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Image / text sources from “UniIR: Training and Benchmarking Universal Multimodal Information Retrievers (ECCV 2024)" licensed under CC BY 4.0

• While cross-modal retrieval (e.g., T2I retrieval) has been widely explored, multimodal retrieval 
(e.g., T2IT retrieval) has been relatively underexplored

• Especially, retrieving samples in a database with mixed modalities, where image, text, and image + 
text (e.g., Wikipedia images with texts) are included together, remains challenging
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• The main reason behind such a performance degradation is the modality gap between images and 
texts
• Modality gap: phenomenon where data samples that share similar semantics but belong to different modalities exhibiting low 

similarity

• Analyzed modality gap using recent multimodal embedding model, VISTA [1]
• PCA visualization using embeddings of image, text, and image + text -> clear discrepancy exists among three modalities

• Cosine similarity between averaged vectors of each modality is also low

• Goal: minimize discrepancy between embeddings of each modality our proposed method 

Motivation

[1] VISTA: Visualized Text Embedding For Universal Multi-Modal Retrieval (ACL 2024)
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• Improving multimodal retrieval performance is also challenging due to the scarcity of datasets 
including composed sets of image and texts
• Previous studies resorted to generating such triplets, which require a non-trivial amount of labor and time. 

• Additionally, models trained with these triplets might only be capable of performing multimodal retrieval in scenarios that were 
seen during their training, while showing poor performance for unseen scenarios

• We need a method that enables to 1) learn retrieving any combination of modalities 2) without 
generating such datasets

Motivation
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Generalized Contrastive Learning 
• We propose Generalized Contrastive Learning (GCL), a loss function that improves the multimodal retrieval performance without 

generating datasets with composed sets of image and texts.  

• Given that multimodal retrieval models are further finetuned from cross-modal retrieval models, we utilize original image-to-text 
caption dataset (e.g., LCS-558K) used for training cross-modal retrieval models

• Simply by imposing contrastive loss on samples with all modalities in a mini-batch, we can improve multimodal retrieval performance

• For image-text (IT) embeddings, we can either simply add the embeddings of image and texts or utilize an embedding vector extracted 
from a model fusing both embeddings

Proposed Method: Generalized Contrastive Learning
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Generalized Contrastive Learning 
• GCL loss can be formulated by extending the types of modalities in the standard contrastive learning loss function

• Notations
• Set of modalities: 𝑀 = 𝑖, 𝑡, 𝑖𝑡

• Set of positive modality pairs: 𝑃 = 𝑖, 𝑡 , 𝑖, 𝑖𝑡 , 𝑡, 𝑖 , 𝑡, 𝑖𝑡 , 𝑖𝑡, 𝑡 , 𝑖𝑡, 𝑖

Proposed Method: Generalized Contrastive Learning
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• Benchmarks
• We evaluate the effectiveness of our proposed method on established multimodal retrieval benchmarks, including M-BEIR [2], MMEB 

[3], and the video retrieval benchmark CoVR [4]

• These benchmarks include both cross-modal retrieval and multi-modal retrieval tasks

• M-BEIR is composed of both global and local evaluation settings

• Global: All candidates across different tasks and datasets are used

• Local: Only candidates from the specific dataset are used

• Models 
• We apply GCL loss on CLIP-SF [2] and VISTA [1] and show consistent performance improvements under various benchmarks and tasks

Experimental settings

[2] UniIR: Training and Benchmarking Universal Multimodal Information Retrievers" (ECCV 2024)

[3] VLM2Vec: Training Vision-Language Models for Massive Multimodal Embedding Tasks (ICLR 2025)

[1] VISTA: Visualized Text Embedding For Universal Multi-Modal Retrieval (ACL 2024)

[4] CoVR: Learning Composed Video Retrieval from Web Video Captions (AAAI 2024)
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• Cross-/multimodal Retrieval performance on MMEB and M-BEIR
• Our framework consistently improves cross-/multi-modal retrieval performances on MMEB and M-

BEIR benchmarks using CLIP-SF and VISTA

Quantitative Evaluation

M-BEIR (Global) MMEB
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• Improves video retrieval performance of VISTA and CLIP-SF

Quantitative Evaluation

• Apply GCL to TinyCLIP-SF even outperforms pretrained VISTA and CLIP-SF
• This shows that GCL enables multimodal retrieval even with small number of model parameters and fast inference
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