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Abstract

Due to unbalanced datasets and lack of representation for certain populations, existing image recognition and classifica-
tion algorithms have varying accuracy rates for people of different races, genders, skin colors, and even ages, which is unfair
to them. This proposal researches on how to mitigate the algorithm’s dependence on non-essential attributes in images (e.g.,
race, gender, skin color, age, etc.) via the model-agnostic meta-learning(MAML) based de-biasing method for unsupervised
image recognition to improve the fairness and reliability of models. Specifically, we investigate how to solve the problem
of the lack of full sample distributions with unbalanced datasets via few-shot learning by MAML, which motivates models
to learn features that are generic rather than biased in recognizing humans, enabling arbitrary models with the ability of
fairness adaptation, thus reducing biases and promoting social fairness and justice.

1. Introduction

The common vision tasks for modern robots are face recognition, autonomous driving, medical imaging, as well as
recognizing, analyzing and predicting human activities. However, existing computer vision techniques are not always fair
and inclusive, the recognition rate for humans is often affected by the non-essential features such as race, gender, religion,
and age, causing the occurrence and even amplification of the pre-existing biases and discrimination in the datasets, such as
the lower accuracy of recognition for darker-skinned races as well as females, which brings trouble to their lives, potentially
places them at risk (e.g., autonomous vehicles miss detection of pedestrians) and may put innocent people on the list of
criminals [1]. And the recognition of objects could also be affected by non-essential features, e.g. color schemes for vehicles,
leading to bias. These situations result in discriminatory treatment for different groups in robots, which undermines social
fairness and equality eventually [2].

Vision has become an essential capability for most robots, and the biases contained in vision algorithms have affected many
minorities and special populations, hence a growing number of researchers are dedicated to mitigating or eliminating such
biases. And with the advances in computer vision, vision classification and recognition algorithms are progressively shifting
from supervised learning to semi-supervised and unsupervised learning. These emerging learning methods are typically
trained with large amounts of unlabeled data to generalize features for the vision tasks, and these data and features usually
contain biased information. For example, the existing datasets used for training human classification and recognition are
underrepresented by minorities due to the imbalance in the quantity and quality of images in the vast number of pictures it
collects indiscriminately from the Internet [3], [4]. Models trained with these unbalanced features are prone to inherit these
biases, resulting in algorithms that are less inclusive and therefore less likely to recognize some certain groups in the society.

This proposal dives into the reasons why robots have biases against human populations in visual decision making and
how to avoid such biases in the future. Our research is based on the observation as follows: visual bias and discrimination in
advanced robots arise from the imbalance in datasets and the lack of inclusive feature extraction in algorithms, especially in
the field of unsupervised learning. We argue that responsible robots should perform visual tasks fairly for all populations and
we propose a method to mitigate biases via meta-learning, specifically, it applies model-agnostic meta-learning (MAML) [5]
to the problem of fairness adaptivity in unsupervised image recognition. Our objectives are as follows:

1. Design a MAML-based de-biasing method for unsupervised image recognition that minimizes the dependence on
non-essential attributes (e.g., race, gender, skin color, age, etc.) in the image data, so as to improve the fairness and
reliability of the model.
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2. Find a suitable unsupervised image recognition model combined with MAML and fairness loss function to achieve the
ability to extract the necessary attributes.

3. Evaluate the robustness of this fairness optimization approach and the optimization ratio in visual tasks to demonstrate
the effectiveness of the proposed algorithm.

2. Related Work
2.1. Fair computer vision

Computer vision-induced bias became known after ”Gender Shades” [6], first with gender bias due to racial differences,
and later with factors such as skin color or gender differences. This may arise because of the social biases that influence the
selection of datasets, the process of data labeling, the programming of engineers, and the scenario of algorithm application.
Fairness evaluation and optimization in computer vision aims to research the potential bias and discrimination of algorithms
in the performance of different populations, scenarios, and tasks, etc., and to propose methods and metrics for fairness
evaluation and optimization to reduce the impact of computer vision on social inequities. Common approaches improve the
algorithm or make it more transparent through the following three perspectives:

Pre-processing methods mitigate bias by using more diverse and balanced datasets. One approach is to generate datasets
with more balanced samples via data generation methods like GAN [4], [7], [8]. Another way is to manipulate the dataset
with data augmentation before the model training to attenuate the biased information in it [3], [9]-[1 1].

In-processing methods introduce fairness constraints or fairness adversarial training to algorithms to build models with
higher interpretability. Fairness constraint training treats the fairness constraint as a regularization term during training,
limiting the model’s learning ability and mitigating the model’s bias by narrowing the differences in non-essential features
[12]-[17]. For example, Jung, Lee, Park, ef al. [18] designs regularized terms for fair feature distillation to make student
group conditions more consistent with average differences, and Liu, Deng, Zhong, et al. [19] adjusts the boundaries of each
face feature category, thus balancing the issue of category imbalance and improving the fairness of face recognition. Whereas,
in the fairness adversarial training, an adversary is introduced during the training process to perturb the input data so that
the classifier cannot be reliant with non-essential features [20]-[22]. For example, Wang, Zhao, Yatskar, et al. [3] uses an
additional classifier to remove gender-sensitive information from the image representation.

Post-processing methods evaluate and constrain the results of model inference after the model is trained. Usually an
unfair algorithm is used to obtain classification predictions and then revise the results [23]. For example, Hendricks, Burns,
Saenko, et al. [24] makes the model output equal probabilities for different genders by adjusting the gender probabilities in
the generated descriptions, and Du, Mukherjee, Wang, et al. [25] adjusts the weights of the classifiers after they were trained
so that the influence of non-essential attributes on the classifiers was minimized.

2.2. Meta-learning

Meta Learning, which can be referred to as ”learning to learn”, aims to quickly adapt new knowledge by learning gener-
alized prior knowledge, such as recognizing the digits by ignoring non-essential features like brush angle and thickness. The
purpose of traditional classification and recognition is to make final parameters achieve the best accuracy and the least loss.
However, meta-learning is oriented towards the learning process rather than the result, which is to learn the experiences of
classification and recognition [26], [27]. Existing meta-learning based methods perform object detection [28], [29], semantic
segmentation [30], point cloud analysis [31] and multi-task learning [32] with a few labeled data and learn how to adapt
quickly to new object classes from them. Some optimizations of the meta-learning fundamental methods have also been
studied to improve accuracy and efficiency [33]-[35].

With the unbalanced datasets and lack of representation for certain populations, models can suffer from the lack of full
sample distributions as in the case of few-shot learning, which in turn leads to bias. While MAML does not focus only on
learning the distribution of individual categories over the sample space, but rather on the distribution of each category over the
entire task space [36]. This can motivate models to learn features that are generic rather than biased in recognizing humans,
enabling arbitrary models with the ability of fairness adaptation. MAML performs alternating optimizations on multiple tasks
to find a universal model initialization parameter that makes the parameter available on any new task [37].

3. Method

Our research explores the problem of fairness adaptation by applying MAML to the unsupervised image recognition,
where we need to prepare a meta training set that contains several datasets and tasks for image recognition of different



people, and perform initial data preprocessing on them, each dataset represents a task n € (1, N). Then, we need to
experiment to find a suitable model for unsupervised image recognition that can extract features from unlabeled images and
perform clustering or other forms of recognition.

We also need to define a loss function based on image recognition fairness that measures the model’s fairness performance
on visual tasks. This loss function could be based on meta-learning

L(9) =16, 1)

where 6 is a parameter of the network and [ is the loss for each task. Then, we perform meta-training on the parameters of the
models with MAML. Specifically, for each task, we need to randomly sample some images from its dataset as a meta-training
set and some other images as a meta-test set. Then, we need to update the model with one or more gradient updates on the
meta-training set and compute the fairness loss of the model on the meta-testing set, perform backpropagation and update
the initial parameters of the model based on the loss, and we need to repeat this process on all tasks until the model’s initial
parameters converge
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Eventually, we get the image recognition model that extracts the necessary features which do not contain biased and
discriminatory views such as race, gender, color, age, etc. When we need to expand it on a new dataset and task, we can
use the parameters of the meta-trained model as the initial parameters of the new model, and with only a small amount of
gradient updating of the model on the new dataset, we can obtain a fairness unsupervised image recognition model that is
quickly adapted to the new task.
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