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https://jiemingzhu.github.io/

Multimodal models are reshaping the world
with new 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.

Image credit: OpenAl et al., GPT-4 Technical Report, 2023

Image credit: Zhu et al., MiniGPT-4..., 2023



Cross-Modal Retrieval

Text-to-image retrieval Image-to-audio retrieval

l Selectanimage

Pepper the
aussie pup

Text
_ . Encoder
) —— Y Y Y Y

T T, | T - Ty
» Iy I-Ty | 13T | 1)-Ty 11- Ty
o » I ILyTy | 2Ty | I2Ty 13- Ty
Image ‘ » I 3Ty | Iy Ty | Iy T Iy Ty
Encoder ‘ - 3 30 3 12 3 '3 - 3N

1 Explore audio retrievals

P 0:19/0:26 c———— L D) p 0:00/0:16 o= L D)
Image credit:: Radford et al., Learning Transferable Visual Models From Distance: 1.138 Distance: 1.155

Natural Language Supervision, 2021
Image credit: 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,...

X ; y v 3
. 7} ;.ll‘ﬁ '_ .

Text-to-Image

Image credit: Stable Diffusion 2. Image credit:


https://github.com/Stability-AI/stablediffusion
https://github.com/Stability-AI/stablediffusion
https://openai.com/index/video-generation-models-as-world-simulators

What Can Multimodal Models Offer for Recommendation?

Domain

Cold-start
Generalization\ /

Multimodal
Understanding

Explainability J Diversity

Accuracy



Multimodal Pretraining Techniques for

Recommendation
o Pretraining paradigms

o User-to-item matching
o Item-to-item matching
o |ID-to-modality alignment

Multimodal Adaptation Techniques for

Recommendation
o Representation transfer

o Joint Finetuning
o Adapter/Prompt tuning

Open Challenges




Self-supervised Pretraining

Representative pretraining tasks: reconstructive, contrastive, and generative

BERT
StableDiffusion

Reconstruction Loss

A
s p /

CLIP
ImageBind

Contrastive Loss

f \ Ve N\ Ve N\
[ \ / \ / \
/ \ / \ / \
/ Encoder \ / Encoder \ / Encoder \
/ /Decoder \ / \ / \
II‘Ill \\1' i ‘\ i
C J J
; t t
Input Input Input
Reconstructive Contrastive

Generative




Pretrained Multimodal Models (2019~2022)
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Image credit: Wang et al., Large-scale Multi-Modal Pre-trained Models: A Comprehensive Survey, 2023



Multimodal Large Language Models (2023~2024)
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Image credit: Yin et al., A Survey on Multimodal Large Language Models, 2023
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Domain-Specific Data:

» Content data: text, image. video,
category. tags...

» Behavior data: user-item pairs, sequences,
graphs...

In-Domain Pretraining:

» A way to incorporate domain knowledge
into a pretrained model without having to
retrain it from scratch

Downstream Tasks

» Representation transfer
> Supervised finetuning
» Adapter/Prompt tuning



In-domain Pretraining w/ Collaborative Signals

Collaborative Signals:

» User-to-item matching (e.g., MMSRec., MISSRec)

>

>

Item-to-item matching (e.g., CB2CF, ItemSage)

ID-to-modality alignment (e.g., CLCRec)

likes / \‘\ likes
\

Item 1 g Item 2 E



In-domain Pretraining w/ User-to-Item Matching

MMSRec

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

recommend
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Song et al., Self-Supervised Multi-Modal Sequential Recommendation, 2023



In-domain Pretraining w/ User-to-ltem Matching (continued)

E chronological order Task 1: Seq-ltem CL Task 2: Seq-Seq CL
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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



In-domain Pretraining w/ ltem-to-ltem Matching

SSD [Xiaohongshu] ItemSage [Pinterest]
» 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
d ive rSity C__‘:D {1 query image
Task 1 |;| clickeq product
Cross-entropy Loss ltemSAGE = B saved product
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Huang et al., Sliding Spectrum Decomposition for Diversified Recommendation, 2021.
Baltescu et al., ItemSage: Learning Product Embeddings for Shopping Recommendations at Pinterest, 2022
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In-domain Pretraining w/ Item-to-ltem Matching

UniEmbedding [Huawei]

» Universal multi-modal multi-domain item embedding

» Intra-domain/cross-domain contrastive learning

» Domain-aware multimodal adapter
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Dai et al., UniEmbedding: Learning Universal Multi-Modal Multi-Domain Item Embeddings via User-View Contrastive Learning, CIKM 2024
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In-domain Pretraining w/ ID-to-Modality Alignment

CLCRec DCMR
> Contrastive learning between CF encoder and » Leveraging pretrained item ID embeddings as signals to

content encoder train content encoders
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. . : . Oord et al., Deep Content-based Music Recommendation, 2013
. L - 2021 . .
Wei et al., Contrastive Learning for Cold-Start Recommendation, 20 https://sander.ai/2014/08,/05/spotify-cnns.html



In-domain Pretraining w/ Self-supervised Tasks

Reconstructive:

» Masked token prediction (PREC, RecoBERT)
» Masked attribute prediction (PREC, S3-Rec)

» Masked item prediction (PREC, S3-Rec) Pre-training . Continued Pre-training
: NI

Contrastive: .| Pretrained model | || Adapted model

» Contrastive view alignment (MMSRec, VisualEncoder) Self_supem;idi A Seff-supervised

: : . Train " objective . Train f objective

> Title-body alignment (RecoBERT) | E:J. MLM o e_t;J_ LM

» Cross-modal alignment <l D A
| Unlabeled Unlabeled

Generative: ' generaldata  J| | | 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



In-domain Pretraining w/ Self-supervised Tasks (continued)
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In-domain Pretraining w/ Augmented Knowledge

Knowledge Sources: Categories Tags
. Posts Comments Admin the_content_more_link wp-config
» Category/tags/topics
RSS Misc Categories email init wp_list_categories
> Know'edge graphs SEO Themes Plugins site_transient_update_plugins the
Media Users antispambot add_shortcode

> Query-document pairs

php he_generator the_conten
p_tag_cloud he_tag
categon title make cl able
mment_text add_post_type support

Image credit: https://www.wpexplorer.com/plugins-add-categories-tags/
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Image credit: TDN: Triplet Distributor Network for Knowledge Graph Completion, 2023



In-domain Pretraining w/ Augmented Knowledge (continued)

NewsEmbed

» Contrastive learning: aligning the crawled news document triplets

> Topic classification: leveraging document-topic associations for multi-label classification
L Contrastive learning
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Liu et al., NewsEmbed: Modeling News through Pre-trained Document Representations, 2021



In-domain Pretraining w/ Augmented Knowledge (continued)

K3M

> Link Prediction Modeling (LPM): learning modality encoders to perform link prediction in KGs
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» Masked Object Modeling (MOM)
» Masked Language Modeling (MLM)

» Link Prediction Modeling (LPM)

Pretraining loss: Lpre = vy + Ivom + lLpm-

Zhu et al., Knowledge Perceived Multi-modal Pretraining in E-commerce, 2021
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In-domain Pretraining w/ Augmented Knowledge (continued)

EASE

» Enrich with LLMs: LLMs serve as a world knowledge base

» Semantic adapter bridge item features and LLMs

» Reconstruction text from LLMs to transfer knowledge
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Qiu et al., EASE: Learning Lightweight Semantic Feature Adaptersfrom Large Language Models for CTR Prediction, CIKM 2024
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Summarization

« Multimodal Pretraining Techniques for Recommendation

o With collaborative signals
= User-to-item matching

= Item-to-item matching

= ID-to-modality alignment

o With self-supervised tasks

= Mask prediction
= Contrastive alignment

o With augmented knowledge

« Categories/Tags/Topics
= Knowledge graphs
« LLMs



Multimodal Pretraining vs. Adaptation

Multimodal pretraining for
recommendation

Recommendation

How to learn a good representation models

for recommendation? /VS

Pretrained
large models

Multimodal adaptation for
recommendation

How to learn a good recommender

given pretrained representations?



Representation transfer
o Multimodal features as side information
o Multimodal sequence learning for user
representation
o Multimodal sequence denoising and aggregation

Joint Finetuning
o Only finetuning item-side encoder
o Finetuning both item-side and user-side encoders
o Finetuning user-item cross encoder

Adapter/Prompt Tuning
o Multimodal fusion adapter
o LLM adapter for multimodal recommendation




Representation Transfer (1)

> Multimodal features as side information
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MMGCN: leveraging multimodal graph networks
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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



Representation Transfer (2)

» Multimodal sequence learning for user representation
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Xun et al., Why Do We Click: Visual Impression-aware News Recommendation, 2021



Representation Transfer (3)

» Multimodal sequence denoising and aggregation
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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



Joint Finetuning (1)

» Only finetuning item-side encoder

(o5 ]

HIN-CTR:

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

> Leveraging category-aware CNN encoder
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« Batch Data Loading <= React on Request

» Caching the embeddings after training for online serving

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

Joint Trainer

<= =—Daily Model Sync



Joint Finetuning (2)

~ Predicted HCGM Module
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MM-Rec:

> Finetuning the last three layers of VILBERT
» Caching the image and text embeddings

» Finetuning both item-side and user-side encoders

HCCM:

> Leveraging category-aware CNN encoder
» Caching the embeddings after training

____________________________________________________________________________

Ad Image User Behavior Images

DCIM:

» Finetuning pretrained CNNs
» Caching the embeddings after training

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



Joint Finetuning (3)
» 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



Adapter Tuning (1)

» Multimodal fusion adapter
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1 1
Ca)
( MLP ; Relu ] T T
u | [ |
1 1D content
[ Concat ] embeddings embeddings
J- [ HE . |
other features ID features content Tfeatures
et )
[ attentive pooling ]
I
-~ T
N Em -]‘- [ ‘- I .
[j Multimodal Model j]
I I
v S L
f;*np "eﬁﬁ
LT _-.‘Ez.f.';t_ £
2 Son L
iteml item2 i i
item3 itemN candidate item
- -

CIC: Content-ID-Contrastive

[ | M
L
1 [T 1T 1
content G|CG|CG|--|C
embeddings
I Ca:Ia|Ca-Tn|C2-I1| o.. |Ca-1n
B " P Iz C1-Iz2|Ca-I2|Ca- 12| ... |Cn-1z
L I3 C1-Is|Cz-T3|Ca-T3] ... |Cn-13
| P
ID
embeddings In | |C1-In[Ca-Ia|CarDn| «oo [CoTn

content featur

+

Multimodal Model

e

[ﬂjLoRA J[ 64* FQ-Former ]
. 4 4 s 4 4 [
queries / t - t \ t e f\o,

0’: trainable

*: frozen

Image / Video Text

<+<—— Content-ID contrastive learning

<+<—— Multimodal fusion adapter

user behavior sequence

EM3

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



Adapter Tuning (2)

» LLM adapter for multimodal fusion
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Geng et al., VIP5: Towards Multimodal Foundation Models for Recommendation, 2024
Wei et al., Towards Unified Multi-Modal Personalization: Large Vision-Language Models for Generative Recommendation and Beyond, 2024



Prompt Tuning

» Learnable prompt token as embedding
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Zhang et al., NoteLLM: A Retrievable Large Language Model for Note Recommendation, 2024
Zhang et al., NoteLLM-2: Multimodal Large Representation Models for Recommendation, 2024



Summarization

« Multimodal Adaptation Techniques for Recommendation

o Representation transfer
« Multimodal features as side information

= Multimodal sequence learning for user representation

= Multimodal sequence denoising and aggregation

o Joint Finetuning

= Only finetuning item-side encoder
= Finetuning both item-side and user-side encoders
= Finetuning user-item cross encoder

o Adapter Tuning
« Multimodal fusion adapter
= LLM adapter for multimodal recommendation

o Prompt Tuning
= Learnable prompt token
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\ M Open Challenges

.‘ « Vertical-domain foundational model

9 ' e 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

e Benchmarks and evaluation

o BARS/GreenRec/RecBench...
o Amazon/MIND/PixelRec/MicroLens



Thank Youl!
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