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Industrial Applications and Open Challenges 
in Multimodal Recommendation

Chuhan Wu

Huawei Noah’s Ark Lab
https://wuch15.github.io

WWW 2024 @ Singapore

https://jiemingzhu.github.io/
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Multimodal Recommendation: Fusion and Finetuning Matters

Late/Intermediate Fusion Early Fusion

Heavy Finetuning

Light Finetuning

• Extract multimodal 
embeddings with 
pretrained models

• Learn multimodal 
embeddings and update 
(parts of) models

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

• Extract unified multimodal 
embeddings and freeze the 
multimodal models

Cost: Very High

Cost: Low

Cost: Moderate

Cost: High
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Multimodal Recommendation: Fusion and Finetuning Matters

Late/Intermediate Fusion Early Fusion

• Extract multimodal 
embeddings with 
pretrained models

• Learn multimodal 
embeddings and update 
(parts of) models

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

• Extract unified multimodal 
embeddings and freeze the 
multimodal models

Cost: Very High

Cost: Low

Cost: Moderate

Cost: High

Heavy Finetuning

Light Finetuning
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PPM (JD.com, 2024)

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

• Extract multimodal item embeddings with adapted BERT and ResNet

• 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
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PPM (JD.com, 2024)

• Multimodal features benefit product recommendation

• Adapted BERT/ResNet are better than the original ones
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Multimodal Recommendation: Fusion and Finetuning Matters

Late/Intermediate Fusion Early Fusion

Heavy Finetuning

Light Finetuning

• Extract multimodal 
embeddings with 
pretrained models

• Learn multimodal 
embeddings and update 
(parts of) models

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

• Extract unified multimodal 
embeddings and freeze the 
multimodal models

Cost: Very High

Cost: Low

Cost: Moderate

Cost: High
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DICM (Alibaba, 2018)

Image Matters: Visually modeling user behaviors using Advanced Model Server

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

• Using a model server to learn the 

embedding model and other 

parts separately (split learning)

• Balance storage and 

communication costs
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DICM (Alibaba, 2018)

Image Matters: Visually modeling user behaviors using Advanced Model Server

• Multiquery attentive pooling to aggregate embeddings 
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DICM (Alibaba, 2018)

• Image signals may be very strong

• Model server balances storage and communication

• Attentive pooling is helpful
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Siamese networks (Tencent, 2021)

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

• Modeling music information from music audio

• Using DSSM-like architecture to learn user/audio embeddings
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Siamese networks (Tencent, 2021)

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

• Longer audio context yields better performance

• More negative samples yield better AUC but lower precision
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CSCNN (JD.com, 2020)

Category-Specific CNN for Visual-aware CTR Prediction at JD.com

• Using category embedding to customize image embedding

• Channel-wise attention

• Spatial attention

• Combine both image and other 

features in model training

• Cache CNN features in online 

serving
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CSCNN (JD.com, 2020)

• Category information helps learn better image representations

• CSCNN can be used to enhance other vision backbones
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Multimodal Recommendation: Fusion and Finetuning Matters

Late/Intermediate Fusion Early Fusion

Heavy Finetuning

Light Finetuning

• Extract multimodal 
embeddings with 
pretrained models

• Learn multimodal 
embeddings and update 
(parts of) models

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

• Extract unified multimodal 
embeddings and freeze the 
multimodal models

Cost: Very High

Cost: Low

Cost: Moderate

Cost: High
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Adapted CLIP (Baidu, 2023)

Enhancing Dynamic Image Advertising with Vision-Language Pre-training

• 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
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Adapted CLIP (Baidu, 2023)

Enhancing Dynamic Image Advertising with Vision-Language Pre-training

• The adapted CLIP model outperforms the base model on both general and 

industrial datasets

• Knowledge distillation helps model learning on large-scale noisy data
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Multimodal Recommendation: Fusion and Finetuning Matters

Late/Intermediate Fusion Early Fusion

Heavy Finetuning

Light Finetuning

• Extract multimodal 
embeddings with 
pretrained models

• Learn multimodal 
embeddings and update 
(parts of) models

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

• Extract unified multimodal 
embeddings and freeze the 
multimodal models

Cost: Very High

Cost: Low

Cost: Moderate

Cost: High
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ItemSage (Pinterest, 2022)

ItemSage: Learning Product Embeddings for Shopping Recommendations at Pinterest.

• Text-to-image retrieval in multiple tasks
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ItemSage (Pinterest, 2022)

ItemSage: Learning Product Embeddings for Shopping Recommendations at Pinterest.

• ItemSage achieves better results in various tasks

• Deep model may not help

• Features and task signals are critical
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MM-Rec (Microsoft, 2022)

MM-Rec: Visiolinguistic Model Empowered Multimodal News Recommendation 

• Finetuning VLM during model training 
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MM-Rec (Microsoft, 2022)

MM-Rec: Visiolinguistic Model Empowered Multimodal News Recommendation 

• Cross-modal matching is useful for recommendation
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• Alignment

• Aggregation

• Adaptation

• Acceleration

• Atmosphere
Multimodal Pretraining 

for Recommendation

Open Challenges: 5A
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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
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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
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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?
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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

• MoE

• …
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Atmosphere: How to Embrace AIGC? 

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

• The influence of AIGC on content delivery platforms 
• Users can use AI 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 UGC[1]

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