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Dataset classification task

Larger, more diversified     less biased dataset To some extent, but 
not entirely.

[1] Antonio Torralba & Alexei A. Efros. Unbiased look at dataset bias. CVPR 2011.
[2] Liu, Zhuang, Kaiming He, Meta AI Research. A decade’s battle on dataset bias: Are we there yet? ICLR 2025.

◦ The “Name of that dataset” experiment[1][2]

• Large in scale

• General and diversified

• Purpose of pre-training
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Observation

Ø High accuracy is observed across dataset combinations

Experiment on ConvNeXt-T

• High accuracy All combinations >62%, 

     16 of 20 combinations >80%.  

• Highest combinations YFCC, CC, and 

ImageNet achieved 92.7%.  

• More datasets setting 6-dataset combination 

reached 69.2%.  

• Random baseline: 33.3%. 

[2] Liu, Zhuang, Kaiming He, Meta AI Research. A decade’s battle on dataset bias: Are we there yet? ICLR 2025.
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Observation

Ø High accuracy is observed across dataset combinations

Ø High accuracy is observed across model architectures

Experiment on the YCD combination

• High accuracy 4 of 5 models >80%, which 

AlexNet achieves 77.8%.  

• Architecture independent: Networks capture 

biases regardless of architecture.  

• Inherent ability: Bias capture is a core 

property of deep networks. 

[2] Liu, Zhuang, Kaiming He, Meta AI Research. A decade’s battle on dataset bias: Are we there yet? ICLR 2025.
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Observation

Ø High accuracy is observed across dataset combinations

Ø High accuracy is observed across model architectures

Ø High accuracy is observed across different model sizes

• Small models still effective: 7K-parameter 

ConvNeXt (3/10000 of ResNet-50) achieved 

72.4% accuracy,

• Larger models perform better: Accuracy 

improves with model size, but with diminishing 

returns

• No overfitting: the presence of generalizable

ConvNeXt-T Equivalent to parametric 
27M model[2] Liu, Zhuang, Kaiming He, Meta AI Research. A decade’s battle on dataset bias: Are we there yet? ICLR 2025.
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Observation

Ø High accuracy is observed across dataset combinations

Ø High accuracy is observed across model architectures

Ø High accuracy is observed across different model sizes

• More data improves validation accuracy

• Consistency across models: observed in both 

modern ConvNeXt and classic AlexNet.  

• Generalization ability: Models learn 

generalizable semantic patterns rather than 

simply memorizing training data. 

Ø Dataset classification accuracy benefits from more training data

Similar the behavior in semantic 
classification tasks[2] Liu, Zhuang, Kaiming He, Meta AI Research. A decade’s battle on dataset bias: Are we there yet? ICLR 2025.
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Observation

Ø High accuracy is observed across dataset combinations

Ø High accuracy is observed across model architectures

Ø High accuracy is observed across different model sizes

• Effect of data augmentation: Similar to increasing dataset 

size, it makes memorizing training images harder

• Improves accuracy: Stronger data augmentation

• Generalization: Models learn generalizable patterns

Ø Dataset classification accuracy benefits from more training data

Ø Dataset classification accuracy benefits from data augmentation

Similar the behavior in semantic 
classification tasks[2] Liu, Zhuang, Kaiming He, Meta AI Research. A decade’s battle on dataset bias: Are we there yet? ICLR 2025.
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Exploration

• Low-level Signatures • Pseudo-dataset classification task

[2] Liu, Zhuang, Kaiming He, Meta AI Research. A decade’s battle on dataset bias: Are we there yet? ICLR 2025.
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Exploration

• Pre-training task experiments

◦ Transfer learning similarity: Similar to semantic classification tasks.  
◦ Semantic features relevance: Dataset biases align with features useful for 

image classification. 

[2] Liu, Zhuang, Kaiming He, Meta AI Research. A decade’s battle on dataset bias: Are we there yet? ICLR 2025.
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Exploration

• Human performance

[2] Liu, Zhuang, Kaiming He, Meta AI Research. A decade’s battle on dataset bias: Are we there yet? ICLR 2025.
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Summaries

Ø Key finding: Modern neural networks easily capture dataset biases, showing 

robustness across different models and settings.

Ø Nature of biases: The biases captured by neural networks may include 

generalizable and transferable patterns, but their exact nature remains unclear 

and often imperceptible to humans.

Ø Future direction: Further investigation into this issue could help build datasets 

with fewer biases, improving model performance and fairness.

[2] Liu, Zhuang, Kaiming He, Meta AI Research. A decade’s battle on dataset bias: Are we there yet? ICLR 2025.
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Category

Ø Select bias[3]

It occurs when individuals or groups in a study 
differ systematically from the population of 
interest leading to a systematic error in an 
association or outcome.

[3] Fabbrizzi S & Papadopoulos S. Efros. A survey on bias in visual datasets. COMPUT VIS IMAGE UND 2022.
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Instance

Ø Select bias

WIT training for 
CLIP

UrbanCa
rs

Carton class in 
ImageNet-1k

LAION training for 
CLIP
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Category

Ø Framing bias

Framing bias as any association or disparities that can be used to convey different 
messages and/or that can be traced back to the way in which the visual content has 
been composed.
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Category

Ø Label bias

Semantic categories are often not well defined and different annotators may 
assign different labels to objects of the same type.
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Aspect 1 — Keyword  

[4] Kim Y et al. Discovering and Mitigating Visual Biases through Keyword Explanation. CVPR, 2024.

Ø Method: B2T: Bias-to-text

Step1: use ClipCap as our default captioning model

Step2: apply the YAKE algorithm to extract keywords

Text Preprocessing (Segmentation) --> Feature Extraction --> 
Individual Word Weight Calculation --> Candidate Keyword Generation
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Aspect 1 — Keyword  

[4] Kim Y et al. Discovering and Mitigating Visual Biases through Keyword Explanation. CVPR, 2024.

Ø Method: B2T: Bias-to-text

Step3: verify that keywords represent bias by CLIP score
To measures the similarity between the keywords 
and the incorrectly predicted images
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Aspect 1 — Keyword  

[4] Kim Y et al. Discovering and Mitigating Visual Biases through Keyword Explanation. CVPR, 2024.

Ø Application: CLIP prompting 

p Modify the cue by adding a 

keyword, e.g., “[class]'s photo” 

in [group], where the keyword 

represents the name of the group

• Obtaining the average prompts 

embedding for a class in all groups

• Comparing broader class 

embeddings for image classification
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Aspect 1 — Keyword  

[4] Kim Y et al. Discovering and Mitigating Visual Biases through Keyword Explanation. CVPR, 2024.

Ø Application: Label diagnosis

p B2T can diagnose common 

labeling errors, such as 

mislabeling and label 

ambiguities





19

Aspect 2 — Image-Level 

[4] Li Z, Evtimov I, et al. A whac-a-mole dilemma: Shortcuts come in multiples where mitigating one amplifies others. CVPR, 2023.

Ø Method: LLE: Last Layer Ensemble

Step1: Data Augmentation Strategies

◦ Predefine multiple augmentation types (e.g., watermark augmentation, 
texture augmentation, background augmentation) to simulate different 
shortcut biases

Step2: Train an Ensemble of Last Layers

◦ Multiple classification layers are trained on a shared feature extractor, 
each focusing on specific augmentation type to mitigate particular bias.

An ensemble of multiple classification layers 
(last layers) and a distributional shift classifier
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Aspect 2 — Image-Level 

[4] Li Z, Evtimov I, et al. A whac-a-mole dilemma: Shortcuts come in multiples where mitigating one amplifies others. CVPR, 2023.

Ø Method: LLE: Last Layer Ensemble

Step4: Dynamically Aggregate Predictions

◦ During inference, the distributional shift classifier dynamically weights 
predictions to reduce interference from irrelevant layers.

Step3: Train a Distributional Shift Classifier

◦ To predict input's augmentation type
◦ Its gradients are stopped as for feature extractor

An ensemble of multiple classification layers 
(last layers) and a distributional shift classifier
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Aspect 2 — Image-Level

[4] Li Z, Evtimov I, et al. A whac-a-mole dilemma: Shortcuts come in multiples where mitigating one amplifies others. CVPR, 2023.

Ø Interpretation : 

This is not a form of intervention, 
but more like dynamic weighting 
after image enhancement based on 
counterfactuals

 {d,…}(confounder/shortcut)

X Y



22

Aspect 2 — Image-Level  

Ø Experiment : 

On UrbanCars, methods 
without using shortcut labels

On ImageNet, methods using self-
supervised and foundation models

overcome multiple shortcuts or 
struggle in a Whac-A-Mole behavior
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Aspect 3 — Prompt-Level  

[5] An, Bang, et al. PerceptionCLIP: Visual Classification by Inferring and Conditioning on Contexts. ICLR, 2024.

Ø Method: PerceptionCLIP

�(�) = "a photo of a {class name of y}"

Zero-shot inference Annotation function 

80 manually-designed templates  �� �=1
80

new description distribution: 
� � ⊕ � �1 ⊕ � �2 ⊕ …  
e.g. "a photo of a dog, upright, bright"
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Aspect 3 — Prompt-Level  

[5] An, Bang, et al. PerceptionCLIP: Visual Classification by Inferring and Conditioning on Contexts. ICLR, 2024.

Ø Method: PerceptionCLIP

Step1:  Inferring Contextual Attributes

◦ These attributes are viewed as 

independent causal generative factors 

that influence data generation.

◦ Prompt Construction and compute the conditional 

distribution � �1, …, �� � 
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Aspect 3 — prompt-level  

[5] An, Bang, et al. PerceptionCLIP: Visual Classification by Inferring and Conditioning on Contexts. ICLR, 2024.

Ø Method: PerceptionCLIP

Step2:  Construct the final classification

ClassAttr: "a photo of a {class 
name of y}, {description of z}."

PureAttr: "a photo of an 
object, {description of z}."

• Contextual Conditional Distribution

• Contextual Conditional Distribution Better generalization

• Optimization Goals
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Aspect 3 — prompt-level  

Ø Experiment : 

[5] An, Bang, et al. PerceptionCLIP: Visual Classification by Inferring and Conditioning on Contexts. ICLR, 2024.
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Aspect 3 — Prompt-Level

Ø Interpretation : 

CLIP has the ability of Compositional Generalization

[5] An, Bang, et al. PerceptionCLIP: Visual Classification by Inferring and Conditioning on Contexts. ICLR, 2024.

Disentangling object and attribute 
embeddings through contrastive learning maximizes the mutual information

Maximizing 
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Aspect 4 — Mechanism-Level  

[6] Gandelsman Y, Efros A A. Interpreting CLIP's Image Representation via Text-Based Decomposition. ICLR, 2024.

Ø Method: TEXTSPAN
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Aspect 4 — Mechanism-Level  

[6] Gandelsman Y, Efros A A. Interpreting CLIP's Image Representation via Text-Based Decomposition. ICLR, 2024.

Ø Method: TEXTSPAN �

ℎ
Res

direct effect
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Aspect 4 — Mechanism-Level  

[6] Gandelsman Y, Efros A A. Interpreting CLIP's Image Representation via Text-Based Decomposition. ICLR, 2024.

Ø Method: TEXTSPAN

direct effect

• MLPs have a negligible direct effect

• Only the last MSAs have a significant direct effect
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Aspect 3 — Mechanism-Level  

[6] Gandelsman Y, Efros A A. Interpreting CLIP's Image Representation via Text-Based Decomposition. ICLR, 2024.

Ø Method: TEXTSPAN

Attention weights from the class 
token to the � -th token

• Decomposition into heads

• Decomposition into tokens
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Aspect 3 — Mechanism-Level  

[6] Gandelsman Y, Efros A A. Interpreting CLIP's Image Representation via Text-Based Decomposition. ICLR, 2024.

Ø LN's perspective

Decomposition incorporates:

where multiplicative term            is absorbed into the projection matrix �, 
while additive terms are split across contributions

Each input to MLPs and MSAs is layer-normalized before being processed:
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Aspect 3 — Mechanism-Level  

[6] Gandelsman Y, Efros A A. Interpreting CLIP's Image Representation via Text-Based Decomposition. ICLR, 2024.

Ø Method: TEXTSPAN

• Decomposition into heads

principle component search

• Greedy algorithm for descriptive set mining



34

Aspect 3 — Experiment  

[6] Gandelsman Y, Efros A A. Interpreting CLIP's Image Representation via Text-Based Decomposition. ICLR, 2024.

Ø Method: TEXTSPAN

• Decomposition into heads
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Aspect 3 — Mechanism-Level  

[6] Gandelsman Y, Efros A A. Interpreting CLIP's Image Representation via Text-Based Decomposition. ICLR, 2024.

Ø Method: TEXTSPAN

• Decomposition into tokens
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Aspect 3 — Mechanism-Level  

[6] Gandelsman Y, Efros A A. Interpreting CLIP's Image Representation via Text-Based Decomposition. ICLR, 2024.

Ø Method: TEXTSPAN

• Decomposition into tokens

Debias for zero-shot Segmentation
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