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Introduction

Problem: Task specific models, and noisy data

Solution: ensemble of task specific models for overall task generalization and 
CapFilt for improved data



Architecture



VIT Encoder



BERT Encoder



Image-Text Contrastive Loss
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Image-Ground Text encoder
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Image-Text Matching Loss

ITC:

ITM:



Image-Ground Text Decoder
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CapFilt System



Captioning and Filtering

The goal of CapFilt is to take noisy web data, filter out unusable captions, and 
provide higher quality synthetic captions



Model Pretraining

Starts with unfiltered web data 
and human annotated data



Filter Finetuning



Filtering Web Data



Filtered Web Data



Captioner Finetuning



Caption Generation



Filtering Synthetic Captions



Bootstrapped Data



Improved Downstream Task Performance



Examples



Datasets

● Pre-training
○ 3 web based ~14M
○ 2 human annotated ~450K
○ An additional noisy web based ~115M

● Finetuning
○ COCO

● Additional experiment datasets
○ VQA, NLVR^2, MSRVTT/MSVD - QA, NoCap



Results



Evaluation Metrics
● Recall at K (R@K)

● Mean Rank (MR)

● Mean Reciprocal Rank (MRR)

● Bilingual Evaluation Understudy (BLEU or B@4)

● Consensus-Based Image Description Evaluation (CIDEr)

● Semantic Propositional Image Caption Evaluation (SPICE)



Comparative Study: Image-Text Retrieval (Finetuned)



Comparative Study: Image-Text Retrieval (Zero-shot)



Comparative Study: Image Captioning (Finetuned)



Visual Question Answering Task (VQA)

Goal

● Predict an answer given a image and a question

Setup

● Rearrange the pre-trained model

● Embeddings are passed to an Answer Decoder

● VQA model is tuned using LM loss

● Image-Question encoded into multimodal embeddings



Comparative Study: Visual Question Answering



Natural Language Visual Reasoning Task (NLVR2)

Goal

● Predict if a sentence describes an image pair

Setup

● Rearrange the pre-trained model

● Pass embeddings to two cross-attention layers

● Outputs fed to each blocks feed forward network

● Outputs are merged

● Pass both images to Image Encoders



Comparative Study: Natural Language Visual Reasoning



Visual Dialog Task (VisDial)

Goal

● Predict an answer using question-answer pair, dialog 
history, and the image’s caption

Setup

● Rearrange the pre-trained model

● Concatenate image and caption embeddings

● Train the dialog encoder with IRM loss

● Pass embeddings to a Dialog Encoder using CA



Comparative Study: Visual Dialog



Comparative Study: Text-To-Video Retrieval (Zero-shot)



Comparative Study: Video Question Answering (Zero-Shot)



Data Bootstrapping with CapFilt 



Ablation Study: Beam Search vs Nucleus Sampling



Ablation Study: Encoder/Decoder Parameter Sharing



Ablation Study: Captioner/Filter Parameter Sharing



Limitations

● Higher Computational Costs
● Residual noise limiting the downstream models
● Annotation limitations



Conclusion & Future Work

● CapFilt improves dataset quality, boosting downstream task performance
● Versatile model, excels in visual-language understanding and generation

● Explore multiple bootstrapping rounds to refine CapFilt
● Generate multiple captions per image for richer data
● Create a larger ensemble of models to boost CapFilt's performance 
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