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Abstract  

The pursuit of fairness in machine learning models has become increasingly crucial across various 

applications, including bank loan approval and face detection. Despite the widespread use of artificial 

intelligence algorithms, concerns persist regarding biases and discrimination within these models. This 

study introduces a novel approach, termed “The Fairness Stitch” (TFS), aimed at enhancing fairness in 

deep learning models by combining model stitching and training jointly, while incorporating fairness 

constraints. We evaluate the effectiveness of TFS through a comprehensive assessment using two 

established datasets, CelebA and UTKFace. The evaluation involves a systematic comparison with the 

existing baseline method, fair deep feature reweighting (FDR). Our analysis demonstrates that TFS 

achieves a better balance between fairness and performance compared to the baseline method (FDR). 

Specifically, our method shows significant improvements in mitigating biases while maintaining 

performance levels. These results underscore the promising potential of TFS in addressing bias-related 

challenges and promoting equitable outcomes in machine learning models. This research challenges 

conventional wisdom regarding the efficacy of the last layer in deep learning models for debiasing 

purposes. The findings suggest that integrating fairness constraints into our proposed framework (TFS) 

can lead to more effective mitigation of biases and contribute to fairer AI systems. 
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1 Introduction 

The widespread adoption of machine learning algorithms has transformed numerous sectors, ranging 

from healthcare and finance to education and criminal justice. Machine learning algorithms have 

demonstrated exceptional capabilities, enabling data-driven decision making at an unprecedented scale. 

However, the increased reliance on automated systems has raised concerns about fairness, as biases and 

discrimination can be inadvertently embedded in algorithmic processes, exacerbating societal inequalities 

and perpetuating systemic biases. The field of fairness in machine learning is a burgeoning area of research 

focused on preventing biases in data and model inaccuracies from resulting in unfavourable treatment of 

individuals based on characteristics such as race, gender, disabilities and sexual or political orientation. It 

is important to address fairness and ethics in machine learning because the outcome can be detrimental to 

users and the community when machine learning is not fair. For example, algorithms on social media sites 

may have sparked political tensions due to skewed or siloed news feeds (and fake news), when the 

intention was to deliver personalized recommendations for users. 

To address the pressing need for fairness in machine learning, various techniques have been developed to 

mitigate unfairness for machine learning models at different stages of model development. These 

techniques are broadly categorized into pre-processing, in-processing and post-processing methods (Wan 

et al., 2023). Pre-processing and post-processing methods offer straightforward strategies to address 

unfairness. Pre-processing methods focus on adjusting the training data distribution to balance sensitive 

groups, while post-processing methods calibrate prediction results after model training. In contrast to the 

aforementioned techniques, in-processing debiasing methods have gained significant traction within the 

research community. These methods are noteworthy for their direct integration of fairness considerations 

into the model design process, resulting in the creation of intrinsically fair models (Dwork et al., 2012; 

Edwards & Storkey, 2015; Hashimoto et al., 2018; Kearns et al., 2018). By doing so, they address fairness 

issues at a fundamental level within machine learning models, promoting fairness as an integral aspect of 

model architecture. This approach not only reflects the growing importance of fairness but also represents 

a substantial step towards the development of equitable and ethically sound machine learning systems. 

In-processing methods offer advantages such as directly considering fairness in model optimization, 

enabling the converged model to achieve fairness even with biased input data (Caton & Haas, 2024). 

Additionally, in-processing methods can effectively fine-tune representations from pre-trained models to 

mitigate bias without requiring extensive re-training efforts. Based on the stage at which fairness is 

achieved in the model, in-processing debiasing techniques can be categorized into explicit and implicit 

methods (Wan et al., 2023). Explicit methods directly incorporate fairness constraints in training objectives, 

while implicit methods focus on refining latent representation learning. However, in our paper, we 

introduce a novel framework called "The Fairness Stitch" which combines the principles of model stitching 

and training with fairness constraint as an explicit in-processing debiasing method. This gives a 

comprehensive strategy to enhance fairness in deep learning models, providing a practical solution to 

mitigate biases and promote accurate outcomes at the same time. 

1.1 Contribution 

The major contributions of the paper are as follows: 

● Proposing an innovative framework of "The Fairness Stitch" to better mitigate bias while 

preserving model performance. 

● Empirically proving the limitation of last-layer fine-tuning to attain an optimal balance between 

fairness and performance. 

The rest of the paper is structured as follows: Section 2 presents a literature review, Section 3 explains the 

mathematical notations and definitions used in the paper. Section 4 formally defines and elaborates on 
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“The Fairness Stitch” framework. Sections 5 and 6 delineate the datasets and design of experiments. 

Finally, in Section 7, we present the outcomes and findings achieved by the implementation of our 

framework. 

2 Literature Review 

Debiasing techniques are mainly categorized as (i) in-preprocessing, (ii) pre-processing and (iii) post-

processing. In-processing debiasing techniques in machine learning aimed at mitigating disparity were 

studied by Wan et al. (2023). They proposed the use of adding a regularizer to reduce the correlation 

between sensitive attributes and prediction outcomes. Contrary studies (Cherepanova et al., 2021) have 

highlighted that in-processing techniques are less effective for over-parameterized large neural networks, 

as these models can easily overfit fairness objectives during training, especially when the training data are 

imbalanced. This fairness overfitting issue raised by Cherepanova et al. (2021) poses an open challenge. 

Over-parameterization of neural networks leads to highly flexible decision boundaries and attempting to 

meet fairness criteria for one attribute can negatively affect fairness with respect to another sensitive 

attribute. However, over-parameterization has been essential for achieving high prediction accuracy, 

particularly in neural networks designed for challenging tasks.  

To address the problem of fairness criteria overfitting identified by Cherepanova et al. (2021), a novel 

framework was proposed by Mao et al. (2023) called last-layer fairness fine-tuning. A similar line of 

research is conducted by Kamishima et al. (2011) by introducing a prejudice index (PI) as a regularizer, 

which quantifies the level of dependence between a sensitive variable and a target variable. Jiang et al. 

(2020), on the other hand, used the information geometry metric of Wasserstein-1 distances between 

classifier outputs and sensitive information as a regularization in the optimization process. In a more 

practical setting, Beutel et al. (2019) proposed a new metric of conditional equality while implementing 

equality of opportunity. In the application of recommender systems, Beutel et al. (2019) proposed pairwise 

comparisons from randomized experiments as a tractable way to measure fairness.  

A novel measure of decision boundary (un)fairness was proposed by Zafar et al. (2019) and Zafar et al. 

(2017). They used covariance between the sensitive attributes and the (signed) distance between the 

subjects’ feature vectors and the decision boundary as a metric for the classifier. Mao et al. (2023) took a 

different route and avoided adding fairness constraint as a regularization for deep neural networks model. 

This is because large deep neural models have the tendency to overfit fairness criteria. Instead, they used 

pre-training and fine-tuned the last layer for fair training of their model. Their proposed method involves 

training a model using empirical risk minimization and subsequently fine-tuning only the last layer with 

various fairness constraints as an in-processing debiasing technique. In extensive experiments on 

benchmark image datasets with different fairness notions, the authors demonstrated the efficacy of last-

layer fine-tuning in enhancing fairness. Other important works along this direction are Kirichenko et al. 

(2023) and Lee et al. (2022). The authors showed that only fine-tuning the last layer(s) while keeping the 

other layers frozen during the gradient descent achieves better performance. Last-layer fine-tuning of a 

pre-trained neural network on a smaller, more specific dataset achieved debiasing.  

However, a recent counterclaim study by Kumar et al. (2022) observed that fine-tuning can achieve worse 

accuracy than linear probing out of distribution (OOD). This is particularly in cases where the pretrained 

features are of high quality and the distribution shift is substantial. The authors conducted experiments 

across ten distinct distribution shift datasets, revealing that while fine-tuning tends to achieve, on average, 

a 2% higher accuracy in distribution (ID), it results in a 7% lower accuracy when dealing with out-of-

distribution (OOD) data, compared to the performance of linear probing. To address this disparity, they 

proposed a two-step strategy known as LP-FT, which begins with linear probing and is followed by full 

fine-tuning. This approach capitalizes on the strengths of both fine-tuning and linear probing and 

consistently leads to superior performance. In their empirical evaluations, Kumar et al. (2022) 
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demonstrated that LP-FT outperforms both fine-tuning and linear probing across various datasets, 

achieving a 1% higher accuracy in distribution and an impressive 10% higher accuracy out of distribution. 

In this paper, we propose an innovative method (model stitching) for achieving fairness explained in 

Section 4. Our proposed method draws inspiration from the works of model stitching by Lenc & Vedaldi 

(2018) and Bansal et al. (2021). Model stitching is a tool to study the internal representations of deep neural 

models. Model stitching combines the bottom layers of one pre-trained and frozen model (referred to as 

Model A) with the top layers of another model (referred to as Model B) using a trainable layer positioned 

in between, resulting in the creation of what is termed a "stitched model". Our work makes use of this 

model stitching to explore the commonalities and disparities in the learned representations of various 

models and training strategies as a strategy to mitigate bias. 

3 Preliminaries 

In this section, we lay the groundwork by introducing a set of notations and fairness definitions, which 

serve as fundamental prerequisites for comprehending and interpreting the content presented in this 

research. Additionally, we offer a concise overview of pertinent information – theoretical concepts and 

model stitching – that is relevant for understanding the intuition behind our framework. 

3.1 Notations 

We formalize our classification setting as a triplet dataset 𝑇 = {( 𝑥𝑖, 𝑎𝑖 , 𝑦𝑖)}𝑖=1
𝑁 , where 𝑥𝑖  is the feature 

drawn from a distribution over 𝑋; 𝑎𝑖 ∈ 𝐴 = {0,1} is the sensitive attribute (race, gender, etc.); and 𝑦𝑖 ∈ 𝑌 =

{0,1} is the output label. We define 𝐻 as the hypothesis class of predictors (𝑈) mapping from the input 𝑋 

to the output space 𝑌. 

3.1.1 Group fairness 

Group fairness aims to ensure that different groups within a population are treated fairly, without 

discrimination, in the decision-making process. It involves assessing whether the outcomes or decisions 

produced by the algorithm are consistent and equitable across various predefined groups, typically 

distinguished by sensitive attributes (e.g., gender, race, age). Mathematically, group fairness can be 

defined using various fairness metrics or statistical tests, depending on the specific context and objectives 

of a given study (Narayanan, 2018). In our paper, our primary emphasis is on group fairness. We provide 

a succinct overview of three fairness definitions that are relevant to this paper. They also serve as fairness 

constraints during the fine-tuning/training of a neural network model. Moreover, we have adopted the 

same implementation as elucidated by Mao et al. (2023) for fairness definitions. 

3.1.2      Equalized odds 

Equal opportunity (EO) is a fairness criterion applied to classification tasks, ensuring equitable true 

positive and false positive rates between different groups. It is defined under the conditional probability 

distributions associated with distinct groups identified by sensitive attributes 𝑎𝑖 ∈ [0,1].  

A classifier 𝑈 satisfies equalized odds if the following condition holds (Hardt et al., 2016): 

𝑃(ŷ𝑖 = 1 ∣ 𝑎𝑖 = 0, 𝑦𝑖 = 𝑦) = 𝑃( ŷ𝑖 = 1 ∣ 𝑎𝑖 = 1, 𝑦𝑖 = 𝑦)                                             (1)      

where 𝑦 ∈ [0,1], ŷ𝑖  is the predicted label for the i-th sample, 𝑎𝑖  is the sensitive attribute value for the i-th 

sample and 𝑦𝑖 is the target label for the i-th sample. 

This ensures elimination of disparities in different groups that are affected by both false negative (FNR) 

and false positive (FPR) rates in predictive models. 

To operationalize the pursuit of equalized odds, practitioners often employ a training strategy that 

involves minimizing specific objectives as (Cherepanova et al., 2021; Padala & Gujar, 2020): 
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                                       𝑚𝑖𝑛
𝑈

{𝐿̂(𝑈𝑤) + 𝜌(𝐹𝑃𝑅 + 𝐹𝑁𝑅)}                                                       (2) 

where 𝜌 is a predetermined weight, 𝐿̂𝑤 signifies the cross-entropy loss and FPR and FNR are derived as: 

𝐹𝑃𝑅 = |
   ∑ 𝑝𝑖𝑖 (1 − 𝑦𝑖)𝑎𝑖

∑ 𝑎𝑖𝑖
−

∑ 𝑝𝑖𝑖 (1 − 𝑦𝑖)(1 − 𝑎𝑖)

∑ (1 − 𝑎𝑖)𝑖
|                                                       (3) 

𝐹𝑁𝑅 = |
∑ (1 − 𝑝𝑖)𝑖 𝑦𝑖𝑎𝑖

∑ 𝑎𝑖𝑖
−

∑ (1 − 𝑝𝑖)𝑖 𝑦𝑖(1 − 𝑎𝑖)

∑ (1 − 𝑎𝑖)𝑖
|                                                            (4) 

In this scenario, 𝑝𝑖 signifies the softmax output of model 𝑈 in a binary prediction task, considering the 

sensitive attribute 𝑎𝑖 ∈ 𝐴  and the true label 𝑦𝑖 ∈ 𝑌  corresponding to each feature vector 𝑥𝑖 ∈ 𝑋  in the 

dataset. 

3.1.3 Accuracy equality 

Accuracy equality (AE) evaluates whether the subjects in protected and unprotected groups experience 

similar false positive rate (FPR) and false negative rate (FNR). The objective of AE is to ensure that 

misclassification rates are approximately equal across these sensitive groups, such as different 

demographic categories, to prevent discriminatory or biased outcomes in predictive models (Zafar et al., 

2017). AE is defined as: 

                                       𝑃(ŷ𝑖 ≠ 𝑦 ∣ 𝑎𝑖 = 0) = 𝑃(ŷ𝑖 ≠ 𝑦 ∣ 𝑎𝑖 = 1)                                                               (5) 

To enforce accuracy equality in practice, one way implemented in training is to minimize the following 

objective: 

                                        𝑚𝑖𝑛
𝑈

[𝐿̂(𝑈𝑤) + 𝜌 ∣ 𝐿̂−𝑎(𝑈𝑤) − 𝐿̂+𝑎(𝑈𝑤) ∣]                                     (6) 

for a given predefined weight 𝜌 , where 𝐿̂+𝑎(𝑈𝑤) is the cross-entropy loss of samples with 𝑎 = 1 and 

𝐿̂−𝑎(𝑈𝑤) is the cross-entropy loss of samples with 𝑎 = 0. 

3.1.4 Max-min fairness 

Max-min fairness (MMF) is a fairness principle that prioritizes and maximizes the performance of the least 

advantaged or worse-off group within a given context (Rawls, 2001). MMF optimizes the performance for 

the group with the lowest utility while still meeting overall performance goals, used in fairness-aware 

machine learning (Lahoti et al., 2020; Cherepanova et al., 2021). Max-min fairness is defined as: 

                                                   𝑎𝑟𝑔 𝑚𝑎𝑥
𝑦̂∈𝑌

 𝑚𝑖𝑛  𝑎∈𝐴𝑃(𝑦̂ = 𝑦 ∣ 𝑎)                                                                     (7)             

Max-min fairness is satisfied by minimizing the following objective (Cherepanova et al., 2021): 

                                        𝑚𝑖𝑛 𝑤𝑚𝑎𝑥 { 𝐿̂(𝑦+,𝑎+)(𝑈𝑤), 𝐿̂(𝑦+,𝑎−)(𝑈𝑤), 𝐿̂(𝑦−,𝑎+)(𝑈𝑤), 𝐿̂(𝑦−,𝑎−)(𝑈𝑤)}       (8)                        

 

where 𝐿̂(𝑦′,𝑎′)(𝑈𝑤)denotes the cross-entropy loss on the training samples where 𝑦 = 𝑦′ and 𝑎 = 𝑎′. 

3.1.5 Model stitching 

The main idea of stitching was introduced by Lenc & Vedaldi (2018) for studying representations by 

learning their equivariant and equivalence properties. In general, model stitching (MS) is a method of 

combining the bottom layers of a pre-trained model (𝐴) with the top layers of another pre-trained model 

(𝐵). This combination of top layers with bottom layers is done using a trainable layer in between and the 

resulting model is termed a "stitched model" (Bansal et al., 2021). Particularly, for a neural network 𝐴, with 

an architecture 𝐴 and 𝑟: 𝑋 → 𝑅𝑑 be a representation, the loss function 𝐿 is defined by (Bansal et al., 2021): 

                                                                  𝐿𝑙(𝑟; 𝐴) =  𝐿(𝐴>𝑙 ∘ 𝑠 ∘ 𝑟)                                        (9) 
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where 𝑆 is the family of stitching layers, 𝐴>𝑙 mapping function from activations of the 𝑙-th layer of 𝐴 to the 

final output, 𝑙 is the index of layers of 𝐴 and ∘ is function composition. 𝐿𝑙(𝑟; 𝐴) is the minimum loss of 

stiching 𝑟 into all layers of 𝐴 except the initial 𝑙 layers, employing a stitching layer chosen from the set 𝑆. 

In our proposed framework, we delve into a more specific instance of the previous broader concept of 

model stitching. We focus on a scenario where we possess only one pre-trained model and need to 

incorporate a trainable layer within it. Specifically, as depicted in Figure 1, if we have a pre-trained model 

𝑀, we regard the bottom layers of another pre-trained model (𝐴) as the bottom layers of 𝑀 and similarly, 

the top layers of yet another pre-trained model (𝐵) serve as the top layers of 𝑀. We may call this approach 

self-stitching, as it involves stitching together layers within the same pre-trained model. Generally, model 

stitching tells us the path (homotopy) through the stitching layer 𝑠  of transforming a candidate 

representation 𝑟 into first layers of 𝐴, in an appropiate subspace. 

4 Proposed Model 

In this paper, we introduce "The Fairness Stitch" (TFS), a specialized layer that aims to ensure equal 

opportunities for different groups during inference (based on sensitive attributes). "The Fairness Stitch" 

(TFS) transforms a candidate representation (a.k.a. biased representation) into an unbiased representation. 

The unbiased representation comes from multiple sources, including unbiased pre-trained layers. Our TFS 

acts as a path (homotopy) for transforming an unbiased representation to a biased representation. Thus, 

TFS is used as a path to debias. By integrating TFS, the machine learning model aims to achieve a more 

equitable representation of features, classes and data points, ultimately enhancing overall fairness and 

minimizing disparities in the learning process. We test our de-biasing method by our proposed TFS, 

through comprehensive experiments on popular image datasets. We use different pre-trained 

architectures with different fairness notions, to demonstrate the efficacy of our framework in enhancing 

fairness. In our paper, we challenge the conventional notion of achieving fairness through last-layer fine-

tuning (Mao et al., 2023). We instead show that freezing the last layer is necessary and sufficient to strike 

a better balance between fairness and performance. Our proposed method, TFS, combines model stitching 

with fairness constraints as an in-processing debiasing method (transformation from an unfair 

representation to a fair representation). Experiments validate that TFS achieves jointly fairness and 

accuracy. 

4.1 TFS: Trainable stitching layer for fairness 

The deep learning architecture is formalized as a composition of two distinct blocks: (i) the last layer, and 

(ii) preceding layers, as shown in Figure 1. TFS is a two-step process. In the first phase, we train the model 

without the stitching layer denoted as 𝑀. In the second phase, we add a trainable stitching layer between 

the two frozen layer blocks. In our paper, we denote 𝑀𝑖 as the 𝑖-th layer of the pre-trained model. The cost 

of adding a stitching layer is given by: 

    𝐿∗(𝐸; 𝑧; 𝑟) =  𝑖𝑛𝑓
𝑧∈𝑍

(𝐿(𝐸 ∘ 𝑧 ∘ 𝑟) + 𝑓𝑎𝑖𝑟𝑛𝑒𝑠𝑠 𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡)                                              (10) 

where 𝐸 = {𝑀𝑖}𝑖=0
𝑛−1 is the preceding layers, 𝑟 = {𝑀𝑛} is the last layer of pre-trained model 𝑀 and 𝑧 is the 

stitching layer. 

The stitching layer 𝑧 is initialized with random weights and is trained by minimizing Equation (7). The 

added fairness constraints are explained in Section 3.1. In our paper, the family of stitching layers 𝑍 is 

sampled from the set of linear layers. The weights of the stitched model are frozen, except the stitching 

layer 𝑧  during the training. In summary, we train the stitching layer, which incorporates fairness 

constraints on the (class and sensitive attribute) balanced dataset. 
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Figure 1. Illustration of TFS framework for our stitched model. Our pre-trained model M includes only the input, 
hidden and output layers, excluding the stitching layer z. 

5 Data Sources and Characteristics 

The open-source CelebA and UTKFace datasets are used in the paper to design our experiments. Below, 

we provide a summary of the dataset characteristics, size and relevant attributes. 

5.1 CelebA dataset 

The CelebA dataset is a collection of celebrity faces, comprising more than 200,000 images annotated with 

40 distinct attributes, including facial landmarks, gender, age, hair colour, glasses, etc. (Liu et al., 2015). 

For our experiments, we use hair colour (blond or non-blond) as the target label (𝑦), while gender (male 

or non-male) serves as the sensitive attribute (𝑎). We follow the dataset division methodology outlined 

in Liu et al. (2015) and Mao et al. (2023) and create Table 1. To create a balanced sub-dataset, we perform 

sampling from the initial training and validation subsets based on the image count in the minority 

subgroup. Precisely, we select 1,569 images for each (𝑦, 𝑎) grouping, culminating in a total of 6,276 images 

within the balanced dataset. Furthermore the (male, blond hair) subgroup accounts for just 1% of the total 

image count, signifying the minority category within the dataset. 

Table 1. (train / val / test) Overview of CelebA dataset. 

 Blond hair Non-blond hair Total 

Male 1,387 / 182 / 180 66,874 / 8,276 / 7,535 68,261 / 8,458 / 7,715 

Female 22,880 / 2,874 / 2,480 71,629 / 8,535 / 9,767 94,509 / 11,409 / 12,247 

Total 24,267 / 3,056 / 2,660 138,503 / 16,811 / 17,302 162,770 / 19,867 / 19,962 

5.2 UTKFace dataset 

The UTKFace dataset is a publicly accessible face dataset (Zhang et al., 2017; Mao et al., 2023) that covers 

an extensive age range from newborns to individuals aged up to 116 years old. In our experiments, we 

use a random selection process to extract two subsets from the training dataset. Each subset accounts for 

20% of the original data, to maintain proportionality. One of these subsets served as the validation dataset, 

while the other as the test dataset, as explained in Table 2. In our experiment, age is used as the target 

variable, while gender is the sensitive attribute. Age is categorized into two groups: "young" (≤ 35) and 

"old" (> 35) (Park et al., 2020). We follow a similar procedure (as before) of constructing a balanced sub-

dataset by sampling an equivalent number of images from both the original training and validation 
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datasets for each distinct (y, a) group (Mao et al., 2023). Each balanced group consists of 2,477 images, 

thereby yielding of 9,908 images in total and the minority category comprises females aged over 35 years. 

Table 2. (train / val / test) Overview of UTKFace dataset.  

 Young ( ≤ 35) Old ( > 35) Total 

Male 4,133 / 1,378 / 1,378 3,301 / 1,101 / 1,100 7,434 / 2,479 / 2,478 

Female 4,931 / 1,643 / 1,644 1,858 / 619 / 619 6,789 / 2,262 / 2,263 

Total 9,064 / 3,021 / 3,022 5,159 / 1,720 / 1,719 14,223 / 4,741 / 4,741 

6 Experimental Setup 

In this section, we elucidate the experimental setup to assess the efficacy of the TFS framework in 

promoting fairness. First, as part of our systematic assessment of the efficacy of our approach (TFS), we 

introduce the specifics of the baseline method (FDR). Both approaches fall under the category of two-step 

training-based debiasing methods as per the taxonomy of Parraga et al. (2023). Subsequently, we provide 

detailed insights into the architectural specifications of the deep learning model used for both FDR and 

TFS. Lastly, we quantitatively evaluate the trade-off between performance and fairness with an array of 

performance metrics. 

6.1 Baseline method 

This section explains the FDR baseline method for our experimental evaluations, which acts as the point 

of reference for comparisons with our proposed TFS framework, see Figures 2 and 3. The FDR method, 

introduced by Mao et al. (2023), uses empirical risk minimization (ERM), fine-tuning the last layer and a 

balanced dataset concerning both class and sensitive attributes. 

The balanced dataset is created by strategic sampling from the training and validation datasets. 

Furthermore, FDR augments its training process by incorporating fairness constraints into the objective 

function during fine-tuning. For a comprehensive understanding of the FDR method, we recommend 

referring to the original paper (Mao et al., 2023). 

 

 

(a) FDR                                                             (b) TFS 

Figure 2. ABROCA results on CelebA. Figures (a) and (b) showcase ABROCA outcomes for both FDR and our 
TFS framework. Specifically, they showcase the use of equalized odds as the fairness constraint with 𝜌 = 20 during 

fine-tuning (for FDR) and training (for TFS), respectively. 
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(a) FDR                                                       (b) TFS 

Figure 3. ABROCA results on UTKFace. Figures (a) and (b) showcase ABROCA outcomes for both FDR and our 
TFS framework. Specifically, they showcase the use of equalized odds as the fairness constraint with 𝜌 = 2 during 

fine-tuning (for FDR) and training (for TFS), respectively. 

6.2 Model architecture 

In this paper, we train two distinct ResNet-18 models (Cherepanova et al., 2021): one on the CelebA dataset 

and the other on the UTKFace dataset to utilize them within the FDR and TFS frameworks. The ResNet-

18 architecture consists of six blocks, including an input layer, and two convolutional layers within each 

of the four basic blocks. The final block corresponds to the last layer. 

To ensure a harmonious alignment between the ResNet-18 model architecture and the conceptual 

framework of TFS illustrated in Figure 1, we map the ResNet-18 input layer to the input layer within the 

conceptual TFS framework. Similarly, we map the four basic blocks in the ResNet-18 model to the hidden 

layers in the conceptual TFS framework. Furthermore, the final layer of the ResNet-18 model is matched 

with the last layer depicted in the conceptual TFS architecture presented in Figure 1. In addition, we 

introduce a stitching layer denoted as 𝑧 between the hidden layers and the last layer of the ResNet-18 

model, as visually demonstrated in Figure 1. This stitching layer, 𝑧, is a fully connected layer designed 

with an input dimension matching that of the output from the hidden layers. Thus, it produces an output 

dimension that matches the input dimension of the final layer. Both final models in TFS and FDR 

frameworks utilize stochastic gradient descent (SGD) with the same specific hyperparameters, including 

a momentum of 0.9 and a weight decay of 5e-4. 

6.3 Performance and fairness metrics 

In our experiments, we use a set of performance and fairness metrics to evaluate the effectiveness of our 

proposed framework (TFS). These metrics are instrumental in quantifying both the performance and 

fairness aspects of the models in both FDR and TFS. 

• Balanced accuracy (BACC) (Brodersen et al., 2010): BACC measures the ability of a model to 

correctly classify instances across different classes, considering the imbalance between classes. It 

provides a balanced view of the model performance. 

• Area under the ROC curve (AUC) (Fawcett, 2004): AUC is used to evaluate the ability of a model 

to discriminate between positive and negative classes. A higher AUC indicates a better-performing 

model with stronger discrimination ability. 
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• Equalized odds difference (EO_Diff) (Hardt et al., 2016): EO_Diff quantifies disparities in the true 

positive rates (sensitivity or recall) and false positive rates (fallout or false alarm rate) between 

different demographic or protected groups. A smaller value of EO_Diff indicates better fairness. 

• Accuracy equality difference (Mao et al., 2023): AE_Diff measures the difference in misclassification 

rates between the two groups. A smaller value of AE_Diff indicates better fairness, as it signifies 

that the predictive accuracy of the model is more balanced between the groups, reducing the 

likelihood of one group being disadvantaged in terms of predictive accuracy compared to the 

other. 

• Worst accuracy (WA) (Mao et al., 2023): WA assesses the minimum accuracy among various group 

combinations, with a larger value indicating better fairness. 

• Balanced accuracy and fairness (AF): The AF metric was introduced by Mao et al. (2023) and 

combines both balanced accuracy (BACC) and a fairness metric to holistically assess a machine 

learning model. A larger AF value indicates better fairness. It is calculated as AF = BACC – EO_Diff 

(for equalized odds), AF = BACC – AE_Diff (for accuracy equality) and AF = BACC + WA (for max-

min fairness). 

• Absolute between-ROC area (ABROCA) (Gardner et al., 2019): ABROCA is based on the receiver 

operating characteristics (ROC) and quantifies the discrepancy between the baseline and 

comparison group curves across all potential thresholds. It accomplishes this by summing up this 

discrepancy while disregarding which subgroup’s model performs better at specific thresholds, as 

it considers the absolute values of these differences. ABROCA typically falls within the range from 

0 to 1, but in practical scenarios, it often resides within the interval [0.5, 1]. This is because an AUC 

(area under the curve) value of 0.5 can be attained through random guessing. 

7 Results 

This section explains and provides the comparative evaluation results of TFS and FDR. We fine-tune our 

models for 1000 epochs using a (class and sensitive attribute) balanced dataset for the evaluation. Our 

objective is to assess the potential of both FDR and TFS in achieving an optimal trade-off between fairness 

and performance.  

We initially choose the top-performing fine-tuned and trained models from FDR and TFS, respectively, 

determined by their performance across 1000 epochs on the validation dataset. Subsequently, we present 

our findings by testing the best fine-tuned TFS and FDR models on the test dataset. Our results affirm that 

TFS outperforms FDR in achieving a superior balance between fairness and performance. 

7.1 Results without applying debiasing technique 

Our research findings, as shown in Tables 3 and 4, reveal a distinct disparity in bias levels between the 

CelebA and UTKFace datasets before using any debiasing techniques. Specifically, the CelebA dataset 

exhibits significantly higher bias ratios, with EO_Diff = 0.586, AE = 0.213 and MMF = 0.183. In contrast, the 

UTKFace dataset demonstrates lower bias ratios, with EO_Diff = 0.143, AE = 0.023 and MMF = 0.675. This 

difference can be attributed to the varying distribution of samples among different sensitive attributes, 

particularly in terms of gender. The CelebA dataset contains a higher disparity in the numbers of male 

and female samples. Additionally, it is essential to emphasize that the CelebA dataset is considerably 

larger in size compared to the UTKFace dataset, emphasizing the need for dataset-specific adjustments to 

hyperparameters. For instance, in our subsequent experiments with FDR and TFS on the CelebA dataset, 

we set 𝜌 to 20 for the EO and AE constraints. Contrary, in fine-tuning with the UTKFace dataset, we opted 

for a value of 𝜌 = 2 for the EO and AE constraints. The differences highlight the importance of tailored 

hyperparameter selection based on dataset characteristics. 
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7.2 Results with applying TFS 

In this section, we present the results obtained by applying the TFS framework to a ResNet-18 model for 

a binary classification task within the CelebA and UTKFace datasets. Our research findings shed light on 

the performance and effectiveness of TFS in promoting fairness while maintaining accurate predictions. 

We summarize the outcomes of applying the three distinct fairness criteria within the TFS framework to 

the CelebA and UTKFace datasets in Tables 3 and 4 as follows.  

Table 3. Results of our TFS approach with different fairness notions on CelebA dataset. For AUC, BACC, WA and 
AF, a larger value is considered better, while for EO_Diff and AE a smaller value is considered better. 

Without applying any fairness constraint 

 BACC AUC EO_Diff AE_Diff WA 

 Train Balanced Test Train Balanced Test Test Test Test 

ResNet-

18 Model 
0.903 0.792 0.853 0.987 0.966 0.971 0.586 0.213 0.183 

Fairness notion 1: equalized odds 

 BACC AUC EO_Diff AF 

 Train Balanced Test Train Balanced Test Train Balanced Test Test 

FDR 0.898 0.896 0.876 0.959 0.956 0.942 0.014 0.015 0.110 0.766 

TFS 0.887 0.884 0.874 0.953 0.947 0.940 0.032 0.026 0.081 0.793 

Fairness notion 2: AE 

 BACC AUC AE_Diff AF 

 Train Balanced Test Train Balanced Test Train Balanced Test Test 

FDR 0.906 0.905 0.883 0.967 0.964 0.949 0.009 0.001 0.008 0.875 

TFS 0.900 0.886 0.881 0.960 0.951 0.945 0.0002 0.011 0.0005 0.880 

Fairness notion 3: MMF 

 BACC AUC WA AF 

 Train Balanced Test Train Balanced Test Train Balanced Test Test 

FDR 0.915 0.913 0.875 0.978 0.972 0.96 0.864 0.880 0.800 1.675 

TFS 0.916 0.906 0.877 0.979 0.968 0.96 0.865 0.867 0.811 1.688 

 

Our experimental findings highlight the superiority of the TFS framework over the FDR method when 

evaluating their performance and fairness under the equalized odds fairness constraint.  

TFS consistently achieves significantly lower EO_Diff fairness values for both the CelebA and UTKFace 

datasets. Specifically, on the CelebA test dataset, FDR records an EO_Diff value of 0.110, whereas the TFS 

framework notably reduces this to 0.081. Similarly, on the UTKFace test dataset, FDR exhibits an EO_Diff 

value of 0.062, while TFS further diminishes it to 0.058. Furthermore, Figures 2 and 3 illustrate the 

ABROCA values, providing a comprehensive comparison of the performance and fairness achieved by 

the FDR and TFS frameworks when equalized odds are employed as a fairness constraint. These figures 

unequivocally demonstrate the superior fairness of our TFS framework (ABROCA = 0.0366) over FDR 

(ABROCA = 0.042). 

 

  



Acta Informatica Pragensia  Volume 13, 2024 

https://doi.org/10.18267/j.aip.241  370 

Table 4. Results of our TFS approach with different fairness notions on UTKFace dataset. For AUC, BACC, WA 
and AF, a larger value is considered better, while for EO_Diff and AE a smaller value is considered better. 

Without applying any fairness constraint 

 BACC AUC EO_Diff AE_Diff WA 

 Train Balanced Test Train Balanced Test Test Test Test 

ResNet-

18 Model 
0.998 0.947 0.803 1.000 0.983 0.885 0.143 0.023 0.675 

Fairness notion 1: equalized odds 

 BACC AUC EO_Diff AF 

 Train Balanced Test Train Balanced Test Train Balanced Test Test 

FDR 0.996 0.951 0.796 1.000 0.986 0.876 0.005 0.010 0.062 0.734 

TFS 0.996 0.951 0.793 1.000 0.985 0.876 0.003 0.012 0.058 0.735 

Fairness notion 2: AE 

 BACC AUC AE_Diff AF 

 Train Balanced Test Train Balanced Test Train Balanced Test Test 

FDR 0.998 0.948 0.798 1.000 0.985 0.884 0.0008 0.003 0.016 0.782 

TFS 0.992 0.946 0.796 1.000 0.984 0.879 0.010 0.001 0.0096 0.7864 

Fairness notion 3: MMF 

 BACC AUC WA AF 

 Train Balanced Test Train Balanced Test Train Balanced Test Test 

FDR 0.998 0.949 0.797 1.000 0.984 0.881 0.997 0.933 0.739 1.536 

TFS 0.997 0.949 0.797 1.000 0.984 0.880 0.995 0.934 0.744 1.541 

 

Furthermore, TFS exhibits minimal and negligible deviations on BACC and AUC metrics when equalized 

odds are used as a fairness constraint during training on both the CelebA and UTKFace datasets. On the 

CelebA test dataset, our TFS framework achieves a BACC of 0.874 and an AUC of 0.940, while the FDR 

method records values of 0.876 for BACC and 0.942 for AUC. These slight variations underscore the 

consistency and reliability of the TFS framework in delivering both fairness and accuracy. 

In addition, when we consider accuracy equality as a fairness constraint for both the CelebA and UTKFace 

datasets, TFS consistently achieves lower AE values compared to FDR. On the CelebA test dataset, TFS 

reduces the AE value from 0.008 (FDR) to an impressive 0.0005, emphasizing its robust capability to 

promote accuracy equality. Similarly, on the UTKFace dataset, FDR records an AE value of 0.016, whereas 

TFS further diminishes it to 0.0096. Moreover, TFS shows stability with minimal and inconsequential 

deviations in terms of both BACC and AUC metrics when accuracy equality is employed as a fairness 

constraint on both the CelebA and UTKFace datasets. Enforcing accuracy equality as a fairness constraint 

for the CelebA dataset, the FDR framework consistently achieves a BACC of 0.883 and an AUC of 0.949, 

while the TFS method yields values of 0.881 for BACC and 0.945 for AUC. These negligible variations 

emphasize the reliability and consistency of the TFS framework in simultaneously optimizing fairness and 

accuracy.  

Finally, under the MMF constraint, TFS achieves higher WA values, indicating improved performance for 

both datasets. On the CelebA dataset, TFS achieves a WA value of 0.811, surpassing FDR’s 0.800. Similarly, 

on the UTKFace dataset, TFS attains a WA value of 0.744, outperforming FDR’s 0.739. Moreover, when 

employing MMF as a fairness constraint, TFS exhibits minimal and negligible deviations in BACC and 
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AUC metrics on both datasets, reinforcing its ability to strike a favourable balance between fairness and 

performance. Overall, these results underscore the effectiveness of our TFS framework in achieving better 

balance between performance and fairness, as demonstrated in Tables 3 and 4, compared to the baseline 

method. 

8 Loss Function Visualization 

To discern the distinctions between our proposed TFS framework and the baseline method FDR, we 

employ the one-dimensional linear interpolation approach outlined by Goodfellow et al. (2014). This 

technique allows us to visualize and compare the objective functions of both methods, facilitating a 

comprehensive analysis of their performance. To visualize the loss function using the one-dimensional 

linear interpolation approach, we select two parameter vectors, denoted as 𝜃0 and 𝜃∗, and chart the loss 

function values along the line that connects these two points. This line can be parametrized by selecting a 

scalar parameter, denoted as alpha (𝛼) and establishing the weighted average as 𝜃(𝛼) = (1 − 𝛼)𝜃0 + 𝛼𝜃∗. 

Here, 𝜃∗ represents the parameters (weights) of the trained/fine-tuned model, whether employing TFS or 

FDR, while 𝜃0 signifies the parameters (weights) of the corresponding model in its randomly initialized 

state, before undergoing the training or fine-tuning process. In Figure 4, we present a visual representation 

of the function 𝐽(𝜃), defined as 𝐽(𝜃) = 𝐿(𝜃(𝛼)), evaluated on both the balanced and validation CelebA 

datasets, where 𝐿 represents the loss function employed within the TFS and FDR frameworks. Figure 4 

serves to underscore the differentiation between the TFS and FDR methods. Notably, our results indicate 

that FDR consistently outperforms TFS in terms of 𝐽(𝜃) on the balanced CelebA datasets. However, on the 

validation CelebA dataset, TFS consistently exhibits a better value at the final stage, signifying a more 

favorable trade-off between fairness and performance when compared to the FDR method. Furthermore, 

the outcomes depicted in Figure 4 align with the findings presented in Table 3. Our observations show 

that while FDR surpasses TFS on the balanced dataset, the situation is different when considering the 

validation and test datasets. This suggests that our TFS framework has the capacity to generalize more 

effectively in fairness settings, striking a better balance between fairness and performance compared to 

the FDR baseline method. 

 

                   (a)  Loss on CelebA balanced dataset                 (b) Loss on CelebA validation dataset 

Figure 4. Linear interpolation curves for ResNet-18 model using TFS and FDR frameworks on CelebA balanced 
and validation datasets. 

9 Conclusion and Future Work 

In this paper, we presented an innovative method called “The Fairness Stitch” (TFS) as a debiasing 

technique. TFS combines model stitching and fairness constraints to mitigate the risk of bias. We tested 

the efficacy of our method by testing on two popular open-source datasets CelebA and UTKFace. We 
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compared our results with the baseline method. Our research findings show that TFS beats the baseline 

method in fairness and accuracy. Our work presents a practical debiasing method with respect to 

computational complexity and sample complexity, especially in deep learning models. We hope our 

method will help contribute to advancing the active research area of fairness-aware machine learning. Our 

proposed method poses a challenge to the conventional wisdom of the effectiveness of the last layer in 

mitigating bias. TFS complements surgical fine-tuning (Lee et al., 2022) in the fairness context and 

provokes us to rethink the efficacy of the last layer. 

In our future research work, we aim to investigate the computational and sample complexity of our TFS 

method with different non-linear stitchable layers on different pre-trained substrates. We will study the 

trade-off between fairness metrics and computational budgets. The other research direction in which we 

plan to extend our TFS is generative adversarial networks. 
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