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Outline of Tutorial

* Introduction

* Multimodal Pre-training for Recommendation

* Multimodal generation for personalization

* Practices and Open Challenges in Multimodal Recommendation



Motivation of tutorial

* Classic recommendation models are trained by ID feature, categorical
features, which are good at modeling the collaborative signals, but they
always overlook the raw contents across multiple modalities such as text,
image, audio and video.

* The recent advancement in pre-trained and generation multimodal models,
like LLM, CLIP, ChatGPT, DALL.E, offer new opportunities in understanding
item and user, and developing better recommender systems.

* We would like to share our research, survey and industrial practices in
multimodal recommendations and propose challenging questions:
* How to enhance recommendation with multimodal pre-training technologies?
* How to align and fuse the user preference modality to other content modality?
* How to generate the personalized content for each individual user?
* How to apply the multimodal technologies in recommender system?



Main content and speakers

* Introduction and challenges in industrial recommender systems
By Dr. Zhenhua Dong (30 mins)

* Multimodal Pre-training and its applications in recommendation _ ﬁr .:
by Dr. Jieming Zhu (45mins) AN B

* Multimodal generation for personalization by Prof. Rui Zhang
(45mins)

* Practices about multimodal recommendation in products by Dr. @
Chuhan Wu (45mins) £




Targeted audiences

e Researchers and practitioners in multimodal learning: the tutorial

offers the insights into how to integrate multimodal technologies into
recommender system, like practices and challenges.

e Researchers and practitioners in recommender system: the tutorial
introduces the knowledge about the recent and prospective progress

in multimodality and generation technologies, and how to apply them
to enhance the recommendation.



About us

 Huawei’s vision: bring digital to every person, home and organization for a fully connected,
intelligent world.

 Huawei Noah’s ark lab: Building an intelligent world

» 7 labs: Computer vision, decision making & reasoning, Al theory, speech and language
processing, recommendation & search, Al system, Al application

* World wide labs: China, Singapore, U.K., France, Canada, Russia

* Recommendation & search research lab: gets the right information to the right people
* Academic research and industrial practice are two wheels of horse drawn carriage[1]
* Collaboration with product team: advanced Al for products, practical scenario for RQs
* Collaboration with academia: learn from the best

[1] A Brief History of Recommender Systems, Zhenhua Dong et. al.



1. Industry practices

* Various recommendation scenarios, serving hundreds of millions of users in each day

Product

Scenario

App gallery

App and game recommendation & search

Instant service

Service recommendation

Ads. Platform

CTR/CVR prediction

Browser News recommendation, search ads.

Music Songs recommendation & search

Education Lessons and learning method recommendation
Theme Theme recommendation and search

GTS Cases recommendation and search

Internal IT/HR system

Document and staff recommendation and search

2. Impactful researc

« Recommendation model structure: DeepFM, PNN, AutoML4RecSys

N (10000+ citations):

N\
HUAWEI

e Causal Recommendation: Counterfactual/intervention recommendations, de-bias
* LLM4Rec: NOVA-BERT, LLMA4CTR, Survey
* Benchmark: FuxiCTR, BARS, SimpleX, REASONER



Based on the great
missions, opportunities for
practices and our research
experiences, we summarize
10 challenges of industrial
recommender system.

/Methods \

4. Models reusing
5. Large language model enhancement
6. Multiple modalities

7. Simulations
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1. Missing information

* Research question (RQ): How to handle the missing information in
recommender system?
* Missing features (column data)

* RecSys may miss some information such as item’s popularity, user’s thought about the item.
* RecSys may don’t know the causal features: user watched a movie for her friend’s suggestion.

* Missing samples (raw data)
* RecSys exposes only a few items of all items in one interaction.
* RecSys can’t collect a user’s behaviors on the items in other systems.

 Solutions:
* Counterfactual learning [1].

* Predict the missing features.
* What else?

[1] Counterfactual learning for recommender system, RecSys20, Zhenhua Dong et. al.



2. Individual treatment effect

* RQ: How to find the causal attributes of a user’s decision (e.g. click,
rate) or preference?

e Causal attributes:

* Example: both user A and B rate one movie C 5 star, A likes C for director, B
likes C for cast. The same attribute or treatment (director/cast) may have
different effects on user’s decision, so it is individual treatment effect (ITE).

* Accurate causal attribute can help in user profiling, explanation, accuracy.

* Solution:
e Conditional counterfactual causal effect[1].
* More novel methods for computing ITE under more generalized assumptions.

[1] Conditional counterfactual causal effect for individual attribution, UAI23, Ruigi Zhao et. al.



3. Biases

* RQ: How to mitigate the biases in recommender systems?

* There are so many biases [1] in recommender systems due to missing
information, confounders and closed feedback loop.

e Solution:

e Causal analysis: potential outcome model [2], structural causal model
* Inverse propensity score, direct methods, doubly robust methods

* More research opportunities:
* How to handle new biases such as duration bias, trust bias, confounder bias?
* How to collect unbiased data?
* How to train an unbiased model?
* How to evaluate the biases?

[1] Workshop keynote -- How to De-Bias for Industrial Recommender System? A causal Perspective, SIGIR21, Zhenhua Dong
[2] On the Opportunity of Causal Learning in Recommendation Systems: Foundation, Estimation, Prediction and Challenges,
lJCAI22, Peng Wu et. al.



4. Model reusing

* RQ: How to reuse the historical models efficiently?

* The industrial recommendation models should be updated with recent
data for better performance, but the historical models are always

underutilized.

* Solutions:
* Online learning, ensemble learning.
 Model inversed data synthesis framework [1].

* More research opportunities:
 Machine unlearning, learnware, etc.

Model inversed data synthesis framework and its applications
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Pretrained model (fixed)
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e Can we train large recommendation model like large language model?

[1] Data-free Knowledge Distillation for Reusing Recommendation Models , RecSys23, Cheng Wang et. al.
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5. Large language model enhanced recommendation

* RQ: ChatGPT has demonstrated great capabilities of LLMs, how to
improve recommendation with large language models?

* Solutions[1]:
 Where: feature, embedding, prediction, controller E - : (“]{
« How: fine tune, collaboration with classic models — Ao s l

* Let us embrace LLM: (ot et )

“It does not matter if you love it or not

It is standing right there

With no emotion

Not going to change” By Sangs-Rgyas Rgya Mtsho

[1] How Can Recommender Systems Benefit from Large Language Models: A Survey, Jianghao Lin et. al.



6. Multiple modalities

 RQ: How to align the user preference modality to content modality?

* Classic recommendation train models with preference modality data like user
behavior, which is good at modeling the collaborative signals.

* Content modalities like text, image and video are good at content semantic
understanding.

* There is huge gap between preference modality and content modalities leads
to minor improvement in recommendation.

e Solution:

* Deeply understanding about the different modalities and their relation to
user’s preferences and decisions.

 Recommendation focused multi-modal pre-trained model that bridges the gap.



7. Simulation

* RQ: How to model user preference with simulation?

* User modeling is a classical research topic
« ACM UMAP is 31 years old, many research topics have been studied.
* User modeling is still hard since people and context are complex, e.g. in some ads.

scenarios, the CTR is less than 1%.
 Solution: RecAgent [1]: digital twin
of recommender system, simulate
user behaviors, and align with real
human understanding.

* More opportunities:

| RECOMMENDER |

’= —l Search Items l S G llnteract with the ItemsH Logout |
- Browsing h Return Results
——l Receive Recommendations Next page

= Chatting | ¢ | Chatting USER | &b oy
» A ' & o uu User Module |
@[ user | [ user | [ User | Recommagder: |
» Broadcasting [~ SOCIAL MEDIA |k T I s
J I Receive Messages l_l Social Media

* How to simulate more users and more behaviors efficient and accurately?

e How to evaluate the simulation ?

[1] RecAgent: A Novel Simulation Paradigm for Recommender Systems, Lei Wang et. al.



8. Lifetime value modeling

 RQ: How to predict users’ long term satisfaction?

* Most recommendation studies focus on optimizing short term
objectives like click, rating, dwell time, which can not align the goal to
improve user’s long term satisfaction like deep conversion task.

e Solution: in the tutorial[1], we introduce the definitions and scenarios
of LTV, some typical LTV prediction technique, and products practices.

* There are still many hard problems:

* Delayed and sparse feedback.
* Cold start, offline evaluation, multi-task optimizations.

[1] Tutorial -- Customer Lifetime Value Prediction: Towards the Paradigm Shift of Recommender System Objectives, RecSys23,
Chuhan Wu et. al.



9. Trustworthy

* RQ: How to build trustworthy recommender systems?

* We consider 8 perspectives such as accountability, security, fairness [1],
privacy, robustness, transparency, assisting or serving people, and long term
enhancement of the happiness of human, society and environment.

* Most current recommender system focus on the accuracy such as AUC,
Logloss, CTR, which is not enough to be a trustworthy recommender system.

* We hope more scholars can help industry to define and build trustworthy
and social good recommender systems from wider perspectives such as
society, economy, user-centric, ecological systems and natural environments.

[1] Workshop keynote --Two perspectives about biases in recommender system: OoD and unfairness, ICDM2023, Zhenhua
Dong



10. Win-win ecosystem

* RQ: How to satisfy multi-stakeholders in dialog based IR or RecSys?

* Mainly 4 kinds stakeholders: user, content provider(CP), information
system and advertisers.

Dialog based IR or RecSys can directly providing answer or satisfying
users’ request. However, there are key challenges for each stakeholder:
* Content provider: How to protect their intellectual property and benefits?
* Advertisers: How to appropriately expose the Ads. during the dialog?
* Users: How to ensure the generated information is objective and accountable?

* Information system: How to design win-win interactions and mechanisms for
long-term benefits?



Based on the great
missions, opportunities for
practices and our research
experiences, we summarize
10 challenges of industrial
recommender system.

Methods N
4. Models reusing
5. Large language model enhancement

6. Multiple modalities (Web2024)

7. Simulations
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change world together!
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Multimodal models are reshaping the world
with understanding, creation, and interaction capabilities



Multimodal Understanding

Image captioning Visual question answering

GPT-4 visual input example, Extreme Ironing:

User What is unusual about this image?
Input Image
Human Describe this image as detailed as possible.
BLIP-2 A city street with many people walking and riding motorcycles.

MiniGPT-4 The image shows a busy city street with a clock tower in the
background. The street is lined with shops and restaurants on
both sides. There are several motorcycles parked on the side
of the road, and people are walking down the street. The clock
tower has a large clock face with Roman numerals and a small
spire on top. The buildings on either side of the street have
ornate facades and balconies. The street is paved with GPT-4 The unusual thing about this image is that a man is ironing clothes on an ironing
cobblestones and there are streetlights on either side of the board attached to the roof of a moving taxi.

Source: https://www.barnorama.com/wp-content/uploads/2016/12/03-Confusing-Pictures. jpg

road. The sky is clear and blue, and there are a few clouds in
the distance.

Fig. from: OpenAl et al., GPT-4 Technical Report, 2023

Fig. from: Zhu et al., MiniGPT-4..., 2023



Cross-Modal Retrieval

Text-to-image retrieval Image-to-audio retrieval
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Fig. from: Radford et al., Learning Transferable Visual Models From Natural Distance: 1.138 Distance: 1.155

Language Supervision, 2021
Fig. from: Girdhar et al., ImageBind: One Embedding Space To Bind
Them All, 2023



Multimodal Generation

Text-to-image generation Text-to-video generation

Prompt: A stylish woman walks down a Tokyo street filled with warm glowing neon and
animated city signage. She wears a black leather jacket, a long red dress,...

i ERET]
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y/ i x|
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Text-to-Image

/ p
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Fig. from: Stable Diffusion 2. https://github.com/Stability- Fig. from: https://openai.com/index/video-generation-models-as-world-
Al/stablediffusion simulators/



More and More Applications...

Q-

Q-

Understanding

(-  Visually Rich Document

Understanding

Multimodal Abstractive

Summarization

Audo Visual Speech

Recognition

O— Speech Separation and

Enhancment

Classification

Sentiment
Analysis

Event Detection
Propaganda Detection

Fake News Detection

Visual
Commomsense
Reasoning

Natural Language for
Vision Recognition

Multimodal
Applications

Generation

Visual Captioning

Visual Question Answering

Visual Generation

Audio-Visual Speech
synthesis

What can multimodal models
help for recommendation?

Retrieval

Referring Expression
Comprehension

Visual Language
Retrieval

Electronic Health
Records

Multimodal
Translation

Fig. from: Manzoor et al., Multimodality Representation Learning: A Survey on Evolution, Pretraining and Its Applications, 2023
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MULTIMODAL PRETRAINING
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Qutline

General-Domain Multimodal Pretraining
o Pretraining tasks
o Pretraining modalities
o Pretrained models

Multimodal Pretraining for Recommendation
o Domain data
o In-domain pretraining tasks
o Downstream recommendation tasks

Open Challenges and Opportunities

o Pretraining
o Adaptation



General-Domain Multimodal Pretraining

THEMWEE

Pretraining tasks

CONFERENCE 202*4“*7-*‘1‘: L Reconstructive
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Pretraining modalities

o lext

o Image

o Audio

o More modalities

e Pretrained models

1»

o CLIP
MULTIMODAL PRETRAINING o BLIP-2
FOR RECOMMENDATION o ImageBind

o UnifiedlO-2




Self-supervised Pretraining

Typical pretraining paradigms: reconstructive, contrastive, and generative

BERT
StableDiffusion

Reconstruction Loss
A

\
Encoder
/Decoder
L T )
Input
Reconstructive

Encoder

CLIP
ImageBind

Contrastive Loss

T

Input

GPT
DALL-E

Input

Contrastive
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(

Trm

r

Generative




Pretrained Multimodal Models (2019~2022)

WSCD
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Fig. from: Wang et al., Large-scale Multi-Modal Pre-trained Models: A Comprehensive Survey, 2023



Learning Paradigm: Pretraining-Finetuning

Foundation Model at
pretraining stage
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Fig. from: MANZOOR et al., Multimodality Representation Learning: A Survey on Evolution, Pretraining and Its Applications, 2023



Multimodal Large Language Models (2023 ~2024)
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Yin et al., A Survey on Multimodal Large Language Models, 2023



Learning Paradigm: Prompting + In-Context Learning

» In-context learning involves the injection of few-shot samples into the prompts, allowing the model to

learn from in-context examples and output similar logits.

» Chain-of-thought prompting centers on the user’s approach to crafting interconnected prompts to

guide the model through a conversation or task.

‘ ‘ 4 Example )

Zero-shot

Input

~»(Reasoning)= »
& g 4 \ /

Few shots
Chain of thoughs

Fig. from https://newsletter.theaiedge.io/p/prompt-engineering-and-limops-building



Multimodal Large Models (1)

Chen et al., UNITER: UNiversal Image-TExt Representation Learning, 2019

Lu et al., Learning Transferable Visual Models From Natural Language Supervision, 2021
Elizalde et al., CLAP: Learning Audio Concepts From Natural Language Supervision, 2022
Girdhar et al., ImageBind: One Embedding Space To Bind Them All, 2023
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Multimodal Large Models (2)
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Li et al., BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models, 2023
Lu et al., Unified-10 2: Scaling Autoregressive Multimodal Models with Vision, Language, Audio, and Action, 2023

» Any-to-any: Taking
multimodal inputs and
generating multimodal
outputs



Multimodal Pretraining for Recommendation
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Domain data

CONFERENCE 2021 . Item contents
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lN SINGAPORE o User/item graphs
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o Representation learning
o Masked item prediction
o Next item prediction

e Downstream recommendation tasks
o User/Item Tagging
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What Can Multimodal Models Help?

User Experience

Domain

Cold-start
Generalization\ /

Multimodal
Understanding

Explainability \ Diversity

Accuracy



Why Is Multimodal Pretraining Necessary?

Multimodal pretraining for
recommendation

How to learn a good representation

for recommendation? /Vs

Traditional multimodal
recommendation

How to learn a good recommender

given pretrained representations?



Overall Framework

Domain Data:
Continued Pretraining i )
I » Content data: text, image, video,

s N[O N o N B

category. tags...
> Behavior data: user-item pairs,
sequences, graphs...

General-Domain i Self-/We.akIy- Supervised Downstream
Pretraining ! Supervised Pretraining Tasks . . e
; Pretraining Continued Pretraining:
» A way to incorporate new domain
\_ - \_ VRN J J knowledge into a pretrained model
T """"""""""""" 1 """""""""""""" without having to retrain it from
f scratch

Text Text Sequence
Downstream Tasks

Image Image Graph
> Representation transfer

Video Video Interact.

External Data

Domain Data

» Supervised finetuning
» Adapter tuning



Categorization of Existing Work

________________________________________________________________________________________________________________________________
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C1: Continued Pretraining w/ Self-Supervised Tasks

Reconstructive:

» Masked token prediction (PREC, RecoBERT)
> Masked attribute prediction (PREC, S3-Recy
» Masked item prediction (PREC, S3-Rec) Pre-training Continued Pre-training

Adapted model

Contrastive: | Pretrained model

> Contrastive learning (MMSRec, VisualEncoder) SR

E T . Self-supervised: : T . ' Self-supervised
. . ! rain f objective : : rain biecti
> Title-body alignment (RecoBERT) ! eqg. MLM | 5 i_fiAL“fA

» Cross-modal alignment

Unlabeled Unlabeled
Generative: E general data - | domaindata

____________________________________

Liu et al., Boosting Deep CTR Prediction with a Plug-and-Play Pre-trainer for News Recommendation, 2022

Malkiel et al., RecoBERT: A Catalog Language Model for Text-Based Recommendations, 2020

Zhou et al., $"3-Rec: Self-Supervised Learning for Sequential Recommendation with Mutual Information Maximization, 2020
Song et al., Self-Supervised Multi-Modal Sequential Recommendation, 2023

Chen et al., Visual Encoding and Debiasing for CTR Prediction, 2022



CT Contlnued Pretralnlng w/ Self-Supervised Tasks

View 1 View k
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News Transformer
EI+:I E+:I E+Z| E+Z] Masked token/category - Contrastive learning |
l Token 1 I |[MASK 1]] |[MASK k]l | Token s predICtlon
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View 1 View 1 View k View n Augment |
(a) Masked news token prediction.
PREC [Huawei] Liu et al., 2022 VisualEncoder Chenetal., 2022
(a) Trair!ing : contrastive loss dropout augment
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o T N : i :
,’/ fa =y U .Ma.swod-j max pool max pool max pool
L o @ Masked language i ! I !
mOdeI / Item Item Item c t t' I 1
alignment Encoder Encoder Encoder Ol:'l [:'.aS ive ela-rnlng
between title and ! f I I within mo:ija II'tY &
Mmb{w \::\‘~ h * dESCl‘iption vision text vision text across moda Itles
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___________________________________________________________________________________________________________________________________________________
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MMSRec Songetal., 2023




C2: Continued Pretraining w/ Weakly-Supervised Tasks

Weakly-Supervised Signals: Categories Tags

» Category/tags/topics

Posts Comments Admin the_content_more_link wp-config.php the _generator the content

RSS Misc Categories email init wp_list_categories wp_tag_cloud the_tags

> Correlated item pairs SEO Themes Plugins site_transient_update_plugins the_category title make_clickable

Media Users antispambot add_shortcode comment_text add_post_t

» Knowledge graphs

> Qu ery- document D airs Fig. from: https.//www.wpexplorer.com/plugins-add-categories-tags/
) S
The theory of |  theory of .
[ relativity | l Physics
©
proposed by e*?,e, """ award in
. T winner of  ( Nobel Prize in ]
[ Albert Einstein ] "\ Physics

Fig. from: TDN: Triplet Distributor Network for Knowledge Graph Completion, 2023



C2: Continued Pretraining w/ Weakly-Supervised Tasks

AlignRec
> Content-category alignment: aligning the item representations of the same category

User ID |BOOSWWIMGA | > Ui E » W(o ) > hY) — ~}
Teeassannnnrssrrsaansnnnssrrsaassnnnnnn - 1 [ u
i |Emb ; Fuser h
itom ID { 0316967297 | > did O O O ) > his —
@ R Interaction Graph G '
S Intermediate ' '
5 Annas Dream Full Evaluation : [History Encoder]—bh‘,;m, ]
@ | Text :Quilt with 2 Shams ; : :
't' ees : [ > -
S ‘ . ! . : Fuser h'
< -~ MMEnc —h. : »h, — >
Image —7 | ! :
g ' Content Similarity '
A: Multimodal Encoder Graph & B: Aggregation Module C: Fusion Module
E;irL]i]s —> N~ _ ’hinc i h:nm_D <+ h:d ;‘d > < h%m i h* | > < k'
Text : N /] ' ' R positive  positive e ]
£ [MASK]—» _ MMEnc —» 7 «——Quilf! : > <
) : VN E '
E |mage{ -ﬁ‘ — D E
iy S : > <
< ' :
Lrca Lyra
[ > <—: Shorten distance ! '
<> : Enlarge distance ' D: Inter-Content Alignment E: Content-Category Alignment F: User-Item Alignment

Liu et al., An Aligning and Training Framework for Multimodal Recommendations, 2024



C2: Continued Pretraining w/ Weakly-Supervised Tasks

NewsEmbed

» Contrastive learning: aligning the crawled news document triplets

» Topic classification: leveraging document-topic associations for multi-label classification
L Contrastive learning

C T | InfoNCE Loss
| ' A Topic classification
; Anch SpaceX launches 143 satellites BCE A BCE \ BCE
| AnEter on one rocket in record-setting Loss » Loss | Loss
® ® mission ----------------------------------- I --------------------------- *f ------ \ ---------
5 dva o : Densel || Dense2 Densel || Dense2 Dense1 || Dense2
@ Parameters | <~ ~ o
3. Shared ; S ~ ~ .
o 5 Transformer Transformer Transformer i
o . .
BAMENEWS fmmmmm T --------------------------- 1 ---------------------------- T
° o
' Positive | & SpaceX: World record number of 1st Tower 2nd Tower ard Tower
; ‘5 satellites launched
= 3 days ago Figure 4: NewsEmbed model structure.
o
Model BBC 20 Newsgroup AG News MIND | Avg.
B space.com SBERT 96.0 64.5 86.5 75.2 80.5
| ® Spacex launches 60 Starlink USE 97.3 66.4 85.8 75.0 81.1
Negative satellites, aces rocket landing in mUSE 97.3 71.4 86.8 75.8 82.8
| milestone flight 7 : | LaBSE 96.6 70.3 86.3 73.9 81.8
Apr 22, 2020 E Laser 92.1 63.5 81.4 63.1 75.0
] NewsEmbed | 97.5 73.9 89.1 77.0 84.2

_____________________________________________________________________________________________________

Liu et al., NewsEmbed: Modeling News through Pre-trained Document Representations, 2021



C2: Continued Pretraining w/ Weakly-Supervised Tasks

K3M

> Link Prediction Modeling (LPM): learning modality encoders to perform link prediction in KGs

title image PKG
------------------- - <Item-1, Material, Cotton >
) . [ <ltem-1, Waytodress, Pullover>
Item-1 Big-snzeautumn loose - <Item-1 Sea!on Spring & Autumn >
(Standard cotton T-shirt for women with *\ § Py Style ’ Swee§>
multi-modal  fake two-piece styles B —cttem1;+{ Sleeve length, Long 3
product data) <ltem-1, Thickness, Thin >

» Masked Object Modeling (MOM)
» Masked Language Modeling (MLM)

» Link Prediction Modeling (LPM)

Masked Object Modeling Masked Language Modeling Link Prediction Modeling
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Object or token

I EIEIL ]
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(e ] [size ] [55] preevd [ ]

Word Piece and Masking

i)

Pretraining loss: Lpre = IMmLm + IMom + lLpMm-

Zhu et al., Knowledge Perceived Multi-modal Pretraining in E-commerce, 2021

(@ Modal-encoding layer
(@ Modal-interaction layer
@ Modal-task layer

Big-size long-sleeve autumn
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with fake two-piece styles

title

O
\]\71;1": @
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Text Encoder
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[material] [cotton] [dress] [pull] frove] [season]
( Word Piece )

material cotton way to dress pullover season ..




C3: Continued Pretraining w/ Supervised Tasks

Supervised Signals:

» User-to-item matching (MMSRec, MISSRec) User»\l

» ltem-to-item matching (CB2CF. ItemSage) /// :

» ID-to-modality alignment (CLCRec) ers/ \‘\g‘kes
» User-to-item cross-encoder / \\\

Item 1 g Item 2 E



C3: Continued Pretraining w/ User-to-ltem Matching

MMSRec

> Masked Item Prediction: mask the last position of the behavior sequence for next item prediction

ho hy h, hy
max pool
hidden emb.
WS W RE RS RS KK
Sequence Encoder
pos. emb. P P P P P, P, P Py

modal emb. M M, M, M, M, M, M, M,

recommend

hy —> hy-h +«—— h

max pool
h% hi hY ht
wfo P+T
wjo P+V
share Ttem
Encoder S whop
©
8
& wioT
P, Py P P

wloV

M, M, M, M,

v v
ep.cnv, (BS| (BT (BN CEE TEE PED (BT TED Med Mask B

w/o text

w/o image

w/o pretraining

MMSR

ec

Song et al., Self-Supervised Multi-Modal Sequential Recommendation, 2023
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C3: Continued Pretraining w/ User-to-ltem Matching

i chronological order Task 1: Seq-ltem CL Task 2: Seq-Seq CL E
E 5L D) I3 Iy vll v(D‘ . E‘@ o E 0oo 000 Qo @ E
| @ & & .k 0000 T T P MISSRec [Huawei] |
; 26 @ =8 =[E) ‘ 88 -4, ;
. | ese-8 wsm-a P Add & Norm ) — ;"ﬁ;,‘,‘n > Seqg-item contrastive learning: matching between |
| Text Encod e Feed-Forward Network W ) i
| lrex?me% [viion '»’59--% T EEETE . Feed-Forward Network user sequence and masked item |
| HEE AT BER B _ ' — | Add & Norm ) o |
i [ Feature Augmentatlon ] | | Multi-head Cr&i:r:‘ttentlon Multi-head Sg|f Attention " > Multi-interest matCh""g: grouping Interest i
i fl f f; fT fl fz f; o f \/»[ Add &lNorm ] \“t:('multi-modal . . i
' |reaa dapter | Visionk daprer] T N ll,lf torest okens prototypes and performing interest-aware |
i e 200 [ SAK copy i e e — : Multi-modal Interest sequence mOdeIin i
i 'xl X2 xj Xy, xix2 xj XL;—| Discovery Module q g ]
ID-agnostic Multi-modal Pre-training
T E————— ]
E Mixed User Behavior Flow Encoder ~' Ere-ixaining .
| - - | UniM2Rec
i ) + < o H H 1
; PomainA () () @ @ @ @ O @& » Seq-item contrastive learning: matching
Sepom CL between user sequence and masked item

: Domain B

i » Multi-domain matching: matching across

| Seq-Seq CL .

i DomainC () () () ( domains

E User behavior sequence Next item

Wang et al., MISSRec: Pre-training and Transferring Multi-modal Interest-aware Sequence Representation for Recommendation, 2023
Sun et al., Universal Multi-modal Multi-domain Pre-trained Recommendation, 2023



C3: Continued Pretraining w/ ltem-to-ltem Matching

SSD ItemSage

» CB2CF: leveraging item-to-item towers to pretrain » Applying all engagement logs with multi-tasks to train
multimodal item embeddings for recommendation multimodal item embeddings
diversity ey

w [] clicked product
i"1 query image
ItemSAQE W [] saved product
embedding w i} query image
[] add-to-cart product
S
w i1 search query
] [[] checked-out product

Engagement Log

Cross-entropy Loss

Linear Linear

[ PinSAGE J[ Hash Embedder ]

wood |[hand- ||west| _ .
ﬁ E % -+ |chair || crafted||elm

Huang et al., Sliding Spectrum Decomposition for Diversified Recommendation, 2021.
Baltescu et al., ItemSage: Learning Product Embeddings for Shopping Recommendations at Pinterest, 2022



C3: Continued Pretraining w/ ID-to-Modality Alignment

CLCRec

» Contrastive learning between CF encoder and

content encoder

Density Ratio
h (z, f)

[ CF Encoder J

[ Feature EncoderJ

A

X; e
{Feature Extractor) (Item ID Embedding)
A T

Content Interaction Records
[frames, caption, etc.] [i, {veN }]

ltem j ltem i

Wei et al., Contrastive Learning for Cold-Start Recommendation, 2021

DCMR
> Leveraging pretrained item ID embeddings as signals to

train content encoders

2048 2048
1536
2x
256
MP ox 512
l mP mean
— l 40
4 —
4 max :
2 Content ID
. 35 Embedding Embedding
global o L | L
temporal
pooling

Oord et al., Deep Content-based Music Recommendation, 2013
https://sander.ai/2014/08/05/spotify-cnns.html



Summarization

Continued Pretraining

Quality

Cost

Self-Supervised

Representation quality [%]
Representation robustness [* %]

Training cost [$$]
Large unlabeled corpus

Weakly-Supervised

Representation quality [% ]
Representation robustness [k %]

Training cost [$]
Small labelled data

Supervised

Representation quality [% % %]
Representation robustness [%]

Training cost [$$9$]
Huge engagement logs




Downstream Tasks

5PRODUCT

User/Item Tagging:

Caption Table 1

» Itemtagging ~  ipettoo T oo .

[ ] [ ] [ Item: in ox Ladder Storage Box !
Matching: Sequential recommendation: [ =—— !
| Material: Woo .

I

I

| | Color: White, Light Gray, Dark Gray
I~ Applicable People: Adults

» MM-Rec [Microsofty 1 T =~ | Applcable Sene: Sudy |

» [IMRec [H uawei] " ;;zgia;éza;:t;{m
= BEESRTRANSE. .
-_‘% 67

Ranking: CTR prediction: Iltem tagging

> PPM [JD.com]
> EM3 [KuaiShou]

W 5 A ¥ Sebastian
Bachdrzewskifmoc &...

Reranking: diversity awareness
» SSD [Xiaohongshu]

Diversity awareness

Image Credits: [Left] Dong et al., M5Product: Self-harmonized Contrastive Learning for E-commercial Multi-modal Pretraining, 2022
[Right] Huang et al., Sliding Spectrum Decomposition for Diversified Recommendation, 2021



How to Adapt to Downstream Tasks

Representation transfer:

» Multimodal features as side information
» User representation learning from multimodal sequences

» Multimodal sequence denoising and aggregation

Joint Finetuning:

» Only finetuning item-side encoder
» Finetuning both item-side and user-side encoders

» Finetuning user-item cross encoder

Adapter Tuning:

» Multimodal fusion adapter

» LLM adapter for multimodal recommendation



C4: Representation Transfer

> Multimodal features as side information
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MMGCN: leveraging multimodal graph networks
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BM3: leveraging ID-modality alignment

Wei et al., MMGCN: Multi-modal Graph Convolution Network for Personalized Recommendation of Micro-video, 2019
Zhou et al., Bootstrap Latent Representations for Multi-modal Recommendation, 2023



C4: Representation Transfer

» User representation learning from multimodal sequences

The structure of MoE Multi-modal MoE Fusion Network
e N
User Representation Fusion
ouput | | | | | @

Cross-modal MoE
Fx t
Modality-shared Self-Attentive Layer

4

. I h
Tt Text MoE ( ID MoE Image MoE
(LF)x - i g

Modality-shared Self-Attentive Layer

i i i

Text Encoder ID Encoder Image Encoder
Input

R S S —
embedding EB B . . . \@% @

\ J Multi-modal interaction sequence
N~ ‘) Tle ) | item D ) |_ Picturs
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M3SRec: MOE-based multimodal fusion
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IMRec [Huawei]: local and global fusion

Bian et al., Multi-modal Mixture of Experts Represetation Learning for Sequential Recommendation, 2023

Xun et al., Why Do We Click: Visual Impression-aware News Recommendation, 2021




C4: Representation Transfer

» Multimodal sequence denoising and aggregation

o o oo
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Li et al., Adversarial Multimodal Representation Learning for Click-Through Rate Prediction, 2020
Xiao et al., From Abstract to Details: A Generative Multimodal Fusion Framework for Recommendation, 2022
Wen et al., Unified Visual Preference Learning for User Intent Understanding, 2024

Visual Preference
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Tavern:

> Visual preference extraction
> Selective orthogonality disentanglement



C5: Joint Finetuning

» Only finetuning item-side encoder

[Fo5 |

FC-512
FC-512
[ FC-1024 |
A
I concatenation I-I supplemental representations l
t ? 4 ? in 4 4 4 A A A
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Embedding Layer
4 1‘ 4 s 4 4 4 A - a v
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Basic Features Compositional
Features Term
Images Embeddings

HIN-CTR:

> Using both pretrained and finetuned CNNs
> Leveraging text term embeddings

@ CR
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CSCNN:

> Leveraging category-aware CNN encoder

Offline Inferring Online Serving
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« Batch Data Loading <= Reacton Request

» Caching the embeddings after training for online serving

__________________________________________________________________________________________
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Yang et al., Learning Compositional, Visual and Relational Representations for CTR Prediction in Sponsored Search, 2019
Liu et al., Category-Specific CNN for Visual-aware CTR Prediction at JD.com, 2020



C5: Joint Finetuning

» Finetuning both item-side and user-side encoders

o Predicted HCCM Module
P Image ot Text‘ t Click Score :
Embedding Embedding [ Click Predictor ] P P
! et x

Word Attention Image Attention User Interest s

t t t f f f u {— Embedding s FC (200)
| ( - - : =

WL h ~hbl R RS - ki E— ;Irosslmodal Carlldlda;e-aware Att}-:-ntloF ] | trainable CNN with category | : Concat t
ot (S . T | | e e G nE
. : a up | |[€—Cuy | €—Cun :
VlLBERtT f f T? 7'2 r117 ‘Tg T? | T% - Tg rf’ : D i » Aggregator )
- 2019 NFL =  Season f I I I ] I I I I 11
t t t [Multimodal] [Multimodal] [Multimodal] [Multimodal] : T T

News News News News NEWs | il TR T T
. & Y Y
Title s

ad image ad category % feature map nm n . . u u
D, Dy D, Dp Embedding é) 8) é) | et Rt i —— [
Candidate News Historical Clicked News Iu. user behavior images ('u2 categories of user behavior images Layer b emmedeU : (embm‘)delj (emmedeU (emmedeU
]
D11D2 IDN L _._._v% R _v_ff [, S
Embedding&MLP Image 1 Image 2 Image N

Ad Image User Behavior Images

MM-Rec: HCCM: DCIM:

> Finetuning the last three layers of VILBERT > Leveraging category-aware CNN encoder » Finetuning pretrained CNNs
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Wu et al., MM-Rec: Multimodal News Recommendation, 2022
Chen et al., Hybrid CNN Based Attention with Category Prior for User Image Behavior Modeling, 2022
Ge et al., Image Matters: Visually modeling user behaviors using Advanced Model Server, 2018



C5: Joint Finetuning
» Finetuning user-item cross encoder

____________________________________________________________________
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Gao et al, PPM : A Pre-trained Plug-in Model for Click-through Rate Prediction, 2024



C6: Adapter Tuning

» Multimodal fusion adapter

ranking loss
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Deng et al., End-to-end Training of Multimodal Model and Ranking Model, 2024



C6: Adapter Tuning

» LLM adapter for multimodal recommendation

, . . ) — =% -
Adapter {) ’ Pick the most suitable item for user_251 : 7162 éfﬁ‘ , 4541 w ,2317 _%

PS Encoder ] Multimodal Personalized Prompt

Token pick the most suitable item for wser _ 25 1 : 71 8 <« «» 45 4l <P <, 0B 17 <5 < Sequential Recommendation
Adapter :

oo * Ry oy b e e e * vt * * ooyt s E I find the purchase history list of user_1035: 4011 ->3531 . 55632 & ’ -> 5603 J 5

Posiion <pl> <p2> <p3> «<pd>  <pS> <p6> <pT> <pB> <p%> <ple> <pll> <pl2> <pid> <pld> <plS> <pl6> <pll> <pl8> <pl%> <p20> <pll> <p2> <p23> P> <p25> PS Decoder 4 4406 ‘1? ?&
->5633 ->5634 | wonder what is the next item to recommend to the user . Can you help me decide ?
+ + + + + + + + + + + + + + + + + + + + + + + + +
<> 23
Whole-word <wl> <w2> <W3>  <wd> <S> <wb> <W1> <wg> <H9> w10 <wWll> wld>  wld wld> wl$> <wl6>  <wll>  wlf> w19 ” 2
Direct Recommendation
+ + + + + + + + + + + + + + + + + + + + + + + + + o )
Pick the most suitable item from the following list and recommend to user_251 : 7162 i( , 10964 *
Category <c-text> <c-visual> <c-text> <c-visual> <c-text> <c-visual> VIPS Model . PETPANE —°
Architecture & B o o e _@F o ,g -‘,
, 5709 , 326 *. , 4541 «ﬁ' ’ ﬁ dia SR = ’ P
z‘( <l <
i w3 ) Explanation Generation
Pick the most suitable item for user_251: 7162 z( 4541 |4 ﬁ' 317 5%% =y CLIPImage | _, Mapping — ) s Visual
el | g Encoder Network A Tokens Based on the feature word exercises , generate an explanation for user_45 about this product : Black Mountain Products Good for thase small
. ) exercises that one can't
Multimodal Personalized Prompt b ﬁl# i K Resistance Band Set with Door Anchor, Ankle Strap, Exercise Chart, and Resistance Band Carrying Case {B& do with freeweights

VIP5: P5 + Adapter

Geng et al., VIP5: Towards Multimodal Foundation Models for Recommendation, 2024



Summarization

Downstream .
Adaptation Quality Cost
Representation Transfer Alignment quality [%] Training cost [$]
Joint Finetuning Alignment quality [* %] Training cost [$$$]
Adapter Tuning Alignment quality [% %] Training cost [$$]
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MULTIMODAL PRETRAINING
FOR RECOMMENDATION

What's Next?

Vertical-domain foundational model

o Multimodal inputs

o Multi-domain data

o One model for multi-tasks
o Unified modeling

e Interplay with MLLMs

o Adapting LLMs/MLLMs to recommendation
o From representation to generative modeling
o Model scaling law

o  Model efficiency

Benchmarks and evaluation
o BARS/...
o  Amazon/MIND/PixelRec/MicroLens



We are hiring!

« Full-time jobs
o Shenzhen, Beijing, Shanghai, Singapore...

e Research interns

o  Multimodal models
o LLMs
o Recommendation & search

Please send your CV to jiemingzhu@ieee.org



Thank You!
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Multimodal Generation for
Recommendation

Rui Zhang


https://www.ruizhang.info/

l Multimodal Generation

Prompt: Several giant wooly mammoths approach treading through a snowy meadow, their long

wooly fur lightly blows in the wind as they walk, snow covered trees and dramatic snow capped...

midjourney Sora

https://www.midjourney.com/ https://openai.com/index/sora/

Can we make them personal?

2/18



l Table of Contents

B PMG (Personalized Multimodal Generation)

PMG for Recommendation: multimodal — image with LLM

PMG for Preference Questions: multimodal — multimodal with Vision-Language Model

B Personalized Generation

Personalized Generation: text — text without LLM
Personalized Generation: item — text without LLM
Personalized Generation: text — text with LLM
Personalized Generation: text — text with LLM & Human

(non-Personalized) Multimodal Generation: multimodal — multimodal

B Other Tasks of Multimodal Generation for Recommendation

B What’s Next?

Term: LLM — language models with capabilities similar to chatgpt, such as llama, claude, gemini, etc

Multimodal Pretraining and Generation for Recommendation: A Tutorial, Web Conference 2024
Multimodal Pretraining, Adaptation, and Generation for Recommendation: A Survey, arXiv:2404.00621
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l PMG for Recommendation: multimodal — image w/ LLM

B PMG: Personalized Multimodal Generation with LLM

® Converts user behaviors (conversations, clicks, etc) into

natural language

® Extract user preference descriptions, both hard and soft

preference embeddings
® Preference conditioned multimodal generation

® Improves 8% in terms of personalization measure

User's Behavior History

3N T
o JERES

Used Emoticons

-

@ B
- e 2
& \What s the result? J

( . \‘>
I passed 1t! J g

(Generated Emoticons

L ol o

-w w

?/—\.
© ( 'mbappy! )&
. /

Without Personalization

N e
I had a math \ﬂ I had a math
exam yesterday. f

-

7~

=S
I like cute cats. [ ﬂ

. -

Historical Conversation

§ N\
J::ﬁ
%‘i{What's the result’.’}

[ I passed 1t! \fﬂ

( Generated Emoticons

"\../"'
o
g €&

exam yesterday.

=
Q'/I"m happy! &
N J

With Personalization

PMG : Personalized Multimodal Generation with Large Language Models, The Web Conference 2024

Friday 17 May 2024: 2:30 - 4pm Poster Session
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l PMG for Recommendation: multimodal — image w/ LLM

User behaviors

[
[
[
[
[
What's your _ I
preference? o :
N Soft Preference Embeddings I
Iprefera :
 disaster movie. I Personalized
- : Target Item
How about I
Titanic? $ 4 4 4 F * !
[
Preference
R Hard Preference = Q
Clicked Items Conv i I\eyw ords . . a . (@]
onversatnons Elllbeddlllgs U._Q_ C:D 1
. 5
z
Target Item

Target Item

Keywords

Target Item
Embeddings
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l PMG for Recommendation: multimodal — image w/ LLM

F

Ground Truth

Soft Preference
Embeddings

P-Tuning V2

|
e

h
Hard Preference
Embeddings

% Text Encoder

3

Hard Preference

P —— ‘
| ! Kevwords
N b
| . 1 ...
I I
I I
I _ I
i i T @ LLM
A r 3
Embedding Layer/ (D (RN \
A
Multimodal Tokens
Bias Correction LLM
P|x |y a|e

User Behavior Prompt

Figure 3: Model designed to train soft preference embeddings.

E? = concatenate(Epm, Et)
Mp = Ms + €,
Mg = Unet(EP, My,).

The loss is calculated as MSE loss of Mg and My:

loss = MSE(Ms, My).

6/18



PMG for Recommendation: multimodal — image w/ LLM

Without

With Personalization

Personalization d eM - ep
o ¢ & . p = ,
00) %@0, \Business Style | Girl’s Style qu’;g‘r_vl: dt — eM : C’t
leamll2 llezll2

shoes

Finally, our objective is to optimize the weighted sum of dj, and d;.

z=a-logdy + (1 —a)-logd;.

shirt

(b) wp : wp=1:3

(©) wp:wp=2:2 (€) wp:wr=4:0

Figure 7: Generated poster of movie Titanic with different weights of conditions. w), is the weight of preference conditions, which
prefer disaster movie. w; is the weight of target item conditions, which consider it as a romantic movie. When w;, : w; = 1:3 it
achieves the highest z score and the generated poster is a combination of romance and disaster.
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l PMG for Recommendation: multimodal — image w/ LLM

B Data

Y

2)

3)

Generating personalized 1images of products whose original images are missing according to
the historically clicked products of the user. POG dataset, a multimodal dataset of fashion
clothes. We selected 2,000 users and 16,100 1items for experiments.

Generating personalized posters of movies according to historical watched movies of user.
MovieLens Latest Datasets, 9,000 movies, 600 users, and 100,000 rating interactions.

Generating emoticons in instant messaging according to current conversation and historically
used emoticons of the user. We do not train soft preference embeddings and only use

keywords to generate images.

Movie Posters Scenario Clothes Scenario

PMG 2.587 2.001
Textual Inversion 1.952 1.725
No personalization 1.462 1.495

Human evaluation score, range (1, 2, 3)
8/18



l PMG for Preference Questions: multimodal — multimodal w/ V-LM

B Multi-task Multimodal generation, answering different types of questions

Recommendation User History

..
What's the next item / \ 8 i 3
that the user will like? \
Preference Prediction
Predict the user’s Category/Brand/Title...
preference on item 32. V7 Level_4
; -

Explanation Generation

Explain \_/vhy this User-friendly

product is good or bad interface, seamless

for me. integration...
Image Selection

Select the items fits me I

UniMP
well from: i_3, i 5, Category/Brand/Title...

i_789... i 18 Item_5, item_3

Personalized Search

Query: find some
fashion electronics for LI
me.

User-guided Image Generation Category/Brand/Title...

'd like a fashion i6 g

sneaker. Show some

demo figure for me. \ o /

Figure 2: Through multi-task, multi-modal instruction tuning, the model can adapt to a range of user
requirements. By altering the instructions, it can generate diverse responses to suit user needs. For

Towards Unified Multi-Modal Personalization: Large Vision-Language Models for Generative Recommendation and Beyond, ICLR 2024
9/18



PMG for Preference Questions: multimodal — multimodal w/ V-LM

Item contextual data is serialized and processed through fine-grained cross-modal fusion

Suggestion Assistance Content Creation
) Preference Level: 4 —
8 user-friendly interface, offering g
seamless integration with your
i3 other Apple devices o

j" Language Model Layer

j'" Cross-attention Module

Vision | 2023 1
Encoder 1 | IMG] MacBook] [ Brand J {AppleJ [ Category] [ Electronics J e ]
|

]

2023 - |
: MacBook ] [ Category J [ Electronics J I
I 1
| Apple J . .

Figure 1: Our proposed UniMP framework operates as follows: Item contextual data is streamlined
into a user sequence, which is then processed through fine-grained cross-modal fusion. Depending
on the instructions, the output is tailored to produce diverse response types.
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l Personalized Generation: text — text w/o LLM

George's reaction
. . Laker /
Tto loss vs. Lakers /

Mg
B “\___/\_-/
S ) -
6-6 \-/j ~ The LA Clippers lost to the Los Ang
‘é’ {_~” |Lakers on Sunday afternoon, 112-103,
in round 3 of the Battle for LA...

Put Your Voice on Stage: Personalized Headline
Generation for News Articles, TKDD 2023

-\/’_ 7‘\/"_\

C(Kawhi Leonard, Paul>

B News Headline Generation

(A)

Framework
Evaluation

€ Automtaic

O Informativeness: F1 ROUGE
O Fluency: longest common subsequence (ROUGE-L)

€ Human evaluation

mes DESTROYS

(B)

Headline Y,

User-Perturbed Pointer-Generator

A

I User
Embedding

[Knowledge—Aware User Encoder}
/ /
cy ch iy
! J
|
-— Clicked History
(]
v o
Candidate News User 17
Framework

Put Your Voice on Stage: Personalized Headline
Generation for News Articles, TKDD 2023
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Personalized Generation: item — text w/o LLM

B Personalized Answer Generation in E-commerce

E Persona Information Summarizer P(y) i
Product Question |Does this lens work with Nikon camera? ; 1 :
T - A i RecOnSnCIoPeraonal Persona ! [ Persona-aware Pointer-Generator ] T
Relevant 1. ...Using it on Nikon D7100. It’s cheaper than others! ... { 7T Vocabulary Distribution ! Vocabulary i i Pl
. . . - p ' mbeddings ! P ' :
. 2. ... I did great testing with D5000, D5100, and D7200. ... - &+ ”! ‘ — |
Review = = ! . H ! Cralullzny Persona Fact Question | ! i
EVIEW . . - 1 Generative i ! - : L
. 3. ... Light weight glass, at first seemed elegant. ... b ' i | Distribution Attention Attention Attention | !
Tokina Lens | SPIPPets b log(t-§) «+— ® M 1 1 b
ol i T
! 1 |} bemeeememeemeeeeeceseescesede s scessee e ssee e s meef e e e e —— e ——————————— S {
o | | "
This lens will work and pay a little less probably. ‘l & ; ; 00® - e T
Userl E E 8 3: Preference E Persona History | Mi i
. ! i L Memory |! Memory ™ 1 <
Personalized o . . . ! Inference i |Global Vocabulary ! H M, ; :
Answers es, it will work. It works beautifully with D5100. " & | Process ' Embeddings [ | i1 Fact Memory E
RSWErS User2 E FFN FFN, i ® ! Question-Persona EE E
i i : Bi-Attention i1 [ Question-Fact M i
0 it 1 i : . E E —® : it | Bi-Attention Question Memory j_q E
Yes the lens works great, and it is a light weight glass. 1 & ; = : 1 ‘ : i Tt i :
i | H H I H |
T¢ ' : 1 H '
User3 : I : E ( Shared Transformer Encoder ] :
I Persona : @) T Persona T O i . Masked i
E BoW Embeddings E ®) Preference 1 | - EE| : | D]]] X : | Multi-Head Attention E
: : Distribution Persona History X, i Supporting Facts X; Question ik i
i Persona Preference Modeling ! Global Preference i 1 |—;| | X !
! 1 Embeddings ! it IR Syst Yo
"""""""""""""" O O e eemeemmemceis ATChICCtTe___ Answer (shifted) i

Fig. 3. Overview of the proposed method PAGE, including four components: (1) Basic Encoder-decoder
Architecture, (2) Persona History Incorporation, (3) Persona Preference Modeling, and (4) Persona Information
Summarizer.

Towards Personalized Answer Generation in E-Commerce via Multi-Perspective Preference Modeling, TOIS 2022
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l Personalized Generation: text — text w/ LLM

B Benchmark, RAG (Retrieval Augmented Generation) paradigm
LaMP: When Large Language Models Meet Personalization, arXiv:2304.11406

® 7 Tasks

* Personalized Text Classification
(1) Personalized Citation Identification
(2) Personalized Movie Tagging
(3) Personalized Product Rating

* Personalized Text Generation
(4) Personalized News Headline Generation
(5) Personalized Scholarly Title Generation
(6) Personalized Email Subject Generation
(7) Personalized Tweet Paraphrasing

® Using RAG paradigm User profile

O

x) 91| Retrieval Pp y |Language [ (y
model model
Input \\\\\\\\\h-—_f’//////)' Output

13/18



l Personalized Generation: text — text w/ LLM & Human

B LLM-assisted news headline generation

® Human-Al Text Co-Creation

Harnessing the Power of LLMs: Evaluating Human-AI Text

Co-Creation through the Lens of News Headline Generation,
EMNLP 2023

UN Security Council votes to extend UN
mission in Haiti

The United Nations Security Council voted

unanimously on Friday to extend the mandate of the
U.N. Integrated Offic
F e ex| d Friday,

e mandate reflects the key challenges facing Haiti,
g the need to address illegal arms traffickin

mandate

violence

arms sales

Generate Headlines

UN Security Council votes to extend UN mission in Haiti e

UN Security Council warns Haitian gangs of potential sanctions

Figure 2: Interface for human-Al news headline co-
creation for guidance + selection + post-editing con-
dition: (A) news reading panel, (B) perspectives (key-
words) selection panel (multiple keywords can be se-
lected), (C) headline selection panel with post-editing
capability, and (D) difficulty rating slider. Note: (B),
(C) and (D) are hidden from the user until the requisite
step is finished (e.g., the user does not see the difficulty

UN Security Council calls for end to violence in Haiti :
Submit Headl (C)
How difficult w to h di
81
, diff
Next '

14/18



l (non-Personalized) Multimodal Generation: multimodal — multimodal

B Multi-modal News Headline Generation

NASA unveils new spacesuit for next Moon landing img ind 3

|
7 Y
Transformer Model
W -4

T
|
CCCCEE O L T

N

“Nasa chief Jim Bridenstine shared
a close-up look at the
next-generation suits for the
L OO OO oo agency'sArtemisprogramme.The
o —g_. — Yy p— iy XxEMU prototype suit looks similar to
Er S 2 ones used at the International
Space Station (...)"

= | S| - el

—

_

Figure 1: Overview of the proposed unified approach to MSMO. The visual tokens are appended to the text
representation. The generated output includes the textual summary and the index token that indicates which input
image (first, second, third, etc.) is picked as the pictorial summary. During training, a mixture of video-based,
image-based, and text-only data is used.

Towards Unified Uni- and Multi-modal News Headline Generation, EACL 2024
15/18



l Other Tasks of Multimodal Generation for Recommendation

Marketing Copy Generation

FHEWEE8.18%

® Generate the promotional copy ez i g

Annual Yield Up To 8.18%"

GCOF: Self-iterative Text Generation for Copywriting
~ Using Large Language Model, arXiv:2402.13667

Exclusive for New Customers,

: o s .
. 4

BRET B HEY

Explanation Generation

® (Generate reasons why an item is recommended

Dialogue Generation

[ Claim Now: Time-Limited

Personalized Reason Generation for Explainable
Song Recommendation. TIST 2019

® Generate questions for clarification during conversational search

Zero-shot Clarifying Question Generation for
Conversational Search, Web Conference 2023
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A What's Next
B Multimodal — multimodal for Recommendation
B Improve the control of correctness (text, image, video, etc)
B Include more modalities, such as audio, video

B Interactive multimodal generation

17/18



Thanks and Questions?

Hiring junior academics, postdocs, PhD students
Contact email:

rayteam(@yeah.net
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Industrial Applications and Open Challenges
in Multimodal Recommendation

Chuhan Wu
Huawei Noah’s Ark Lab

WWW 2024 @ Singapore

S “WEBZ WL HUAWEI

CONFERENCE <


https://jiemingzhu.github.io/

Multimodal Recommendation: Fusion and Finetuning Matters

Heavy Finetuning

Cost: Moderate Cost: Very High
* Learn multimodal e Learn unified multimodal
embeddings and update embeddings and update

(parts of) models (parts of) multimodal models

Late/Intermediate Fusion

Early Fusion
* Extract multimodal e Extract unified multimodal
embeddings with embeddings and freeze the
pretrained models multimodal models
Cost: Low Cost: High

Light Finetuning



Multimodal Recommendation: Fusion and Finetuning Matters

Heavy Finetuning

Late/Intermediate Fusion Early Fusion

* Extract multimodal
embeddings with
pretrained models

Cost: Low

Light Finetuning



PPM (JD.com, 2024)

Extract multimodal item embeddings with adapted BERT and ResNet

[ J
o T m e m e e —mm——————— e e e e e e e
! Pre-trained CTR Model : { Unified Ranking Model
: 1 : 4 Multi-task Module
1
I 1 I
1 Click 1 1
I 1 I
I ] I
L I . | !
: Behavior-Transformer Layer i1 :
"
I o, I
: 2% Transformer 1, 1
1 I
I ] I
I KI Y O 1 L
: :
: 1 : PPM (Trainable) ID-based Sequential Module ™
1P 2x [ Transformer ] : i
: KI v Ql : : Pre-trained Transformer ID-based Transformer
I 1 1 P
! 1 ! :
! Position & Recency Embedding 1 1 . X i . )
1 t 1 1 Position & Recency Embedding H Position & Recency Embedding
e, 1 P
i t d..J'. ................. i ;
I 1 I
ww - wl i ws w DEE -0
N e e e e e e e e e e e e e e e 2 N e e 7
(Tt oot T T eI T T L Y e
® Product = Scalar | Modality Encoder Layer (Cached) : 1 ID-based Hash Embedding (Trainable) :
1
1 o 1
1 1
(I
o —ewl ot - o | B@@ - @
[ !
@ concat : G 1o G :
[
1
| BERT ResNet-101 } | [ SKU ] [SHOP] CID ] [BRAND ] ;
I Item Modal Representation ! [ !
1
. ity o < :
1 o 1
. . .
[ User Modal Representation | b 1 sk 0394 SKU: 887124 || SKU: 3129523 | |
! ! | 1 SHOP: 644 SHOP: 4891 SHOP: 9437 1
I ) L -~ A TR I CID: 944 cD: 706 o]
Item ID Representation | " 1
: Xiaomi 13T Apple iPhone | Nikon D7500 |  BRAND: 795 BRAND: 309 BRAND: 6591 :
| 5G+4G LTE 15 Pro 512GB Body 3 '
User ID Representation | ' 1
1 1
,  Iltem Modal User Modal Sequence : : item ID User ID Sequenc |

PPM : A Pre-trained Plug-in Model for Click-through Rate Prediction

________________________________________________________

BERT: adapted on Query Matching Task
to learn relevance signal

ResNet: adapted on Entity Prediction
Task to capture key entities

Cache the multimodal item embeddings
during recommendation model training



PPM (JD.com, 2024)

« Multimodal features benefit product recommendation
« Adapted BERT/ResNet are better than the original ones

wo.PPM w.PPM
Dataset | Model Click Order Average Click Order Average

AUC P@2 AUC P@2 AUC P@2 | AUC P@2 AUC P@2 AUC(Improv) P@2(Improv)

Wide&Deep | 0.6094 0.1886 0.6030 0.1655 0.6062 0.1770 | 0.6797 0.2029 0.6948 0.1685 0.6873(0.0811) 0.1857(0.0087)

DeepFM 0.6051 0.1882 0.6138 0.1688 0.6095 0.1785 | 0.6784 0.2028 0.6920 0.1686 0.6852(0.0758) 0.1857(0.0072)

Small DIN 0.6946 0.2168 0.7231 0.2013 0.7089 0.2091 | 0.7093 0.2242 0.7451 0.2099 0.7272(0.0183) 0.2171(0.0080)
DSIN 0.7000 0.2189 0.7332 0.2055 0.7166 0.2122 | 0.7107 0.2241 0.7422 0.2084 0.7265(0.0098) 0.2163(0.0041)

MAIN 0.6859 0.2170 0.7174 0.1973 0.7016 0.2072 | 0.6926 0.2225 0.7279 0.2030 0.7102(0.0086) 0.2127(0.0056)

URM 0.7228 0.2283 0.7648 0.2301 0.7438 0.2292 | 0.7279 0.2324 0.7676 0.2325 0.7477(0.0040) 0.2324(0.0023)
Wide&Deep | 0.6011 0.1883 0.6129 0.1668 0.6070 0.1775 | 0.6848 0.2065 0.7021 0.1734 0.6935(0.0865) 0.1899(0.0124)

DeepFM 0.6046 0.1875 0.6233 0.1749 0.6140 0.1812 | 0.6853 0.2069 0.7024 0.1737 0.6939(0.0799) 0.1903(0.0091)

Large DIN 0.7038 0.2208 0.7373 0.2063 0.7205 0.2135 | 0.7130 0.2261 0.7482 0.2106 0.7306(0.0100) 0.2184(0.0048)
DSIN 0.7069 0.2232 0.7416 0.2087 0.7243 0.2159 | 0.7125 0.2254 0.7464 0.2107 0.7295(0.0052) 0.2181(0.0021)

MAIN 0.6945 0.2215 0.7266 0.2014 0.7106 0.2114 | 0.6996 0.2251 0.7287 0.2038 0.7141(0.0036) 0.2145(0.0030)

URM 0.7279 0.2326 0.7685 0.2323 0.7482 0.2324 | 0.7343 0.2363 0.7722 0.2313 0.7532(0.0050) 0.2338(0.0014)

Table 2: The overall performance comparison with other baseline methods

Model Click Order L Average_
AUC P@2 AUC P@2 AUC (Improv)  P@2 (Improv)
Base 0.7252  0.2310 | 0.7612 0.2305 0.7432 (-) 0.2308 (-)

[ Base+QM&EP 0.7279 0.2326 | 0.7685 0.2323 | 0.7482 (0.0050) 0.2324 (0.0017) ]
Base+QM&EP+PPM (random initialized) | 0.7277 0.2321 | 0.7735 0.2351 | 0.7506 (0.0074)  0.2336 (0.0028)
Base+QM&EP+PPM (frozen) 0.7318 0.2347 | 0.7710 0.2317 | 0.7514 (0.0082) 0.2332 (0.0024)
Base+QM&EP+PPM (finetune) 0.7343 0.2363 | 0.7722 0.2313 | 0.7532 (0.0100) 0.2338 (0.0031)

Table 3: The performance of contrast models in terms of AUC and P@2 for click and order tasks.



Multimodal Recommendation: Fusion and Finetuning Matters

Heavy Finetuning

Cost: Moderate

* Learn multimodal
embeddings and update
(parts of) models

Late/Intermediate Fusion Early Fusion

Light Finetuning



DICM (Alibaba, 2018)

« Learn the image embedding model (part of the VGG16 network)

I
I

" E._.BN
Embedding (5 (g (]_)
Layew

ID11D2 IDN

Worker Group

Embedding&MLP

Image Matters: Visually modeling user behaviors using Advanced Model Server
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Using a model server to learn the
embedding model and other
parts separately (split learning)

Balance storage and
communication costs



DICM (Alibaba, 2018)

« Multiquery attentive pooling to aggregate embeddings

(12 x N) d mid vector 12d mid vector Output
EEEE - ENR | r -
t . . —
[ Concat J [[Attentive Pooling:]J Attentive Pooling [ SUM Pooling ]
| Values/Keys T Query
EE = _ T , | | |
EE .N EE = n X X X
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Figure 3: Aggregator architectures. (a) Concatenate (b) Sum/Max Pooling (c) Attentive Pooling (d) MultiQuery-AttentivePooling

Image Matters: Visually modeling user behaviors using Advanced Model Server



DICM (Alibaba, 2018)

« Image signals may be very strong
« Model server balances storage and communication
« Attentive pooling is helpful

Method GAUC GAUCgain AUC AUC gain Storage Communication
Strat

baseline 0.6205 - 0.6758 - rateey Worker Server All Image

ad imége . 0.6235 0.0030 0.6772 0.0014 store-in-worker  5.1G(332T) 0 128M 0

l.)e.havmr mmages  0.6219 0.0014 0.6768 0.0010 store-in-server  134M(8.8T) 30.3M(2T) 5.1G 5.0G

joint 0.6260 0.0055 0.6795 0.0037 AMS 134M(8.8T) 30.3M(2T) 158M 30M

Table 3: Comparison of behavior images and ad image, and
their combination in DICM.

Date CTR eCPM GPM
Aggregator GAUC
baseli Dayl +10.0% +5.5% +3.3%
AseHne. 0.6205 Day?2 +10.0% +6.8% +8.0%
Only ad images 0.6235 Dav3 o1 iy L8
Concatenation 0.6232 ay +9.1% +6.6% +1.8%
MaxPooling 0.6236 Day4 +9.9% +4.8% +7.9%
SumPooling 0.6248 Day5 +8.2% +5.0% +2.7%
AttentivePooling 0.6257 Day6 +8.2% +5.4% +9.9%
MultiQueryAttentivePooling 0.6260 Day7 +9.0% +5.7% +8.0%
Table 4: Result of different aggregator. Aggregators are in- Average 9.2(x0.7)% 5.7(x0.7)% 5.9(+4.0)%

vestigated jointly with ad image.



Siamese networks (Tencent, 2021)

« Modeling music information from music audio
« Using DSSM-like architecture to learn user/audio embeddings

Audio Embeddings R - {r'

A

= = = =
Ii;te:nei:; - Zelsi=Hic ol SN Ceo) [eo) Ceo
tracks N R B 4 4
. Cen ] L2y ) ey ]
Top-N Hit A A A

recent Nearliest Neighbour — Em— — ;

listening - ser i (@2 ] (&2 ) (G2 ) (42 ]

[ 2 | (a2 ]

recent - [ User Branch ] é é

listening -+ x S
artists L% 2.
MR

d BN =N J; Embedding
2 ) user listening data
Demographic : ’_—J ; L and demographics user-liked track user-disliked tracks
Features 7 ' FC+Leaky
HEEEEEN! RelLU | (kemel in time, padding) | Conv-1D + Batch-Norm NS Max-Pool (4 or 2 kemel)
m/l probabilities (GG Fuly-connected Layer NN Adaptive-Max-Fool

Learning Audio Embeddings with User Listening Data for Content-Based Music Recommendation




Siamese networks (Tencent, 2021)

« Longer audio context yields better performance
« More negative samples yield better AUC but lower precision

Model Precision | AUC N )
Basic-Binary 0.677 0.747 Model Precision | AUC
DCUE-1vsl 0.623 0.675 Basic-Binary 0.696 0.762
Multi-1lvsl 0.745 0.752 DCUE-1vsl 0.644 0.697
Multi-1lvs4 0.687 0.749 Metric-1lvsl 0.717 0.788
Metric-1lvsl 0.691 0.765 Metric-1vs4 0.701 0.792
Metric-lvsd 0.681 0.778 (b) context duration equals 10 seconds.

(a) context duration equals 3 seconds.

Learning Audio Embeddings with User Listening Data for Content-Based Music Recommendation



CSCNN (JD.com, 2020)

Using category embedding to customize image embedding
« Channel-wise attention
« Spatial attention
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Category-Specific CNN for Visual-aware CTR Prediction at JD.com



CSCNN (JD.com, 2020)

« Category information helps learn better image representations
« CSCNN can be used to enhance other vision backbones

No Image With Image With Image + Category
Datasets BPR-MF | VBPR DVBPR | DVBPR-C Sherlock DeepStyle | DVBPR-SCA __ Ours
Fachion Al 0.6147 | 0.7557  0.8011 0.8022  0.7640 0.7530 0.8032 0.8156
astion — ~o1d 0.5334 | 0.7476  0.7712 0.7703  0.7427 0.7465 07694 0.7882
W All 0.6506 | 0.7238  0.7624 0.7645  0.7265 0.7232 07772  0.7931
Omen  ~o1d 0.5198 | 0.7086  0.7078 0.7099  0.6945 0.7120 07273  0.7523
Men All 0.6321 | 0.7079  0.7491 0.7549  0.7239 0.7279 07547 0.7749
Cold 0.5331 | 0.6880  0.6985 0.7018  0.6910 0.7210 07048 0.7315
Original +CSCNN

Al Cold Al Cold

No Attention 0.7491 0.6985 - -

SE 0.7500 0.6989 | 0.7673 0.7153

CBAM-Channel | 0.7506 0.7002 | 0.7683 0.7184

CBAM-AIl 0.7556 0.7075 | 0.7749 0.7315




Multimodal Recommendation: Fusion and Finetuning Matters

Heavy Finetuning

Late/Intermediate Fusion Early Fusion

e Extract unified multimodal
embeddings and freeze the
multimodal models

Cost: High

Light Finetuning



Adapted CLIP (Baidu, 2023)

« A VLM-based framework for Ad recall
« Pretraining CLIP on the vision MLM task
« Finetune the relevance model on high-quality Ad domain data
« Distill knowledge from the relevance model on the full data

/,'TM MLM P Classification : Contrastive Learning +  Knowledge

o | } , 1 Distillation

& oJpnmodaly [ mLp x2. ||/ R Y p—

2 Encoder ; o \ P :

3 ‘ 3 P E
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f :> ? Encoder | | o8s Text <:] Relevance |

:12x| Encoder i | :12x| Encoder x12: ¢ Model :

1o Image Text 1 o Encoder’ "

Encoder  Encoder | y

| SRR SRR SR T
12 Transformer . .

* layer number 4 4 |mage .............. teXt ....... : 'mage e
z\;edf::gn(zied) Image text (b) Relevance model (c) Multitask learning
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Enhancing Dynamic Image Advertising with Vision-Language Pre-training



Adapted CLIP (Baidu, 2023)

« The adapted CLIP model outperforms the base model on both general and
Industrial datasets

« Knowledge distillation helps model learning on large-scale noisy data

tod Wukong MSCOCO-CN Flickr30-CN Method Diversity Ratio Irrelevant Ratio
Metho
R@1 R@5 R@10 R@! R@5 R@10 R@1 R@5 R@10 PIreviousyetrieval 6.11 32.67
OUrSp e 9.40 21.78
CN-CLIP 456 724 79.8 62.2 86.6 949 62.7 869 928
oursy,, 563 829 880 510 808 912 458 752  84.2
Method search advertising c-commerce Method Recall@10 Relscore@10
R@1 R@5 R@10 R@! R@5 R@10 R@1 R@5 R@10 — S 55
CN-CLIP 236 489 59.0 8.0 22.1 30.6 58.9 79.7 84.8 retrieval w/o KD 92.8 77.7
ours,,.. 36.1 67.4 76.7 9.8 27.0 374 58.0 80.0 85.5 retrieval w/ KD 94.1 79.5

Enhancing Dynamic Image Advertising with Vision-Language Pre-training



Multimodal Recommendation: Fusion and Finetuning Matters

Heavy Finetuning

Cost: Very High

e Learn unified multimodal
embeddings and update
(parts of) multimodal models

Late/Intermediate Fusion Early Fusion

Light Finetuning



ltemSage (Pinterest, 2022)

« Text-to-image retrieval in multiple tasks
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-

A .
t U
!
[ Transformer Encoder ] -

.
' 9
2

Linear
sample
> i_} query image [ random product
[CLS] Task 1 [7] clicked product
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ltemSage: Learning Product Embeddings for Shopping Recommendations at Pinterest.



ltemSage (Pinterest, 2022)

temSage achieves better results in various tasks

([ ]
« Deep model may not help
p— L] L] L]
« Features and task signals are critical
Number of Closeup Search
Parameters | Clicks Saves Add-to-Cart Checkouts | Clicks Saves Add-to-Cart Checkouts
Sum - 0.663  0.647 0.669 0.699 - - - -
Sum-MLP - - - - - 0.577  0.533 0.561 0.629
MLP-Concat-MLP 30.8M 0.805 0.794 0.896 0.916 0.723  0.736 0.834 0.861
ItemSage 33.1M 0.816 0.812 0.897 0.916 0.749  0.762 0.842 0.869
2-Layer Transformer 36.3M 0.815  0.809 0.895 0.913 0.745  0.759 0.837 0.867
3-Layer Transformer 39.4M 0.815 0.810 0.896 0.915 0.747  0.758 0.841 0.869
4-Layer Transformer 42.6M 0.816 0.813 0.897 0.915 0.750 0.764 0.840 0.869

Closeup Search
Clicks Saves AddCart Checkouts | Clicks Saves Add Cart Checkouts
ItemSage | o816 0812 0.897 0916 | 0749  0.762 0.842 0.869
e Ouly 0795  0.787 0.882 0.908 0670  0.698 0.798 0.830
ge Ly (26%) (3.1%)  (-1.7%) 09%) | (-105%) (84%) (529 (-4.5%)
Feature Text Only 0.683 0.658 0.832 0.859 0.669 0.665 0.790 0.820
) (-16.3%) (-19.0%)  (-7.2%) -62%) | (-107%) (127%)  (-6.2%) (-5.6%)
Image + Text + Graoh | 0814 0812 0.893 0.905 0743  0.767 0.842 0.860
g PR 029  (00%)  (-0.4%) -12%) | (08%) (0.7%)  (0.0%) (-1.0%)
ic Oubo 0597  0.602 0.717 0.772 0553  0.544 0.662 0.724
Spos MY (-26.8%) (-25.9%) (-20.1%)  (-15.7%) | (-26.2%) (-28.6%) (-21.4%)  (-16.7%)
Negative 0774  0.768 0.868 0.897 0655  0.670 0.804 0.840
Sampling res Y (51%)  (52%) (32%)  (21%) | (-126%) (12.1%) (45%)  (-33%)
L 0.781 0.774 0.860 0.884 0687  0.706 0.809 0.838
Smixed (43%)  (-47%)  (-4.1%) (-35%) | -83%) (73%)  (-3.9%) (-3.6%)
. 0815  0.811 0.891 0.909 - - - -
- cup (0.1%)  (-01%)  (-0.7%) (-0.8%) - - - -
ace I - - - - 0.760  0.766 0.830 0.861
4 - - - - (15%) (05%)  (-1.4%) (-0.9%)
Ot + Saves 0819  0.812 0.869 0.894 0755  0.768 0.689 0.765
Engagement (0.4%) (0.0%) (-3.1%) (-2.4%) (0.8%) (0.8%) (-18.2%) (-12.0%)
Type 0503 0503 0.850 0.882 0382 0392 0.768 0.793
Add Cart + Checkouts | 30 4y (38.1%)  (5.2%)  (37%) | (49.0%) (486%) (88%)  (-8.7%)

ltemSage: Learning Product Embeddings for Shopping Recommendations at Pinterest.



MM-Rec (Microsoft, 2022)

« Finetuning VLM during model training

o Predicted
Image t Text t Click Score
P : i .
t Embedding ' Embedding [ Click Predictor ]
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f f f ! ! ! 7 Embedding
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D, D, D, D,
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MM-Rec: Visiolinguistic Model Empowered Multimodal News Recommendation



MM-Rec (Microsoft, 2022)

« Cross-modal matching is useful for recommendation

Methods AUC MRR NDCG@5 NDCG@10
EBNR 60.34+0.29  20.79+0.25 22.43+0.26  30.76%+0.23
DKN 60.18+0.24  20.56+0.22  22.24+0.20  30.53+0.18
DAN 61.03+0.22 21.69+0.19 23.12+0.23  31.48+0.20

NAML 61.55+0.18 22.13+0.16  23.57+0.17  31.92+0.17
NRMS 62.01+0.13  22.68+0.15 24.08+0.15  32.38+0.15
GERL 62.21+£0.17 22.82+0.16 24.36+0.18  32.55%+0.19
FIM 62.18+0.15  22.79+0.14 24.35%0.13  32.52+0.16
PLM-NR  63.67+£0.10 24.17+0.09 25.42+0.11 33.31+0.12
MM-Rec 64.96+0.12 25.22+0.11 26.67+0.12 34.23+0.10
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MM-Rec: Visiolinguistic Model Empowered Multimodal News Recommendation

NDCG@10
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Alignment: More Modalities, More Information

« Recommender systems need to process more and more modalities

« Text, audio, image, video, signal, tabular data...
« How to align so many modalities?

« How to align so many modalities?
« Which one should be the center?

« How to align new modalities to existing ones?
« Motivated by GPT-4, GPT-4V, DALLE, and Sora



Aggregation: Multimodal Information Fusion

« Recommender systems need to fuse representations of different modalities
« Different modalities have commonality and diversity

« Early fusion is difficult and expensive
« Needs low-level understanding of different modalities

« Late fusion may be ineffective
« Many useful signals are lost during representation learning



Adaptation: Foundation Model to Recommenders

« Multimodal foundation models are not born as multimodal

recommender systems
« Need to adapt pretrained models in recommendation tasks

« Pretrained models are often general domain oriented
« May be suboptimal in specific domains

- How to develop good tasks and data to adapt foundation models to novel tasks
and domains?



Acceleration: Bigger and Faster

« Multimodal models usually have high computational & memory costs
+ Large foundation models are much more slower than traditional
recommendation models

« How to accelerate multimodal models to meet latency requirements?
 Distillation/Quantization/Compression
« Cache
« Speculative Decoding
« Mok



Atmosphere: How to Embrace AIGC?

« The influence of AIGC on content delivery platforms

« Users can use Al tools to create better content in a shorter time
« May pollute the content ecosystem and affect the quality of UGC

« The influence of AIGC on recommendation algorithms

 Difficult to balance the exposure chance of AIGC and UGC
« Some models may prefer AIGC than UGCJ[1]

« The influence of AIGC on users
« May distort users’ perception and views (this can be intentional)

[1]LIms may dominate information access: Neural retrievers are biased towards lIm-generated texts." arXiv preprint
arXiv:2310.20501 (2023).
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