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Abstract

Due to the successful development of deep image genera-
tion technology, forgery detection plays a more important
role in social and economic security. Racial bias has not been
explored thoroughly in the deep forgery detection field. In
the paper, we first contribute a dedicated dataset called the
Fair Forgery Detection (FairFD) dataset, where we prove
the racial bias of public state-of-the-art (SOTA) methods.
Different from existing forgery detection datasets, the self-
constructed FairFD dataset contains a balanced racial ra-
tio and diverse forgery generation images with the largest-
scale subjects. Additionally, we identify the problems with
naive fairness metrics when benchmarking forgery detec-
tion models. To comprehensively evaluate fairness, we de-
sign novel metrics including Approach Averaged Metric and
Utility Regularized Metric, which can avoid deceptive re-
sults. We also present an effective and robust post-processing
technique, Bias Pruning with Fair Activations (BPFA), which
improves fairness without requiring retraining or weight up-
dates. Extensive experiments conducted with 12 representa-
tive forgery detection models demonstrate the value of the
proposed dataset and the reasonability of the designed fair-
ness metrics. By applying the BPFA to the existing fairest
detector, we achieve a new SOTA. Furthermore, we conduct
more in-depth analyses to offer more insights to inspire re-
searchers in the community.

Introduction
Face forgery refers to the creation of fake images or videos
of a person’s face using conventional techniques or deep
learning methods. These forgeries can be used to spread
misinformation, commit fraud, or even blackmail people.
There are numerous methods are proposed for detecting face
forgery (Rossler et al. 2019; Afchar et al. 2018; Wang et al.
2020; Tan and Le 2019; Nguyen, Yamagishi, and Echizen
2019; Li and Lyu 1811; Li et al. 2020a; Dang et al. 2020;
Ni et al. 2022; Cao et al. 2022; Yan et al. 2023a; Qian et al.
2020; Liu et al. 2021; Luo et al. 2021). Although an increas-
ing number of advanced face forgery detection technologies
are being developed, the racial fairness of these detectors is
consistently overlooked by researchers (Masood et al. 2023).
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Detectors with severe racial bias can lead to significant so-
cial impact. These detectors might disproportionately label
faces from a particular racial group as fake, thereby indi-
cating discrimination towards this particular racial group.
Therefore, when a detector is ready for deployment, eval-
uating and analyzing its fairness is a crucial process. How-
ever, although there is extensive available research about the
fairness in machine learning to draw upon (Agarwal et al.
2018; Agarwal, Dudı́k, and Wu 2019; Hardt, Price, and Sre-
bro 2016; Tian et al. 2024; Shen et al. 2024), evaluating
the fairness in face forgery detection systems remains diffi-
cult. This is due to several distinct differences between face
forgery detection and other deep learning tasks.

This work aims to fill the gap in research on racial fairness
in face forgery detection by proposing an accurate, compre-
hensive and credible fairness evaluation system. To achieve
this goal, we analyze the shortcomings of existing evalu-
ation components (i.e. dataset and metric), and our corre-
sponding solutions. (1) Dataset. Existing face forgery de-
tection datasets have a limited number of subjects. We find
performance fluctuations significantly across subjects, so
individual fairness may overshadow group fairness, which
will make the evaluation results inaccurate. It also can be
found that different forgery approaches have different fair-
ness levels, limited forgery approaches will lead to a non-
comprehensive result. Otherwise, undefined ethnicity (faces
from two ethnicities are swapped) will lead to an inaccu-
rate result. (2) Metric. We also propose two issues (Bias
Offset and Aggregation Distortion) that will cause decep-
tive results. Bias Offset arises because existing fairness met-
rics typically use overall average accuracy for calculations
instead of assessing each forgery method separately. This
way may obscure some biases as different forgery methods
may have different privileged races. Aggregation Distortion
arises because detectors often show significant utility varia-
tions across different forgery techniques. Even if two forgery
methods exhibit the same bias, detectors with lower utility
can be more unfair. Treating each forgery method as equal
will lead to unreliable results.

To tackle these problems, we firstly introduce the Fair
Forgery Detection (FairFD) dataset for racial bias eval-
uation, which contains the largest scale subjects, and
incorporates diverse forgery approaches including Face
Swapping: FaceSwap (Kowalski 2016), SimSwap (Chen
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Figure 1: Workflow of fairness evaluation in forgery detection. We first construct an evaluation dataset containing a large number
of subjects, diverse forgery approaches, and racial balance. Subsequently, we obtain the test results of the forgery detector on
each race and forgery method. Finally, we comprehensively evaluate the detector using three sets of 12 fairness metrics in total.

et al. 2020), Expression Reenactment: FastReen (Zakharov
et al. 2020), DualReen (Hsu, Tsai, and Wu 2022), Face
Editing: MaskGAN (Lee et al. 2020), StarGAN (Choi
et al. 2018), StyleGAN (Karras, Laine, and Aila 2019),
Diffusion-Based: SDSwap (Xen 2023), DCFace (Kim et al.
2023), Face2Diffusion (Shiohara and Yamasaki 2024) and
Transformer-Based: FSRT (Rochow, Schwarz, and Behnke
2024). And the self-constructed FairFD dataset does not
have any undefined ethnicity annotations. For the specific
metric, we address the mentioned two issues by introduc-
ing the Approach Averaged Metric, which calculates fair-
ness separately for each forgery approach and then aggre-
gates them, and the Utility Regularized Metric, which uses
the utility to regularize the fairness.

We propose BPFA (Bias Pruning with Fair Activations),
a novel pruning approach that uses an innovative metric to
identify and prune weights with minimal impact on utility
but significant contributions to bias (e.g., racial bias). BPFA
enhances fairness without compromising utility and requires
no retraining, making it a plug-and-play post-processing
method applicable to any detector, including those opti-
mized with existing fairness strategies, to further improve
fairness performance. The workflow of fairness evaluation is
illustrated in Figure 1. Sufficient experimental results prove
that the proposed BPFA is an efficient, plug-and-play and ro-
bust pruning scheme, outperforming other baseline pruning
methods by a significant margin.

The key contributions are summarized as follows:

• To our knowledge, it is the early exploration to introduce
a comprehensive racial bias evaluation benchmark for
forgery detection, providing a large-scale dataset, fair-

ness metrics, and evaluation protocols. We newly in-
troduce the Fair Forgery Detection (FairFD) dataset for
racial bias in forgery detection evaluation, which con-
tains the largest scale subjects, race-balanced ratio and
incorporates diverse forgery approaches.

• We identify the bias offset and aggregation distortion
problems with naive fairness metrics. Following, we de-
sign two metrics to address the mentioned issues. Exten-
sive experimental results demonstrate the limited fairness
of existing SOTA methods and validate the value of our
proposed metric.

• We introduce Bias Pruning with Fair Activations (BPFA)
to enhance forgery detector fairness. Extensive experi-
ments highlight BPFA’s efficiency, plug-and-play capa-
bility, and robustness. Integrating BPFA with the fairest
detector achieves SOTA racial fairness performance. Our
in-depth analyses provide valuable insights to advance
the field.

Related Work
Fairness in Face Forgery Detection
Fairness Algorithm. Fairness in face forgery detection is
a relatively novel topic. DAG-FDD (Ju et al. 2024) is first
proposed to address fairness without demographic informa-
tion by setting a probability threshold for minority groups to
ensure low error rates for all groups meeting this threshold.
DAW-FDD (Ju et al. 2024) utilizes demographic informa-
tion to design losses to ensure similar performance across
specified groups. PFGDFD (Lin et al. 2024) improves fair-
ness by using disentanglement loss to separate demographic
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Dataset Race Rate Race
Balance

Undefined
Ethnicity

Subject
Number

App-
roach

Real Img
Number

Fake Img
NumberCaucasian Asian Indian African Others

FF++ (2019) ∼43.9% ∼16.8% ∼3.2% ∼3.8% ∼32.3% ✘ Yes ∼1000 1 73k 266k
UADFV (2019) 97.96% 2.04% 0 0 0 ✘ Yes 49 1 241 252

CelebDF-v2 (2020b) 88.10% 5.10% 0 6.80% 0 ✘ Yes 59 1 225k 2,116k
DFDC (2020) - - - - - ✘ Yes 960 8 488k 1,783k
DF-1.0 (2020) ∼25% ∼25% ∼25% ∼25% 0 ✓ Yes 100 1 total 17,600k

ForgeryNet (2021) - - - - - ✘ Yes 5400 15 1438k 1457k
FairFD(ours) ∼25% ∼25% ∼25% ∼25% 0 ✓ No 11430 11 52k 572k

Table 1: Face Forgery Detection Dataset Comparison. Our dataset is race-balanced, with no undefined races, the maximized
number of subjects and forgery approaches exhibit diversity.

and forgery features.
Deepfake Dataset. We summarize the information of ex-
isting datasets in Table 1. We provide the proportions of
each race, along with whether the datasets are race-balanced.
Additionally, we present whether undefined ethnicity faces
are included(,i.e., faces from one race are replaced with an-
other race. We also supply the number of subjects, the num-
ber of forgery approaches, and the total number of frames.
DAG(W)-FDD (Ju et al. 2024) and PFGDFD (Lin et al.
2024) directly use several of the datasets mentioned above
as test data. Our work reveals inherent limitations when us-
ing these datasets for evaluation. There is currently no suit-
able dataset to evaluate the fairness of forgery detection. We
also give details of widely used face forgery datasets in the
section ”Face Forgery Detection Datasets” in Supp.
Fairness Metric. To evaluate racial fairness, what we re-
quire is group fairness metrics. There are various group fair-
ness metrics, and the selection of a metric depends on the
application context. In this work, we consider the commonly
used metrics including DPD (Agarwal et al. 2018; Agar-
wal, Dudı́k, and Wu 2019), DEOdds (Agarwal et al. 2018),
DEO (Hardt, Price, and Srebro 2016), STD (Wang et al.
2019; Robinson et al. 2020; Gong, Liu, and Jain 2020; Yu
et al. 2020; Wang et al. 2023) and our proposed novel fair-
ness metrics. The definitions of these metrics can be found
in the section ”Existing Fairness Metrics” in Supp.

FairFD Dataset
Limitations of Current Datasets
Limited Number of Subjects. The construction process of
the existing face forgery detection datasets involves collect-
ing videos, subsequently creating forgeries, and then extract-
ing frames. As a result, there are typically a small number
of subjects and each subject has a large number of frames
in these datasets. The limited number of subjects makes it
challenging to draw meaningful comparisons across groups.
Furthermore, we conducted the verification experiment to
analyze and prove it in the section ”Number of Subjects is
Limited” in Supp.
Lack of Diversity of Forgery Approaches. In Table 1,
only DFDC and ForgeryNet employ a variety of forgery
techniques. However, we find that different forgery meth-
ods have different fairness levels. We validate this point in
the subsequent Figure 4. Thus, we should strive to diversify

forgery methods as much as possible, enabling a more com-
prehensive evaluation of the system’s fairness.
Undefined Attribute Annotation. For these identity-
replaced forgery approaches, there is a possibility of faces
from one ethnicity being replaced with those from another.
In related work (Xu et al. 2022), this phenomenon is re-
ferred to as ”undefined attribute annotation.” Undefined at-
tributes can also significantly lower the quality of the eval-
uation of racial fairness, which is ignored in existing face
forgery detection datasets.

FairFD Description
Considering the mentioned limitations in existing datasets,
we introduce our dataset, FairFD, aiming to address these
shortcomings. FairFD endeavors to overcome previous chal-
lenges and provide a more accurate, reliable and compre-
hensive benchmark for evaluating fairness in face forgery
detection. Representative examples of ours are presented in
Figure 1. The overview of FairFD can be shown in the Ta-
ble 1. Subsequently, we delve into several pivotal facets of
our dataset.

Our dataset is an image-level dataset, and for each image,
there are 11 kinds of corresponding forgery images, i.e.,
Face Swapping: FaceSwap (2016), SimSwap (2020), Ex-
pression Reenactment: FastReen (2020), DualReen (2022),
Face Editing: StarGAN (2018), StyleGAN (2019),
MaskGAN (2020), Diffusion-Based: SDSwap (2023),
DCFace (2023), Face2Diffusion (2024) and Transformer-
Based: FSRT (2024). In addition to the forgery approach
label, our approach also includes labels for four ethnicities
(i.e., Caucasian, Asian, African, and Indian). Each ethnicity
contains approximately 3000 subjects.

Source Data Collection and Forgery Process
To align with our requirements, which include having racial
labels, and containing a sufficient number of subjects, we
use the RFW (Wang et al. 2019) dataset as pristine images.
The RFW dataset comprises face images with four racial la-
bels (,i.e., Caucasian, Asian, African, and Indian), contain-
ing approximately 3000 subjects for each racial group, with
a roughly equal distribution. Each subject has approximately
3 ∼ 7 images. All images in the RFW dataset have a reso-
lution of 400 × 400 pixels. Besides, the images are care-
fully selected to maintain similar distributions in terms of
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Figure 2: A face forgery detection model exhibits different
biases for different forgery approaches.

age, gender, yaw angle, and pitch angle. See details in ”De-
tailed Distribution of FairFD” in Supp. To reduce the human
resources, we use RFW as the source data.

To achieve the goal of diversity, we choose various ap-
proaches and techniques. We classify the forgery methods
into face swap, expression reenactment, attribute manipu-
lation and advanced forgery methods(stable diffusion and
transformer). See details in the section ”Classification of
Forgery Approaches” in Supp. We reimplement these meth-
ods and apply them to the source data. Details configuration
and process of forgery crafting can be found in the section
”Forgery Crafting Process” in Supp.

The Proposed Evaluation Metrics
Even though we have obtained a reliable dataset for evaluat-
ing deepfake detection’s fairness, we still can not get a cred-
ible evaluation result due to existing fairness metrics having
two flaws. Firstly, the bias offset may lead to an underestima-
tion of racial bias. Secondly, aggregation distortion can re-
sult in biased evaluation outcomes favoring specific forgery
approaches. Below, we introduce the two flaws and their cor-
responding solutions respectively.

We make corrections to four widely used metrics:
DPD (Agarwal et al. 2018), DEOdds (Agarwal et al. 2018),
DEO (Hardt, Price, and Srebro 2016), and STD (Wang et al.
2019). For clarity, we leverage DPD to introduce our new
metric in the following discussions as an example. The fol-
lowing is the definition of DPD:

DPD = max
s,s′∈S,s ̸=s′

∣∣∣P (
Ŷ | S = s

)
− P

(
Ŷ | S = s′

)∣∣∣ ,
(1)

where Ŷ is the predicted labels. S represents
the set of sensitive attributes, s ∈ S and S =
{Caucasian,Asian, Indian,African}.

Bias Offset Problem
Bias offset refers to bias that will be partially obscured due
to the calculation process of existing fairness metrics. Ex-
isting fairness metrics do not calculate separately for each
forgery method instead of the final averaged performance
scores. However, this way may obscure certain biases, which
we call bias offset. Taking an example, in Figure 2, face

forgery detectors may exhibit different biases for various
forgery approaches. We calculate AccGap (the maximum
differences in accuracy) and STD (standard deviation) for
each forgery approach. In this example, both Forgery Ap-
proach 1 (FA1) and Forgery Approach 2 (FA2) exhibit an
AccGap greater than 0.2 and an STD greater than 0.07.
However, for Forgery Approach 1(FA1), the performance of
Caucasians is better than Asians, while for FA2, the perfor-
mance of Asians is better than Caucasians. In this situation,
when calculating the fairness score using the final averaged
performance scores, bias is to some extent offset, resulting
in a smaller bias score. AccGap is less than 0.2, and the STD
is less than 0.07 calculated using average accuracy. We refer
to this phenomenon as bias offset. A more reliable way is to
calculate fairness metrics separately for each forgery method
and average them. We call this novel strategy as Approach
Averaged Metric.

AADPD =
1

|F|
∑
f∈F

max
s,s′∈S,s ̸=s′

∣∣P (
Ŷ |S = s, F = f

)
− P

(
Ŷ |S = s′, F = f

)∣∣, (2)

where F donates real face and forgery approaches. f ∈ F
and F is the set of forgery methods.

Aggregation Distortion Problem
Various forgery approaches not only exhibit different fair-
ness situations but also demonstrate distinct levels of per-
formance. For example, in Figure. 3 and Figure. 4, this is
clearly evident. We identify the aggregation distortion prob-
lem where even if we calculate fairness scores separately for
each forgery method and average them together, the aver-
aged result can achieve a distorted fairness score due to the
performance difference.

Directly averaging fairness scores when employing com-
mon fairness metrics might lead to misleading conclusions.
For instance, consider two approaches with the accuracy of
20% and 80% respectively. We assume that both approaches
yield a bias of 10% if we employ DEO as the fairness met-
ric. Then, we calculate a simple average, which is also 10%.
This would lead us to focus solely on the absolute differ-
ences in error rates without taking into account the varia-
tions in baselines. If the racial biases are both calculated to
be 10%, the forgery method with only a 20% accuracy would
evidently be much more unfair. This oversimplified average
fails to capture the substantial disparity in performance be-
tween the two methods. To address this issue, we propose a
fixed version. For each forgery approach, we have:

URDPD =
1

|F|
∑
f∈F

max
s,s′∈S,s ̸=s′

∣∣P (
Ŷ |S = s, F = f

)
− P

(
Ŷ |S = s′, F = f

)∣∣ / ACCF=f , (3)

where ACCF=f calculates the accuracy of given different
forgery approaches.
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After applying Eq. 3 to each forgery method, we calculate
their results and then obtain the final fairness score by aver-
aging them. We refer to this approach as Utility Regularized
Metric. This nuanced method acknowledges the significance
of each forgery approach, providing a more accurate and in-
sightful evaluation of fairness in the context of the diverse
fairness and performance landscape. In summary, we recom-
mend not relying on a single fairness metric but rather con-
sidering a combination of multiple metrics to collectively
reflect the fairness of a detector.

Bias Pruning with Fair Activations
In this section, we present the Bias Pruning with Fair Acti-
vations (BPFA) approach, which develops a novel pruning
metric combining weights and the fairness of activations to
determine weight importance. Then, we prune those with the
lowest pruning scores based on a predefined pruning rate by
layer. Here we utilize an unstructured pruning strategy. Not-
ing that the proposed BPFA can be directly extended to pro-
cess other biases except for racial bias.
Pruning Metric. Consider a convolutional layer weights W
of shape (Cout, Cin, S

h
Ker, S

w
Ker), where Cout represents

the number of output filters, and each filter has dimension
(Cin, S

h
Ker, S

w
Ker). For one data sample, the output of this

layer is denoted as X with shape (Cout, S
h
out, S

w
out). The L2

norm by filter of X is represented as ∥X∥2 ∈ RCout . We
compute the average L2 norm across all samples from a spe-
cific race s ∈ S, denoted by Zs = ∥X∥s2. For each filter, we
then calculate the standard deviation of these norms across
all races, which serves as the bias for that filter:

BIASi = std
(
{Zs

i }s∈S
)
, (4)

where std(·) denotes the standard deviation. This bias mea-
sures the variability of outputs across different races. The
pruning score (PS) for each weight Wijkm in the convolu-
tional layer at the position (i, j, k,m) is then calculated by
combining the weight with respect to the computed bias:

PSijkm =
|Wijkm|
BIASi

. (5)

By comparing the pruning scores, we can identify and po-
tentially remove weights that have the least impact on model
utility but the greatest impact on bias. This allows us to re-
duce bias and improve fairness without sacrificing perfor-
mance. Note that while our method is illustrated using con-
volutional layers as an example, it can be easily extended to
linear layers.

Benchmark Experiments
Experimental Setup
Dataset. We use FF++ (c23) as our training set. Specifically,
for each video, we select 32 frames, crop the facial region,
and finally resize it to 256 × 256. We utilize the preprocessed
data provided by (Yan et al. 2023b), which has already un-
dergone the aforementioned operations. Our proposed new
dataset serves as the testing set. As our dataset inherently

consists of face images with backgrounds and bodies re-
moved, there is no need for additional face cropping. Sub-
sequently, we resize the images to 256 × 256 for inference.
Note that we still provide the original dataset with a resolu-
tion of 400 × 400 for scenarios requiring higher resolution.
Algorithms. We summarize the face forgery detection al-
gorithms in the section ”Face Forgery Detection Algorithms
Categories” in Supp. For a comprehensive and fair analy-
sis, we select several representative algorithms. For spatial-
based detectors, we choose Xception (Rossler et al. 2019),
RECCE (Cao et al. 2022), UCF (Yan et al. 2023a), Cap-
sule (Nguyen, Yamagishi, and Echizen 2019), FFD (Dang
et al. 2020) and CORE (Ni et al. 2022). For frequency-based
detectors, we select F3Net (Qian et al. 2020), SPSL (Liu
et al. 2021) and SRM (Luo et al. 2021). For fairness-
enhanced detectors, we select DAG (Ju et al. 2024)(Xcep-
tion as base model), DAW (Ju et al. 2024)(Xception as base
model) and PFGDFD (Lin et al. 2024)(UCF as base model).
In detail, these models are trained with the Adam optimiza-
tion algorithm with a learning rate of 0.0002 and an epoch
number of 10. The batch size is 32. And data augmenta-
tion methods including image compression, horizontal flip
and rotation are applied. However, when applying these data
augmentation methods to DAG, we find that its fairness level
significantly deteriorated. For a fair comparison, we report
below the results using data augmentation. Meanwhile, the
results without data augmentation are presented in the sec-
tion ”Results without Data Augmentation” in Supp.

Benchmarking Fairness of Face Forgery Detectors
Benchmark Results. The benchmark results (shown in Ta-
ble 2) present a comprehensive evaluation of 12 face forgery
detectors using various fairness metrics. We highlight the
four fairest detectors using different colors. Based on the
results, we draw the following significant observations: (1)
Current face forgery detectors all exhibit a high degree
of racial bias. The DPD metric of SPSL achieves 0.0203,
showing the smallest racial bias, with a 2.03% difference
in fake classification probability between the most advan-
taged and disadvantaged groups. The AADPD metric aver-
ages 5.56% across forgery methods. In contrast, the least fair
detector, UCF, shows a 17.65% difference, highlighting the
need to address racial bias in face forgery detection models.
(2) Current face forgery detectors have racial bias varia-
tion. Comparing the least fair detector UCF with the most
fair detector SPSL, the former’s URDPD is 4.76 times that
of the latter, URDEOdds is 3.58 times, URDEO 4.98 times,
and URSTD is 4.48 times, showing significant gap in racial
bias. Other detectors also exhibit varying degrees of racial
bias. Furthermore, we observe that three frequency-based
detectors, SPSL, F3Net, and SRM, consistently demonstrate
a smaller racial bias across all fairness metrics. We conduct
an in-depth investigation into this in the section ”Analyses
and Discussions” in Supp.
Detailed Utility Results. To present more detailed results,
we present the AUC for each detector, each race, and each
forgery method in Figure 3. Results show that different
forgery methods exhibit varying levels of utility. This val-
idates the advantage of Utility Regularized Metric.
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Fairness Metric Spatial-based Frequency-based Fairness-enhanced

Xception RECCE UCF Capsule FFD CORE F3Net SPSL SRM DAG DAW PFGDFD

Naive
Metric

DPD↓ 0.1810 0.1338 0.1765 0.0969 0.1099 0.0951 0.0674 0.0203 0.0990 0.1723 0.0513 0.0805
DEOdds↓ 0.1666 0.1264 0.1495 0.0902 0.1005 0.0798 0.0763 0.0304 0.0714 0.2288 0.0593 0.1396

DEO↓ 0.2088 0.1548 0.2014 0.1118 0.1242 0.1084 0.0801 0.0215 0.1090 0.2105 0.0611 0.1032
STD↓ 0.0647 0.0474 0.0631 0.0343 0.0398 0.0342 0.0265 0.0080 0.0355 0.0636 0.0195 0.0328

Approach
Averaged

Metric

AADPD↓ 0.2024 0.1572 0.2175 0.1323 0.1552 0.1147 0.1158 0.0556 0.1413 0.2201 0.0735 0.1393
AADEOdds↓ 0.1669 0.1302 0.1630 0.1034 0.1196 0.0858 0.0961 0.0481 0.0925 0.2324 0.0662 0.1560

AADEO↓ 0.2095 0.1626 0.2284 0.1381 0.1623 0.1205 0.1197 0.0571 0.1511 0.2177 0.0749 0.1360
AASTD↓ 0.0750 0.0578 0.0809 0.0493 0.0576 0.0449 0.0448 0.0219 0.0531 0.0834 0.0283 0.0530

Utility
Regularized

Metric

URDPD↓ 0.1357 0.1118 0.1523 0.0808 0.1037 0.0803 0.0806 0.0320 0.0904 0.1474 0.0555 0.0881
URDEOdds↓ 0.1057 0.0852 0.1069 0.0639 0.0763 0.0567 0.0625 0.0299 0.0584 0.1445 0.0440 0.0986

URDEO↓ 0.1417 0.1171 0.1614 0.0842 0.1092 0.0850 0.0842 0.0324 0.0968 0.1480 0.0578 0.0860
URSTD↓ 0.0501 0.0410 0.0565 0.0301 0.0384 0.0313 0.0312 0.0126 0.0339 0.0559 0.0214 0.0335

Utility AUC↑ 0.6911 0.6897 0.7214 0.6815 0.7304 0.6864 0.6564 0.6763 0.7102 0.6672 0.6604 0.6302

Table 2: Bias evaluation on FairFD for 12 face forgery detectors using Naive Metrics, Approach Averaged Metrics, Utility
Regularized Metrics. For each row, the best values are underlined and bolded, followed by the second-best values which are
underlined, bolded, and italicized, the third-best values are bolded, and the fourth-best values are bolded and italicized.

F1

F2

F3F4
F5

F6

F7

F8
F9 F10

F11

60%
80%

100%

Xception

F1

F2

F3F4
F5

F6

F7

F8
F9 F10

F11

60%
80%

100%

RECCE

F1

F2

F3F4
F5

F6

F7

F8
F9 F10

F11

60%
80%

100%

UCF

F1

F2

F3F4
F5

F6

F7

F8
F9 F10

F11

60%
80%

100%

Capsule

F1

F2

F3F4
F5

F6

F7

F8
F9 F10

F11

60%
80%

100%

FFD

F1

F2

F3F4
F5

F6

F7

F8
F9 F10

F11

60%
80%

100%

CORE

F1

F2

F3F4
F5

F6

F7

F8
F9 F10

F11

60%
80%

100%

F3Net

F1

F2

F3F4
F5

F6

F7

F8
F9 F10

F11

60%
80%

100%

SPSL

F1

F2

F3F4
F5

F6

F7

F8
F9 F10

F11

60%
80%

100%

SRM

F1

F2

F3F4
F5

F6

F7

F8
F9 F10

F11

60%
80%

100%

DAG

F1

F2

F3F4
F5

F6

F7

F8
F9 F10

F11

60%
80%

100%

DAW

F1

F2

F3F4
F5

F6

F7

F8
F9 F10

F11

60%
80%

100%

Asian AfricanAfrican Indian

F1: FaceSwap F2: SimSwap F3: FastReen F5: MaskGAN F7: StyGAN F9: DCFaceF4: DualReen F6: StarGAN F8: SDSwap F10: F2D F11: FSRT

PFGDFD

Caucasian 

Figure 3: Detailed utility (AUC) for diverse races, forgery approaches, detectors.

Detailed Fairness Results. We present the standard devi-
ation (STD) of the ACC for the four races in Figure 4 for
each forgery method(including Real Face). Our findings re-
veal that different forgery methods exhibit varying levels of
fairness, and different detectors rank the fairness of these
forgery methods differently. This validates the advantage of
the proposed Approach Averaged Metric.

Evaluating BPFA
Baseline Algorithm We select two baseline methods for
comparison. The first WEIG uses only the absolute values
of the weights as the pruning score, and the second RoBA
uses only the reciprocal of the bias of the activations. More

details about these baselines are shown in Supp. For all three
methods, we prune the parameters with the lowest pruning
scores. These pruning baselines can be directly applied in
existing SOTA forgery detection models.

Results Analysis The experimental results under optimal
pruning rates for each detector and method are shown in Ta-
ble 3. It can be found that the proposed method BPFA con-
sistently outperforms all baseline methods, achieving supe-
rior fairness without compromising utility. Although WEIG
generally preserves good utility and enhances fairness, its
improvements in fairness are not as significant as those
achieved by BPFA. On the other hand, RoBA exhibits highly
unstable performance. It results in improving fairness but at
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Naive Metric↓ Approach Averaged Metric↓ Utility Regularized Metric↓ Utility↑
Method DPD DEOdds DEO STD MA

DPD
MA

DEOdds
MA
DEO

MA
STD

UR
DPD

UR
DEOdds

UR
DEO

UR
STD AUC ACC

Original 0.0203 0.0304 0.0215 0.0080 0.0556 0.0481 0.0571 0.0219 0.0320 0.0299 0.0324 0.0126 0.6763 0.7618
WEIG 0.0183 0.0258 0.0201 0.0072 0.0564 0.0451 0.0586 0.0219 0.0324 0.0277 0.0334 0.0126 0.6769 0.7615
RoBA 0.1128 0.1598 0.1395 0.0445 0.1462 0.1616 0.1432 0.0583 0.0893 0.1024 0.0867 0.0356 0.6331 0.7037SPSL

BPFA 0.0181 0.0209 0.0200 0.0072 0.0473 0.0357 0.0496 0.0182 0.0265 0.0218 0.0275 0.0102 0.6862 0.8055
Original 0.1099 0.1005 0.1242 0.0398 0.1552 0.1196 0.1623 0.0576 0.1037 0.0763 0.1092 0.0384 0.7304 0.5751
WEIG 0.1098 0.1003 0.1240 0.0398 0.1550 0.1194 0.1621 0.0576 0.1035 0.0761 0.1090 0.0384 0.7304 0.5751
RoBA - - - - - - - - - - - - 0.5967 -FFD

BPFA 0.1096 0.0999 0.1237 0.0397 0.1546 0.1189 0.1617 0.0574 0.1032 0.0758 0.1087 0.0382 0.7305 0.5760
Original 0.0805 0.1396 0.1032 0.0328 0.1393 0.1560 0.1360 0.0530 0.0881 0.0986 0.0860 0.0335 0.6302 0.6019
WEIG 0.0789 0.1340 0.1012 0.0319 0.1349 0.1494 0.1320 0.0513 0.0853 0.0944 0.0835 0.0324 0.6298 0.6021
RoBA - - - - - - - - - - - - 0.5468 -

PFG-
DFD

BPFA 0.0594 0.1337 0.0796 0.0238 0.1079 0.1442 0.1006 0.0411 0.0644 0.0969 0.0578 0.0245 0.6445 0.7415

Table 3: Experiments with different fairness pruning methods. We highlight the best method for each metric in bold. And we
use ’-’ to indicate methods that cause severe performance degradation, rendering the detector unusable even setting a pruning
rate as low as 0.1%.

Xception RECCE UCF Capsule FFD CORE

F3Net SPSL SRM DAG DAW PFGDFD

Figure 4: Fairness (STD) for different forgery approaches.
Forgery approaches, listed from top to bottom, are
FaceSwap, SimSwap, FastReen, DualReen, MaskGAN,
StarGAN, StyGAN, SDSwap, DCFace, F2D, and FSRT.

the cost of significantly reduced utility, which can render the
model nearly unusable in the forgery detection task. These
results prove the superior performance of BPFA in enhanc-
ing both utility and fairness for forgery detection. It is en-
couraging to find that SPSL+BPFA achieves the new state-
of-the-art performance. The only parameter in our method
is the pruning rate. The ablation study for pruning rate is de-
tailed in three tables in the section ”Ablation Study on Prun-
ing Rate” in Supp. Our findings indicate that different detec-
tors and different methods have significantly different opti-
mal pruning rates (which correspond to the least decrease in
utility (or even improvement) while achieving the best aver-
age value across the 12 fairness metrics.

Analyses and Discussions

Here we conduct deeper analyses and give some insights:
(1) We train detectors using balanced training data, finding
that while racial bias can be reduced, the cost of collecting
balanced data is substantial; (2) We set the optimal classi-
fication threshold for each race and then use the resulting
accuracy values to calculate fairness. The conclusions show
that this method is highly cost-effective and significantly im-
proves both utility and fairness simultaneously; (3) We ana-
lyze that frequency-based detectors exhibit superior fairness
performance because of not utilizing race-sensitive informa-
tion, e.g. color. More analyses and details are shown in Supp.

Conclusion

This paper early explores a comprehensive racial bias eval-
uation benchmark for forgery detection, which provides
a newly self-construct dataset, fairness metric and unified
protocols. We identify numerous disadvantages in existing
datasets and fairness metrics, then propose a novel dataset
FairFD dataset and two sets of fairness metrics to address
these mentioned issues. Besides, we also propose a novel
Bias Pruning with Fair Activations algorithm to improve the
fairness performance without an extra training process. Em-
phatically, we evaluate the fairness of multiple existing face
forgery detectors. The results indicate the racial bias in cur-
rent detectors is generally high and prove the advantages
of our proposed BPFA. Further analyses reveal some inter-
esting insights into the emergence of racial bias. We hope
the proposed benchmark can inspire more researchers to de-
velop the field. In the future, we will explore a unified fair-
ness metric for diverse biases in more kinds of datasets, and
construct the video-level forgery detection datasets for more
real applications. See social impact in Supp.
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