/0 %

IJCAI/2023 MACAO

Joint Modeling in Recommendations:
Fundamentals and Advances

Xiangyu Zhao®!  Yichao Wang? Bo Chen? Pengyue Jia® Yuhao Wang? Jingtong Gao? Huifeng Guo? Ruiming Tang?

g7 ol . '.I-'.'F:I" a
Xiangyu Zhao, City University of Hong Kong Huawei Noah’s Ark Lab

1City University of Hong Kong, *Huawei Noah’s Ark Lab



I Recommender Systems

)\ «

S

HUAWEI

|

Age of Information Explosion

Information overload
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Items can be Products, News,
Movies, Videos, Friends, etc.
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» Recommendation has been widely applied in online services
 E-commerce, Content Sharing, Social Networking, etc.
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» Recommendation has been widely applied in online services

E-commerce, Content Sharing, Social Networking, etc.
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» Recommendation has been widely applied in online services
 E-commerce, Content Sharing, Social Networking, etc.
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» Advantages
Feature representations of users and items
Non-linear relationships between users and items
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» Handling the inter-dependency between users and items under more complex circumstances

» Advantages
* One model for several situations
* Performance improvement caused by information sharing in different situations

» Two typical representatives:
* Multi-task recommendation (MTR)
* Multi-scenario recommendation (MSR)

Target [ Task-1 } { Task-2 ‘ [ Task-K } r Task
Data ‘FScenarioj {Scenario-l} iScenario-Zj [Scenario-S]

(a) MTR (b) MSR
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» More joint modeling methods:

- Multi-modal recommendation
- Multi-interest recommendation

e
el

Multi-modal recommendation

[ Interest 2 ] [ Interest 3 ]

Multi-interest recommendation

- Multi-behavior recommendation
- Large language model-based recommendation

e
Con [

Multi-behavior recommendation

e

A

Large language model-based recommendation

oo |
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[ Multi-Task

[ Multi-Scenario

r

.

Joint with Heterogeneous Data]

— Multi-Behavior

— Multi-Interest

— Multi-Modal

— Large Language Model Based
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Why Joint Modeling ?

» Multi-Task Recommendation:

* Independent tasks: Comments, repost, likes, bookmarks
e Multi-stage conversion tasks: click, application, approval, activation ...

forbes.com
10 Best Free Job Posting Sites (July 2023)

$93®)S UOISIOAUO))

10:20 - 2023/7/31-15.3K Views

8 Retweets 1Quote 13 Likes 3 Bookmarks

Q 0 Q N &

How to extract useful information from other tasks ?

impression

impression click

impression click application

impression click application approval

impression click application approval activation

Conversion steps

How to capture task dependences and resolve

the sparsity issue ? 14

Modeling the sequential dependence among audience multi-step conversions with multi-task learning in targeted display advertising.KDD 2021.
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» Multi-Scenario Recommendation: construct multiple scenarios for user diverse requirements.
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How to extract more comprehensive user portrait from interactions in different scenarios, and make
recommendations based on the characteristics of the current scenario ? 15
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» Multi-Modal Modeling: user interactions, images, text ...
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How to extract and align data from different modalities ?
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» Multi-Behavior Modeling: click, download, like, buy
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How to learn the relationship between different type of behaviors ?

17
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» Multi-Interest Modeling: behaviors = interests

g & w «a@ @ P
\

\

Baby Sitting Sports

User Interests

How to accurately and efficiently extract users’ diverse interests from user behaviors ?

18
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» Large Language Model-based Recommendation

-

\

_______________________________________________________________________________________________

Trained on labeled data with supervised learning
' Collaborative signals

ID-based in-domain collaborative knowledge

_______________________________________________________________________________________________

' Pre-trained on large-scale corpora with self-supervised learning
. Semantic signals

' Generalization, reasoning and open-world knowledge

19
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Multi-Scenario Multi-Task
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Multi-Task Recommendation (MTR)

Multi-Task Deep Recommender Systems (MTDRS)

> How
* Multi-Task Learning (MTL) + Deep Neural Networks

»Why

* Learning high-order feature interactions and
* Modeling complex user-item interaction behaviors

22
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> Benefits

 Mutual enhancement among tasks
* Higher efficiency of computation and storage

» Challenges

» Effectively and efficiently capture useful information & relevance among tasks
* Data sparsity
* Unique sequential dependency

23
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Multi-Task

T

________________________________

L( ®,0% ) Multi-Task

24
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> Problem:

e Learning MTL model with task-specific parameters (8%, ..., 8%) and shared
parameter 8°, which outputs the K task-wise predictions

» Optimization problem:

argminﬁ(@s,ﬁl,--- ,QK) = argmm Zkak 0° 9’“)
[01,... 6K} {01,...,0K} 1,

« L£(6%,0%): loss function for k-th task with parameter 9%, 8%
e w":loss weight for k-th task

N
BCE loss (6°,6%) = = [ynlog (9h) + (1 — uy) log (1 — 9%)]
n=1

25
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a Trade-off

Fi)bjectlve 2 ... Objectwe

Target

Data Scenario /

(b) MOR
Target L Task ‘ :Target Behavior:
Data (Scenario-iJ [Scenario-S] k O —\@

____________________________________

(c) MSR (d) MBR

26
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CV  Multi-target segmentation Utilizing feature transformation to represent
and further classification for common features based on a multi-layer feed-
each object forward network

NLP Mostly focus on the design of Based on RNN because of the sequence pattern
MTL architectures Can be divided into word-, sentence-, and
document-level by granularity

27
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[ |
Sparse Sharing Expert Sharing Gradient Parameter
Dominating Conflict

28
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2 25

Parallel

Cascaded Auxiliary + Main

Task Relation

29
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» Tasks independently calculated without sequential dependency

»Objective function: Weighted sum with constant loss weights

30



I Cascaded % ayy

S

HUAWEI

» Cascaded task relationship: sequential dependency

» Computation of current task depends on previous ones
* E.g. CTCVR=CTR x CVR

> General formulation:
95 (6°,0%) — 91 (0°,0%) = P(ex = 0, €51 = 1)

* €: Indicator variable for task k

 Difference is the probability of the task k not happening while the task k-1 is
observed

31
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Model Problem Behavior Sequence
ESMM [Ma et al., 2018b] SSB & DS impression — click — conversion
ESM? [Wen et al., 2020] SSB & DS impression — click — D(O)Action — purchase
Multi-IPW & DR [Zhang et al., 2020] SSB & DS exposure — click — conversion

ESDF [Wang et al., 2020b]

SSB & DS & time delay

impression — click — pay

HM? [Wen et al., 2021]

SSB & DS & micro and macro behavior modeling

impression — click — micro — macro — purchase

AITM [Xi et al., 2021]

sequential dependence 1n multi-step conversions

impression — click — application — approval — activation

MLPR [Wu et al., 2022]

sequential engagement & vocabulary mismatch in product ranking

impression — click —+ add-to-cart — purchase

ESCM? [Wang et al., 2022al

inherent estimation bias & potential independence priority

impression — click — conversion

HEROES [Jin et al., 2022]

multi-scale behavior & unbiased learning-to-rank

observation — click — conversion

APEM [Tao et al., 2023]

sample-wise representation learning in SDMTL

impression — click — authorize — conversion

DCMT [Zhu et al., 2023]

SSB & DS & potential independence priority (PIP)

exposure — click — conversion

SSB:

Sample Selection Bias

DS: Data Sparsity

32
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33

Entire Space Multi-task Model: An Effective Approach for Estimating Post-click Conversion Rate. SIGIR 2018.
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» A task specified as the main task

while associated auxiliary tasks help to improve performance
» Probability estimation for main task - the probability of auxiliary tasks

» Provide richer information across entire space

34
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ESDF

Multi-IPW and Multi-DR
DMTL

Metabalance

MTRec
PICO

MTAE
Cross-Distill

CSRec

Self-auxiliary*

[Wang et al., 2020b]
[Zhang et al., 2020]
[Zhao et al., 2021]
[He et al., 2022]

[Li et al., 2020a]
[Lin et al., 2022]
[Yang et al., 2021]
[Yang et al., 20223]

[Bai et al., 2022]

[Wang et al., 2022b]

Adopt the original recommendation
tasks as auxiliaries

Manually design various auxiliary tasks

Contrastive learning as the auxiliary

Under-parameterized self-auxiliaries

35



Methodology

O

N

> |

HUAWEI
Methodology
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) . Training
Parameter Sharing Optimization Mechanism

[ I ] | : ] [ ]

Hard Sharing Soft Sharing Negative Transfer Multi-objective Joint Training Remforcs:ment Auxﬂlar}f Task
Trade-off Learning Learning
I I I
[ |
Sparse Sharing Expert Sharing Gradient Parameter
Dominating Conflict
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Methodology
[ ]
) . Training
Parameter Sharing Optimization Mechanism

[ I ] | : ] [ ]

Hard Sharing Soft Sharing Negative Transfer Multi-objective Joint Training Remforcs:ment Auxﬂlar}f Task
Trade-off Learning Learning
I I I
[ |
Sparse Sharing Expert Sharing Gradient Parameter
Dominating Conflict
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Fusion Fusion O

Input

Input Input

(a) Hard Parameter Sharing (b) Sparse Sharing (¢) Soft Parameter Sharing (d) Expert Sharing

38
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» Shared bottom layers extract the
same information for different tasks,

» Task-specific top layers are trained
individually

v Improving computation efficiency

“.... Shared-bottom and alleviating over-fitting

X Limited capacity of the shared
parameter space = Weakly related
Input tasks and noise

=
=

39
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» Extracting sub-networks for each task by
parameter masks from a base network
o Special case of Hard Sharing

v Coping with the weakly related tasks flexibly

X Negative transfer
when updating shared parameters

40
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41

A Contrastive Sharing Model for Multi-task Recommendation. WWW 2022.



I Soft Sharing

|

yyv¥y
A A A

Fusion

v

| Tower B

|

Fusion 5

T><[

» Building separate models for tasks
but the information among tasks is
fused by weights of task relevance

v" Relatively high flexibility in
parameter sharing v.s. hard sharing

X Can not reconcile the flexibility

X Computation cost of the model

42
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Multi-tasks

43
Multi-task Based Sales Predictions for Online Promotions. CIKM 2019.
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» Employing multiple expert networks to
extract knowledge from shared bottom
- Fed into task-specific modules like gates
- Passed into the task-specific tower

o Mainly non-sequential input features
o Special case of Soft Sharing

44
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Output A

Output B

Tower B

y= > g(x)ifi(x)
i=1

Input

Output B

}

Tower B

Input

yr = h*(F*(x)),

where fk(x) = ng(x)ifi(x)
i=1

Modeling Task Relationships in Multi-task Learning with Multi-gate Mixture-of-experts. KDD 2018.

45



I Expert Sharing

>

MMoE
SNR

PLE
DMTL
DSelect-k

MetaHeac
PFE

MVKE
FDN

MoSE

'Ma et al., 2018a]
'Ma et al., 2019]

‘Tang et al., 2020]
Zhao et al., 2021]

‘Hazimeh et al.,
2021]

Zhu et al., 2021]
Xin et al., 2022]
Xu et al., 2022]
Zhou et al., 2023]
Qin et al., 2020]

Processing non-sequential input
features, while the remaining models
is ameliorated based on MMoE

Processing sequential input
features utilizing LSTM &
sequential experts e
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Hard Sharing Soft Sharing Negative Transfer Multi-objective Joint Training Remforcs:ment Auxﬂlar}f Task
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Sparse Sharing Expert Sharing Gradient Parameter
Dominating Conflict
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Gradient dominating ||V L"(0)|

AdaTask [Yang et al., 2022b] Quantifying task dominance of shared parameters,
calculate task-specific accumulative gradients

MetaBalance [He et al., 2022] Flexibly balancing the gradient magnitude proximity
between auxiliary and target tasks by a relax factor

Opposite directions of gradient + - Vng ((9)

PLE [Tang et al., 2020] Proposing customized gate control (CGC) separating
shared and task-specific experts
CSRec [Bai et al., 2022] Alternating training procedure and contrastive learning

on parameter masks to reduce the conflict probability

48



I MetaBalance /0 oty e Z5 |

$ 0.20 0 0.3 —— Target Task: Purchase
S = —— Aux: Click-URL
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5 Aux: Add-to-Cart S 0.1 -
5 0.05 ' » 5
© ©
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Training Epoches Training Epoches

t+1 _ pt t
0 =0 & x Gtotal

K
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49
Metabalance: Improving Multi-task Recommendations via Adapting Gradient Magnitudes of Auxiliary Tasks. WWW 2022.
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50
Metabalance: Improving Multi-task Recommendations via Adapting Gradient Magnitudes of Auxiliary Tasks. WWW 2022.
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§ 0.20 § 0.3 —— Target Task: Purchase
3 3 —— Aux: Click-URL
= 0.15 —— Target Task: Purchass = —— Aux: Add-to-Favourite
= —— Aux: Click-URL =0.2 Aux: Add-to-Cart
= 0.10 ——  Aux: Add-to-Favourite E \
c Aux: Add-to-Cart 0.1
5 0.05 ' °
© ©
| . | .
O ‘ ' ' O 0.0 : ,
0 50 100 0 50 100
Training Epoches Training Epoches
t
t+1 t Gt G ”Gtar” Gt 1
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y J
S - t t
Gtotal V6"Etotal VoLiar + Z V‘5’£aw{,i
i=1

51
Metabalance: Improving Multi-task Recommendations via Adapting Gradient Magnitudes of Auxiliary Tasks. WWW 2022.
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Objectives optimized regardless of the potential conflict

Works [Tdeoft

[Wang et al., 2021] Group fairness and accuracy

[Wang et al., 2022b] Minimizing task conflicts and improving multi-task generalization

52
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Training process & Learning strategy

Methodology
[ ]
) . Training
Parameter Sharing Optimization Mechanism

[ I ] | : ] [ ]

Hard Sharing Soft Sharing Negative Transfer Multi-objective Joint Training Remforcs:ment Auxﬂlar}f Task
Trade-off Learning Learning
I I I
[ |
Sparse Sharing Expert Sharing Gradient Parameter
Dominating Conflict
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Parallel manner

Session-based RS Shalaby et al., 2022]
Qiu et al., 2021]
[Meng et al., 2020]

Route RS Das, 2022]
Knowledge graph enhanced RS  [Wang et al., 2019]
Explainability Lu et al., 2018]

'Wang et al., 2018]
Graph-based RS 'Wang et al., 20203]

54
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Sequential user behaviors as MDP

Summary Reference

Formulating MTF as MDP and use batch RL to [Zhang et al., 2022b]
optimize long-term user satisfaction

Using an actor-critic model to learn the optimal fusion [Han et al., 2019]
weight of tasks rather than greedy ranking strategies

Using dynamic critic networks to adaptively adjust the [Liu et al., 2023]
fusion weight considering the session-wise property
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Joint training & Others

Summary Reference

Employing Expectation-Maximization ESDF [Wang et al., 20200b]
(EM) algorithm for optimization

Trained with task-specific sub- networks Self-auxiliaries [Wang et al., 2022b]
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> E-commerce : Main focus

» Advertising
e Utility & Cost
i. MM-DFM [Hou et al., 2021]: Performing multiple conversion prediction tasks
in different observation duration

ii. MetaHeac [Zhu et al., 2021]: Handling audience expansion tasks on content-
based mobile marketing

iii. MVKE [Xu et al., 2022]: Performing user tagging for online advertising

» Social media
i. MMOoE [Zhao et al., 2019b]: YouTube - engagement and satisfaction
ii. LTAREC [Xiao et al., 2020]: Tencent Video
iii. BatchRL-MTF [Zhang et al., 2022b]: Tencent short video platform
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> HUAWEI
Datasets Stage Tasks Website

Ali-CCP [42] Ranking CTR, CVR https://tianchi.aliyun.com/dataset/408/

Criteo [13] Ranking CTR, CVR https://ailab.criteo.com/criteo-attribution-modeling-bidding-dataset/
AliExpress [32] Ranking CTR, CTCVR https://tianchi.aliyun.com/dataset/74690/
MovielLens [23] Recall & Ranking Watch, Rating https://grouplens.org/datasets/movielens/

Yelp Recall & Ranking Rating, Explanation https://www.yelp.com/dataset/

Amazon [25]  Recall & Ranking Rating, Explanation http://jmcauley.ucsd.edu/data/amazon/

Kuairand [18] Recall & Ranking Click, Like, Follow, Comment, ... https://kuairand.com/

Tenrec [77] Recall & Ranking Click, Like, Share, Follow, ... https://github.com/yuangh-x/2022-NIPS-Tenrec/
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HUAWEI

|

Negative Transfer

Extra complex inter-task correlation
What, where, and when to transfer to alleviate negative transfer

AutoML

Explainability

Task-specific Biases

Existing models only focus on the parameter sharing routing, while
other components and hyper-parameters still under-explored

Complex task relevance

Most existing models only focus on one specific bias
Multiple bias should be tackled in future
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Extra complex inter-task correlation
What, where, and when to transfer to alleviate negative transfer

AutoML * Existing models only focus on the parameter sharing routing, while
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Explainability * Complex task relevance

Task-specific Biases

Most existing models only focus on one specific bias
Multiple bias should be tackled in future
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HUAWEI

|

Negative Transfer
AutoML

Explainability

Extra complex inter-task correlation
What, where, and when to transfer to alleviate negative transfer

Existing models only focus on the parameter sharing routing, while
other components and hyper-parameters still under-explored

Complex task relevance

Task-specific Biases

Most existing models only focus on one specific bias
Multiple bias should be tackled in future
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I Conclusion o\ o S5

» Task relation:
Parallel, Cascaded, Auxiliary with Main

» Methodology:

Parameter Sharing, Optimization, Training Mechanism
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I Survey 0 o S5

https://arxiv.org/abs/2302.03525

Multi-Task Deep Recommender Systems: A Survey

YUHAO WANG*, HA TSZ LAM*, and YI WONG?, City University of Hong Kong

ZIRU LIU, city University of Hong Kong
XIANGYU ZHAOT, City University of Hong Kong
YICHAO WANG, BO CHEN, HUIFENG GUO, and RUIMING TANGT, Huawei Noah’s

Ark Lab
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I Trend of MTDRS 0\ ay

HUAWEI

 Task Relation v Ae
HEROES 4 APEM @
O [CIRM'22] [arXiv'23] —— 7  AdTesk g
BatchRL-MTF ] MLPR ) / [AAAT23] pico
[KDD22] self-Auxiliaries LW W W 22] p / O [arXi';f'ZZJ
MM-DFM WWWM2
] [ 22] ‘ﬁ' L 0 fi’ﬂ CSRec
[ICDM"21] HM3 / [WWW22]
MTRec [SIGIR'21] MetaHeac DM?L 0 * ) .l
O [TKDE?20] 'iﬁi' [KDD21] [arXiv'21] MSSM ESCM‘ MetaBa :'mce
MRAN NMTR H [SIGIR"21] [SIGIR'22] [WWW'22]
[KDD'19] (5 [ICDE'19] O © \
@ MoSE PLE [Cl;gﬁ . Cross-Distill
O [S?gg.ffg] - DINOP (KDD'20] [RecSys20] "* [AAAI22] | Task Relation Parameter Sharing
[RecSys'18] ) [ ] o Mt.[PW ESDF AITM - O Parallel = Hard
"_,,r"" SNR u tl— [arxlvlzo] [KDDI2 l ] _,/"_-/
[arXiv'20] *  (Www20] MFH B Soft
MMoE ESM? \ [ ] Auxiliary
[KDD'18] SIGTR'20 [CIKM'22] o Exoer
® * [ 20] o m - - xpe
[ I ] [NIPS?21] [WWW22]  [KDD22] Parameter Sharing

—
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E Introduction }

Preliminary } . =)
| i

Xiangyu Zhao Yichao Wang
4 )
@ Multi-scenario
Multi-task i, recommendation %
[ Recommendation J - —_— 7 . —
N MTR+MSR
Yuhao Wang . J Pengyue Jia
- . 3 Conclusion ol
[ More Joint-learning } : ) | ) .
Methods ‘&) Future Work

Jingtong Gao Xiangyu Zhao
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I Multi-Scenario Recommender Systems 0\ aff Y @ |

HUAWEI

Multi-Scenario

L( 0, ,0% Multi-Scenario
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I Background {.5 ay s:vé ;%|

» Multi-Scenario Recommender Systems:
* By using a unified model to simultaneously model multiple scenarios, the goal of
improving the effects of different scenarios at the same time is achieved through
information transfer between scenarios.

» Importance:
* Time/Memory efficiency; Maintenance cost
* Accuracy

» Classification on Methods:
* Shared-Specific network paradigm
* Dynamic weight
* Multi-scenario & Multi-task recommendation

> Formulation:
L( 0, 0%

e @:parameters of the backbone network
« @°5: parameters of modeling scenarios
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I Recommendation Scenarios 0\ a Y %|

HUAWEI

»What is Scenario?

* Homepage, Searching page, Detailed page ...
* Food, Leisure and entertainment, ...
e Usually refers to different business scenarios

»Scenario and Domain?
* Generally do not make a distinction
e The same in this tutorial
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I Commonalities and Diversities /0 alf Y 5|

HUAWEI

»Commonalities
* User Overlap

» Commonalities
* |tem Overlap
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I Commonalities and Diversities {05 af W s%|

» Diversities
* The specific user group may be different
e User’s interest changes with the scenarios
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Shared Network

Specific Network
for
Scenario 1

Specific Network
for
Scenario 2

Specific Network
for
Scenario 3

One data sample from scenario 1

73



I Shared-specific Network Paradigm
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S
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Shared Network

Specific Network
for
Scenario 1

Specific Network
for
Scenario 2

Specific Network
for
Scenario 3

One data sample from scenario 2
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I Shared-specific Network Paradigm

/0y «f

S

HUAWEI

|

Shared Network

Specific Network
for
Scenario 1

Specific Network
for
Scenario 2

Specific Network
for
Scenario 3

One data sample from scenario 3
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 sTar /0 al S 55|

» Motivation:
* Training individual models for each domain = does not fully use the data from all
domains
e Data across domains owns commonalities and characteristics

» Target:
* Use a single model to serve multiple
domains simultaneously :
* Shared network 2 commonalities = e o P,
« Specific network = characteristics V |

(@) BirEN

5 RFE wEr

YR AU IRARENERT", 275D

» Methods:
e Partitioned Normalization & o o B A
* STARTo PO lo gy Banner Guess What You Like
e Auxiliary Network

D (M5B UN]) =@F 0B ==PNEIMEAS
Medela swing Bl EA R U525 8 RIGIR BE L RE S

. ] ©r ® = 2

76
One Model to Serve All: Star Topology Adaptive Recommender for Multi-Domain CTR Prediction. CIKM 2021.



| STAR Details /N al S Y

» Partitioned Normalization (PN) » Batch Normalization (BN)
» Training » Training
, z—p Compared to BN Z— |
2 = ———+(B+8 " —
T e T EE—) e
» Testing » Testing

! Z_EP ’ z—F
= —+ + Zz — +
= (08 ) e 4 (545 A+
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| STAR Details /N al % TS|

STAR Topology

The final weight and bias for p-th domain is obtained by:
W, =W, W,b, =b,+b
The output for p-th domain is derived by:
out, = qﬁ((W;)Tinp + b;)

& element-wise product
Domain-specific Domain-specific
. E N
Shared
/ . ®\
om pecifi D

Domain-specific omain-specific
FCN FCN
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» Motivation

 Traffic characteristics of different scenarios are significantly different (individual data
scale or representative topic)

» Target
* Train a unified model to serve all scenarios

79
SAR-Net: A Scenario-Aware Ranking Network for Personalized Fair Recommendation in Hundreds of Travel Scenarios. CIKM 21.



SAR-Net Details o\ ay Y2 S5

Cross-Scenario Behavior Extract Layer

C Bias Adapting Loss >y .
| ¥ N How to aggregate the sequence:

Multi-Scenario Gate Ini

i |
' |
| |
¥ T : IR |
Specific Experts Shared Experts | Bias Net Main Net :
|
Debias Debias Debias Debias Debias Debias FC Layer | P, . .
el |l B e ekl b i — .- - p¥ isitem behavior sequence
+ ’ + I I
vy m V H DEEE ol = . e | ]
' q I I : p:c = Ieitemid||edestinutian”ecategﬂryl| e I
Scenario-Specific Tranform Layer ( Scenario-N transform ) : s |
¢ Scenax:io-Ztmnsfo;n ) I Vb " v . : BS . .
(e Trahm ) e it p” is scenario context sequence
_______________________________ ____v_n-____-_H::ﬁF;MiF;“;&EE&’;iiiiiiiij: P?c = [escenariofdl|escenarioTypE||ebehaufarTime“ T ]
' S S | Activation Weight |
: Fu]ly&unmted : i CXP(‘#(PL: P;))
| ayer | a’k = Bl' ; - .
e o S | SPE exp(y(pi. pi))
| |
: | - s oWy
— : - —— L ' ' k— Ip(B°)| S S5V)
o | I t | )
i il | i T i | 2=, exp(¥(p}.py)
| | ' | LoD B | : o
[ 35 AP S o) o' ml=m wlem | a; and a; indicate the relevance
| e | L“‘@‘;;m;;;;m;;““ between user’s kth behavior item and
bastams 3 & @ Comatenate the target item or target scenario
Cﬁ}iﬁi‘ﬁﬂ User Basic Profiles ~ User Behavior Sequence Scenario Context Features Target Item Features @  Sum Operator
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Cross-Scenario Behavior Extract Layer

How to aggregate the sequence?

( Bias Adapting Loss )
f ittt 1
Scenario 1 Scenario 2 Scenario N Debias Expert Net
Prediction Predietion Prediction
+ Output Value

Multi-Scenario Gate Ini

| |
| |
| |
I |
|
f t | O |
Specific Experts Shared Experts | Bias Net Main Net I
|
|
ias i ias ebias 1 ias FC Layer - |
=% || et | [ 225 s | | o
) A | | ; exp(Y(p}. p}))
| —
’ | a;, = . .
Vp F A\ H  EEm .H H . | : | k ZlP(B‘}Iexp(w(pi pl)) 3
= r
Scenario-Specific Tranform Layer ( Scenario-N transform ) : : =1 X ‘:
’
( Scenario-2 transform ) | Vb . v - - : (IS CXP(U’(P;C:P;))
L _________________ =
( Scenario-1 transform ) k IP(BS) | 5 5 ’
: 2o exp(p}.py))
e e — — A — = — — — 1
| N V, el vcb VS EEEEV;; EE :| Feed-Forward Attention |
t——— P ——— _______I _-r____‘li___: Activation Weight :
Cross-Scenario
ior Extract Terehied | [
Bm?:;er | | Fully Connccted | i _
I Pk (X [ Layer | pk - Ieitemld||edestinutian”eCﬂthﬂryl| e I
a " a} | S © I S |
q | FeedForward |, | e |
E' v Attention - I | |
1 | Feed-Forward | - |
Attention
—— ’ —=— —_———— t
| I I | [ [ Out I
0 = . .
| ™ | | | = | [ | | Product | - 1 5 1
| N | REIBEE I | Vi = ag, * af, * Py,
| | \ | |
O S S T S S Tl A Tl B " m = =m | k=1
| |
| Embedding Layer e ———
@ Element-Wise Product
@) 0
Bias Features L o (D  Concatenate
C%:;—;Il::iifﬂ User Basic Profiles ~ User Behavior Sequence Scenario Context Features Target Itemn Features @ Sum Operator
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Seenario 2
Predietion

Bias Adapting Loss

*

Seenario N
Prediction

Multi-Scenario Gate

r %

|
| |
' |
! I
| i |
I I

| - -

Specific Experts Shared Experts | Bias Net Main Net I
I

|
Debi Debias Debi Debi Debias Debi FC Layer FC Layer I
Ex‘penalilet Expert Net | Expertalilet Exp:n a;et Expert Net Ex‘penalilet : |
| |

» T |
Vp Ll V | B | | | | PN | . | :

|
Scenario-Specific Tranform Layer ( Scenario-N transform ) | L I :
: v, I ' IEE TEE |
( Scenario-2 transform ) L |
Scenario-1 transform T | [—————e
————————————————————————————————————————— e
mm Feed-Forward Attention |
S ! : Activation Weight :
| I
| Fully Connected |
| Layer |
D I S |
| - I
| I
| | | I
| I
L | |
\ | Out |
| g | | Product |
! A |

B
\ " | |
\ I : | ] H HE |
I
| Embedding Layer | ——————————————————
@ Element-Wise Product
O 0 Co
ncatenate
Bias Features . . @
(Faimess Scenario Context Features Target Itemn Features @ Sum Operator

Coefficient) User Basic Profiles  User Behavior Sequence

Scenario-Specific Transform Layer

Vi=v® B+

Mixture of Debias Experts

Multi-expert network. Each
scenario has some scenario-
specific experts and all the
scenarios share several common
experts.
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Multi-Gate Network & Prediction

( Bias Adapting Loss ) _________________
Pre.dll.chon Pred.ll‘chon Pzedl.lenon | Output Value :
| Multi-Scenario Gate l[= : T :
f 3 | A | The output of experts:
Specific Experts Shared Experts | Bias Net Main Net :
|
Debias Debias Debias Debias Debias Debias FC Layer FC Layer T
Expert Net Expert Net | | Expert Net Expert Net Espert Net |~ | Expert Net : : Sk{x) = [Dk,lﬂ Dk,E! ey, ﬂk,mw 051,052, , I'JS’mS-I
| |
Vb 1:' V' '@ rumm qu = . m i I :
Scenario-Specific Tranform Layer ( Scenario-N transform ) : - = :
( Scenario-2 tmnsfol:m ) :_ _ _VE L _V_ __________ : . . .
(T SecesiiorT tmstom ) Final predicted score of scenario k
__________________ Y
;_ mmmm V EE 1 Feed-Forward Attention | .IE\T k k
by ____E___________ .———': Activation Weight : Y ($) = w (‘T)S (TJ)
Ko | |
Layer | Fully Connected |
I 9 : Layer |
| | D :
©® | ' ' k . . .
| - | w™(x) is derived by a single-layer feed-
—_— — ] : |
| .
T e T I t
g | i i | foryvarfj netw?rk with a SoftMax
| o A | activation function
Ik S N S S ll : R = =m :
| e
Biaslgam o0 @ ) @ Concatenate
ey UserBasic Profiles  User Behavior Sequence Scenario Context Features Target Itern Features @  Sum Operator
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 AD /0 al S 55|

» Motivation

» Separate model for each scenario, ignoring the cross-domain overlapping of user groups and
items

* One shared model trained on mix data, model performance may decrease when different
domains conflict

» Target

* Modeling commonalities and diversities = common networks and domain-specific networks

* Tackle the feature-level domain adaptation =2 domain-specific batch normalization, domain
interest adaptation layer

84
Adaptive Domain Interest Network for Multi-domain Recommendation. CIKM 22.
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Backbone Network Shared Network & Domain-Specific Network

( Sampled Softmax Loss )

shared(fdommn) + bshm‘ed

(—Toer Product ) az, = o
s 2t (W harea ) )
. - ) n=1 shm'ed fdomazn + shared
A A EEE Negative Sampling
User Tower D “Domain-Specific Fornar T Netnore D | ' Item Tower D " Domain- Specific Forward Network D | ‘ _ k
| Domci-spectfig Forwnd Meork O 7 Domta-Spactfic Forward Netsrk D} Esharea = ) _ M LPg, . .q(F
,_,Ppm,,qxnuspgc_l_f}«q Forward Network 2 | : : ,-4_99!@.@.§p;e_c_1.f}.c,£9m9r§_uetw9~cls, 2 =
‘Domam-Speahc Forward Network 1| E- ; Domain-Specific Forward Network 1| - k=1
| [ FCCPRelu & BN, 64) | | ! - [ FCCPRelu & BN, 64) | | ! (d) (d) ( (d))
‘ * ; ? Espec MLPspec F
4 - 4
{ Fusion Layer ] [ Fusion Layer ]
L A N n
I I I |
D :r"766«5&71;1"577éfci’f7{c"rvfe¥v§6::f(b""i K T Shared Network K | l D | Domain-S, eciﬁc Network D | K " shared Network K b f : P : :
,,,,, Maeiduin’ solueicoll BEP-- o8 | /" 7 | domain Domain indicator embedding
Domm Specific Network 2 | | ... ! ) Domain-Specific Network 2 | ! — ! . 1

Domain-Specific Network 1 | ‘ Shored Nefmork 1 i

[ FcPRelu & BN, 128) | | | FcPRelu & DSBN, 128) |

[ FC(PRelu & DSBN, 256) | | rrrrrr | [FcRels 8 0SB, 356y | | | F(d) Data from domain d

| FCCPRelu & BN, 256) |

____________________________________ ] ) ]
L 4

Shared Network 1 !
| FC(PRelu & DSBN, 128) | !

Domnm-Spectftc Network 1
| FC(PRelu & BN, 128) |

| FC(PRelu & BN, 256) |

: u ] : : EEEEEER If
[ t J . [ t ] K hyperparameter,
Domain Interest Adaptation Layer i Domain Interest Adaptation Layer
)
| number of Shared Network
| | n =] ] ] =] | | n | | n n . . .
! N ! - O D domains, D Domain-Specific Network
Domain Indicator Domain Features User Features : Domain Indicator Domain Features Item Features
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Backbone Network

( Sampled Softmax Loss )

El
7\

User Tower /D/‘ ' Domain-Specific Forward Network D |
,_lbb?n;éiéiSbﬁeﬁciifilciZééééé}léiﬁééiiééﬁ"2" ‘
‘;Domam-Speahc Forward Network 1| |-----—-'
{ [ FCPRelu & BN, 64) | E !

$
[ Fusion Layer J
D | Domain-Specific Network D |  K_-~—~  Shared Network K |

Domain-Specific Network 2

Shared Network 1

i)omi.n-Specific Network 1
| FC(PRelu & BN, 128) |

| FC(PRelu & BN, 256) |

]
i
]
)
]
)
|
)
|
)
)
)

*__
=1

| FC(PRelu & DSBN, 128) |

| FCCPRelu & DSBN, 256) |

[ Domain Interest Adaptation Layer J

]
Domain Indicator

Domain Features

User Features

Shared Network K

Shared Network 1

Domain Indicator

Domam-Speaﬁc Network 1
| FCCPRelu & BN, 128) |

| FCCPRelu & BN, 256) |

A
|
EEEEEEERESR

| FcPRelu & DSBN, 128) |

| FC(PRelu & DSBN, 256) |

[ Domain Interest Adaptation Layer ]

|
Domain Features

Item Features

Tner Product |
CAEE
- 1 - ... .-. Negative Sumplingr
- Item Tower /D./ | Domain-Specific Forward Network D !
Domam-Spec-r.hc Forward Network 1' -------
| FcCPRelu & BN, 64) | .
T
[ Fusion Layer ]
SO O OO R
D : Domain- Specif‘ic Network D

Fusion Layer

d
( Jgu)swn spec (fdomain ) )
=o(

d
Jgu)swn shared (fdomain) )
(d)
E fusion

spec © ﬁ?

B"
By"

— conca,t( ,Bid) EW |

spec

shared | ﬂéd)Eshafred)

B E

Domain-Specific Forward
Network

E(d) )

USTON

E = FCY

forward
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Domain Adaptation

Domain-Specific Batch Normalization (DSBN)

( Sampled Softmax Loss )

Toner Product )
S mEHm
= m* - ?. ...... Negative Sampling
User Tower /D/‘ ' Domain-Specific Forward Network D | - Item Tower /D_/‘ { Domain-Specific Forward Network D |
{ Domain-Specific Forward Network 2 |  Domain-Specific Forward Network 2 |
Domain-Specific Forward Network 1: | ! Domain-Specific Forward Network 1' '
| FC(PRelu & BN, 64) | E ! | FCCPRelu & BN, 64) | | !
| |
4 A ‘
[ Fusion Layer J [ Fusion Layer ]

D | Domain-Specific Network D | }/ Shared Network K D | Domain- ‘s}é“c“{f‘{c"ﬁe“{viéé&‘b“] /K,_/‘ Shared Net#ork K
" Domain-Specific Network 2 | | — i : , [ Domain-Specific Network 2 | | o '
Domain-Specific Network 1 E E ! E ShanedNetwaric 1 i E Domain-Specific Network 1 E E : i =hored B¢ klj/‘/
[ FcRelua BN, 128 | | FCCPRelu & DSBN, [128) | i [ ReoRelwan, w2 | i FC(PRelu Ellossu, 12,3)

[ FC(PRelu & BN, 256) | ; E | FCCPRelu & DSBN, [256) | [ FccPRelu & BN, 256) | | FCCPRelu & DSBN, '256) | !
} t 4
EE EE AN EEEEEEEESR
4
[ Domain Interest Adaptation Layer ] [ Domain Interest Adaptation Layer ]
| | n =] ] ] =] | | n | | n n
| | n | =] | | =] n n
. n n ™ n n I I I I
Domain Indicator  Domain Features User Features Domain Indicator Domain Features Item Features

. Domain-2 1, 1.
:
' BatchNorm BatchNorm

/:X(d) ()
XY = o K

+ B(d)

V (0(D)2 + €
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Domain Adaptation

Domain Interest Adaptation Layer

( Sampled Softmax Loss )

a(d) = Fse(concat(Faug(F]_(d)) | U
F@ = old g concat(Fl(d) |-

( Inner Product )
CAEE
. :"; - 1 " e m Negative Sampling
User Tower /D/ Domain-Specific Forward Network D | - Item Tower /D_/‘ | Domain-Specific Forward Network D |
{ Domain-Speci fic Forward Network 2 | { Domain-Specific Forward Network 2
Domain-Specific Forward Network 1! — Domain-Specific Forward Network 1| |------*
| FCPRelu & BN, 64) | | ! | FCCPRelu & BN, 64) | | !
| |
4 ' ) ‘
[ Fusion Layer J [ Fusion Layer ]
D r"B&;n&i’n’757;3&&1?{67&&3:};&&3"" V Shared Network K | D rmlidrﬁ&ih_ Specific Network D Shared Network K 1

Domaln Specific Network 2

Domm-Spenftc Network 1

Shared Network 1

Dommn -Specific Network 2

| FC(PRelu & DSBN, 128) |

Domam-Spemf‘tc Network 1 |

Shared Network 1

| FC(PRelu & BN, 128) |

| FC(PRelu & BN, 128) |

. [Fccerelu & psaN, 128) |

| FC(PRelu & BN, 256) |

| FCCPRelu & DSBN, 256) |

[ FCCPRelu & BN, 256) | | -

| FC(PRelu & DSBN, 256) |

b t

[ Domain Interest Adaptation Layer }
A

Domain Indicator Domain Features User Features

EEEEEEERESR
A

[ Domain Interest Adaptation Layer ]

|
Domain Indicator

| . |
Domain Features Item Features

| Fug(FS)))
| FY)

Fi(d)denotes ith feature of embedded
input collected from domain d

F;.denotes a (FC, Relu, FC) block and
F,v4 denotes average pooling operator.
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» Why Dynamic?

A

Backbone Model

Dynamic Weight
Generator

Input Features Scenario Sensitive Features
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> Target
* To mine and model implicit scenarios

> Methods

e Scenario Learning Module to project data samples,
and assign scenarios to these data samples

MUSENET: Multi-Scenario Learning for Repeat-Aware Personalized Recommendation. WSDM 23.

1. Projection

Scenario Learning Module

[ﬂ-l,,:' as; ﬂu]
£

2. Scenario Assignment
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Soft Assignment

A:{Clac%'“acK}

Qs(clz) = By(clz) =

exp(—d(f,(x),c))

Scenario Learning Module

[5"1,_:' az; l'-]'-l:i]

2. Scenario Assignment

] Y

ﬁ Clustering

1. Projection

Hard Assignment
Gumbel-Softmax trick

{a'l,ia A2y eeny a'k,i}

exp((log mx; + gr,i)/T)

— ! e
> exp(—d(f,(x),¢)) ki = g
> w1 exp((log my i + grr i) /T)
i | exp(—d(f.(xi), cx)
ES Repeat Intention Module T — [7a
bl
Final Prediction Layer N ] E L1 e}(p(—d(fw (Xi)’ ck’))
asq
@z %34
22
Q1 @zl,i
Scenario 1 Scenario 2| Scenario 3 Repeat Layer Explore Layer Intenton Layer
Scenario Repeat Repeat Repeat Fc ]
Learning Module Intention Intention Intention [_FC_| (MLP, :
- Module 1 Module 2 Module 3 [ BN | [BN ]
T k T Y ‘IFt B N L
S i)
M
_________ A L/
b, B, ™o Pu Ou
o B | e x,
i L B | i : : i
iy e HiH
| Em 5 am
b N S b ® - Product
Embedding Layer @
- Concatenate
. . o 0 . . BN : Batch Normalization
Target Iltem  History Behaviors User Profile Context
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Given the w, the objective is to minimize the distance
expectation from each data sample to the corresponding

scenario prototypes

i=1 k=1
. . y .
Scenario Learning Module ES Repeat Intention Module
[avi a2 a1;] Final Prediction Layer N z:r*'
asi T
@z %3 L4
23 < N
i, ’ o Ko 2 R1-
Scenario 1 Scenario 2 Scenario 3 Repeat Layer Explore Layer Intenton Layer
Scenario Repeat Repeat Repeat Fc ] —Fc ]
Learning Module Intention Intention Intention Ly
Module 1 Module 2 Module 3 BN e 1|
3 : i
T T Y B N LS £
X ‘ [ BN ]
M i)
R L/
bt B E BEhaE::r Enu' pu 0“
e -
| ‘m 1 | ‘AN
I ; I I I I I I
[ | ‘Am ‘am
L= o o) ® - Product
Embedding Layer @ )
1. Projection - Concatenate

History Behaviors

User Profile

Target ltem

BN : Baich Normalization

Context

Final Prediction

K
Ui = U(Z ak,izk,i)
k=1
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» Motivation
e Lacking of fine-grained and decoupled

information transfer controls among multiple @ P o @ Mo  Pas em
scenarios il Bl — o@D
* Insufficient exploitation of entire space samples S Y
* |tem’s multi-scenario representation = k
disentanglement problem eyl wenas | SISERET
» Methods
e Multi-Layer Scenario Adaptive Transfer (ML-SAT)
module
* Two-stage training process including pre- A:Main Feed  B:Immersive Feed C:Homepage Feed

training and fine-tune
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Pre-training Stage and Fine-Tune Stage

Embedding Layer ( Embedding Layer ]

(a) Pre-Training Stage of SASS (b) Fine-Tune Stage of SASS

exp(sim(e;, el)/7)

Zkzl,k%i exp(sim(ei,er) /)
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Multi-Layer Scenario Adaptive Transfer Module Scenario Modeling
g St i T s 5 [ e mmemmnme] @ = (Wao + ba)
| | Scenario F}J ) Scenario Comtaxt '
r[_'"""'“'""“'"""""'"'"""""""""EZ;E;&JE'E O Uumﬁla. o
ot o2y O U SeemeioSisies | Scenario-adaptive gate unit

i
Scenario 1 E Of,_ :J _, User Behavior Sequences i
i

]
S
Global Shared Network | |

1

T = O'(Wi [gg, 81_1] + Wb,,a)
hy = tanh(W;[r; - g1, 51-1])
2 = o(Wlgi, s1-1] + Wi.a)
si=1—2)-851-1+2-h
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Multi-Layer Scenario Adaptive Transfer Module L. ,
Scenario Bias Fusion

es=a-s7+(l—a)-a

_I_f"m""m""_Ijjnm_"E._)IQEI;;—Q;_.;JE;;;_EM____;_ifnﬁ;;ﬁﬁﬁi 5, (b)Scenario Adaptive Cate Unitin Layer[ |
H i
| | Scenario (0 Scenario Context a:U([’[’O[ST,a])
N ""EZEEEJE-E (O UserProfiles ;
T Scenario? | | (O User-ScenarioStatistics | |

- i
Scenario 1 E O'-r,_:.' : User Behavior Sequences i i
i

'l
o ||
Global Shared Network | ||

i

— ' Embedding Layer ]E

L]

[ O oo __oooooo . oo0__ _Oook| :
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Shared-specific network paradigm
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(@shared @SpecifiC))

Dynamic weight

L(
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Multi-Scenario & Multi-Task
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I Multi-Scenario & Multi-Task Studies {03 any @ |

Data ‘ Scenario ‘

‘Scenario—Z‘

(a) MTR (b) MSR
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» Target
* Develop a unified ranking model for multi-task and multi-scenario problem

» Methods
* Independent/non-shared embeddings for each task and scene, new tasks or
scenes could be added easily
* Asimplified network is chosen beyond the embedding layer, which largely
improves the ranking efficiency for online service.

100
Multi-Task and Multi-Scene Unified Ranking Model for Online Advertising. Big Data 2021.
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Independent embeddings for every “task+scenario”

Aggregation of different components -> shared modeling

Loss function: sum of different tasks, -> performance not be hurt by auxiliary tasks

(E.g. CTR)

News News Search Search
CTR CVR CTR CVR

NM

MTMS Representation Aggregation

?

f

ﬁ

?

#

f

?

?

CTR
User

CTR
ltem

CVR
User

CVR
ltem

CTR
User

CTR
ltem

CVR
User

CVR
ltem

?

?

?

?

T

?

Unified Feature Management

*

News Feed Data

*

Search Engine Data
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» First step: embedding update, no shared information modeling

User Feature Field

(b) MTMS: embedding update

Item Feature Field

CTR

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

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

CTR CTR CVR CVR
User Item User Item
Vector Vector Vector Vector

(c) MTMS: network fine tune
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»Second step: network fine tune. Embedding is fixed. DNN has more fields for inputs

CTCVR

55“'55“' “' “'? lelexoferexofiererclerers)}

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

CTR CTR CVR CVR
User Item User Item
Vector Vector Vector Vector

User Feature Field Item Feature Field

(b) MTMS: embedding update (c) MTMS: network fine tune
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» Target

* Develop a unified framework that could realize both MSL and MTL requirements

> Methods

* Propose AESM?, a flexible hierarchical structure where the multi-task layers are stacked over
the multi-scenario layers
* General expert selection algorithm

CO
— = o'

[ Scenario 1 ]---{ScenarioN] [Scenariol ]---[ScenarioNJ

(a) MSL (b) MTL (¢) Both MSL & MTL

104
Automatic Expert Selection for Multi-Scenario and Multi-Task Search. SIGIR 2022.
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Task-related

=

’—'[ Multi-Task Layer L,
)

= —{ Multi-Task Layer 1

|
-

——

| Multi-Scenario Layer L, }— :

| Multi-Scenario Layer 1 |+— [J

O

O
!

=

Shared Embedding Lookup

7 VN :

L ] |

o

Task Indicator| Input Features

Scenario Indicator

Scenario-related
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Multi-Scenario Layer > Input x, scenario embedding s, Gaussian noise n;, learnable
parameter s;, m scenarios/gates. For every expert:

G = [gla'“ 3gm]
8; = S;[x,s| +n;

G = softmax(G)

» Expert selection » Expert aggregation:
* (k-th expert, j-th scenario)

Esp = TopK (K, -+, hh)
hY = —KL(p;, Glk,:])
Esp = TopK(hd,--- ,hl)
hi = -KL(q;, G[k.,:])
- pj_(e.g., 1,---,0])

q; = [1/m,---,1/m)]

{b) Multi-Scenario Layer

} Specific 8,1k] :{ gilkl, if ke&EpUSEsp

—00, else

} Shared zj = ScenarioLayer(x,s;) = MMoE(x, §;)
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Multi-Task Layer > Input x, scenario embedding s, task embedding t;, Gaussian noise
n;, learnable parameter Ty, the gating scalar gy for k-th task:

gr = Tr[x, s, t ] + ni

z = TaskLayer(zj, ty) = MMoE(z;, 8, )

» Output layer

U = o(MLP(zg))
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Multiple Targets in
Micro-video Business

» Motivation
 The imperfectly double seesaw phenomenon
* More accurate personalization estimates can
alleviate the imperfectly double seesaw problem

> Ta rget i Guess I(“h;u)'oulike-
* Jointly model multi-domain and multi-task Lo ou® =

KUAISHOU
g
s
S
:
¥
g
OVdOVvLl

e an efficient, low-cost deployment and plug-and-
play method that can be injected in any network.

Single Target in
E-commerce Business

5 1
i ] CRRE o= B T
1
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{3 Input [ Output .
Multi-Task | Multi-Domain Y EPNet [T} PPNet Gate N eura | U N |t (Gate N U)
[} GateNU i} Legend
FF w/ BP —_— o [)) (()) ((])
21 = Relu ( zOWO 4 p
FF w/o BP ———-{D———* { : ] | GateNUL | 1 +
Element-wise product @ : l : l
Vect tenate | G- ' | - ' . .
or concaten \ @ : : : : $2 == ")/ S S@.ngZd :L‘(l)w(l) —|_ b(l) ,$2 E [0,’}/]
X ) : [ MNeural Layer 3 ] 1 : [ Neural Layer 3 ] I
| |
! +— | : @ | Gate NU 2
lNrauraI Layer {sigmuid]] : [ Meural Layer 2 J l : [ MNeural Layer 2 l
Gate NU | F I | I |
: @ : | (X 1| Gate NU 1
[ Meural Layer (ralu) ] : [ MNeural Layer 1 ] : : [ MNeural Layer 1 :
| | | I

;

[ Embedding Layer
f T 1 | ro1 I ! i j
Domain-side SF(1) SF@ - SFn) DF{1) DF{@) - DF) User-side Iltem-side Author-side
Feature Sparse Fetures Dense Fetures Feature Feature Feature
EPNet Input General Input PPNet Input
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Multi-Task | Multi-Domain

HUAWEI
T3 mput [T Output
1 enee (73 pene EPNet
[} GateNU [} Legend

E = E(Fs)® E(Fp)

FF w/ BP —_—
FF w/o BP -—--{D- -
Element-wise product ®
Vector concatenate @ (e

Embeddings of sparse

[ Meural Layer 3 ]

features and dense features

lNrauraI Layer {sigmuid]] [ Meural Layer 2 J

Gate NU

B
T

[ Meural Layer 2 ]

&

[ NauralLalﬂ,rer(relu} ] [ MNeural Layer 1 ]

r
W

[ Meural Layer 1 ]

|
!
!
!
|
!
!
!
!
!
!
|
!
!
T
!
!
!
!
-

Gate NU 2 6domaz’n — Uep(E(Fd) D (®(E)))
| CateNU1 Oep - 5doma,in ® E

DMNN Tower T El:l:jZIIIII
——————————————————— D
Embedding Layer
f T 1 | ro1 I ! i 1
Domain-side SF(1) SF@ - SFn) DF(1) DF@) --- DFin) User-side Iltem-side Author-side
Feature Sparse Fetures Dense Fetures Feature Feature Feature
EPNet Input General Input PPNet Input
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|

Multi-Task | Multi-Domain

Qutput
PPMNet

Legend

PPNet

Gate NU 3 l

FF w/ BP —
FF w/o BP ————{D———+ lf
Element-wise product ® :
Vector concatenate @ T e : B
[ Meural Layer 3 ] : [ Meural Layer 3 ]
i {Hr
I
|
I

lNrauraI Layer {sigmuid]] [ Meural Layer 2 J

Gate NU

[ Meural Layer 2 ]

Gate NU 2 l

&

[ Maural Laysr (ralu) ]

r
W

;

[ Embedding Layer
f T 1 | ro1 I ! i j
Domain-side SF(1) SF@ - SFn) DF{1) DF{@) - DF) User-side Iltem-side Author-side
Feature Sparse Fetures Dense Fetures Feature Feature Feature
EPNet Input General Input PPNet Input

Opir'ior — E(’U,f) S E(’I’f) D E(af)
51’:{13?1: — Upp(oprior D (®(06p)))

l
015)2 - 61(2 )sk ® H(l)r

+1 l l l
H = fODWO 40y 1€ {1,...,L}
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> Motivation

e Less attention has been drawn to advertisers
* Major e-commerce platforms provide multiple marketing scenarios.

> Methods

e Meta unit
e Meta attention module
e Meta tower module

Leaving No One Behind: A Multi-Scenario Multi-Task Meta Learning Approach for Advertiser Modeling. WSDM 2022.

> s
Sponsored Search

Live Streaming ads

R = =

Advertisers =
News Feed ads

Display ads

Muitiple Scenarios

Muitipie Tasks

Push Message

K

Give Advice

Plateform Tools

HAIES

= EA—REFPTEE EFEAL

SEINEMN, @

EFRELZI

\ O HEEEM 150 T AT
150... MELEMN. A

FER260T iy, WH2EINFFIN

Example Page
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M2M Overview
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Poisson Based Multi-Task Learning Task 1 Output Task 2 Output

Meta Learning Mechanism

Scenario Attributes

e 2=
|

Meta Tower }

— Meta Unit

Scenario load w,b
Knowledge

Meta Attention [ Meta Attention J

Advertiser Profile /' load w, '\/Ioad w,b \

Backbone Network / / \ \

‘ Expert Vlewl] [ Expert View2 ’ ‘ Expert Viewk ] 5 [Taskl View] [Task2 View]

_____________________________________ T
Dense
Foatures L Transfo:l'.mer Layer j
‘ Shared Bottom Embedding J [ Task Encoding J

Multi-type Behavior&Performance Sequences
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Backbone Network

. — — — — — — — — — — —— — — — — —— — — — — — — — — — —— — — — — ——— — — —_—_—_—_—_—_—_—_—_—_—_—_E—_E—_—_E—_E—_—_E—_E—_E—_EE—E—_E—_EE—_EE—_E—_EE—_EE—_EE—_E—_EE—_EE_EE—_EE—_EE—_EE—_EE—_E—_EE—_EE—_EE—_E—_—_E—_E—_————,

Poisson Based Multi-Task Learning Task 1 Output Task 2 Output Expert View Representation
Meta Learning Mechanism | [ E = furp(F),Vi€ 1,2,..,k
Scenario Attributes )
\ Meta Tower Meta Tower F is the output of transformer layer
Scenario : load w,bh | load w,bﬂ |
Knowledge } *| Meta Unit Task View Representation

[ Meta Attention } [ Meta Attention J

3

T; = farpp(Embedding(t)),Vt € 1,2,..,m

A

load w,b load w,b

Backbone Network

Advertiser Profile

Scenario Knowledge Representation

............................................................... Iz - AN
‘ Expert Viewl ] [ Expert View2 ’ [ Expert Viewk J [Taskl View] [Taskz View] S = fMLP(S, A)
/)" ..................................... ? ........................................ ! 4 'y
Dense
Features L Transfo;mer Layer J
‘ Shared Bottom Embedding J ‘ Task Encoding ’

Multi-type Behavior&Performance Sequences

_____________________________________________________________________________________________
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Meta Unit
_ WK _
houtput - h - M eta(hinput)
(a) Details of Meta Learning Mechanism (b) Meta Unit
Meta Attention Module Meta Tower Module Output

Task View

e,
Expert Views ;L:l,[:ll-‘:’_}

Ly =

Meta Unit

[ |y

N

Meta Unit -

Scenario I

Softmax
Aggregation

Meta Unit

Meta Unit

Knowledge

- Task View for Specific Task k

:l Expert View 1

]

Expert View 2

- Expert View 3

reshape

Weight&Bias

Q
»  FCN
> FCN

| FCN eta | FCNmela | FCN
A

Scenario Knowledge

@ Element Wise Sum

® Activation function



I M2M Details

Meta Attention Module

a;, = vTMeta,t([Ei | T¢])

Meta Tower Module

k
exp(ay,) j - i—1 j—1 .
o = — . R=)Y aF LY = o(Meta V(LYY + LYY vje 1,2, .., L
Zj—l exp(atj) i=1
______________________________________________________________________ A mmm e
(a) Details of Meta Learning Mechanism i (b) Meta Unit
- 1
Meta Attention Module Meta Tower Module : Output
............... I . . |:|
Task View NN SR : Weight&8ias )
Expert Views {[___|j I} .
........ N T | reshape S
‘$:§‘~ Meta Unit - o0 > < é E . con
TN ~
Do R v 89 1 r'y
@FGfJ\‘\\‘\__ __:\_‘3 = : | FCN eta | FCNmela | Fc'}'meﬁ
i
i
Scenario I 1 1 . ] | |
Knowledge . : Scenario Knowledge Input

- Task View for Specific Task k

:l Expert View 1

]

Expert View 2

N expert View 3 @ Element Wise Sum ® Activation function



I Summary
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> Multi-Scenario Recommendation

STAR Multi-Scenario
SAR-Net Multi-Scenario
ADI Multi-Scenario
MUSENET Multi-Scenario
SASS Multi-Scenario
MTMS Multi-Scenario & Multi-Task
PEPNet Multi-Scenario & Multi-Task
M2M Multi-Scenario & Multi-Task

Shared-Specific
Shared-Specific; Experts
Shared-Specific
Dynamic Weight
Dynamic Weight

Two-stage fine-tune
Dynamic Weight

Dynamic Weight; Experts
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I Future Directions
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» Multi-Scenario Recommendation

Challenge & future direction

LLM-based multi-scenario &
multi-task modeling

Robustness

Privacy

Fairness and Bias

Design specific prompts for each scenario or tasks
Take the texts to bridge different scenarios or tasks

Scenarios with different available information (multimodal ...)

Data need to be shared between different scenarios to build a
unified model. Methods to protect user privacy should be
proposed.

The issue of fairness in recommendation scenarios.
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I Joint Modeling in Recommendations '05 a] %

Coffee Break

Huawei Noah’s Ark Lab 1JCAI23 Huawei Noah’s Ark City University of
Lab Chat Group Hong Kong
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E Introduction }

Preliminary } =)
L dy b

Xiangyu Zhao Yichao Wang
4 I
@ Multi-scenario
Multi-task )\, recommendation %
[ Recommendation } - — 7 : —
- MTR+MSR i
Yuhao Wang N J Pengyue Jia
. . 5 Conclusion ol
[ More Joint-learning } : ) | ) B
Methods ‘&2 Future Work

Jingtong Gao Xiangyu Zhao
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HUAWEI

!
EEXt = F(HUB) Multi-Interest
|
y
HYB = G(H,H,, ..., Hy) Multi-Behavior
.
E [ Representation extraction } E E™ = M(Etxt, Ev, . Ep) MUIti'MOdality
DR — IS
i E 9?“0(" i 2] i
i l\___e_____?___@__,: Multi-Interest ) @ i
I o B ® . |
e e |

____________________________________________________________________________
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HUAWEI

: - Multi-modal recommendation - Multi-behavior recommendation
- Multi-interest recommendation - Large language model-based recommendation

e e
el Con [

Multi-modal recommendation Multi-behavior recommendation

e e

A

[ Interest 2 ] [ Interest 3 ] - { RS model ]

Multi-interest recommendation Large language model-based recommendation
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HUAWEI

I Multimodal Recommender Systems (MRS) {Q) any Y %l

» Using various types of information generated by multimedia applications and services to
enhance recommender systems’ performance

»Making use of multimodal features simultaneously, such as image, audio, and text

» Challenge:
e Acquisition of different representations -> Modality Encoder
e Fusion of different modality features -> Feature Interaction
e Acquisition of representations under the data-sparse condition -> Feature Enhancement
 Effectiveness and efficiency improvement -> Model Optimization

Rec

/T\
)

Multi-modal recommendation

124
Multimodal Recommender Systems: A Survey. arXiv preprint 2023.
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» Encoding different multimodal features

»Commonly used:
* Visual: CNN-based, ViT / Transformer-based
e Textual: Word2Vec, CNN-based, RNN-based, Transformer-based
* Others: E.g., converting acoustic and video data into text or visual mformatlon

Modality Category

CNN
Visual Encoder ResNet ! , ,
Transformer = . IR eerees B e

‘ Example:
Word2vec . “ “ Multimodal encoder

RNN Y I 1T B o
- " ‘ : +
Textual Encoder CNN 1 in VLSNR: Clip+ViT

Sentence-transformer o N W o
Bert ‘ o

Other Modality Encoder Published Feature

| MMuItiModal Encoder 125
VLSNR: Vision-Linguistics Coordination Time Sequence-aware News Recommendation. arXiv preprint 2022.
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» Connecting different modalities to enhance the model performance

» Three mainly used types: Bridge, Fusion, and Filtration

» These methods are combined and used together in some research

User 2 Movie2 e e e E m e — - .- - - - —-————————— - - User 2 Movie2
‘<—% : @visual vector @] text vector @] id vector | ‘<—
P ‘ .

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

User 1 Movie 1

% (e]®) Q00O Fused Feature
A
‘ wl 2 ><

Fusion Method
Movie 3 % % Movie 4 {@@ OO‘O OJ Movie 3 % % Movie 4

00| (OO OO [CO) (e]le]eo)e) [OOIO O] [OOOQO| uUnimodal Feature 00| [OO] OO (OO

(a) Bridge (b) Fusion (c) Filtration
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I Feature Interaction: Bridge
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HUAWEI
»The construction of a multimodal information transfer channel
» Capturing the inter-relationship between users and items
»Form: User-item Graph, Item-item Graph, Knowledge Graph
(( ;)-S;:or-ts-ﬂ;e:e;o-od-ie:- B \|
User 2 Movie2 y (b) Casual summer T-shirt... : m @
I (c) Loose-fit summer shorts... | Ve
‘<— ' (d) Shirt for business, | = ﬁk
—.D | wedding. .. : ) m
' (e) Summer casual tank top... | g
User1 Movie 1 (ﬂ _B_us_mfsi p_ m_lts_ _____ /! ; ﬂ_, B
- % - Textual features "E"' Textual structure A"
R S . _|&
i2 ’ \‘—' E‘
AR @ Nk & @
AN I | B a&/
I I 8
Movie 3 % % Movie 4 : () (b) (c) ! 5 m
¥ e NE
100 (OO OO (OO AR LB —
I I
\ (d) (e) 6
e o e o S A SOr Visual structure A"
(a) Bridge Visual features
Example: item-item graph in MICRO
127

Latent structure mining with contrastive modality fusion for multimedia recommendation. TKDE 2022.
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» Aiming at combining various preferences in modalities
»Concerning more about the multimodal intrarelationships of items
» The attention mechanism is the most widely used feature fusion method
| updated item representation |
T TTTTTTTTTm T T T m T Y ( Concat&Linear |
: @]visual vector @]text vector @] id vector , |
Tt ' [ Multi-head Self h
Hattenti?ﬁ layer i
quo Fused Feature ( Linear l]][ Linear ]]][ Linear
o ] [o]
Fusion Method A
@@ O000 representation
T I T re;rlég%gtear{}on
[OOOO] [OOOO] [OOOO] Unimodal Feature \ Fusion func.
(b) Fusion id|fi]|fa]|b
Example: Noninvasive feature fusion in NOVA
128

Noninvasive self-attention for side information fusion in sequential recommendation. AAAI 2021.
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I Feature Interaction: Filtration /0 alf Y 5|

» Aiming at filtering out noisy data (data that is unrelated to user preferences)

» This step could be done for modality features, or the feature interactions

| r— N
OO.User2 Movie2 ole) | I 8. | e
O e 00 | A L Bl |
; ‘ % : - e M\:::l'ilty : il b ';:E : IEL_ v"‘.T‘:l: [E%/;#' g.' |
| s | Gl st & S
) 100 w — | ’;{ Ll ey || 7
Vision : [:i.?] == i3 : \‘_P_OSII_ ﬁtn_holLi_—)
User 1 Movie 1 \ | = E====== N
00 = A oAy ) B
| = e | 3 ."' 13 et
. 5 (It A= Ll e L 8
/' | e |m’// @ & Fh %: QQL E?/ ; 3
>‘< — — | @ = Lol = - | ¥l
¢ .'llz,] e i3 i Iat‘ I | Collaborative Signal ! -
1= | | \_ Eucionloyer
Movie 3 | | Movie 4 Text ! | N
40 _ ] : L) 5 |
Text om - —
— odisy | ' B oy | ==
00 (00 [©0) OO E S| A b, ]|, =R
| lej /i (= 5] | lcxr.}; ‘ ‘l] |»//,_. y g
i2 O || @& o X 7 AR / =
[ (m i3 | 0 -3 l
R =t
|

(c) Filtration

Example: interaction denoising with an active

attention mechanism in PMGCRN
Preference-corrected multimodal graph convolutional recommendation network. Applied Intelligence 2023.
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» Different modalities of the same object have unique and common semantic information

»The recommendation performance and generalization of MRS can be significantly improved if
the unigue and common characteristics can be distinguished

»Methods: Disentangled Representation Learning, Contrastive Learning
O

. O O
Visual Feature o fo ®
OOO0 O . O
OF ”
4 Q> Positive Contrastive

OO OJ] -~ B0 - O Loss ]
Text Feature O
0000 fo @
O
QO QOO e OOOO e Negative y,

(a) Disentangled Representation Learning (b) Contrastive Learning
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» MDR: multimodal disentangled recommendation

-> fuse representations that have the similar meaning

. common attributes: @ € .
Image EnCOd'ng image attributes: Y Image DGCOdII’Ig
fi text attributes: A

Classifier 1 o image disentangled visual related attributes

. representation s;
Classifier N / . o Image Reconstructed
$ IrJ : O " * Decoder image x|
Image !
h [5) * .
]/ v | : * “
* .
<

image X;

- %D 0
¢

multimodal disentangled;

A representation 1 i

~ sentence entangled 00— @ *
Embedding ¢;

i Pink shirt with good :
H -*
: price, which feels soft :

sentence;

IText Decoding

[ eeommeed ]

Example MDR for multimodal dlsentangled recommendation

word embedding

Text Encoding

131
Multimodal disentangled representation for recommendation. ICME 2021.
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»GHMFC: contrastive learning modules with two loss functions (text2image and image2text)

-> Learning similar semantic knowledge

/ Text-vision contrastive loss \

A black panther is
' a colour variant of

any Panthera

Black panther is a

fictional superhero

\ Vision-text contrastive loss /

Example: Contrastive loss of GHMFC

Multimodal entity linking with gated hierarchical fusion and contrastive training. SIGIR 2022.
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HUAWEI

»The computational requirements are greatly increased with multimodal information

»Training strategies: End-to-end training (with pre-trained encoder), Two-step training

Preglict LOSS ==w=wieaxsia Predict Loss ~~~=====~=
Recommendation|g ...  |Recommendation|e ____:
Model Model
OQO| OO OO] [OO] —>Pretrain Loss

Modality \_ Modality
Encoder Encoder

(a) End-to-end Training (b) Two-step Training
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I Multi-Behavior Modeling /o af 5|

»Understanding behavior patterns and behavior correlations at a fine-grained granularity

» Explicitly considering the different behavior types as they convey subtle differences in user
interest modeling

Rec

/T\
B o [

Multi-behavior recommendation

135
A Survey on User Behavior Modeling in Recommender Systems. arxiv preprint 2023.
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» An open guestion

»Roughly three categories:
= Macro behaviors: interaction with different items
E.g. user 1 interact with item 1, then item 22, then item 81.
= Micro behaviors: actions taken on this item
E.g. click, add to cart,...
= Behaviors from different domains or scenarios
E.g. Same behavior in two domains => different behaviors (highlight the distinctions)

———————————————————————————————

| . . !
I |
. Multiplex Behaviors . [ Browse
I
: &} H . (@ Tag-as-favorite
. AN (N ;
: 7 ' Y2 Add-to-cart
. - ¢ |
: J | ' Purchase
I v p m /"b e :
' s == !
I = |
A Survey on User Behavior Modeling in Recommender Systems. arxiv preprint 2023. 136

Graph Meta Network for Multi-Behavior Recommendation. SIGIR 2021.
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» Macro behaviors:

Macro ] : : S
Interactions iPhone 7 - iPhone 6 — iPhone 7 Case  fui- E::';;g

> Micro behaviors:

O o W/ QA (B0 .
Micro AN /"n {}%{} G5 \/\% {}%ﬁ \j ]_'j;if_(] R M,D,‘,
Behaviors | | | | | | | | J’

=N\
—
o

» Behaviors from different domains or scenarios
E.g. Same behavior in two domains => different behaviors (highlight the distinctions)

clicked products

sers’ search behaviors ——__

i i queries spontaneously searched by the user
Muti-scenario

Intent Recommendation

spontaneous —
search - @en"mo 9

user’s sequential behaviors

P q1 2] g2 g3 '

q4  P3 ... gt | gt41

queries recommended in scenario 1

queries recommended in scenario 2
— B - - - .-

-~ (_scenario n ) sampled negative queries in pre-training
S ~

_/

negative queries in the Intent Recommender System

X9 406

Micro behaviors: A new perspective in e-commerce recommender systems. WSDM 2018. 137
Self-Supervised Learning on Users' Spontaneous Behaviors for Multi-Scenario Ranking in E-commerce. CIKM 2021.



Multi-Behavior Fusion

|

» Modeling the complicated cross-scenario behavior dependencies

Self-supervised learning based Pre-training

Prediction Layer

Fine-tuning

Prediction Layer

Deep Multifaceted In itialize __ Deep Multifaceted
Transformers Layer Transformers Layer
Embedding Layer Inltlallze Embedding Layer
. share
user sequence of  sequence of target user sequence of sequence of target dense scenario
profile  queries  clicked products query . profile queries clicked products query features features

1 |

/uscrs' :-i}‘)('l]l[nllCUllS\ :

\ behavior || pre-trained
ehaviors

\\_‘ / model

: // “users’ implicit feedback
: in Multi-Scenario
\ Rccommcndcr Syqtcm /

model for model for model for
scenario 1 scenario 2 i

Zoo of ranking modEls for mUltiple Scenarios (ZEUS)

Example: pre-training and fine-tuning of ZEUS

Self-Supervised Learning on Users' Spontaneous Behaviors for Multi-Scenario Ranking in E-commerce. CIKM 2021.
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I Multi-Behavior Fusion /0 aff 5|

»Modeling the complicated cross-type behavior dependencies

N S [

|Mult| Behaworlnteractmns' Multi-Behavior Pattern Encoding : l Meta Graph Neural Network ' Meta-Knowledge Transfer Networks
ﬂ Source Behavior arget Behavior

| IEIE@I ﬂ?@lﬂmu =0 gm0 @)

|l
l | Behawor Embeddmg Item Global Embedding | |

! ¢ 3 L [ 1 ow Iég
| [=|||:|| ] & | | Act. 3’1{2 -y I | J' ) ]

Il e R

Concatcnatmn

| g T.

| A [ | Linear Neighbor I | | _______________________ -~

i ~ — | lTransform W Embedding o | | et 1+] | g/[eta Knowledge: [' @ E |

! ehavior e re—ir—| N = L A LT 2l

|Mu|ti.Tvped Gra phs E | | V! k= =W. HI’ k +V Hl k= E.‘;“E Il Z EJF’\”NRHNH | Embeddlngs d-l @ E‘J . i rk‘ .

! | JENE L. s _I |P1—W1 ij +P =) [ m
Pagn: View : I_ ................................. B o

| | Low-Rank Decomposition Embedding Contextuallzat1$n| Type-Wise Correlation Learning | | b, = Wzrk +by

S 1| =B | xﬂ-!E@’EncﬂEr'm—% +p3—-"xz?
Add—to-Cart! | V2 :w2Hik+v2 . W g e .

1
Purchase | | V;k:w Hik"'v

Example: MB-GMN
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Multi-behavior sequential transformer recommender. SIGIR 2022.
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Multi-interest recommendation
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HUAWEI

» Information cocoon: When a user clicks and buys an item, the platform will only recommend
items that are very similar

» Multi-Interest Recommendation: Improving the diversity and discovery of recommendations
to better meet user interests

Rec

[ Interest 1 ] [ Interest 2 J [ Interest 3 ]

Multi-interest recommendation

141



§ MIND

S

HUAWEI

/o ol $% 5 |

» Mining interests: Interest Capsules (clustering)

» for item i and interest j:

Serving _ . Training ;
| Top N Recall ‘ ' Sampled Softmax Loss |
1 t f Z
’Chem ID Embedding A Label-aware Attention R
Vector Index v a
T ! ) P,
fan !
T l Multi-Interest Extractor Layer | —
EY N BT E | Embed Features [ _1‘.
é | Poollng Layer | | Poollng Layer | | Poollng Layer | | Poolung Layer |
‘mZE 0 EEL ey iEEY TEmO
e-'! ell s mh sll e .|I :
ull mm 1IN e mm
EEE SRS BRI BN RS
| Embedding Layer
coe oo oo solb VI eel
Other Features Item 1 Item 2 ltem N Label

Multi-interest network with dynamic routing for recommendation at Tmall. CIKM 2019.
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» Mining interests: Interest Capsules (clustering)

»Balancing the accuracy and diversity of the recommendation

. + .. . .
Serving 1 ation LT Each interest embedding can
Module [ sampled Softmax Loss | independently retrieve top-N

{ items based on the inner
nelgf;bors Eﬁj, production proximity.

| —— Select Total N*Interest candidates

Algorithm 2: Greedy Inference

Extraction
L= " T~ ~ Input: Candidate item set M, number of output items N
{ Output: Output item set S
~ 18=092

2 foriter=1,--- ,N do
Ty bl CrErJ] e Lj=argmaxjeM\S(f(u,i)+,12kesg(f,k))

S =8V {j}
Embedding Layer j 5 return S

o 0 O O O 0 O O

User Behavior Sequence (Iltem IDs)

1

143
Controllable multi-interest framework for recommendation. KDD 2020.
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»Sparse interests: activating different concepts for different input

» Making prediction based on the user intention and activated concepts

Output embedding

Sparse-interest module Interest aggregation module
A
. ' N I
! i & e e e e e e e e —m = =
7 | Bh(x*) v r i
. ! | Item
: ! ! O :
: p v i
! i & I @ Conceptual prototype :
1 1 =
! = ; ; o
: , 5 Intention ! [:] Interest embedding |
m selector : !
a | L
% I [:J Predicted intention :
= |
1
I [ ]
i |

i

(@A DB AW(N()
»| uoneAdY 1dasuo)

L1

Intention
— © © © © © prediction

Concept pool T

144
Sparse-interest network for sequential recommendation. WSDM 2021.
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Large language model-based recommendation
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HUAWEI

» Large language model-based recommendation

»Two methods:
* Fine-tuning
e LLM as a submodule

Rec

T ) | =0

Large language model-based recommendation
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»P5: a unified recommendation model with pre-trained LLM model T5

‘ <t1> ‘ ‘ <t2>| ‘ <t3> ‘ ‘<t4>‘ ‘<t5> H <t6> ‘ |<t7>‘ ‘ <t8> | | <t9>| |<t16>‘ ‘<t11>‘ ‘<t12>‘ ‘<t13>‘ ‘<t14>‘ ‘<t15>‘ ‘<t16>‘

L I R T e T N A e
Bidirectional Text Encoder
I R I e I e D I e e e
Token Emb. ‘whut ‘ | star‘ lrating” do ‘ ‘ you chink‘ |user‘ | _ | ‘ 23 | | will | ‘giue‘ ‘item| ‘ _ l | 73 ‘ ‘ 91 ‘ ‘ ? ‘

+ + + + + + + + + + -

+

+

+

+

+

Position Emb. | <p1> | | <p2> | | <p3> | <p4>||<p5> || <p6> | <p7>| | <p8> | | <p9> | | <p10> | |<p11>| |<p12>| |<p13> |<p14> |<p15>| |<p16>|

+ + + + + + + + + + +

+

+

+

+

+

Whole-word Emb.| <wl> | | <w2>| | <w3> | |<w4>| |<w5> || <wé> | | <w7> | | <w8> | | <w9> ] |

<wlO>

| | <wlil> |

»

Recommendation as language processing (rlp): A unified pretrain, personalized prompt & predict paradigm (p5). RecSys 2022.
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»P5: a unified recommendation model with pre-trained LLM model T5

» Fine-tuning with five commonly used tasks

Sequential Recommendation

1 find the purchase history list of user 15466:

4110 -> 4467 -> 4468 -> 4472

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

Rating Prediction

[W’hat star rating do you think user 23 will give item_7391? m

Explanation Generation
Help Hong "Old boy" generate a 5-star explanation about this produet: 1 . ryoucanprotectyourpmsciuus
OtterBox Defender Case for iPhone 3G, 3GS (Black) [Retail Packaging] J - P5 Liphonemoresaﬁe
Review Summarization
-
Give a short sentence deseribing the following produet review from
Mom of 3 yo girl: ) )
First it came with the packaging open and then as soon as my son broke immediately
took it out it was so easily broken. Hopefully a little glue will fix it.
J

Direct Recommendation

-
Pick the most suitable item from the following list and recommend
to user 250 : \n 4915, 1823 , 3112, 3821, 3773, 520, 7384 ,
7469 ,9318 , 3876 , 1143 , 789, 595, 3824 , 3587, 10396 , 2766 , 520
7498 , 2490, 3232, 9711, 2975, 1427 , 9923, 3097 , 3594,

6469 , 9460 , 6956 , 9154

Multi-task Pretraining with Personalized Prompt Collection

Zero-shot Generalization to New Product & Personalized Prompt

Predict user_14456 's preference about the new product
( 1 being lowest and 5 being highest ) : \n title : Hugg-A-Moon
“\n price : 13.22 \n brand : Hugg-A-Planet

148
Recommendation as language processing (rlp): A unified pretrain, personalized prompt & predict paradigm (p5). RecSys 2022.
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» KAR: using LLM as a submodule to obtain more general knowledge

»Knowledge Encoder: NLP-based encoder. E.g. BERT

: Scenario-specific Factors
i Preference Reasoning Prompt

Genre
) Director Given a female user whp 13_ag?d
Movie ] 25-34..., the user’s movie viewing
Time history over time is: Squid Game,
3 stars... Analyze the user's
+ preferences on movies, consider
factors like genre, director...
Prompt
Generator
Item Factual Prompt

[

Introduce the movie ‘Dune’ and
describe jts attributes, including
but not limited to genre, director...

225

LLMs

Reasoning Knowledge

It seems that she is
interested in...

Reasoning
Representation

| (Gating

Factual Knowledge

Dune' is a sci-fi movie
that...

Metwark

Preference Experts

_ | Knowledge
"| Encoder D D
Shared Experts
Item Experts
- Gating
Factual Bl
Representation

Knowledge Adaptation

Reasoning

Vector

Hybrid-expert
Adaptor

Augmented Vector

Fact Augmented

[ Knowledge Utilization '

User, item, context
features

Towards Open-World Recommendation with Knowledge Augmentation from Large Language Models. arxiv 2023.
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» More extensive joint modeling (Multi Behavior/Interest/Modal, LLM)
* Fusing heterogeneous information from different data modalities

* Acquiring multi-aspect user preferences from different type of behaviors or interests

* Introducing open-world knowledge from large language models

MB-GMN Multi-Behavior VLSNR Multi-Modal
RIB Multi-Behavior MICRO Multi-Modal
ZEUS Multi-Behavior NOVA Multi-Modal
MIND Multi-Interest PMGCRN Multi-Modal
ComiRec Multi-Interest MDR Multi-Modal
SINE Multi-Interest GHMFC Multi-Modal
P5 LLM-Based

KAR LLM-Based
150
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» More extensive joint modeling

 Joint modeling with all the above methods

* A more comprehensive approach to realize joint modeling with LLM

151
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» Utilizing diverse user feedback signals from different tasks

Multi-Scenario Multi-Task
| N N N @ - Y i
» Extracting commonalities and diversities of user vs’ﬁc ®g©
preferences from different scenarios ( raa o i) )

ask/scenario a aption

» Fusing heterogeneous information from different data *
modalities 5 '
i{ [ Representation extraction ] E
» Acquiring multi-aspect user preferences from different ,ﬁ .......... | ﬁ ..... \
type of behaviors or interests B B imteres | B @
I - B @
T Y e b
. RS> RO & '
> Introducing open-world knowledge from large language ‘... ' Multi-Behavior Multi-Modality '

_____________________________________________________________

models

153



I Summary /0 oty e Z5 |

» Multi-Task Recommendation

* Task relation:
Parallel, Cascaded, Auxiliary with Main

 Methodology:
Parameter Sharing, Optimization, Training Mechanism

Scenario

Multi-task

154
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» Multi-Scenario Recommendation

* From the perspective of methods, there are mainly two categories: shared-specific
network paradigm, and dynamic weight paradigm.

e Overall, most the work focuses on using one unified model serving multiple
scenarios and multiple tasks simultaneously based on knowledge transfer between

scenarios or tasks.

Task

[ Scenario-1 ] ‘ Scenario-2 [ Scenario-S ]

Multi-scenario
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» More extensive joint modeling (Multi Behavior/Interest/Modal)

* Multi Behavior/Interest/Modal modeling are joint learning methods focusing on
fine-grained modeling of different user/model’s aspects

* LLM, as a new effective method for recommendation, could further be combined
with recommendation models to jointly learn more universal knowledge to
obtain a better performance

Rec Rec

[ Browse ] ‘ Click ’ [ Purchase J [Interaction] ‘ Image ’ [ Text ]

Multi-behavior Multi-modal

Rec Rec
[ Interest 1 ] Interest 2 ’ [ Interest 3 J LLM [

Multi-interest LLM for Rec

RS model
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I Future Directions 0\ oy ;%|

» Multi-Task Recommendation
* Negative transfer
» Task-specific biases

> Multi-Scenario Recommendation
e Robustness
* Privacy

» More extensive joint modeling
* A more comprehensive approach to realize joint modeling with LLM

» Ecosystem
* Joint modeling with all the above methods

* More convenient for other researchers to contribute to this field
157
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Multi-Task Deep Recommendation Systems:
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