o Large Recommenders

A\s  Multi-modal Encoder to
[ ~,  Extract Item Features

Semantic Embeddings

A dabhask Embadal

Text Tokens in LLM
SID Tokens in LLM



MMQ-v2: Align, Denoise, and Amplify: Adaptive
Behavior Mining for Semantic IDs Learning in

Q-v2 EEGARENL (VQ/PQ) it L, A “BENNTT + BEEA + BIBNE" |, £ SID BT %, BRE. BERETHRT.

commendation

HAETARK SID (XF/BREN) TEABZ=EKAFTA, SBHEEXY "T—KE" ERMRE
g, AN, BRBIETAESIARREL, FUBRFEREAARRKRIE, £ SID FREE. R,

ADASD e ———————— Expert Quantizer
Ly = h!

: /
_________________ v ] Shared Expert Quanti
ygﬁt (ED ey 2 D e e |
R - = \ =—— B - an 1 ) Latent Embeddin 1 pecil uant |zcrl Expert
° ?Tﬂ{é%ﬂgﬁgigéﬁ (:iti\l'l_.]jzgla\ k%%%) ) Eéﬁ—ﬁﬁﬁkﬁ E[:ong Embcddi i Decoder, i 8; IiA e i:Schr ! Eli?:; Decoder
e Qum
HI W IERBTES. KEERREARE" HRER, N ) =S o}

o WS, RERIRR SID (MDE/XXA/1TH) AEEM EE2EFENR, T
THRBTTERE "B SID REMNERN

&

Adaptive Behavior-Content Alignment

Content-Content Align
Text2Img Img2Text Ilo CF Embedding

: Q Vision Embeddingl
1O Text Embedding

---------

Same Weight Same Weight
1.B&EMITH - ABXMTF (Adaptive Alignment) #AR#ETTA embedding B9 “i5 ‘% wrh

L Align
TethItem Behnvnr Content Align lm 2[tem

g™ BohRENTRE:
1.34] item \BX7F (REESLITAEM)

2. KE item X (BRBEESEABTRT) . g
1512389424 = am tem Popularity
2. B4 81 (Mixture-of-Quantization) #5#3 et o 7 A’mp ’;,L,g},

. HEEREIBESHYE (XK + A% + 17A) ,

2 REERFEIERIRSE, REER 20/A. FREWN SID (ADA-SID) .
3. 51T AKE (Dynamic Router)

BREIB AN TA SID SEAE: A7 SID K. BHEKE SID B, it

FHERXE "BEEEREXNTAES .



Case Study 3 RHARES

MULTIMODAL QUANTITATIVE LANGUAGE FOR
GENERATIVE RECOMMENDATION (ICLR 2025)

MQL4GRec Y "BHIEE EXASERRIEIS =, EERREFE —REIMEENERS, BIURARTER,

el
ﬁ

WEET PLM AKX HEEERERABRAIES token #¥m ID, B PLM WEBRIES MRS HEESFEEKX

B, BN, ZREER (XA, BfR) ZBRZH—KRE, MLUBRRAFZ4RY, LERBEIEMIREIRE.
Sengoku Basara: *°
The Last Party &8

— token %

18 Piece Acrylic
Paint Set

[a_4[B3]c_s[pg] m

aZb d6

-
__/

Quantitative Language

N
.

,

]

)

I

)

)

]

-

'(/ocabulary

Bk

« PLM TEERERBRNBREXAEN, BRENBTEEERA token RFHITK.
« NERSZEERBES— "B , #EFNRTAEXS BB BERZEEIE.

RAEA. MLk,

Movies

73iE

1. 2ESEH8EEE (Quantitative Translator) : BXASEER D 54E
—BH RQ-VAE 245 4—M “8/1ES Token” (Wl a 2. B 4-)
FIERSHER—ER, it%E. SESHRUMEE “WiE”

2.BEIEESERNES (Quantitative Language Tasks) .1211‘%’7%’131{%5}%
SEANBFEN, JEEZIULENVESEHAS TTEFE. HEE. TR
AR

1.Next-item Generation (F{E£55)
2.Asymmetric Generation (FSHEA4RR)
3.Text—Image Alignment (2 3475)

3.7ll4k — #F (Knowledge Transfer Pipeline) :SciElRIBME AR
llgk, TREE/BESTR, BEEMSRE, BIRYsIEFRT.
RANZEAERET re-ranking @&

4@_ A4B3C8D6
Image
18 Piece Acrylic

Paint Set a3 b4 cldS

g
Sengoku Basara:
The Last Party

----

A1B4C2D6

Text i 2] [bE3] fch1Y [d¥6)

v
Item: a2 b3 cl dé

AA0E
Bibrsgs I

Codebook 1

Next Item Generation:

*0*1*2 a2b3cld6 adb3c8d6 .. a4b3c8d6

* 3 * 4 *5 [AN2|BE3 [CAlDE6| [AN4][BES] (CER] [DI6]
Asymmetric Item Generation:
RG] STl BSNS] [aR2d [DES] [olN [dN6] 4] [bES] [CHE] (NG e

A4B3C8D6

A4B3C8D6

* 9 * 10* 11 [AS2 BE3] [CH]l DI6] AN4) [BES| (GIR] [DI6]| |8
Quantitative Language Alignment:
SR12 SIS EN14 [at2 IbE3] foR1S (N6,

a4 b3 c8d6

A1B4C2D6
*15* 16* 17 A1 B4 C2 D6

O

as2] [bi3] [cE1] [dE6;

Pre-training and Fine-tuning Target Sequence
S

! *n
a2 b3 cl d6 <s> | PromptToken
fopctitiate: |
[ Transformer Encoder }—P[ Transformer Decoder ] : an
i Text Token
D A | S e S § t ottt t !
*15*16*17A_1 B4 C2D6 <s> a2 b3 cl dé An

! Image Token

Task Prompt Source Sequence
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4.1 Tokenization:E 5%

X ID (RQ-VAE / RKMeans) vs KiEX ID (PQ)

FEERDEES, "B NMUREEH token MR, FRE semantic ID WAL,
MEARKE, EXFTEETESIR RMAMEE:
(1) "|iBX ID: 4 - 8 token, FE# EXRAREBER: RQ-VAE / R-KMeans / RVQ / VQVAE
(2) KiBX ID: 32 - 64 token. #3522 F4T: Product Quantization

\\ ‘\\‘\ D \\ X \
) ~ B \Kep| Kew
\\ f\" 4 «/,}\\ Reith, L | Discrimin: ator
\ " /)' ‘\ P AR === ‘
N > Ko
2 Codebock 3 gg -

.41

50 & ] [} s
(4) Product Quantization




Case Study 1 R-KMeans#E£ERR R HEFHIN

OneRec: Unifying Retrieve and Rank with
Generative Recommender and Preference

OpeRgc L “Session FER + MoE & + DPO fREFXNTT IR TEE=RFEHREN, KU THIERX ENREE T KRAERIIER,

gnment

TR "B - 484 - BHE SRR, SMREMRZ. AEER, FRERRRRTREN T,

NBEERNEFREERERRE, BNEFARESRER,

Bk

- ZIARREENAKIEEBESHE, REFRNENAE. BEKEY
BIERES, DUIREE item HIEE(K session KIEf#.

- [, EEFERFRZ NLP ZRPELNAIMEALRIFEE, #5
SHEMRERHBT “RIFHTT (preference alignment) ” HRE kiR,

73iE

FI&—H Encoder - Decoder + MoE KIEEVE 4 B/ MR

Session, & DPO 55 F{RiFo

. IEliG Session-wise £ (BRLZEHRE) REZXNMWM “T—
A item” , MR —REMEEL session (5-10 M) . &&
MoE § RIZEEAE, FEIAERNTMRE RS BHRIE X EIE,

« lterative Preference Alignment (IPA) + DPO: F§ Reward
Model P WERIF, M beam search Z£RFBETIE "M
/I REFEXN . XRABIRFA (self-improvement) {#EEERL
FEXAFPTA, BERAERERRE.

HEUBRERNSRHEFER, BHERRTE.

(a) The Architecture of OneRec

? Lyt

|H

((sep (<a6> (=0 1> ) (<> )(ser J(<a2> (<15 )[<<7 )

((Expert1 ) Expert2 ) (Expert3 ) Experts ] (Expert Nuoj

[ Feed Forward ]
4

Add & R}\AS Norm

Fully Visible Self-Attention |

—

OneRec Encoder

XN/2

MoE Layer

1

| Add & RMS Norm

key/value

?

Fully Visible Cross-Attention

-

OneRec Decoder

Casual Self-Attention
e

XN/2

CrEEEC ) ) EEES )

1

User Behavior Sequences 7,

High-value Sessions §

f (b) Iterative Preference Alignment

SR
Training OneRec;
Data

Beam Search

<a_9><b_l1><c_5>
<a_9><b_1><c_I>
<a_9><b_I><c_3>

<a_9><b_lI><c_7>

Reward
Model
—_—

L1
2
T3
N

chosen
<a_9><b_1><c_5>

E s R

rejected

] Select
 —

DPO Training

OneRec;41

Iterative Training with Self Improvement

©)
L

DPO:




Case Study 2 PQIEER I HEFRIN A

ActionPiece: Contextually Tokenizing Action
Sequences for Generative Recommendation (ICML

2’—0?5]‘7% ActionPiece BN TR EESHIT L TXESH, LU TEHRENIEXBRNBEL token R

N 245 76 92 245
IE.Iﬂ ) 284 362 E 276 ’ 291 | feature set:
Action
— 747 679 560 635 unordered
_ ' Sequence of 453 ul | > M o |79
MEERRMEE (GenRec) ERM Tokenizer #Z ETXEXRM: E— item ERREFSH Feature Sels g7 e L =
BREFEOBMERR token pattern, TiERALETIEX (N@mAEET. MEXE. XUg—3E ® %2
Segment 1 \247 245 294 26 's79° 132 100 360 |20 5
F) . SBERRENENE, BEREZR, ul 923 1067 7 o 32;] 635 {iz3
oken
yk ﬁk Sequence 1 14844 21063 284 76 679 20155 1100 7995 1734 6784
Ny
Segment 2 @ @1100 245
Sl oken pam iose (S [0 el T K5 560 | o 7%, 2
. THER “THEREHIEESR" (brand. category. price"') . TBEfEIE{% BPE RXFF Sequence 2 747 284 21063 8316 941 76 362 19895 24364 276 6784 1734
Tokenization,
- EEENRE EERE A CBSHE 2SR, Mergs tokensin Merge tokens in Merge tokens in
3 ﬁ_ segmentation 'z‘}“%?ﬁl token ﬁﬁﬁ;ﬁi’ﬂ@, ?3“@"””2?]:\'—3 *&}Eo one action node two adjacent action nodes action & intermediate nodes
(] vinked List
@ @) O .y |
753k Je °F o ° O *H_ O 0
O e} | | N O Action Node
4 — S -
< < & : i Intermediate Node
o = : P —
ActionPiece & E TR0 (context-aware) mhfE Tokenizer: e ol 5 i) OD< Original Token
« & item RTTFFHHESRS (feature set) o heeet | B [ R ‘g H New Token
° E*yég}tb'ﬁ- “ﬁép\]” *D “$E/V‘\B$é|\ﬁ]” ﬁﬁE;j\:}Jnu =2 Eﬂ?&é#m%ﬁﬂ’\] New token in the “-Insert a new “New token in the
tokeri original action node intermediate node intermediate node

o SIANFRET RN AEE item &3




4.2 Tokenization: X Tokenization 5X& ID

BEUATEE—NERAEAN. HEFARAFERE ESAK , FRNTEFBEHN: ik item HEEAFTRMERE. BEXKREFN “XFR Token ID” .
Xib Tokenization MBIRAEDSE, BEAN—M "“HHEESHIRIT .

XA Token: LLM HiEm ZPIE Tokenization: BRIEXID

-
S VY ] . a O ~ [ N h— : ” Al A —
ItemmRec1]: it LLM &4 item 45 « GRAM[2]: B BN~ WEREXALBIHRER
— — N s y
—IMEXARW ID (ANRLR. #5Em) A[ER Item ID
Generated ID for Item A Generated ID for ltem B
[ jessica simpson perfume women ] [ broadway performer buffalo dance Iessons] o
* * £ (BOS] M.,
I o] ,,-“x ‘x‘i:;-x»____\ "x‘:rn.__.\'
LLM-based ID Generator | o St 1 ‘ O - O -
Q ep B
* @ ;
8 mango ;  mild hair soap i lips |
title: jessica simpson fancy love eau de title: stepping out vhs; brand: na; Q Step 2 O
parfum spray, 1.7 ounce; brand: jessica description: a hasbeen broadway performer 2 soap™ rose mild mild
simpson; description: buy jessica simpson moves to buffalo and starts teaching tap 3 v v
womens perfumes fancy love by jessica dance lessons to a group of misfits who, E Step 3 O Q ‘
simpson for women 1.7 oz eau de parfum through their dance classes, bond and g mild|  soap] lipsT mango! rose! rose |
spray; categories: beauty, fragrance, realize what they can achieve. their 16 | | ! ! H !
womens, eau de parfum; price: 23.54; newfound selfconfidence changes their lives 0:-'- O 2 0 2
salesrank: beauty: 132446 forever.; categories: movies tv, movies; g () -
price: 19.99; salesrank: movies tv: 244008
Item A plain text from Beauty Item B plain text from Movie (a) Item IDS W/O hlerarChy (b) ltem IDS W/ h]erarChy

[1]IDGenRec: LLM-RecSys Alignment with Textual ID Learning http://arxiv.org/abs/2403.19021
[21GRAM: Generative Recommendation via Semantic-aware Multi-granular Late Fusion http://arxiv.org/abs/2506.01673



Case Study 1 TokeniE X LHyE

IDGenRec: LLM-RecSys Alignment with Textual ID
Learning (SIGIR 2024)

IDGenRec RESEEIE item WXAES ERE. /N BE—H EBEXH Textual ID' , HHETHE PQ W MEELSE T LLM BN XAKREXELSE

I\ﬂjﬂ via Constrained Decoding ["v:v'o][ dﬂ;ﬂ‘ ][Pe'f;'mellm':'ml

i)uﬁi&_ﬁjﬁ?tﬁ: %f&?ﬁ 9[3 XE’]%{?-E: [tem ID l LLI\'II base:iBasel:ecomr?ender :

(OOV tokens) , 5 LLM WiESZETEekRT: mmonm--—--—--[ 23 | P 1---- |—|--|—\@
o TiELE LM FIBEFEEME X IBMEEE Token Emb. -----W@-lmevllmllml[mll:ll l---- Ny i e )
e ltem RARZ AT, FXHBETES. BRIES | b

N - S i ased ID Generator
o JIZERRELFE RESSHERZLEE = = =

. I e 1 plintxt ] Toom 2t e -

o AMAIMNTTIS. SIEEM item metadata FE FEBEHIFIMY XA ID?
o W{AFHRETE item B9 ID ME—. RAzZE?
o NfEIfE “ID &ARER 5 LM #EERRT phERA. Bin—K?
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1) Textual ID Generator (BT T5) : #filf item XA4LR F%E. BXBEMH. FEMNBRIES ID, &K OO0V H=F
token,

2) Diverse ID Generation (ff® ID fE—) 5|\ Z#1%E beam search, HEISEREBREZHEMS ID KE, HBEFT
A item B9 ID ME—,

3) Alternating Training (R&i%R) X “HEEREIZG — ID £EIE ORBMAER, U ID 5fEFER
B WEFFFo



Case Study 2 Tokeni& X HEHKXI 2

GRAM: Generative Recommendation via
Semantic-aware Multi-granular Late Fusion
N@tﬁmﬁfﬁﬁﬂé” it LLM EEfRE item WERXARSFEAR, KMSIBEXRE. REXRENERAIEE.

Item ID construction

BB formudetod wiy

LRINAER R EF T EE BT EM R ORI el
TAERDERERN item XZR:IME ID WE AN (BE ID / E4 ID) RZERMES T

EiEX, LLM RYEERE item ZRIKNESLXEK,

TEBRAA item FEETTKHNXAER: KX metadata E#HAN LLM 28

Item sequence

5 &5 [

ltem1 Iltem2 Item3 Target

coconut rich oil

Information loss
when
constructing IDs

7
What would the user purchase after {coconut rich
oil}; {fresh cocoa butter}; {daily aloe lotion}?

(a) Prediction only with IDs (existing works) daily cacoa lotion

P

[Item 1] coconut rich
oil formulated with

[Item 2] fresh cocoa
butter grown on small

SR, BiAthE, RLIATERRARIEYE, EREXHRK,

protect the skin’s
moisture barrier ...

organic coconut oil ...

farm in ... organic,
pure, protective, raw
cacao for ...

@ Fo

organic protection
lotion

Bk

WAL item WERIEX (taxonomy. 7
LLM BEZEfZRY textual token?

(b) Prediction with textual metadata (ours)

EXREK) SHERIEX (1B item) LK

= : r tem seq -~ (¢) Multi-granular Encod ~ (d) Late Fusion Decoder ---------------
« MAEREEEZINFFKENRIR THAEEEH item metadata? 5 = R e | el
B% SIERA" MTHEERE, it LM BAEEE Qo8 as RS e, /e N &x
PR CEAEET R AREAR, A LM BRI ot nem vz dems weme s | o | e e, (s mmme v
- (a) Hierarchical ics Indexing j Htom: scap-mik:mango: Output soap- papaya- mineral
H% title: mango neem ::‘r::mé:g:ap}egs::?aman, offiine H H
o= |- —e2[D| B B R
Sh e 5 ncode ild| S iae ] 5 decoder
DB “E item MEMILEYBREEXA, FESRESAREAN, o0 mmmi | a1 e s s i :
) ’ gonp e 8 mid. " Lnango, (item: sh: fresh- 5 offline <s> R soap "papaya
.u: LLM E%E%Eq¥é1glu\o S ltLem information I|eT ID.m:a mild-mango “@m@z mzﬁﬂ%mmpﬁ';ﬁgﬂmsx = |Encoder lm
s BXEXA (Semantic—Lexical) : 8 item MERXRZRFBLIZZE ) — ” -1~ -
RRBEA ID AR, § ~ [romememann || |5, [arim ot onurion | Ercosor ) || GSGITIEDED - 68

Item 5 Position embedding

Top-k slmllar items Item IDs Fine-grained item prompts

- ZREEAMS (Late Fusion) : HNEREXARTARRLE, MARE

(i) Multi-g Late Fusion
(training and inference)

FKXART item WA, EREBNEEHS, BRKEFIFHY. > rerime preproceseng
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5 Generative Backbone-4£8FHAREZEH

PEEHEEMN “TUN" Em “HERL"

Encoder - Decoder

Encoder - Decoder ZMELE T 288013 1Y

BINE

« Encoder AR HBERFHE. LT
X. HFER;

« Decoder BELZER T—Y@mIIEBENX

Decoder-only
Decoder-only AR ERE GPT XH[EIER

RZEREE LLM NE (W Qwen, LLaMA) , &

& BRI GenRec,

« MiniOneRec: EFLLMIIESHIEHETFIELS

EREBTHREWHEZ RIS, TRNEMEERE TEREN RALE

« NERERSHET N,
Hybrid: Parallel

ﬁ%ﬁm@lﬁﬁ kbone., #HEAERSE—A—
AN embedding Bl#iHIEX
ID £ER el im 2]y ﬁﬁﬂﬁo

« RPG: &SIDs + #7700 + E{LIEILE

Training w/ Multi-token Prediction

(o5 (=25 [=55]

Constrained N - »
to k €No | S & ‘::I.:: i n:::;a Rl::nl:d J Learning to generate
e 'g)‘"‘ Rovar QEE ﬂ """""" D sl semantic TDs in parallel  (fead) (fead) (Hecad)
e TIGER[1] | YU | % d
SID hiso i 0 1 [ Transformer Decoder ]
[Uirg ?5 D D rEj pr&-ct (E3]3]E3) x ‘i Aggregation
Next itam L ° ki crro ( Token Embedding Table )
[ =] LLM & BO@~ ¥ [H W o Tokens [5] [223] [55]  [o5] [=25] [=FE]
Sem. ID = (5, 25, 55) em;
[t5] 225 [t55] <Eos| [ Item 233 ] +|._ : Item 515 ] L
T A T T ‘ P88 | % | | m « LLaDA-Rec: B&¥ &R mask-based FUllE—
Bidirectional Transformer Encoder % Transformer Decoder Nextltem e itemg 0 rag ﬁz
J \ ] pdal .
! I i r I I ' ‘ r Full-Process SID Alignment > f —__E__E__>__>_____>___>_> ______________________________ 6 Ej'”"
Tokens[ius|  [e5|[i28 s [isl[ezs| 7 |<808: 2.5 [r25] [x.55] 1 0 O © 0 i iy
) ‘m:‘;’:@:&l%}ﬂ |s=m..'§f(§f§5.7a>,! : MASK Predictor EE[ MASK Predictor ] E
tem Interaction History of User & E OO C]D ii D.
i ﬁ Mask ratio r~U (0,1)1} Mask ratio r~U (0,1) {3 :
[1]Recommender Systems with Generative Retrieval https://arxiv.org/pdf/2305.05065 i 0000 - 0008 :000e - 000e DDD.
[2]MiniOneRec: An Open-Source Framework for Scaling Generative Recommendation http://arxiv.org/abs/2510.24431 : User History Tokens H User Hisory Tokens chﬂtcmTokm-

[3]Generating Long Semantic IDs in Parallel for Recommendation http://arxiv.org/abs/2506.05781

[4]LLaDA-Rec: Discrete Diffusion for Parallel Semantic ID Generation in Generative Recommendation http://arxiv.org/abs/251

(a) User-History Level Masking ,: % (b) Next-Item Level Masking ,'

(2) Discrete Diffusion Training
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Generating Long Semantic IDs in
Parallel for Recommendation

RPG X “EFK ID + FTER + BARMBEE" KIMEREKEX ID SEBUEE.

o)
WEERNEEFXBIEMEYT + Beam Search #E, SER—1 token BEE—RFIA, SBIERS. TEXS
ERIIEX ID, R RKSEIER REERE 4-token NAETEX ID, RABEHER, HEURIZBEZRN item B

Hhek

HITERSSBUEX ID K BE=RERERER (40 256732 &3l) , REERMBEMMRIZFNR tokens HEHESLFER itemo
B, KIEX ID 2 “TF" M, F5ET token INFH beam search SE2TEEA, BE—FINS BB,

73iE

EEY ID ®ith “TFEEEE" #A% token Training w/ Multi-token Prediction . Inference w/ Graph-constrained Decoding beam size b = 2
FITHN, BESEARMBBIRIEE item, Leamning to generate. IR R (RSN : ... SO eor _‘I__S_t_‘?l?_s_____ Final recommendations
« TFKIEX ID (EF OPQ) : R OPQ & semantic IDs in parallel (fead) [Hzad] [H:ad] : @ I o [c5] 29| [c59]
item RIXFAEL 64 ML token, F5F ! L & VB f o [c3][c23] [c69

—(rEB PRSI, 8%k B EVANES [ s omes Do odey | | =1 N = |
« TR + BARMD (Graph- S ‘ ! N . [0 CandidatesD
. . . ( Token Embedding Table ) 5 ; o SID in beam
Constrained Decoding) : A Multi- ! Al e .
Token Prediction (MTP) —REFNFS Tokens | c5 || c23 || c55 | [ c5 |[c25|[c78] : QySimplotie @) Erpasation (3)Kespiis O—OA' Similar S.IDS
digits: v | Ttem 233 | | Ttem 515 | | iniialbeam  decodinggraph bestbnodes L® o Lropagation
o HEEMERMEE HOUEX ID BT, @EEER

EEBILERAIENESE item,
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LLaDA-Rec: Discrete Diffusion for Parallel
Semantic ID Generation in Generative
R@Eﬁrﬁﬁidﬁayaffﬁhmﬁﬁﬁﬁﬁ@Uﬂﬁﬁ,éﬁ REBHEFEMNBITERHITHFTTEN.

=1}
LRI EREMADIEN, FEARERS
R, RERR. ERERES ST

Bk

SNMAISEI F1T. W@, ABEKRIE BIEX ID £, FEREA
HEEFTEERKERNEE token FRA?

73iE

Autoregressive Model:
The error of the first token propagates to all subsequent tokens.

Remask Repredict
Discrete Diffusion:
The model re-masks and re-predicts low-confidence error tokens.

(a1 J( b3 )J(es J((az ) SemanticID of Next Item |

J/

Item Embedding

EEMRERSREE, ik SID £RM EFE o e S =, 0008 - 0008 0000 «-r

7 H CHATI + BBUE . e~ 108 , 88 o | {0008 G008 2o0s;

« 317 Tokenization (Multi-Head VQ-VAE) : & E [ MASKPredicor | :.[ MASK Predictor - ] 1 Rem%k o [:]I
item RAFHSATHE, SERNL, BHEE g  pomeozon | Ozz® | | ——
WERAER “F4T SID” . 5 R o PNl Sas L I T |

. EEYEER (Dual-Mask + Adaptive Beam) @ °© L _ . — e —— i_CJD.QD.:;.QQQD.-.QDE
USHERPIAD (BPTR S T0E) F  GEE | g | e " DU0B_ 0008 po2a -
g é}%i-g)\( + }%%Bém*ﬁfgig)‘(, DecodeQ User History Tokens Next Item Tokens

. ﬁfﬁﬁﬁ& Fﬁﬁ token #ﬁﬁﬂﬂﬂ, {E\EE{%— fE token lil (2) Discrete Diffusion Training (3) Discrete Diffusion Inference
B EEHFHEMER, HESY B beam e R EEEEEEEEEE———————

search 88 Topko W20 =0T
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6 Training Paradigms-ijl&:Ext

ERAEFNINFRETRAEEMERN "MNERRE (FTEL.

Two-Stage Training
5eilZk Tokenizer (VQ-VAE. RQ-VAE,

PQ/OPQ) , BEE Tokenizer &4
EFRLY, REEHEN
Target [4]2][3][1]

Generative
Recommender
( Embedding Table |

(2](a](1)3]

’
I Token Seq.
[}

[ Item Tokenizer ]

[Citem 1 [Citem2 ]...

Item Emb.

X; Encoder i %
Xi Recommended Items
— Contrastive Loss L .

Bi#EE) " BEA—NENSE—
Joint / Multi-Task
Eggféfﬁ T, EZERMPRTFEX,

« EAGER[1]: 1783 + ESCRMBR A BLERH,
BIMMEZIRMEMERES.

N ﬂ;q%\

Confidence-based Ranking
Global
Contrastive Task
- Two-stream
Generation
Semantic-guided
1 1 Transfer Task

I Behavior Tokens Semantic Tokens

« ColaRec][2]:

= Training Inference

BFEIHEEF + B3INSE

0
SHEBIER
Ranking Loss Lppr Recommendation Loss Lyec
1
X5 T 2% 10— P
P — - — — J% "zggcz'r
i 4.%] Codebook

Decoder ——

Ay RAIIGE R

End-to-End Training

& Tokenizer. Backbone. #EF4ERSGE—H—
MNEISREERS, MEIA embedding Bl#IHIENX
ID £ZaIiREHA K.

« ETEGRec[3]: L E/LFHEFEFDbackbone

HP
wr—{ ] e
°4 poollng . pooling l

zE B SN\
st @Lesa | ™
Sequ .-’-Item HHHH |:|ID|:| DDID I|:||:||:| Prcfcrcnw
Alignment l l Al lgnmen 1 InfaN CE
KLDiv. KLDiv. KL D|v KL DIV

ot B |
< oms] i e b g 2

—— %

Residual Quantization (RQ)

[TIEAGER: Two-Stream Generative Recommender with Behavior-Semantic Collaboration http://arxiv.org/abs/2406.14017
[2]Content-Based Collaborative Generation for Recommender Systems http://arxiv.org/abs/2403.18480
[3]1Generative Recommender with End-to-End Learnable Item Tokenization http://arxiv.org/abs/2409.05546
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NEFREZER ggﬁﬂ% hEEEFBELRAZIMNME
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—»000) s Pre-trained Code _ [Pre-trained S -~ —:',' “::‘;““""‘"""“'“""’“I Can you provide (the corespanding fitle) / (iem) 7 X/ X/ 2/
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it nERTtEm PQL on target domain  Code-Emb Alignment ™ T Be e L} S e i Bonus-Calibrated Advantage Estimation
y 4 s 50 et o resomond asuablenestitem. 555 Y-
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= A . Fine-tunethe ¥ The [es][e2][ce27] [a5][z4]
[2]2]lo)} b z; Q0> &; Code Emb Table S el whatca b inferrd bowt e preernces? A 2 A 4
main negative text = codes =- representation et mmm‘J ( @ m
- N Residual-Sensitive
. « MiniOneRec[4]: SIDs¥75LLM, i@t R iwiFnk [a2][b 1] [at][b2] [a1][b1]Verifiable Reward
- MQL4GRec[2]: & Hiilll+ A 7R ’ ' y e
n*ﬁlu\ E’Jﬁ%zﬁ Consliaimed ifferen S n
"l e WJB v Think0 | Think1 | Think2 | ThinkN |
, . . - 22, -8 00 @ i
! Pre-training and Fine-tuning Target Sequence ST Tl x é % ] 5]63) ® i |
EIEEIEEEEEE | PompiTokn vserbowgi S T predict @l[;]n@ ;‘ -' Decoder-only
t ottt ot OD0.-BE.-E .0 nEE E LLM-Backbone
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Task Prompt Source Sequence ; et e ‘ \ é \ ’ o EE] ’: !«. ‘ text / ID prompt text / ID generation
pdate
Full-Process SID Alignment >

[1]Learning Vector-Quantized Item Representation for Transferable Sequential Recommenders http://arxiv.org/abs/2210.12316
[2IMULTIMODAL QUANTITATIVE LANGUAGE FOR GENERATIVE RECOMMENDATION https://arxiv.org/pdf/2504.05314
[3]Adapting Large Language Models by Integrating Collaborative Semantics for Recommendation http://arxiv.org/abs/2311.09049
[

[

4]MiniOneRec: An Open-Source Framework for Scaling Generative Recommendation http://arxiv.org/abs/2510.24431
5]Generative Reasoning Recommendation via LLMs http://arxiv.org/abs/2510.20815
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Generative Recommender with End-to-End
Learnable Item Tokenization

ETEGRec = RQ-VAE Tokenizer + T5-style £R#ER + WEXFTHH + &L, %fLEIEi#ﬁEUiﬁ”%EI’JEIﬁ‘W&?t

HD
(@) Lrec I
~ Token __
Injﬂ Target m l Seq. Sl poollng Decoder pooling l

MBS R HEFE Tokenization 5SEBERSE, BRIk, [ 8 \\\
(d) Lpsa

|
SBUEXANTF. HEBRFRE. : © Loin I I I I :
ygﬁi ( Embedding Table | i Segll.l;r:lc:l;lrtjm ‘ D|:||:| |:| DD I:":l [] DDU Preference-
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%7
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Generative
Recommender

21403 [eEIE] --- _— Allgnment InfoNCE
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Item Tokenizer |T . B H I I I
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Pk e Dﬂu i ol DDU Deotr| —
Item Emb. :
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1.End-to-End XWi&ER (RQ-VAE + Transformer) i ~ Residual Quantlzatlon RQ)

1.Tokenizer: A RQ-VAE £ item embedding ¥ %% token

2.Recommender: T5/Transformer &£ T—7" item token

3.Tokenization S4£mB/E—LZ, FEIE
2.Recommendation-Oriented Alignment (#Z/0\8J3T)

1.SIA (B3l - 9&¥FF) © BINRESH token R EEHA BT item— token BEERBITARES

2.PSA (fw¥F - EEXHHFF) : decoder friFmEEILA item iIEX— 4ARERFEE codebook EX
3.Alternating Optimization (%1)IIZk)

1.561ll Tokenizer — &4, Bl Recommender — &K
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Case Study 2 LLM{IEXTT#EE

Adapting Large Language Models by

Integrating Collaborative Semantics for

§§ec = RQ-VAE Tokenizer + 5-5%@ ARER + WEXNFIE + KRB, TMEERIIRNEREE,
Z45 LLM REfE ESIEX, MEFERSEMEE thEEX (. FITA. ]RAZE)

Hhek

tem ID A% LLM jA%KH: LLM L& £ #EEY@. BEIBEX + MEIEX: XABLFTAEM.
& fine-tuning TAMEHEXI8)E: BRI KIRELS, TEEEEM collaborative signal,
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4 N (- 0
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i__io - ?E Item Index Fj'i& LLM E/\Jig_gigx?él\ajo Decoder 'E sz' Item Prediction Based on User Intention ) oriented A (C3':' ized Preference Infe A
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Content-Based Collaborative Generation for Recommender
g'f;ﬁ%;w DER GID + ARNTFES" LUABRSHhEIESHNSE—ERNEFIES, KigEHA GenRec WREMS vI A,

o)

BE GenRec EARMARNA (content-based GID) , EARFAMEIRES (CF-based GID) , MEBRZHE—EMER, SBHEFREZR,

Hhek

RASHEFR: XARTEREESKEFRREXZH, GID RERNESMEER.
RZXTFHE: ABRZE o hEZE RERXRE, SHENX token FRE. £ERBRE.

&

1.Collaborative-GID Construction (#h@E3RzEN GID #%E)

1.5 LightGCN ZF|##[E embedding

2.8 B K-Means #3i& GID (ME&EVEAN token F5l) — ik GID XA%GBHELE, HBEN/AR GID B, BAX
2.Content - Collaborative Alignment (N& « HEIERXIIT)

1.Item Indexing Task: HAE—* encoder - decoder & item ARSI EIEHE GID

2.Contrastive Loss: GID #8{tl — X& embedding ttZ#8{l— AAEEMHEIESER—EBIERSE—ZE

User-ltem Recommendation Ranking Loss prr Recommendation Loss Lyec

textual content

Y
Codebook H )
Decoder | o oo00° B -\%
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|
[2[2]0]— 22
Item GID

E Title: Bruno Marc Loafers Shoes J] ____________________ 4’ l

1 1
L i . + | 7
! task; || textual content Ci, .@ l+ GNN-based CF Indexing Loss Lindex

_____________________

[ Title: VoyageX sturdy hiking boot |
[ iad:418 |[ Brand: Voyagex |

_____________________

____________________

[ iad: 1750 ][ Brand: Bruno Marc ]
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Generative Reasoning Recommendation via LLMs

GREAM B “WhEXTF + CoT #IE + 2F RL” SCINAIfERR. P4, ALK LLM #E
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Case Study 1

MiniOneRec: An Open-Source Framework for
Scaling Generative Recommendation
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Case Study 2

Unifying Generative and Dense Retrieval for
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