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Introduction
Multimodal (Text & Image) Data Source
• Most of real-world web data are comprised of text and images.

• Images can play an irreplaceable role in answering some questions.
• e.g., “Give me a recommendation of a white baby bike!”

• However, most of prior works do not consider images in neither retrieval nor reading process.

A example Wikipedia page An example Amazon page An example Reddit page
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Problems of Existing Work
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Existing studies focus on multimodal retrieval in limited scenarios.

For example, the MSCOCO benchmark only focuses on 2 kinds of retrieval scenarios.

• Input: caption,  output: image

• Input: image,    output: caption

Retreiver

MSCOCO task 1 example

Retreiver

MSCOCO task 2 example



More Diverse Scenarios for Multimodal Retrieval
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• Necessary to consider a wider range of domains and modalities in retrieval scenarios.

• A user conducts searches in various ways, including
• the target (i.e., modality) that users want to search for
• the methods of performing searching

I want to find 
pants that look 
like this, but in 
red color

Who is the first 
president of USA? 
And give me a 
picture of him 
too.

George
Washington!



More Diverse Scenarios for Multimodal Retrieval

5

This paper aims to introduce a broader range of scenarios (along with a benchmark) for 
multimodal retrieval and propose a framework for training multimodal retrievers capable 
of handling these tasks.



Contributions
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• UniIR framework
• A universal multimodal information retrieval framework designed to integrate various multi-modal 

retrieval tasks into a cohesive system.

• M-BEIR benchmark
• A large-scale multimodal retrieval benchmark that assembles 10 diverse datasets from multiple 

domains, that has 8 distinct multimodal retrieval tasks.

• UniIR models adopting UniIR framework & trained on M-BEIR benchmark



Problem Definition
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Problem Definition (Cont.)
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The authors define 8 retrieval scenarios total.



UniIR &
M-BEIR Benchmark
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UniIR Overview
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• UniIR aims to design an embedder capable of embedding both images and text simultaneously.

• The UniIR framework utilizes pretrained CLIP and BLIP models.

• It is categorized into two types based on the method of their integration.
• Score-level Fusion (SF)
• Feature-level Fusion (FF)

CLIP Image 
Encoder

CLIP Text 
Encoder

CLIP Image 
Encoder

CLIP Text 
Encoder
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Design Choice 1: Score-level Fusion
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Design Choice 2: Feature-level Fusion
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Feature-level fusion employs mixed-modality attention layers to integrate features from both modalities.

• Specific implementation varies between CLIP and BLIP for this fusion approach.

For CLIP

1. Image and text inputs are each processed into a sequence of encoded vectors.

2. Two sequences of vectors are put into a learnable T5 Transformer.

3. Perform mean pooling.

   

  

   

  

 

T5 TransformerT5 Transformer

Mean Pooling Layer Mean Pooling Layer



Design Choice 2: Feature-level Fusion
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For BLIP

1. Image input is encoded into a sequence of key/value vectors.

2. Text input is encoded into a sequence of query vectors.

3. A cross-attention is performed on the query/key/value vectors.

4. Perform mean pooling.

   

     

 

Cross-attention Layer 

Mean Pooling Layer

 

  

   

Cross-attention Layer 

Mean Pooling Layer

 

  



M-BEIR Overview
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M-BEIR: Dataset Collection
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The M-BEIR dataset is composed of 8 tasks from 10 distinct benchmarks



M-BEIR: Instructions
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M-BEIR: Examples
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Below shows 6 different benchmarks, with 4 different tasks. 



Experiments
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Experiment Goals
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• UniIR effectivity: How do UniIR models perform on the M-BEIR benchmark?

• Instruction validity: How do the instructions affect the retrieval accuracy, if we fine-tune UniIR using 
the instructions?

• Model design choice superiority: What is the most effective fusion strategy (score-level vs. feature-
level) and base model (CLIP vs BLIP) for UniIR?



Experiment Settings
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Benchmark:
• M-BEIR 5.6M
• M-BEIR Local

Metrics: adheres to the default metric of each benchmark
• Recall@10: Fashion200K, FashionIQ
• Recall@5: rest of the datasets

Models:
• Zero-shot: Vanilla pre-trained CLIP/BLIP
• Single-task: UniIR-framework models fine-tuned using M-BEIR Local’s corresponding task (excluding 

the instructions)
• Multi-task: UniIR-framework models fine-tuned using M-BEIR 5.6M (excluding the instructions)
• UniIR: UniIR-framework models fine-tuned using M-BEIR 5.6M (including the instructions)



Main Experiment: Retrieval Accuracy
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• Zero-shot retriever fails to comprehend retrieval intention.

• Instruction-tuning greatly improves retrieval accuracy on M-BEIR.



Validity of Instructions
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conducted an analysis of the retrieval error for Multi-task and UniIR
Three kinds of errors

• X modality: Retrieving from modality differing to the target modality

• X domain: Retrieving from incorrect domain (i.e., other benchmark’s data)

• Other

X modality errors decrease greatly from Multi-task to UniIR
• UniIR models were able to successfully learn to retrieve intended modalities



Model design choice superiority
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Comparison with Existing Methods
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UniIR models outperform SOTA models for each task in average.


