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Fairness Algorithms
Pre-processing Methods

Dataset-level Methods

1. Prepare a new dataset
2. Use sampling methods to oversample or 

undersample the dataset
3. Augment the datasets with small 

perturbations on the existing samples
4. Generate synthetic data
5. Fairness through unawareness
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https://fairmlbook.org/pdf/fairmlbook.pdf

Fig: J. Cheong, S. Kalkan, H. Gunes, "The Hitchhiker's Guide to Bias and Fairness 
in Facial Affective Signal Processing", IEEE Signal Processing Magazine, 2021.
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Fairness Algorithms
Preprocessing Methods
Advantages:

• Algorithm independent

• Easy to apply

Disadvantages/Challenges

• Sub-sampling can remove cri?cal data

• Over-sampling can cause overfiBng

• Balancing samples across demographic groups may not guarantee fairness (Wang 
et al., 2019; Cheong et al., 2023)

Recommenda?ons

• The use of synthe?c samples from genera?ve models are promising (but 
genera?ve models can also have bias)
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Wang, T., Zhao, J., Yatskar, M., Chang, K., Ordonez, V.: Balanced datasets are not enough: Es@ma@ng and mi@ga@ng gender bias in 
deep image representa@ons. In: IEEE/CVF Interna@onal Conference on Computer Vision (ICCV). pp. 5309-5318 (2019)
Cheong, J., Kuzucu, S., Kalkan, S., & Gunes, H. (2023). Towards gender fairness for mental health predic@on. Interna@onal Joint 
Conferences on Ar@ficial Intelligence Organiza@on.

Fig: J. Cheong, S. Kalkan, H. Gunes, "The Hitchhiker's 
Guide to Bias and Fairness in Facial Affective Signal 
Processing", IEEE Signal Processing Magazine, 2021.
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Fairness Algorithms
Inprocessing Methods

1. Cost-sensi3ve learning

2. Domain adapta3on

3. Disentanglement
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Fig: J. Cheong, S. Kalkan, H. Gunes, "The Hitchhiker's 
Guide to Bias and Fairness in Facial Affec@ve Signal 
Processing", IEEE Signal Processing Magazine, 2021.
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Fairness Algorithms
Inprocessing Methods
Advantages:
• More effective than preprocessing methods
• Many options to intervene at and mitigate bias

Disadvantages/Challenges
• Method-specific
• Requires expertise

Recommendations
• Hybrid solutions combining different 

approaches can be promising
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Fig: J. Cheong, S. Kalkan, H. Gunes, "The Hitchhiker's 
Guide to Bias and Fairness in Facial Affec@ve Signal 
Processing", IEEE Signal Processing Magazine, 2021.
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Fairness Algorithms
Postprocessing Methods

• Update model predic3ons (scores)

CENG7880 7
Fig: J. Cheong, S. Kalkan, H. Gunes, "The Hitchhiker's 
Guide to Bias and Fairness in Facial Affective Signal 
Processing", IEEE Signal Processing Magazine, 2021.
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Fairness Algorithms
Postprocessing Methods

Advantages:

• Does not depend on the method

• No knowledge required about the method
• Easy to use for non-experts

• Readily available as frameworks
Disadvantages/Challenges

• Correcting outputs may fall insufficient for mitigating bias

• For explainable and interpretable fairness, we may need to intervene at the model
• May require additional training method

Recommendations:
• Before using pre-trained networks in practice, these methods should be tried.
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Biases in LLMs

• Biases in NLP tasks
• Text generation, machine translation, information retrieval, question-

answering, …

• Biases in development and deployment
• Training data
• Model
• Evaluation
• Deployment
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Metrics of Bias in LLMs
Embedding-based
• Word embeddings: Compute distances in embedding space
• Sentence embeddings: Adapt to contextualized embeddings

CENG7880 10Gallegos et al. (2024). Bias and fairness in large language 
models: A survey. Computational Linguistics, 50(3), 1097-1179.
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Metrics of Bias in LLMs

Probability-based metrics
• Masked token: Compare fill-in-

the-blank probabilities
• Pseudo-log-likelihood: Compare 

likelihoods between sentences

CENG7880 11Gallegos et al. (2024). Bias and fairness in large language 
models: A survey. Computational Linguistics, 50(3), 1097-1179.
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Metrics of Bias in LLMs

Generated text based 
metrics
• Distribu9on: Compare 

distribuIon of co-occurrences
• Classifier: Use an auxiliary 

classifier (e.g., exisIng 
senIment or toxicity 
classifiers)

• Lexicon: Compare each word 
in the output to a predefined 
lexicon

CENG7880 12Gallegos et al. (2024). Bias and fairness in large language 
models: A survey. ComputaYonal LinguisYcs, 50(3), 1097-1179.
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Agenda

• Fairness
• Fairness Algorithms: Sample works from our research
• Fairness VerificaTon

CENG7880 18



Administra9ve Notes
• Final Exam:

• 13 January 16:30
• Paper selec1on finalized except for two projects
• Project milestones

• 1. Milestone (November 23, midnight):
• Read & understand the paper
• Download the datasets
• Prepare the Readme file excluding the results & conclusion

• 2. Milestone (December 7, midnight)
• The results of the first experiment

• 3. Milestone (January 4, midnight)
• Final report (Readme file)
• Repo with all code & trained models
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Fairness Verification
Resources: 
• Language Models That Walk the Talk: A Framework for Formal Fairness Cer;ficates, 2025.

• Cer;Fair: A Framework for Cer;fied Global Fairness of Neural Networks, 2022.
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Possible Approaches

• Approach 1: Formal/symbolic verification problem
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Possible Approaches

• Approach 1: Formal/symbolic verification problem
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https://dl.acm.org/doi/pdf/10.1109/ICSE48619.2023.00134



Possible Approaches

• Approach 2: Statistical verification
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(Algorithm says it is fair)(is it really fair?)

Probably Approximately Correct (PAC)
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col_rank: college rank
years_exp: years of experience

Assume that we have access to the decision program & population model.
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col_rank: college rank
years_exp: years of experience
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We can calculate this probability by no?cing that we have well-defined 
rectangular regions (rectangles) covering different ranges of variables.
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Modified from: Uni of Pennsylvania, Trustworthy ML - CIS 7000
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• In high-dimensional spaces, probability 
integraTon is hard.

• Computers are very fast at calculaTng 
probabiliTes inside simple rectangles compared 
to complex, curvy arbitrary shapes.

• SoluTon: Split complex regions into simple 
geometric shapes.
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# Iterate over regions/partitions

# Iterate over timesteps

See the paper for more details: Albarghouthi, A., D'Antoni, L., Drews, S., & Nori, A. V. (2017). 
Fairsquare: probabilistic verification of program fairness. Proceedings of the ACM on Programming 
Languages, 1(OOPSLA), 1-30.



CENG7880 59Slide: Uni of Pennsylvania, Trustworthy ML - CIS 7000

• Assumes access to the decision code and the population model!
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(since chance of error is zero)

(Algorithm says it is fair)(is it really fair?)
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Combine	the	following:

1. 0𝜇! − 𝜇!∗ > 0 =>  0𝜇! − 𝜇!∗ ≤ 𝜖 
   =>  0𝜇! − 𝜖 ≤ 𝜇!∗

2. 0𝜇! − 𝜇!∗ < 0 => − 0𝜇! − 𝜇!∗ ≤ 𝜖
   =>	𝜇!∗ ≤ 0𝜇! + 𝜖Denote this by 𝜖
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• Calculate	the	lower	bounds	(𝐿!	and	𝐿#)	and	upper	bounds	(𝑈!	and	𝑈#)	for	each	group
• Given	𝐏𝐚𝐫𝐢𝐭𝐲 =

$%!"#$%"&'

$%!()$%"&'
,	we	can	use	the	lower	(𝐿!	and	𝐿#)	&	upper	bounds	(𝑈!	and	𝑈#)	

to:
𝐿!
𝑈#

≤
𝜇&'()*'+,∗

𝜇&-.)*'+,	∗ 	≤
𝑈!
𝐿# 𝛾 ∈ {0, 1, {0, 1}}	

uncertain
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Interval: [0.75, 0.85]
Threshold: 0.80
Problem: The true value could be 0.79 (Unfair) OR 0.81 (Fair).
𝛾: {Fair, Unfair}

Interval: [0.82, 0.85]
Threshold: 0.80
Result: Every possible value in the interval is greater than 0.80.
𝛾: {Fair}
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Interval: [0.75, 0.85]
Threshold: 0.80
Problem: The true value could be 0.79 (Unfair) OR 0.81 (Fair).
Set of Outcomes: {Fair, Unfair}
Cardinality (Size): 2.
Ac@on: The algorithm must con;nue

Interval: [0.82, 0.85]
Threshold: 0.80
Result: Every possible value in the interval is greater than 0.80.
Set of Outcomes: {Fair}
Cardinality (Size): 1.
Action: Stop and return the result.
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