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Question

Does a model really see an image/video?🤔



In visual question answering?

From: [Antol et al., “VQA: Visual question answering,” ICCV 2015]



In visual question answering?
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From: [Agrawal et al., “Don’t Just Assume; Look and Answer: Overcoming Priors for Visual Question Answering,” CVPR 2018]

🥺



In video question answering?

[Garcial et al., “KnowIT VQA: Answering Knowledge-Based Questions about Videos,” AAAI 2020]



In video question answering?

[Garcial et al., “KnowIT VQA: Answering Knowledge-Based Questions about Videos,” AAAI 2020]
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In video moment retrieval?

[Otani et al., “Uncovering hidden challenges in query-based video moment retrieval,” BMVC 2020]



In video moment retrieval?

🥺
[Otani et al., “Uncovering hidden challenges in query-based video moment retrieval,” BMVC 2020]



Spurious correlation matters

From:  [Agrawal et al., “Don’t Just Assume; Look and Answer: 
Overcoming Priors for Visual Question Answering,” CVPR 2018]

[Otani et al., “Uncovering hidden challenges in 
query-based video moment retrieval,” BMVC 2020]

Visual question answering Video moment retrieval



A similar happens in visual-input-only tasks

From: [Beery et al., “Recognition in Terra Incognita” ECCV 2018]



Mitigating the spurious correlation problem
• Considering certain attributes; for example:

• [Burns et al., “Women also snowboard: Overcoming bias in 
captioning models,” ECCV 2018]

• [Agarwal et al., “Does data repair lead to fair models? Curating 
contextually fair data to reduce model bias,” WACV 2022]

• Background matters; for example:
• [Sagawa et al., “Distributionally robust neural networks for group 

shifts: On the importance of regularization for worst-case 
generalization,” ICLR 2020]

• [Taghanaki et al., “Robust representation learning via perceptual 
similarity metrics,” NeurIPS 2022]

• Identifying confounders; for example:
• [Liu et al., “Show, deconfound and tell: Image captioning with causal 

inference,” CVPR 2022]



Yet another (perhaps crazy) idea?

• Representing an image/video with a set or a sequence of 
discrete labels, but not with a continuous vector

A skateboarder 
jumping into the air
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h = [0.13,�0.54,�0.0, 1.12, . . . ]…

a man skateboard jumping

Continuous rep. Discrete rep. (concepts ＋combinations)

But not natural language



Discovering concepts in an image dataset
• SCOUTER [Li et al., ICCV 2021]

• Better explainability with a SINGLE distinctive visual feature per class

• BotCL [Wang et al., CVPR 2023]
• Discovering concepts that describe image for a given classification 

task



SCOUTER 🧐 [Li et al. ICCV 2021]
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SCOUTER 🧐 [Li et al. ICCV 2021]



BotCL [Wang et al., CVPR 2023]



BotCL: Discovered concepts



BotCL: Evaluation of discovered concepts



BotCL: Interpretation of classifier

• Our classifier is a single FC layer
• learns the correlations between each class and concept 
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Next steps
• Efficient representation with a smaller set of concepts
• More structured
• Perhaps with grammar

• Without target task
• Unsupervised (self-supervised) training for concept 

discovery

• Exploring some ways to identify spurious correlations
• For vision and language tasks
• For vision tasks


