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» Motivation

* Fragmented Compute

* low computational efficiency

* Objective Collision

* cross-stage modeling conflicts

* Lag Behind Al Evolution

* remarkable progress in LLM and VLM domains

* scaling laws

ra

. Recommendation System: Cascaded => End-to-End (integrating retrieval and ranking)
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» Architecture (generative)

U Tokenizer: item representation => coarse-to-fine semantic IDs

K-means Clusi‘uring
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Figure 3 | [llustration 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.

* Aligned Collaborative-Aware Multimodal Representation

* Prior Work: multimodal representation (context features) => semantic IDs

» neglecting collaborative signals
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» Architecture (generative)

U Tokenizer: item representation => coarse-to-fine semantic IDs

* Aligned Collaborative-Aware Multimodal Representation

» align multimodal representations of collaboratively similar item pairs

 Multimodal Rpresentations
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» Architecture (generative)

U Tokenizer: item representation => coarse-to-fine semantic IDs

* Aligned Collaborative-Aware Multimodal Representation

* Item Pairs
* User-to-Item
(positively target item, most collaboratively similar item from historical positives)

* Item-to-Item: high similarity scores, e.g., Swing similarity
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» Architecture (generative)

U Tokenizer: item representation => coarse-to-fine semantic IDs

Aligned Collaborative-Aware Multimodal Representation

* Item-to-Item Loss and Caption Loss

* Item-to-Item Loss: align representations of collaboratively similar pairs
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» Architecture (generative)

U Tokenizer: item representation => coarse-to-fine semantic IDs

 Tokenization: RQ-Kmeans

K-means Clustering
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» Architecture (generative)

" Encoder - Decoder
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* Encoder => Multi-Scale Feature Engineering

* Lifelong Pathway: up tp 100,000 items => two-stage hierachical compression strategy
* Behavior Compression: hierachical K-means clustering => item closet to the centroid

* Feature Aggregation: categorical features; continuous features: average
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» Architecture (generative)

" Encoder - Decoder
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* Decoder: pointwise generation

The model is trained using cross-entropy loss for jnext-token prediction|on the semantic identifiers
0
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» Architecture (generative)

o) Reward System

* The pre-trained model only fits the distribution of the exposed item space. (obtained from
the past traditional system) ==> preference alignment

» User Preference Alignment

weighted
e Defining a "egood recommendation' 1s challenging. including multiple objectives > score
, [ )
fusion
* Reward: P-Score, a neural network to learn a personalized fusion socre
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» Architecture (generative)

U Reward System => User Preference Alignment

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

* Multiple towers: to learn specific objectives (BCE Loss)
=> fed into the final MLP -> P-Score Tower -> P-Score:

== Xir XIir
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» Architecture (generative)

U Reward System => User Preference Alignment

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

* G 1tems: generated by the old policy model; r;: P-Score of item |
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Figure 6 | Illustration of ECPO. The x-axis is mg/mg,,, and the y-axis is the clipped 7o /g ,. Items with
A > 0 are processed in the same way as the original GRPO, while items with A < 0 are constrained by
early-clipping to limit the maximum ratio.
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» Architecture (generative)

o) Reward System => Generation Format Regularization

 ECPO significantly increases the generation of illegal outputs
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Figure 7 | [llustration of squeezing effect. 7y, represents the pre-trained model, while 7y, represents
the model trained with ECPO. o* refers to videos with positive advantages, while o™ refers to those
with negative advantages.

* Generation Format Regularization
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» Architecture (generative)

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

* Improve the Model FLOPs Utilization (MFU)
* Training: 4.6% -> 23.7%; Inference: 11.2% -> 28.8%

o o Table 1 | OneRec model architectures. "Layers" = #Encoder + #Decoder. "FFN Hid. Dim" is FENS’
¢ Tl‘alnlng Fl‘ameWO I'k intermediate size or MoEs’ intermediate expert size.
R Model Layers Hid. Dim FFN Hid. Dim Attn. Heads Experts (Tot/Act) MoE Loc.
* Concrete Model Architecture: T o T S e - Y o
OneRec-0.121B (Dense) 8 1024 2048 8 N/A N/A
o o . o OneRec-0.935B (MoE) 8 1024 2048 8 24 / 2 Decoder
* Pre-Training: next token prediction  oncrec2633s mor) 24 1024 2048 8 2474  Enc&Dec
¢ POSt'Training - | Post-Training
Py @g - é . Session . | | | | . G e
* RSFT (continual next token prediction) (0 GE T es Feodiack Reject Samping Fne Tuming |- wit Mo
* filter out the bottom 50% ot exposure sessions it s - G ) Senimemasisamiog
: Y --. (# Feedback

* RL

1% user I hu Ry,
]‘ Generated Items /[, ¢ oh o .
>L erence Service

fo(w)

[ Reward System

Reward R,

* randomly select 1% of users from the RSFT
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» Scaling Experiments

Parameters Scaling Codebook Scaling
L —— 0.015B
—_ ().121B * . .

22 - E— Metric Size=8K Size=32K Impr

20- il Ivtr 05118  0.5245  2.48%
B s vir 0.9384 0.9491  1.14%
= \ Itr 0.0298 0.0299  0.34%
E 16 o H —" . wir 0.0153 0.0154  0.65%

mdl ............................................... N N E s 0.0650 0.0664 0 159

y l‘w Pscore 02516  0.2635  4.75%

"u. 3 " .
topdeeuem -*wf*uﬁ o Moredrr e
0+ LRt el dndondnd:
0 21 41 53 54 1[]5 126 14?
Training Samples (Billion)

Table 3 | Codebook Scaling.

— lvtr (Long View Through Rate): Predicted probability of significant video viewing
— vtr (View Through Rate): Predicted probability of video viewing

— Itr (Like Through Rate): Predicted probability of video liking

— wtr (Follow Through Rate): Predicted probability of the creator following

- cmtr (Comment Through Rate): Predicted probability of video commenting
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» Motivation

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

* Inefficient computational allocation in encoder-decoder architecture

* 97.66% of resources are consumed by sequence encoding context encoding rather than generation
» limits model scalability

 Limitations in reinforcement learning that relies solely on reward models
* 1nefficient sampling and potential reward hacking due to proxy reward signals
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» Lazy Decoder-Only Architecture

o) Design Principles

Data Organization

o |mpn:,51un . User-1 1t impression [
User-| 3 IMPICSSI0NS User-|
r
,
Leak, -
2nd 1mpn.-.~.:.mn g 2™ mpression |A

4 User-|
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3 m QICSS10ONS
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User-]

i i e . - - - - +*
&L a & tske 5 ts i

3% lmpn::;bmn

(a) Naive Impression Organization (b) User-Centric Organization (c) New Impression Only Organization

Figure 3 | Naive Impression Organization: The pattern A—B is redundantly trained across multiple
impressions. User-Centric Organization: When training on User-2’s data at time t3, the model has
already learned the pattern B—C from User-1’s future interactions at t,. New Impression Only

Organization: It trains only on the newest impression.

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



» Lazy Decoder-Only Architecture

o) Design Principles

* Analysis of the computation details

* Context Encoding

* context transformation operations in the encoder

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

* Target Decoding

Context Length N ol2 3000
Encoder-Decoder (0.5B:0.5B)

Total Computation (GFLOPs) 346 1988
Context Encoding (GFLOPs) 338 1980
Target Decoding (GFLOPs) 8.1 8.1
Target Proportion 2.34%  0.41%
Naive Decoder-Only (1B)

Total Computation (GFLOPs) 632 3618
Context Encoding (GFLOPs) 614 3600
Target Decoding (GFLOPs) 18 18
Target Proportion 2.85% 0.49%
Lazy Decoder-Only (1B)

Total Computation (GFLOPs) 18 18

Target Proportion

=~ 100% = 100%
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» Lazy Decoder-Only Architecture

8 Overall Architecture

* Context: static conditioning information

e Context = [Co, C'| ) ue e CSkv'Lkv_1
k; = RMSNormy;(C; s, ).
» {RMSNOI‘II‘IUJ(CI.Sh,H), if Syy = 2 (separated key-value)
-

k;, if Syy = 1 (shared representation)

* Gyy: the number of groups; Ly, : the numer ot k-v layers: el

* Lazy cross-attention mechanism: w/o k-v projections e’ e’ 5

* Grouped Query Attention (GQA)
(R0 VB )y = o0 (e 1, Vi ~1)]

> Context Processor =>

e KV-Sharing: block-wise layer-share
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Figure 4 | Architecture of the proposed lazy decoder-only generative recommender. The Context

Processor transforms heterogeneous user feature pathways into unified context representations, which

are then normalized to produce|layer-shared key-value pairs

for cross-attention. The Lazy Decoder

processes BOS token and tokenized semantic IDs of the target item through stacked transformer blocks.

Each block comprises: (1) lazy cross-attention/without key-value projections| enabling Grouped Query

Attention [GQA)| (2) causal self-attention; and (3) a feed-forward network. The final representations
are projected to predict semantic IDs for next-item recommendation.
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» Lazy Decoder-Only Architecture

o) Efficiency

Model Type 107 -

mmm Enc:Dec=1:1 (DneRec V1) g
38 ® Lazy Dec-Only ® Enc:Dec(1:1) ] mem |azy Dec Only (OneRecv2) 3.34
. MDIE Lazy Dec-Only @ Enc:Dec (1:2) ; =
® Naive Dec - Bl
W 01k |
wh 36 10| R L oy
o - - 0. 1b B 102 | -
—! . 02b & E 10 3.30 =
@ -l ™ ] -
E = , - ! 3.28 ﬂ
o 3.4 e oD ) o . -3.28 ¢
o o - kil - LR 3.27 g
oSk To=— 0.5b | e .
g B e winl e 8 -
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- |=0.01] & : v
: -3.24
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1[][' 1B 1B '322
1010 101! 1 |
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Training FLOPs per Sample Param GFLOPs Loss

Figure 1 | Left: Scaling curves for various model architectures from 0.1B to 8B parameters, among
which Lazy Decoder-only models demonstrate best scaling efficiency. Right: OneRec-V1 v.s. OneRec-V2
at 1B parameters.
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2> Preference Alignment with Real-World User Interactions

o) Reinforcement Learning with User Feedback Signals

* Duration-aware reward shaping
* Duration follows a long-tailed distribution

=> partition 1tems into buckets with a logarithmic strategy

| 0 . b: (3s~7s) n Pyp = {Pj | (dj. Pj) € H,, T(dj) = b}
Duration g — — 2
Bucket {_ __] - Fup - l |
. [[1'383(:1; +¢€)| = b]« bucket
H istorical Target i
Videos Video
" Duration dg = 3s d, d; = 5s d3 = 6s 2.0 O -~ 55}‘7 (p; € Puslp; < pill
~ Playtime po = 3s Py pz=1s P3=5s ... Py | p,=4s el

Figure 7 | lllustration of the Duration-Aware Reward Shaping. The videos in a user’s watch history
are bucketed according to the durations, and for a target video, the quantile of its playing time within

the corresponding bucket is computed as the user’s preference score.

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



2> Preference Alignment with Real-World User Interactions

o) Reinforcement Learning with User Feedback Signals

* Duration-aware reward shaping

* percentile rank of p; within the user’s historical distribution

0 b: (3s~7s) n
Duration g — —
Bucket { ] Pup - l |
- . logg(d; + €)] = b

Historical Target :

Videos Video
_ Duration  dg = 3s d, d, =5s d; = 6s v dy o b 55}% \(p; € Puslp, EPE}IJ
; i e

Playtime  po = 35 Py pz=1s P3=55 ... PN | pi=4s Pusl

Figure 7 | lllustration of the Duration-Aware Reward Shaping. The videos in a user’s watch history
are bucketed according to the durations, and for a target video, the quantile of its playing time within

the corresponding bucket is computed as the user’s preference score.

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



» Prefterence Alignment with Real-World User Interactions

o) Reinforcement Learning with User Feedback Signals

* Duration-aware reward shaping N TR
» [ L T 3

Ai=1-1, neg =1,

* neg;: explicit negative feedback
0, otherwise.

0 b: (3s~7s) n

Duration —— — mm—

Bucket [ ] Pup - [ ‘

[lngﬁ(df +€)=b

Hiﬁtﬂri{:aj Tﬂr'gl:[ i

Videos Video
_ Duration  do = 3s d, d; =5s d; = 6s .o dy o i Es}q (pj € Puslp; <pill
r " I =

Playtime  po = 3s P p; =1s pP3 = 5s . PN | pi=4s Pl

Figure 7 | lllustration of the Duration-Aware Reward Shaping. The videos in a user’s watch history
are bucketed according to the durations, and for a target video, the quantile of its playing time within

the corresponding bucket is computed as the user’s preference score.
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2> Preference Alignment with Real-World User Interactions

o) Reinforcement Learning with User Feedback Signals

Issue of Early-Clipped GRPO (ECPO)

* gradient explosion, induced by negative samples

* gradient analysis:

. A
Ti (0)=-A - T R 0T zcpo(0) - 1 amg R overfitting
ECPO = I » —— g
sg(7p) 96 7g,00 or even collapse
Gradient Norm of ECFO/GRFO Gradient Narm of GHPO
1= e woe [ | o141 egativs samp P
E .]I ' £ n ."I! f.ll. I- ﬁl
E 3 i Il | Eﬂ lll I‘I, __.’, - || ]ll I' || V'l ;- ;I jrl
E 2 | |. !I Eﬂ III 1 l[|’|'|: ' [ IPL | I I | :-'
' ' \N il .
! ..-':_I = x4 I aa bl ] ! N \I l'!.“ ;
e AR \ ‘.I I | 1 ¥\ 0044 \ V.A\ J { | y’\ l
I e e = S e e R
:'I_-itep Dnﬂtep

Figure 8 | Gradient comparison between GBPO and traditional ratio-clipping methods. In training of
negative samples, GBPO exhibits significantly more stable gradients.
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2> Preference Alignment with Real-World User Interactions

o) Reinforcement Learning with User Feedback Signals

* Reinforcement Learning -> Gradient-Bounded Policy Optlmlzatlon (GBPO)

mg(oilu)
Jesro(0) = _]E““P[U"{“'}ff_-l"ﬂﬂam G Z ({; |LE] Al »
. | =1 ﬂm !
* introduce a dynamic bound on mg_
, max(mg,,,sg(mg)), A; 2 0,
ﬂgﬂm(ﬂilu) - <
max(mg,,,, 1 — sg(mg)), A; <O. 7
* based on the BCE Loss: Lsce(y,ps) = — [y -log(ps) + (1 -y) -log(1 - ps)],
o : , 1 apg _
* remove the clipping operation on the ratio aLsce | pgo0’ 7
. 20 1 dpg
A>0 - mg >1—mg s :0..
[ osass 1+e I-Pﬂl,aﬂ l .

........ GRPO —— ECPO —— GBPO

Figure 9 | Illustration of GBPO. The x-axis is 7y /7y , and the y-axis is the clipped ny/my_,. "//" means
"No gradient". Compared with traditional ratio-clipping methods, the main differences of GBPO are:
1. It does not discard the gradients of any samples. 2. For negative samples, the bounding of the ratio
is based on a dynamic bound related to mg.
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» Motivation

Existing generative models (e.g., OneRec) operate as implicit predictors, critically
lacking the capacity for explicit and controllable reasoning.
» OneRec-Think: a unified framework that seamlessly integrates dialogue, reasoning, and

personalized recommendation.

Reasoning Itemic Tokens
- N B r—'—\ —
=k (J U OO )L
OneRec-Thmk
A.ﬂase::thmzfnrﬁ:ctc ﬂ:euserchchd | ><item - and collected - ) <item b 2=<item ¢ . she wall next chek
DU ][_]U | 1 | :] DD |_ _] 'H1 G D Text Token Itemic Token
Tokenizer L R Mapping

Q,L W & gp:i

o s
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» Methodology

U Itemic Alignment through Multi-Task Pre-training

e Definitions

* Jtemic token: constitues semantic ID of the 1tem v, Sy - (Stl,, e Sf,‘ ) => expand the vocabulary

» Unify reasoning and recommendation 1n a single autoregressive pass:
* given user’s interaction history sequence, S, = (Sy,,...,8u, )

=> generate reasoning sequence, ¢.g, analysis of user interest, 7 = (I'1.....TAs)

* given S, and T => generate next target item
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» Methodology

U Itemic Alignment through Multi-Task Pre-training

Interleaved User Persona Grounding

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

> Next Token Prediction Loss

Task 1: Interleaved User Persona Groundmg

m-!--rf-r-!---urwwnq-m—v-—--—-v—-u--mwwr-n-vwmr\-u-l---m—w-—w-—m—m-«wulﬂ-ri--ul-nllnnl—v-

' The user is a 25-30 year old software
Englneer He recently Ilked video <

E|Lem a 1123><item b 5813><item c 4212>,
'Ceptlened Explerlng the Andromeda

‘Galaxy with the James Webb Telescope ” and
:Vldeo Citem a 234><item b 167><item ¢ 332>,
Ecaptioned St

— R S S SN S S S S S G S S R R S R G R S S S M S W A S S G
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» Methodology

U Itemic Alignment through Multi-Task Pre-training

* Sequential Prefterence Modeling
-

* To predict subsequent item from chronological user histories. R B # saqumenial becmnetion

engine. Your task is to analyze the
provided sequence of user-item

. 9 * . — . . interactions and predi in nex
* given a sequence of a user’s recent interactions => predict the next item | (1 ion 28 redist e siree rex
with.
. . . . <|im_end|>
» Next Token Prediction Loss, computed on the tokens of the target itemic token A srthomer e i
item_a_1024><item_b_2048><item_c_4096><|
item_end|>...<|item_begin|><item_a_1234><
item_b_5678><item_c_5876><|item_end|>.
Predict the next item.
<|im_end|>
<|im_start|>assistant
The next recommended item is <|item_begin
| ><item_a_5555><item_b_6666><item_c_7777
><|item_end|>.
<|im_end|>
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» Methodology

U Itemic Alignment through Multi-Task Pre-training

* Item Dense Captioning
* To understand the semantic characteristics represented by 1tem combinations.

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

» Next Token Prediction Loss, computed on the tokens of the target textual description

ltemic Dense Captioning data

<|im_start|>system

You are an expert content analyst. Given
an itemic token, generate a concise and
accurate textual description of its
content.

<|im_end|>

<|im_start|>user

Provide a description for the itemic
token: <|item_begin|><item_a_1357><
item_b_2468><item_c_7753><|item_end|>.
<|im_end|>

<|im_start|>assistant

This video showcases a local food stall,
highlighting traditional cooking methods
and signature dishes like grilled skewers
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» Methodology

U Itemic Alignment through Multi-Task Pre-training

* General Language Modeling
* To maintain the base ability of the language model.

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

> Next Token Prediction Loss

Task Type Data Percentage
Interleaved User Persona Grounding 24.30%
Sequential Preference Modeling 65.73%
Itemic Dense Captioning 4.94%

¢ Tl‘aining Strategy General Language Modeling 5.03%

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

* Multi-task integration: jointly optimize all parameters on the combined task using a designed ratio
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» Methodology

U Reasoning Activation
* Due to the noisy and lengthy nature of real-world user behavior sequences, direct application
to industrial recommendation scenarios often fails to yield effective CoT reasoning.

» Supervised fine-tuning framework

* Bootstrapping with Pruned Contexts

* target item s Su=(Su:---280.) 5 retrieve top-K most relevant items:

Vn+1?
9((31:1 - (oAl STJH)& S’Un_|_1) — (S'mla AL ka)

* (uery the pre-aligned model to generate a rationale T, explaining the target item:
T~ P (- | Pr((8w1s---18ws)s Svns1): 0)

* Learning to Reason from Noisy Sequences
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» Methodology

U Reasoning Activation

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

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

» Supervised fine-tuning framework
* Learning to Reason from Noisy Sequences

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

M
Lra = — (Z log P(ri|P(8v,,-- -, 8y, ),T<i;0)

g$=1
:9))

T Z lﬂg P(S{rn+1lp(5!.=‘1 y o ey Sy ) LE S:if+l

j=1
where 7 = {r,..., ras } represents the rationale
tokens and s, ,, = {s; ..., Iﬂ+1} denotes

the target item tokens.

-
(b) Stage2 Reasoning Activation

_5 ;_! 3o é OneRec- Tlunk@

iThe user recently |IkEd VIdEﬂ mue

EGaptloned = and video **-, captioned ---, :
<think> T <\think> Consequently,
'the user ‘s next video of interest is |

é__f_i_j;_gmﬁg?‘_(_i_@rp___l:_&(item_c> (Target |tem).

Prompt: Reason for preference = T

[ i i B ™ ..

PN BN T U T | B B el
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(Swy +Swyr 15wy )
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» Methodology

o Reasoning Enhancement

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

e Beam Candidate Reward Maximization

* Most reasoning rollouts fail to hit the target item and consequently yield identical zero rewards
* Beam search with width K => items with top-K probability in the beam search

* Optimize the model using GRPO based on:

Al
KRollout-Beam = ~1nax I[(S P )
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» Methodology

U Industrial Deployment: A "Think-Ahead" Architecture

* Decouple the model’s inference into two stages

* First Stage: the full OneRec-Think model — reasoning path and the initial item-tokens
» Sample T diverse reasoning paths: & ~ P (- | Hy;0)
> Al = BcamScarch( Ha A @, 9), m) , m candidate item prefixes

Un+1? Un+1
T

» personalized candidate space: C, = U A% T*m candidate item prefixes
-

* Second Stage: real-time updated OneRec model — produce the final 1temic token
=> 1tems with top-K probability

Sy, = argmax Phc-n]ine (Svn+1 ‘ B v i v5s swn)
Svp 41

g1. B . el

Un+17 " Un+1
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» Experiments

0 Experimental Settings

* Datasets: Beauty, Toys, and Sports from the popular Amazon review benchmark

 Baselines
* Classic sequential methods: BERT4Rec, GRU4Rec, SASRec
 Generative Recommendation Models: TIGER, HSTU, ReaRec

* ReaRec: enhances user representations through implicit multi-step reasoning
* Metrics: Recall@K, NDCG@K, K=5, 10
* Backbone model: Qwen3-1.7B => Industrial Settings: Qwen-3B

* Four-level hierarchical, 256 tokens per level => Industrial Settings: 8192
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» Experiments

™ Overall Performance

Table 1: Overall performance comparison between the baselines and OneRec-Think on three datasets. The bold
results highlight the best results, while the second-best ones are underlined.

Dataset | Method BERT4Rec HGN GRU4Rec SASRec TIGER HSTU ReaRec OneRec-Think
R@5 00232  0.0319 00395 00402 00405 0.0424 0.0450 0.0563
Beauty | R@10 0.0396 00536 00584 00607 00623 00652 0.0704 0.0791
AllY | Nes 00146  0.0196 00265 00254 00267 00280 0.0262 0.0398
N@10 0.0199 00266 00326 00320 00337 00353 00344 0.0471
R@5 0.0102 00183 00190 00199 00215 00268 00214 0.0288
Soorts | R@10 00175 00313 00312 00301 00347 00343 0.0332 0.0412
o N@5 0.0065 0.0109 00122 00106 00137 00173 00116 0.0199
N@10 0.0088  0.0150 00161 00141 00179 00226 00154 0.0239
R@5 0.0215 00326 00330 00448 0.0337 00366 0.0523 0.0579
Tovs | R@10 0.0332 00517 00490 00626 00547 00566 0.0764 0.0797
¥ N@5 00131 00192 00228 00300 00209 00245 0.0298 0.0412
N@10 00168 00254 00279 00358 0.0276 0.0309 0.0376 0.0482
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» Experiments

U Ablation Study

* Base: tuned by the raw 1temic token sequence
* JA: itemic alignment

* R: enhanced reasoning mechanism

Table 2: Ablation Study of different variants of OneRec-
Think on Beauty dataset.

Training Method R@5 R@I10 N@S5 N@IO

Basc 0.0460 0.0654 0.0314 0.0377
Base+IA 0.0532 0.0735 0.0342 0.0402
Basc+IA+R 0.0563 0.0791 0.0398 0.0471
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» Experiments

U Case Study

* Conservation Settings

Recommendation in Conversation

BREOMAY, RERE-LEESHENAY
I'm not in a good mood right now, please recommend
some relaxing content for me O‘U'I'PUT

HREUNDE HPUENNEEEZERRAEIIRLYE. B, © I HAPERE-RENYESRSTD
AT BEENERSENST TR RNUN. 5, TFUEDEF—SSERENERROE, 2H
BE—-SESENE BEENE. B2 HEATHE TRASETERAASKELNAT. fFeR2T
T T A T S ESSEFEANAT. REMSFSEUTNZNE 1.98LEPNSREE, 0 (KES5%) 2
e AR @< (PR  2EZMEMiog. CRERENRBENSERE. 3 AKAXERN. HEOIERENRE S
™ RELWERE T, 1k RESBTASES)). DHATHAS. FANTERARSES HIER. &
HZBNEE REGTUEIIERERTARERNE. REl, APTTESGRA
iIiﬁl_mlm_l_ﬂhﬁtﬂﬂ_h_mm_ﬂ_“hflhﬂl_ﬂ'ﬂlk R ——————— R—— oy
However, since users have explicitly expressed a desire to view warm and healing content, it is
therefore necessary to avoid recommending overly intense or tense videos, Conversely, one might
consider recommending some light-hearted and enjoyable games or animations, or providing video

content that can alleviate stress. Ultbmately, users are more inclined to select content that provides
positive emotional experiences rather than content that may trigger anxiety or discomfort. | will
prioritize the following categories of videos: 1. Heartwarming stories from animated films, such as
Frozen or Zootopia; 2. Pet daily viogs, especially adorable moments featuring cats and dogs; 3. Nature
documentary films, such as the survival challenges of polar bears or coral reef ecosystems. Additionally,
| will exclude any content involving violence or horror elements and increase the proportion of positive
and inspirational short videos. Through such adjustments, | believe users’ emotional needs can be
better satisfied. Therefore, users may click on video :
<|item_begin| ><item_a_234><item_b_1262><item_c_941><|item_end|>. «orooererrrrnnsnnsiinengfien

lllllllllll
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» Experiments

U Case Study

Reasoning Settings

User Inferesf - Reasoning | | |
APNEFETRNIHEBRRNNES S5, BAART (RE) RASAHTEHM (6TAe) BIFENTE, THE
WRBEABRADEERENRA RN, (5, BATHER RN LRA, SN HE B %A
B, AHENEEHENHRBNE, BOAAALELNANEEE BANSRIRAS SN NBERS T RHA S
B DESEEMERALECHBRER. BTFALESENHN (R8) 7 (CTA6) RASER. SMENERHE
7. Bt BNTELIRERREEEREARRNAGENBLES. BERLRETUENAL T RARNSS+ 2/
MMEZR WHMHEROERNEABNNERSE. B, AARTESAT MG ERESRREARE
BHRWROWE, HLEEFRRE MO ALRERTER, Fbl, B R S HAE 0 % W

" I h‘Em_hEg-.lI }{itEm—ﬂﬁ”lg){item-hh‘ﬁm?,{im-cimss}{ [ im-ﬂ‘d I = TR e R R ST RIS R RIS SR ST S et sea e be g

EMMER ' pdolescent The themes of the user’s viewing history are gaming and tech product comparisons. The user liked classic scene from the
"Battlefield” series and the latest Game trailer for "GTA 6", indicating a strong interest in military-themed games and
action-adventure games. Meanwhile, the user actively searched for graphics card comparison videos, showing high
attention to computer hardware configurations, with particular interest in comparing graphics card performance. The
logic behind the user's potential clicks on candidate videos is: the user's interest in gaming and tech products extends to
practical application scenarios, namely optimizing their gaming experience through graphics card comparisons. Since the
user has already shown preference for high-quality, high-frame-rate games like "Battlefield” and "GTA 6", they may seek
hardware support that can provide better visual effects and smoothness. Graphics card comparison videos can help users
understand performance differences between different GPU models, enabling them to make informed choices to r ‘
enhance their gaming performance. Therefore, the user would likely click on a video that provides detailed analysis of Miii:é
graphics card performance and recommends suitable options for specific gaming needs, to better satisfy their personal
or family entertainment requirements. Thus, the user would very likely click on candidate videos with similar themes
<|item_begin|><item_a_4029><item_b_4601><item_c_5058><|item_end|>. - srevsevsusestnssrsasssnussannsaesasrensnstse R et 4

monitor FPS
discussion
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» Experiments

U Case Study

Reasoning Settings

User Inferesf - Reasoning | | |
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practical application scenarios, namely optimizing their gaming experience through graphics card comparisons. Since the
user has already shown preference for high-quality, high-frame-rate games like "Battlefield” and "GTA 6", they may seek
hardware support that can provide better visual effects and smoothness. Graphics card comparison videos can help users
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