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Pre-Trained Models Encode Social Biases*
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GPT-3 generates toxic and abusive text 
(Brown et al. 2020)

BERT associates mentions of disability with negative sentiments 
(Hutchinson et al. 2020)

*Social biases: discrepancies in model behavior towards certain demographic identities 

Upstream Representations
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Fine-Tuned Models Cause Allocational Harms
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associations (De-Arteaga et al. 2019)

Toxicity classification: discriminative censorship of groups 
on online platforms (Dixon et al. 2018)
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Debiasing Interventions
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Bias Transfer Hypothesis (Steed et al. ‘22)
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- Not much impact downstream

- Fine-tuning data plays key role

- Scrubbing identities* works if model is not    
pre-trained

*Identities: words that indicate demographic identity



Outline 

• Introduction
•Hypothesis
• Debiasing Approach
• Experiments



Our Hypothesis 

Pre-trained models are sensitive to bias by proxy

Proxies* act as additional sources of bias, in absence of identity words

Eliminating proxies can help reduce downstream bias

*Proxies: words which frequently co-occur with identity words 
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Dropout BIas ASsociations (D-BIAS) 
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- Proxies based on  PMI threshold

- Replace identities & proxies with      
[MASK]

- Stochastic variations
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Occupation Classification (BIOS)

Pre-Trained      
Model

Fine-Tuned 
ModelFine-Tuning

Task-Specific 
Data

Multi-class  classification (De-Arteaga et al. 2019)

Data: ~400k online biographies from Common Crawl, 28 occupations

Identities: he/him & she/her pronouns

• Concern: Model predictions reflect stereotypical gender biases; can 
lead to hiring discrimination

• Bias Measure: Empirical true positive rate gap  |TPRhe/him – TPRshe/her|,
lower is better
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Toxicity Classification (WIKI)
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Binary classification: if a comment on an online forum is toxic (Dixon et al. 2018)

Data: ~130k comments from Wikipedia Talk Pages

Identities: ~50 identities based on ethnicity, gender, age, disability etc.

• Concern: Model censors harmless mentions of identities e.g., gay

• Bias Measure: Empirical false positive rate for identities,
lower is better
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Examples of words 
frequently 
co-occurring with each 
set of pronouns 

Our approach identifies 
prominent proxies in 
each case

Identifying Proxies with PMIs: BIOS 



Identifying Proxies with PMIs: WIKI 

Examples of words which frequently co-occur with  identity words
(a subset of the 50 identity words shown)

Identities prone to censorship co-occur frequently with abuse words



D-BIAS and variations outperform all baselines (Ravfogel et al. ‘20,’22)

D-BIAS achieves lowest TPR gap

D-BIAS Results: BIOS



D-BIAS outperforms BERT: closer look

• Decreases TPR gap on most 
problematic occupations

• Decreases correlation between 
TPR gap in model predictions and 
disparities in training data

D-BIAS Results: BIOS

BERT

D-BIAS



D-BIAS and variations outperform baselines   

D-BIAS achieves lowest mean FPR and lowest variation in FPR / Acc across identities

D-BIAS Results: WIKI



With BERT, FPR on most censored 
identities is alarmingly ~ 100%

D-BIAS achieves huge reductions,  
to ~ 18% and 30% respectively

D-BIAS reduces FPR on other 
identities 
& variations in FPR across identities

D-BIAS Results: WIKI



• We propose D-BIAS: a simple and easy to implement intervention which drastically 
decreases downstream biases without affecting accuracy

• D-BIAS outperforms SOTA baselines,  scrubbing identities and uniform dropout

• D-BIAS extends to multiple identities

• Experimental results support the bias by proxy hypothesis

Conclusions
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