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Abstract:   AI-generated facial synthesis (DeepFakes) has rapidly progressed through advanced generative models, producing real-
istic manipulated media that is increasingly difficult to distinguish from authentic content. Misuse of these technologies threatens
public trust and democratic stability, particularly in sensitive contexts. Beyond detection accuracy, responsible forensic analysis de-
mands fair and ethical deployment, yet recent studies reveal demographic performance disparities that existing methods have not
adequately addressed, and fairness approaches often fail to generalize under distribution shifts. To address this issue, we organized
the first competition focused on fairness in AI-generated face detection at NeurIPS 2025, connecting fairness research with real-world
DeepFake challenges. The competition attracted substantial global participation, including more than 64 registered teams and 158
participants from 63 organizations across 20 countries, with 11 teams surpassing the baseline. Analysis of the submitted methods re-
veals that the most effective approaches combined data-centric design, robust representation learning, and model-level diversifica-
tion rather than relying on fairness constraints alone. In particular, the top-ranked solution achieved strong fairness improvements
by integrating careful data curation, a mixture-of-experts architecture, and test-time augmentation, demonstrating that fairness gen-
eralization can be improved without explicitly optimizing demographic-specific losses. Other competitive methods explored comple-
mentary directions, including foundation-model-based feature extraction, dual-branch fusion of global and local cues, ensemble learn-
ing, and post hoc calibration, each exposing distinct trade-offs among fairness, utility, and deployability. Our findings highlight that
fairness metrics can be significantly improved through strategic system design, but also reveal limitations of current evaluation pro-
tocols  and  the  risk  of  trivial  solutions  under  fixed  thresholds.  Overall,  this  competition  provides  concrete  empirical  evidence  and
methodological insights for building more fair, robust, and trustworthy DeepFake detection systems, and offers guidance for future
benchmarks, evaluation metrics, and responsible deployment practices. The competition website is available at: https://sites.google.
com/view/aifacedetection/.
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 1   Introduction

AI-generated  face (known  as  DeepFake) technology,

powered  by  advanced  deep  neural  network (DNN)-based

generative AI methods such as variational autoencoders[1],

generative  adversarial  networks (GANs)[2],  and  diffusion

models (DM)[3],  produces  hyper-realistic  images  and

videos by swapping a target individual  with the faces of

another  without  their  consent.  These  technologies  have

advanced  to  the  point  where  they  can  accurately  replic-

ate  human  features  and  expressions,  making  it  increas-

ingly  difficult  for  the  average  person  to  distinguish

between  authentic  and manipulated  content.  The  poten-

tial for misuse of AI faces is especially alarming in sensit-

ive areas, such as the 2024 US Presidential Election[4–6] or

when they involve public figures such as Taylor Swift[7, 8].

DeepFakes′ ability to create convincing fake content that

can  manipulate  human  perception  poses  a  profound

threat  to  the  integrity  of  democratic  processes  and indi-

vidual reputations. Therefore, detecting DeepFakes is es-

sential  not  only  to  combat  misinformation  but  to  main-

tain society′s trust in the information ecosystem.

Combating  DeepFake  technology  requires  a  compre-

hensive  strategy  that  extends  far  beyond  the  realm  of

mere detection, emphasizing the responsible design, devel-

opment,  and  deployment  of  generative  AI  technologies.

This field, also known as responsible forensics, focuses on

applying  forensic  science  to  digital  content  in  an  ethic-

ally responsible manner, ensuring that actions to identify

and mitigate DeepFakes meet high ethical standards and

respect  for  human  rights.  At  the  heart  of  responsible

forensics  lies  the  commitment  to  fairness,  especially  im-

portant  in  the  context  of  generative  AI.  It  is  crucial  for

detection tools  to be crafted and used in ways that pre-

vent  unintentional  bias  against  certain  individuals  or

groups, thus upholding justice and equality in the digital

realm.  Recent  studies[9–12] have  highlighted  biases  in

DeepFake detection,  such as  higher  accuracy for  lighter-

skinned DeepFakes (see Fig. 1(b)), but available solutions

have been less forthcoming about the nature of these bi-

ases[13, 14].  Unfairness  in  DeepFake  detection  can  lead  to

disproportionate  harms,  where  systems  intended  to  pre-

vent  fraud,  sexual  exploitation,  or  political  interference

instead  place  greater  burdens  on  minority  individuals  or

underrepresented communities.  For example,  higher false

positive rates for certain demographic groups may result

in  increased  surveillance,  wrongful  content  removal,  or

unjust  accusations,  while  uneven  performance  across  re-

gions  may  weaken  protections  for  minority  countries

against targeted disinformation campaigns. Such disparit-

ies  risk  amplifying  existing  social  and political  inequalit-

ies rather than mitigating the harms of AI-generated fake
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media.

Although  the  machine  learning  community  has  pro-

posed numerous fairness algorithms to help alleviate these

biases[15],  their  application  in  DeepFake  detection  re-

mains  limited.  Moreover,  naively  integrating  fairness

techniques into DeepFake detectors, without strategic im-

plementation,  often  fails  to  ensure  robust  fairness  under

inevitable  distribution  shifts – a  critical  issue  given  the

rapid  evolution  of  generative  AI  models.  For  example,

these  models  frequently  produce  synthetic  content  that

deviates  significantly  from  previously  seen  data,  under-

mining the fairness generalization.

To  this  end,  we  organized  the  first  competition  fo-

cused  on  fairness  in  AI-generated  face  detection  at  the

39th  Annual  Conference  on  Neural  Information  Pro-

cessing Systems (NeurIPS 2025), aiming to connect devel-

opments  in  fair  machine  learning  with  real-world  chal-

lenges in computer vision. The competition is expected to

catalyze  new  research  directions,  foster  interdisciplinary

collaboration,  and encourage the design of  fairer  AI-gen-

erated  face  detection  systems.  Its  broader  impact  lies  in

promoting the responsible deployment of AI technologies,

mitigating algorithmic bias, and increasing public trust in

media authenticity systems.

The objective of this competition is multi-fold: to raise

awareness  about  the  fairness  challenges  and  opportunit-

ies  in AI-generated media and its  security,  and to foster

discussions  that  could  lead  to  novel  solutions  and

guidelines  for  responsible  design,  development,  and  de-

ployment.  Our  competition  attracted  substantial  global

interest.  We  received  registrations  from  more  than  64

teams, involving 158 participants representing 63 organiz-

ations  across  20  countries.  Ultimately,  11  teams  sur-

passed  the  provided  baseline  performance  and  were  in-

cluded in the leaderboard.

In this paper, we present a comprehensive summary of

the  competition,  including  its  preparation  and  results.

The remainder of  the paper is  organized as follows:  Sec-

tion  2  provides  a  detailed  overview  of  the  competition

design  and  structure.  Section  3  analyzes  the  submitted

solutions, compares their performance, and highlights key

findings.  Section  4  briefly  describes  the  methods  pro-

posed  by  teams  whose  submission  outperformed  the

provided baseline. Finally, we conclude this paper in Sec-

tion 5.

 2   AI-face competition

This  section  demonstrates  the  significant  specifics  of

the competition.

 2.1   Datasets

 2.1.1   Training set
We provide the first million-scale demographically an-

notated  AI-Face  dataset[16] to  all  participants  as  the

primary  training  and  validation  sets  for  model  develop-

ment. The dataset comprises a total of 1 245 660 AI-gen-

erated  face  images  produced  by  37  different  generation

methods,  along  with 400 885 real  face  images.  Each  im-

age  is  annotated  with  demographic  attributes,  including

gender (e.g.,  male,  female),  age group (e.g.,  child,  youth,

adult, middle-aged adult, senior), and skin tone (based on

a  10-shade  scale),  all  of  which  were  inferred  using  auto-

mated annotation tools developed by Lin et al.[16]

 2.1.2   Test set
To  rigorously  evaluate  the  generalization  capability

and fairness robustness of submitted detectors, we curate

a  challenging  and  diverse  test  set  consisting  of 180 094

face  images  in  total,  with  fully  balanced  real  and  fake

samples, ensuring that performance is not biased by class

imbalance.

The real face subset is sourced from the LAION-Face

dataset[17],  which  provides  large-scale,  in-the-wild,  high-

diversity  human  faces  reflecting  real-world  demographic

variation.  The fake subset  is  drawn from two sources  to

capture  both  real-world  AI-generated  manipulations  and

emerging diffusion-based synthesis threats. 73 463 images

are  extracted  as  video  frames  from  the  political  Deep-

Fakes incident database (PDID) dataset[18], the first real-

world political  DeepFake dataset.  We include PDID due

to its high societal relevance. Its inclusion underscores our

emphasis on evaluating fairness in realistic high-stake de-

ployment scenarios, where biased detection outcomes can

directly influence public discourse and trust.

Additionally, 16 584 images are generated using a stu-

dent diffusion model distilled from stable diffusion v1.5[19]

through  the  improved  distribution  matching  distillation

(DMD2) method[20].  This  model  trained  by  ourselves  us-

ing the LAION-Face dataset differs from the original gen-

erator.  It  was  deliberately  introduced  to  prevent  parti-

cipants  from  overfitting  to  synthetic  data  distributions

derived  directly  from  stable  diffusion  v1.5,  safeguarding

against  potential  training-set  contamination  or  shortcut

learning. By using a student model instead of the origin-

al off-the-shelf generator, we further ensure that the syn-

thesized samples maintain realism while remaining out-of-

distribution with respect to common training data, creat-

 

Female-black Male-white

Rate of misclassifying
real as fake =26.27%

Rate of misclassifying
real as fake = 8.33%

 
Fig. 1     Fairness  challenge  in  DeepFake  detection.  The  red
boxes  highlight  the  wrong  predictions. (Colored  figures  are
available  in  the  online  version  at https://link.springer.com/
journal/11633)
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ing a stricter test condition.

Finally,  demographic  annotations,  including  gender,

skin  tone,  and  intersectional  labels (defined  as  the  com-

bination  of  gender  and  skin  tone  groups) for  all  test

samples  are  automatically  generated  using  the  annota-

tion  pipeline  from  AI-Face[16],  ensuring  consistency  with

established fairness benchmarking protocols in [16].

 2.2   Task

In  our  competition,  the  AI-Face  training  set  repres-

ents  laboratory-generated  AI  faces,  as  most  of  these  im-

ages  were  created  for  research  purposes,  such  as  design-

ing  novel  detectors  or  benchmarking  existing  ones.

However,  relying solely  on this  dataset  limits  the ability

to model real-world AI faces. Real-world AI faces are of-

ten  generated  by  unknown  actors  using  either  single  or

mixed  generative  models,  resulting  in  forgery  types  that

may  not  have  been  observed  during  training.  Addition-

ally,  the  resolution  and  quality  of  faces  encountered  in

the  test  set  may  differ  significantly  from  those  in  the

training set, further challenging the generalization capab-

ilities of the developed models.

In this case, a detector trained on the provided train-

ing set, even if designed with fairness constraints in mind,

may  fail  to  maintain  its  fairness  properties  when  de-

ployed in unseen scenarios. Although this presents a sig-

nificant  challenge,  it  has  not  been  solved  sufficiently[14].

We are currently in an era of rapid advancements in gen-

erative AI, with the continual release of powerful models

such  as  Sora  2[21].  These  models  can  be  readily  misused

by AI face  makers  to  create  realistic  AI-generated faces,

exacerbating societal risks. The dynamic nature of gener-

ative  technologies  creates  a  persistent  cat-and-mouse

game  between  AI  face  generation  and  detection,  high-

lighting the urgent need for fairness solutions that gener-

alize effectively to novel threats.

To  this  end,  we  introduce  a  significant  task  in  our

competition:  Improving fairness generalization in AI face

detection. This task aims to encourage participants to de-

velop more advanced, generalizable fair AI face detectors,

with  the  goal  of  creating  potential  solutions  to  mitigate

these emerging challenges.

 2.3   Metrics

FDP

FMEO FEO

FOAE

Following  the  recent  fairness  benchmark  work[16] for

detecting AI-generated faces, we use four fairness metrics

commonly  used  in  the  fairness  community[15, 22–25] and

five  more  widely  used  utility  metrics[26–29].  For  fairness

metrics, we consider demographic parity ( )[15, 22], max

equalized odds ( )[24], equal odds ( )[23], and over-

all accuracy equality ( )[24] for evaluating (e.g., indi-

viduals of a specific gender and simultaneously a specific

skin  tone) fairness.  In  experiments,  the  intersectional

groups  are  female-light (F-L),  female-medium (F-M),  fe-

male-dark (F-D),  male-light (M-L),  male-medium (M-M),
and  male-dark (M-D),  where  we  group  10  categories  of

skin  tones  into  light (Tones  1–3),  medium (Tones  4–6),
and  dark (Tones  7–10) for  simplicity  according  to  [30].

For  utility  metrics,  we  employ  the  area  under  the  ROC

curve (AUC),  accuracy (ACC),  average  precision (AP),
equal  error  rate (EER),  and  false  positive  rate (FPR).
During evaluation,  we use  0.5  as  the  threshold to  calcu-

late most of the metrics.

FR

FR m

To compare detectors′ performance clearly and fairly,

we  define  the  average  fairness  rank (Avg- ),  which

ranks each detector on each fairness metric and averages

these ranks. Specifically, the Avg-  for detector  can

be defined as follows:

Avg-FR :=
1

4

∑

f∈{FDP ,FMEO,FEO,FOAE}

Rm,f (1)

Rm,f m

f ∈ {FDP , FMEO, FEO, FOAE}

where  is the rank of detector  for fairness metric

.

FR

FR

Note  that  we  only  consider  detectors  that  demon-

strate  superior  AUC  performance  compared  to  the

provided  baselines.  If  multiple  participants  achieve  the

same  average  fairness  ranks (Avg- ),  we  will  compare

their  primary  AUC performance  to  identify  the  best  de-

tector.  If  detectors  also  have  identical  primary  utility

scores, we will proceed to compare their performance on a

secondary  utility  metric  EER and recalculate  their  Avg-

 for  comparison.  This  process  will  be  repeated iterat-

ively until the best detector is identified. In practice, we

are  able  to  determine  the  competition  winners  without

needing to exhaust all available utility metrics. The AUC

score alone provides sufficient solutions to rank all parti-

cipating teams.

 2.4   Baselines, code, and EULA

As  demonstrated  in  a  recent  fairness  benchmark

study[16] on AI-generated faces, there are 12 baseline mod-

els that can be used. The code and checkpoints for these

baseline  models  can  be  found  in  the  official  GitHub1.

However,  we  use  the  Xception  model[31] as  the  baseline

model for our competition due to its simplicity. Prelimin-

ary  results  on  the  AI-Face  dataset  are  also  presented  in

[16].  The  data-loading  tools  necessary  for  handling  the

datasets are provided within the same repository. To ac-

cess  the  corresponding  demographic  annotations  of  the

datasets,  participants  are  required to  download and sign

the  end-user  license  agreement (EULA).  The  signed

EULA  must  then  be  uploaded  via  the  provided  Google

Form,  along  with  the  required  participant  information.

Upon approval, the annotation download link will be sent

to the requester.

1 https://github.com/Purdue-M2/AI-Face-FairnessBench
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 3   Competition results

Between  June  17,  2025  and  October  2,  2025,  we  re-

ceived registrations  from 64 teams comprising  158 parti-

cipants, representing 63 organizations across 20 countries

worldwide. Most of the teams are from academia. Finally,

11  teams  achieved  performance  surpassing  the  provided

baseline model on the test set. Their results and rankings

are presented in Table 1.

As shown in Table 1, the top two teams achieved ex-

cellent fairness performance, with most fairness disparity

values close to zero. However, their overall accuracy was

approximately  50%  and  the  false  positive  rate  reached

100%.  Our  inspection  of  their  submissions  shows  that

their  prediction  scores  are  consistently  above  0.5  with

very  low  variance.  This  strategy  is  effective  in  the  con-

text of  our competition,  where fairness is  weighted more

heavily than utility, as it results in all real samples being

classified  as  fake  under  the  predefined  threshold  of  0.5.

However,  such  behavior  poses  challenges  for  real-world

deployment, particularly in applications that require bin-

ary  outputs  for  general  users.  Additionally,  it  is  evident

that most teams achieved significantly higher AUC scores

than the baseline, indicating strong improvements.

 4   Competition methods from the teams

 4.1   Ant International

Members: Yongwei Tang (mail to: tangyongwei.tyw@

ant-intl.com),  Zhiqiang  Wu (mail  to:  hanli.wzq@ant-

intl.com),  Jiawen  Seow (mail  to:  jiawen.seow@ant-

intl.com).
 4.1.1   General method description

Our  proposed  methodology  is  built  on  three  comple-

mentary  pillars:  1) Quality-driven  training  data  assess-

ment and selection, 2) adaptive multi-feature fusion via a

mixture  of  experts,  and  3) robustness  enhancement

through  test-time  augmentation (TTA). Fig. 2 outlines

the overview of our model architecture.

Quality-driven  training  data  assessment  and

selection. For  quality  training  data  assessment  and  se-

lection, we first performed a detailed analysis of the train-

ing set  by inspecting data  distributions  from both inter-

sectional-subgroup  and  class-balance  perspectives.  We

then  evaluated  how these  distributional  properties  affect

model behavior through controlled ablation studies using

a fixed architecture,  allowing us to isolate the impact of

dataset composition on performance and robustness. Em-

pirically, our ablation studies showed that training on the

fully  pooled  dataset  leads  to  overfitting  and  degraded

generalization.  To  improve  robustness,  we  pruned  the

training corpus to increase both data purity, reducing dis-

tribution  mismatch  and  noisy  training  signals,  and  data

potency,  retaining  samples  that  provide  strong  supervis-

ory  signal.  The  ablation  results  consistently  indicated

that  excluding  the  standalone  GAN  and  DM  datasets

yields more stable optimization and stronger overall per-

formance,  achieving  an  AUC  of  0.821  compared  with

0.497 when training on the full  pooled dataset.  After re-

fining the dataset to better match the target distribution,

we  further  expanded  training  diversity  by  incorporating

DF40[32],  an  external  dataset  containing  40  generation

methods  with  source  images  from  FF++[33],  CelebA[34],

Celeb-DF[35],  and  FFHQ[36].  Because  DF40  closely  aligns

with  the  final  AI-Face  distribution,  it  serves  as  a  high-

quality supplement that broadens exposure to manipula-

tion types and improves generalization to unseen genera-

tion  techniques,  increasing  the  AUC  to  0.898. Table  2

shows the key ablation studies for data selection.

 

FR

Table 1    Results of the competition of fairness in AI face detection. We only report the teams′ performance,
which is over baseline performance. The final ranking is determined by Avg-  and then AUC.

Team Rank FR ↓Avg-   (%) ↑AUC  (%)
Fairness metrics (%) Utility metrics (%)

FDP FEO FMEO FOAE ACC AP EER FPR

Ant International 1 3.00 95.46 0.00 0.00 0.00 78.10 50.00 95.14 8.73 100.00

NDF 2 3.00 64.06 0.00 0.00 0.00 78.10 50.00 56.51 41.05 100.00

Team Entrust 3 4.00 70.21 0.06 16.97 16.67 0.12 50.01 76.03 49.99 49.99

AIST-ICT 4 4.25 70.28 0.07 0.10 0.07 78.11 50.01 71.21 35.18 99.99

CAU-KETI 5 4.50 37.06 0.49 1.93 0.55 77.73 49.85 45.05 60.21 99.87

qqpprun 6 5.00 90.47 1.71 4.33 1.70 77.58 50.64 87.33 15.97 98.69

AI-Hunter 7 5.50 59.95 0.43 4.41 2.21 78.06 50.52 58.30 40.54 98.82

Noname2 8 6.25 42.41 8.59 46.13 16.67 70.57 49.70 46.69 56.46 91.89

ICI Innolabs 9 7.00 78.09 51.31 61.81 25.03 18.96 78.09 70.95 21.91 29.06

Verix AI 10 7.50 72.13 5.88 155.57 65.77 76.02 48.51 73.30 28.02 98.28

kunkun 11 8.00 72.36 44.80 280.38 87.58 30.29 67.38 75.18 28.07 39.48

Baseline – – 31.32 47.03 292.83 88.41 46.16 36.29 43.63 68.85 53.32
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Adaptive multi-feature fusion via a mixture of

experts. We propose multi-feature fusion mixture of ex-

perts (MMF_MoE),  a  multi-expert  fusion  architecture

that integrates diverse and complementary feature repres-

entations  produced  by  multiple  specialized  experts.  The

experts are instantiated as different pretrained backbones,

leveraging their distinct inductive biases. Given an input

sample , each expert  produces a prediction output. In

the formulation, we denote the expert output as

zi(x) = Ei(x), i = 1, · · · ,K. (2)

g(·)A dedicated  gating  network  then  generates  soft-

max-normalized  mixture  weights  for  input-adaptive  ex-

pert selection:

α(x) = softmax(g(x)),
K
∑

i=1

αi(x) = 1, αi(x) ≥ 0. (3)

The  final  prediction  is  computed  by  a  weighted  ag-

gregation of expert outputs:

ŷ(x) =
K
∑

i=1

αi(x) zi(x). (4)

This  adaptive  softmax-gated  fusion  emphasizes  the

most informative expert(s) for each instance, rather than

relying on static averaging, thereby improving robustness

and generalization.  It  can also  support  fairness  by limit-

ing  over-dependence  on  any  single  feature  pathway  that

may encode group-specific artifacts. Although MMF_MoE

follows  a  mixture-of-experts  design,  we  do  not  explicitly

train  experts  to  specialize  in  specific  demographic  sub-

groups. Instead, we treat them as high-capacity ensemble

members whose relative strengths may vary across inter-

sectional subgroups. In the implementation, we use Con-

vNeXt[37] and EfficientNet[38] due to their strong baseline

performance in deepfake detection. Each expert is initial-

ized from weights pretrained on large-scale deepfake data-

sets  and  subsequently  fine-tuned  on  their  curated  train-

ing set. We hypothesize that the experts capture comple-

mentary  cues  and  may  perform  differently  across  sub-

groups. For example, ConvNeXt may be stronger for cer-

tain younger male groups with moderate skin tones, while

EfficientNet-B4 may be stronger for some female groups.

At  inference  time,  the  expert  outputs  are  stacked  and

passed  through  the  softmax  gating  network  to  produce

per-expert weights, which are then used to aggregate the

final detection score.

Robustness enhancement through TTA. To fur-

ther  boost  model  performance  and mitigate  bias,  we  ad-

opt  TTA,  in  which  multiple  transformed  views  of  the

same  input  are  evaluated  and  then  aggregated  into  a

single prediction. We conducted an ablation study across

several  TTA  aggregation  strategies  and  found  that  max

aggregation  over  augmented  predictions  consistently

yields  the  best  performance.  This  result  aligns  with  our
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Fig. 2     Team Ant International: Model overview. (Colored figures are available in the online version at https://link.springer.com/
journal/11633)

 

Table 2    Key ablation studies for data selection

Datasets AUC FRAvg- EER FPR AP ACC

Real + DeepFakes + GANs + DM 0.497 0.381 0.499 0.681 0.500 0.500

Real + DeepFakes 0.821 0.550 0.257 0.118 0.825 0.595

Real + DeepFakes + D40 0.898 0.211 0.182 0.982 0.910 0.508
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M

tm(·)

hypothesis  that  max-pooling  across  TTA  outputs  acts

similarly to a mixture-of-experts max-pooling strategy, by

emphasizing  the  most  reliable  prediction  and  reducing

worst-case  errors.  Formally,  for  test-time  transforms

, we compute

ŷTTA(x) = max
m∈{1,··· ,M}

ŷ(tm(x)) . (5)

512× 512

The  TTA  transformations  include  resizing  images  to

,  horizontal  and  vertical  flips,  90-degree  rota-

tions,  grayscale,  and  batch  normalization.  Based  on  the

analysis  shown in Fig. 3,  we  found  that  the  90° rotation

augmentation  contributes  the  most  to  the  final  predic-

tion. Table  3 outlines  the  ablation  studies  among  the

TTA strategies.

 4.1.2   Training details

1× 10−4

The proposed model contains approximately 188.27 M
parameters  and  is  trained  using  binary  cross-entropy

(BCE) loss.  Training  is  performed  in  PyTorch  on  4×

NVIDIA RTX PRO 6 000 GPUs,  and takes  5  hours  per

epoch.  We  optimize  the  network  with  AdamW  using  a

learning rate of , a batch size of 256. We train 10

epochs with a CosineAnnealingLR schedule.  The compu-

tational cost is approximately 105.6 B FLOPs.

 4.2   Team Entrust

Members: Zara Alaverdyan (mail to: sarah.alaverdy-

an@entrust.com),  Anne-Flore  Baron (mail  to:  anneflore.

baron@entrust.com),  Simon  Bozonnet (mail  to:  simon.

bozonnet@entrust.com),  Martins  Bruveris (mail  to:  mar-

tins.bruveris@entrust.com), Jochem Gietema (mail to: jo-

chem.gietema@entrust.com), Lucia Innocenti (mail to: lu-

cia.innocenti@entrust.com),  Lisa  Ivanova (mail  to:  lisa.

ivanova@entrust.com),  Olivier  Koch (mail  to:  olivier.

koch@entrust.com),  Harry  Ni (mail  to:  harry.ni@entrust.

com),  Arthur  Pajot (mail  to:  arthur.pajot@entrust.com),
Romain Sabathe (mail to: romain.sabathe@entrust.com).
 4.2.1   General method description

f x

f(x) > 0.5 θ = 0.5

FDP = 0 FEO = 0 FMEO = 0

The  submission  of  our  team  unfortunately  optimized

for  the  wrong  metric:  Instead  of  optimizing  the  average

rank of the four fairness metrics, we optimized for the av-

erage of the numerical values of the four fairness metrics.

The  distinction  between  rank  and  numerical  average  is

important, as each leads to a different optimal solution. If

we want to optimize for the average rank, we should use

a  classifier ,  which  assigns  each  image  a  score

 above  the  decision  threshold ,  i.e.,  a

classifier that declares each image to be fake. This classi-

fier will satisfy ,  and . Thus,
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Fig. 3     Team Ant International: TTA module overview (Colored figures are available in the online version at https://link.springer.
com/journal/11633)

 

Table 3    TTA ablation studies

Models AUC FRAvg- EER FPR AP ACC

Baseline 0.313 1.186 0.688 0.533 0.436 0.363

Random 0.499 0.182 0.500 0.500 0.498 0.499

MMF_MoE (pretrained) 0.655 0.683 0.351 0.131 0.612 0.510

MMF_MoE (w/o TTA) 0.854 0.197 0.234 0.999 0.869 0.500

MMF_MoE (TTA mean) 0.898 0.211 0.182 0.982 0.910 0.508

MMF_MoE (TTA max) 0.955 0.196 0.087 1.000 0.951 0.500
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FOAE = 0

θ = 0.5

θ = 0.5

this  classifier  is  guaranteed  to  have (shared) rank  1  for

these three metrics. Of course, this classifier will not have

,  as  the  differences  in  accuracy  across  the

demographic  groups  will  reflect  the  varying  ratios  of

genuine  to  fake  images  across  the  groups.  But  having

rank  1  on  three  out  of  four  metrics  outweighs  the  pen-

alty one has to pay for a large value for the fourth met-

ric. This is in fact the strategy adopted by the top teams.

Having  obtained the  desired  values  for  the  fairness  met-

rics, what about the utility metrics that are used as a tie-

breaker? The AUC of such a classifier can be arbitrarily

high, because we can make the scores of the classifier dis-

criminative  whilst  keeping  them  above  the  decision

threshold. This is  possible,  because all  four fairness met-

rics  only  depend  on  the  behavior  of  the  classifier  at  the

decision threshold ,  while  the  utility  metric  AUC

is  threshold-independent.  In  other  words,  the  winning

strategy  is  to  train  as  accurate  a  model  as  possible

without any need to consider bias and then to rescale the

scores  of  the  model  to  always  lie  above  the  decision

threshold  that  is  used  to  measure  fairness  met-

rics.

On  the  other  hand,  if  we  optimize  for  the  numerical

average of the fairness metrics, as our team did, then the

optimal solution is different: In the theoretical limit of an

infinite dataset, it is a random classifier, assigning an im-

age to be genuine or fake with a probability of 0.5. This

classifier  will  achieve  the  perfect  value  of  0  for  all  four

fairness  metrics.  This  is  because  for  such  a  classifier  all

relevant performance metrics will have value of 0.5:

∀a ∈ A, PRa = 0.5, FPRa = 0.5,

FNRa = 0.5, Acca = 0.5

Awhere  is  the  group  set.  The  AUC of  this  classifier  is

0.5, which is already higher than the AUC of the baseline

Xception  model,  which  has  an  AUC  of 0.313 237.  It

should  be  noted  that  the  AUC  of  the  baseline  model  is

lower than that of a random classifier.

Avg-FR = 0In order to achieve  in practice, we would

need to be able to achieve a value of 0.5 for all four per-

PR FPR FNR Acc

Sy,a = {(X,Y, a) : Y = y,A = a}

formance  metrics, , , ,  and  on  all

groups. This is theoretically possible on infinite datasets,

and it  is  possible  on finite  datasets,  if  every group/label

subset  has  an  even

number of elements.

However, the challenge test set does not have an even

number  of  elements  in  each  group/label  subset.  In  fact,

the  challenge  test  set  has  a  very  unequal  distribution  of

samples across groups.

1) Group 0 (light skin female) has only 3 fake images.

The other 836 images are genuine.

2) Group  3 (light  skin  male) has  only  6  fake  images.

The other 1 512 images are genuine.

The other groups have a more balanced, genuine/fake

composition, see Table 4.

The low number of fakes is important for two reasons:

Avg-FR

FPR

FNR
FNR

1) The target metric  is sensitive to the classi-

fication of the 3 fakes in group 0 and the 6 fakes in group

3.  This  is  because the false  positive rate, ,  in these

two  groups  is  measured  using  only  3  and  6  samples,  re-

spectively. In group 0, a change in the classification of a

single  sample  will  change  by  33%.  Similarly,  in

group 3, a single sample can change  by 16.66%.

Avg-FR = 0

FNR = 33.33%
FEO = 16.66% FMEO =

16.66% Avg-FR = 8.33%

2) Because the number of fakes in group 0 is odd, we

cannot achieve the exact 50%-50% split discussed above,

and  hence  no  solution  can  achieve .  The

closest  we  can  come  is  to  classify  2  of  the  3  images

as  fake  and  1  as  genuine.  This  gives 

in  group  0,  resulting  in  and 

, thus .

Avg-FR = 8.370%

In  practice,  there  are  some other  group/label  subsets

with an odd number of samples, so the lowest value that

can  be  achieved  is .  This  can  be  ob-

tained with the following allocation of samples, as shown

in Table 5.

FOAE = 0.781

Avg-FR = 19.53%

How  does  this  solution  compare  to  the  solution  that

achieves  optimal  average  rank?  The  model  that  assigns

each image to  be  fake  has  with the  other

fairness  metrics  being  0  and  thus ,

which is higher than that of the random classifier.

We  would  like  to  note  that  this  analysis  was  made

 

Table 4    Test set composition

Skin tone 0 1 2 3 4 5

Genuine 836 30 415 3 132 1 512 39 690 14 462

Fake 3 7 274 2 471 6 27 611 52 682

 

Avg-FR = 8.370%Table 5    Optimal solution to the challenge, achieving 

Label Prediction 0 1 2 3 4 5

Genuine
Genuine 418 15 207 1 566 756 19 845 7 231

Fake 418 15 208 1 566 756 19 845 7 231

Fake
Genuine 1 3 637 1 235 3 13 805 26 341

Fake 2 3 637 1 236 3 13 806 26 341

 508 Machine Intelligence Research 23(3), June 2026

 



possible, because participants had access to ground truth

test  set  labels  during  the  challenge.  As  we  discovered

through  organic  exploration  of  the  data,  the  test  set

provided by the challenge was not shuffled. The files were

labeled  consecutively  from  0000001.png  to  0180094.png

and there is the following correspondence between the fi-

lenames  and  the  labels:  Images  with  filenames  from

0016585.png  up  to  and  including  0106630.png  are  genu-

ine and all others are fake.

For our submission to the challenge, we decided not to

use ground-truth labels. Instead, we used a model-guided

random sampling  method  to  sample  a  random classifier.

In order to implement this  method,  we need to train an

accurate  deepfake  detection  model  and  we  describe  our

training process in Section 4.2.2.
 4.2.2   Training strategy

We  augmented  the  provided  AI-Face-v2  dataset,  us-

ing the following datasets: Authentica[39], DigiFakeAV[40],

CelebA[34], Balanced Faces in the Wild[41], Deepfake Syn-

thetic-20K[42],  UTKFace[43].  Our  final  training  set  con-

tained  2.4 M images (576 665 genuine  and 1 835 300 fake

images).

5× 10−6 1.55× 10−5

1× 10−8

10−5

5× 10−8

We  trained  a  ConvNeXt-L  model,  pre-trained  with

contrastive  language-image  pre-training (CLIP) on

LAION-2B. The model was optimized using AdamW with

a learning rate of , weight decay of ,

epsilon of , and momentum of 0.9. We employed

a  cosine  annealing  learning  rate  decaying  from  to

 over  20  epochs.  We  used  a  batch  size  of  128,

dropout rate of 0.18 and gradient clipping with a maxim-

um norm of 1.0.

All images in both the AI-Face-v2 dataset and extern-

al  datasets  underwent  face  cropping[44] before  training

and inference.  We used the RetinaFace detector and en-

larged the bounding box by a factor of 1.1. During train-

ing,  we  applied  random  bounding  box  jittering  with  a

stretch factor of 0.05 and a translation factor of 0.05, rel-

ative  to  the  bounding  box  size,  to  introduce  spatial  ro-

bustness.  For  validation,  we  used  deterministic  cropping

with the same bounding box enlargement.

We applied moderate image augmentations to impro-

ve  generalization:  Horizontal  flipping  with  probability  of

0.3, color jitter with magnitude of 0.4 and probability of

0.01, grayscale conversion with probability of 0.01, Gaus-

sian  blur  with  probability  of  0.01,  and  random  erasing

with probability of 0.01. This conservative augmentation

strategy preserves the semantic content of faces while in-

troducing sufficient variation to prevent overfitting.

To  address  the  demographic  imbalance  in  the  train-

ing  data,  we  implemented  an  attribute-based  sampler

that  re-weights  samples  according  to  their  demographic

group.  Specifically,  we  applied  two-fold  oversampling  to

dark skin tones, both males and females (groups 2 and 5),
while maintaining equal sampling for other groups.

 4.3   AIST-ICT

Members:  Fengming  Gu (mail  to:  gufengming18@

mails.ucas.ac.cn),  Xingming  Long (mail  to:  xingming.

long@vipl.ict.ac.cn),  Jie  Zhang (mail  to:  zhangjie@ict.ac.

cn),  Wenqing  Ge (mail  to:  gwq17866836583@163.com),
Xiangkui Cao (mail to: xiangkui.cao@vipl.ict.ac.cn), Yue-

cong  Min (mail  to:  minyuecong@ict.ac.cn),  Yingjie  Liu

(mail  to:  yingjieliu@stu.ouc.edu.cn),  Zonghui  Guo (mail

to:  guozonghui@ouc.edu.cn),  Shiguang  Shan (mail  to:

sgshan@ict.ac.cn).
 4.3.1   General method description

As  shown  in Fig. 4,  we  introduce  a  fairness-oriented

face  forgery  detection  framework  that  consists  of  two

stages:  1) Real  face  modeling  and  2) fairness-aware  fine-

tuning.  In  Stage  1,  the  model  is  pretrained  on  a  large-

scale real-face dataset to model the distribution of genu-

ine faces  and to learn robust,  general-purpose facial  rep-

resentations. In Stage 2, the model is further trained on a

fairness-aware  subset  containing  both  real  and  fake

samples,  enabling  improved  forgery  detection  perform-

ance while reducing demographic bias.

Real  face  modeling. When  a  model  pays  excessive

attention  to  non-generalizable  forgery  cues,  such  as  fea-

tures  related  to  demographic  attributes  like  ethnicity  or

age,  it  tends  to  rely  on  group-specific  characteristics,

which may lead to unfair or biased predictions. Therefore,

effectively  guiding  the  model  to  focus  on  universal  and

generalizable  forgery  features  is  crucial  for  improving  its

fairness. Inspired by FFDBackbone[45], learning facial rep-

resentations from large-scale real-face data effectively en-

hances the model′s ability to capture general forgery cues.

As a result, such representations lead to improved gener-

alization performance and better fairness.

Specifically,  FFDBackbone[45] systematically  analyzes
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Fig. 4     Team AIST-ICT: Method overview (Colored figures are available in the online version at https://link.springer.com/journal/
11633)
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FR

the  critical  role  of  the  pretraining stage  in  facial  forgery

detection  tasks.  It  employs  a  self-supervised  learning

(SSL) strategy  on  large-scale  real-face  datasets,  combin-

ing  contrastive  learning  and  masked  image  modeling  to

significantly enhance the backbone′s facial representation

capability.  Experimental  results  demonstrate  that,  com-

pared with models pretrained on general datasets such as

ImageNet,  models  pretrained  with  SSL on real-face  data

are better at capturing subtle forgery artifacts in local fa-

cial regions, thereby achieving stronger cross-dataset gen-

eralization.  Building  on  these  findings,  we  adopt  FFD-

Backbone  as  the  backbone  initialization  and  fine-tune  it

on  our  fairness-aware  training  subset (DeepFakes + FF-

HQ, augmented with Wav2Lip),  thus steering the model

toward  universal  cues  and  consistently  reducing  fairness

metrics (e.g., Avg- ).

×

Fairness-aware  finetuning. We  observe  that,  des-

pite the abundance of data spanning diverse forgery tech-

niques[16],  dataset  imbalance  means  that  additional  data

do not necessarily improve fairness  or  out-of-distribution

generalization. Accordingly, we partition the training cor-

pus  into  candidate  subsets  and  select  those  for  Stage  2

based on their measured fairness contribution. As shown

in Fig. 5, an intersectional analysis over six groups defined

by gender  skin tone shows that the three forgery-type

subsets (DeepFakes,  DMs,  and  GANs) have  different

demographic  distributions;  among  them,  the  DeepFakes

subset is comparatively the most balanced. When models

are  trained  on  these  subsets  individually,  results  in

Table  6 show  that  using  the  DeepFakes  subset  as  the

forged data delivers the greatest fairness gains. Similarly,

as shown in Table 7, within the real class, a comparison

between  FFHQ  and  IMDB  reveals  that  FFHQ  contrib-

utes more to fairness.

In addition, to compensate for the lack of audio-driv-

en  forgery  methods  in  the  training  set,  we  randomly

sample  real  face  images  from  the  training  set  as  the

source data and leverage Wav2Lip[46] to generate 500 000

forged faces to supplement previously unseen forgery pat-

terns in the training set. Instead of leveraging the entire

corpus, we select subsets with superior fairness properties.

Specifically,  we  use  the  DeepFakes  and  FFHQ  subsets

along  with  Wav2Lip-generated  samples.  Through  the

careful selection of data subsets and the incorporation of

synthesized  samples,  the  resulting  model  achieves  both

strong generalization to unseen forgery methods and im-

proved prediction fairness across demographic groups.

 4.3.2   Training details
During  the  pretraining  stage,  we  perform  a  BEiTv2-

style  self-supervised  pretraining  on  the  7.5  million  real-

face datasets used in [45], including MSCelebV1[47], Mega-

Face[48],  and  LAION-Face[17].  This  pretraining  stage  en-

hances  the  model′s  ability  to  learn robust  and generaliz-

able  facial  representations.  All  experiments  are  conduc-
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Fig. 5     Distribution of different fake training subsets

 

Table 6    Fairness results on validation set with different fake training subsets (lower is better)

Fake subsets Real subsets FR ↓Avg- FDP ↓ (%) FEO ↓ (%) FMEO ↓ (%) FOAE ↓ (%)

DeepFakes All 28.30 17.68 52.49 23.89 19.13

DMs All 39.93 16.42 95.56 32.57 15.17

GANs All 47.18 25.65 107.97 31.93 23.18

 

Table 7    Fairness results on validation set with different real training subsets (lower is better)

Fake subsets Real subsets FR ↓Avg- FDP ↓ (%) FEO ↓ (%) FMEO ↓ (%) FOAE ↓ (%)

All IMDB 25.14 15.22 52.42 26.83 6.08

All FFHQ 17.80 9.29 36.20 16.62 9.09
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ted  on  eight  NVIDIA  GeForce  RTX 3 090 GPUs.  For

data  preprocessing,  we  detect  faces  and  extract  five  fa-

cial  landmarks  for  alignment.  The  detected  face  regions

are  resized  to  a  resolution  of  224 × 224  and  normalized

with mean of 0.5 and standard deviation of 0.5. We use a

batch  size  of  128,  and  optimize  the  model  with  LAMB

optimizer  with  the  cross-entropy  loss.  The  initial  learn-

ing rate is set to 5 × 10–5, with a momentum of 0.9, and

a weight  decay of  0.05.  A cosine  annealing learning rate

schedule is employed.

 4.4   CAU-KETI

Members:  Jinhee  Park (mail  to:  iv4084em@cau.ac.

kr),  Minjun  Kim (mail  to:  ekdh635@cau.ac.kr),  Ahyeon

Park (mail to: 423data@gmail.com), Guisik Kim (mail to:

specialre@keti.re.kr),  Taewoo  Kim (mail  to:  kimtaewoo@

keti.re.kr),  YoungJoon  Yoo (mail  to:  yjyoo3312@cau.

ac.kr), Junseok Kwon (mail to: jskwon@cau.ac.kr).
 4.4.1   General method description

Our approach is driven by the motivation to “correct

demographic-specific  biases  without  retraining  the  entire

backbone”.  Our  framework is  shown in Fig. 6.  It  is  real-

ized through four complementary pillars:

G = 6

Group-wise  visual  prompt  tuning (VPT). In-

stead  of  full  fine-tuning,  we  employ  Shallow  VPT[49] to

learn specialized representations for different demograph-

ic intersections. We define  subgroups based on the

intersection of skin tone (light, medium, dark) and gender

(male,  female).  To  mitigate  data  imbalance,  we  down-

sample each subgroup to 4 582 images, matching the size

of  the  smallest  intersection.  We  then  freeze  the  pre-

trained  CLIP  ViT-L/14[50] backbone  and  the  classifica-

tion head of UnivFD[51].

VPT debiasing. To purify the prompts before mer-

ging, we hypothesize that demographic biases manifest as

specific  directions  in  the  prompt  embedding  space.  We

implement this via a two-step process:

P̃ (g) P (g)

g ∈ {1, 2, · · · , G} G

P̃ (g) = P (g) −
1

G

∑G

h=1
P

(h)

1) Group-centering:  First,  to  isolate  group-specific

variations  from  the  global  consensus,  we  compute  the

centered  prompts .  Let  be  the  learned  prompt

for group , where  is the total number

of groups. We subtract the average of all group prompts:

.

r Vt,[1:r]

p̂
(g)
t

2) Difference-span  projection:  Next,  we  identify  and

remove the principal directions of demographic disparity.

As  illustrated  in Fig. 7,  we  analyze  the  pairwise  differ-

ences between centered group prompts using SVD to isol-

ate  bias  components.  We  then  explicitly  project  out  the

top-  singular vectors  to obtain the purified token

:

p̂
(g)
t = p̃

(g)
t (I − Vt,[1:r]V

T
t,[1:r]). (6)

This  operation  filters  out  group-sensitive  artifacts

while retaining robust, shared features.

VPT merge. For  merging  the  purified  prompts,  we

utilize  the  geometric  median[52] instead of  the  arithmetic

mean.  In  our  experiments,  the  simple  arithmetic  mean

proved sensitive to outliers. However, the geometric medi-

an[52] finds  the  spatial  center  that  minimizes  the  sum of

distances  to  all  group  prompts,  ensuring  a  more  stable

global prompt.

b z

z̃ = z + b

Post-hoc  bias-shift  calibration. Finally,  to  fine-

tune the decision boundary for fairness, we apply a post-

hoc  bias  shift.  While  the  merged  prompt  aligns  the  fea-

ture space, slight discrepancies in decision thresholds may

persist.  We  address  this  by  adding  a  calibrated  scalar

bias  to  the  final  logit  of  the  aggregated  model:

.

FR

This  adjustment  allows  us  to  equalize  the  operating

points across demographic groups, ensuring that the final

decision  boundary  is  optimized  for  the  Avg-  metric.

However,  we  highlight  an  inherent  trade-off:  While  this

adjustment significantly improves fairness metrics, it res-

ults in an increase in false positives.

 

Baseline Group-wise VPT VPT Bias-shift
training VPT tuning debiasing merge calibration

 
Fig. 6     Team CAU-KETI: Method overview
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Fig. 7     Difference-span  removal.  We  construct  a  difference  matrix  by  collecting  all  pairwise  differences 

between centered prompts. By computing the SVD ( ), we extract the principal bias directions  and remove them via

orthogonal projection (Equation (6)). (Colored figures are available in the online version at https://link.springer.com/journal/11633)
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 4.4.2   Training details

10

N (0, 0.022)

∼ 10 k

We implement our method using the CLIP ViT-L/14

architecture[50] adopted from UnivFD[51], keeping all back-

bone parameters frozen. For the prompt configuration, we

employ  shallow  VPT[49] with  a  sequence  length  of .

These tokens are initialized from a Gaussian distribution

 with  a  dropout  rate  of  0.1,  and  crucially,

their positional embeddings are set to a fixed zero tensor.

All experiments are conducted on a single NVIDIA RTX

4 090 (24 GB) GPU.  The  training  is  highly  efficient,  in-

volving only  trainable  parameters;  it  requires  ap-

proximately  15  minutes  per  intersection-specific  prompt,

totaling about 1.5 hours for all six groups.
 4.4.3   Quantitative analysis & discussion

FR

FDP

∼ 10 k

Intent  VS.  reality. Our  primary  intent  was  to  en-

force  demographic  alignment  via  prompt  debiasing.  The

results  in Table  8 confirm  this  reality:  Avg-  dropped

significantly to 0.201 7 and  to 0.004 9. However, we

observed  a  trade-off  where  AUC  decreased  compared  to

UnivFD[51]. We attribute this to two factors: 1) The SVD

projection  likely  removed  some  discriminative  features

along  with  the  bias;  2) The  limited  capacity  of  shallow

prompts (  params) may be insufficient to simultan-

eously  handle  both  robust  generalization  and  strict  fair-

ness alignment. Nevertheless, we demonstrate that expli-

cit  alignment  is  a  valid  and  effective  direction  for  fair-

ness control.

 4.5   AI-Hunter

Members: Zhaoda Li (mail to: zdaiot@163.com), Meng-

yun Tang (mail to: merrytangmengyun@gmail.com), Ley-

ang Huang (mail to: hleyang@connect.hku.hk).
n

S = {(Xi, Di, Yi)}
n
i=1 Xi

i Di

Xi Yi

Problem setup. Given a training dataset of size , de-

noted  as ,  where  represents  the

-th image,  represents the demographic attribute asso-

ciated with ,  and  is  the corresponding target  vari-

able (e.g.,  fake  or  real),  our  goal  is  to  train  a  fairness-

aware  AI-generated  face  image  detector  that  maintains

high detection accuracy while ensuring balanced perform-

ance across demographic groups.
 4.5.1   General method description

As shown in Fig. 8, our proposed fairness-aware dual-

branch fusion network (FA-DFNet) consists  of  two main

components:  a  dual-branch  fusion  module  and  a  group-

aware smoothing module (GASM).
1) Dual-branch  fusion.  The  network  contains  a  ViT

branch  and  a  ConvNeXt  branch.  The  ViT  branch  cap-

tures  global  semantic  inconsistencies  through  self-atten-

tion, while the ConvNeXt branch focuses on localized tex-

ture  artifacts  in  generated  images.  This  complementary

design mitigates the blind spots of single-dimensional fea-

tures by fusing global and local representations to form a

more robust embedding.

 

Table 8    Summarization of the performance on the
Codabench test set. Arrows indicate the desired direction.

Metric Xception UnivFD Ours

FR ↓Avg-  1.186 1 0.896 2 0.201 7

↑AUC 0.313 2 0.474 7 0.370 6

FDP ↓ 0.470 3 0.218 2 0.004 9

FEO ↓ 2.928 3 2.233 6 0.019 3
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Fig. 8     Team AI-Hunter: FA-DFNet framework overview (Colored figures are available in the online version at https://link.springer.
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2) GASM.  The  GASM  enhances  fairness  through

group probability mixing and adaptive weight generation.

Group probability mixing introduces a smoothing matrix

to model  inter-group similarities,  reducing overfitting for

underrepresented  groups  and  encouraging  shared  feature

learning  across  demographics.  Adaptive  weight  genera-

tion  dynamically  adjusts  the  fusion  weights  between  the

two branches based on the smoothed group distribution,

enabling the model to adaptively balance global and loc-

al feature contributions according to demographic charac-

teristics, thereby improving fairness.

Dual-branch. Most existing AI-generated face detec-

tion  methods  rely  on  a  single  type  of  feature – either

global semantics or local textures – making them less ef-

fective against increasingly realistic generative techniques.

ViTs, powered by self-attention, excel at capturing glob-

al semantic inconsistencies such as misaligned facial com-

ponents or inconsistent lighting, but they struggle to per-

ceive  subtle  local  artifacts.  In  contrast,  ConvNeXt,  as  a

representative  convolutional  architecture,  benefits  from

strong inductive biases that enable efficient extraction of

fine-grained local textures (e.g., unnatural skin details or

hair  boundaries),  yet  it  is  less  capable  of  modeling  long-

range dependencies.  To address these limitations,  we de-

signed a dual-branch module that fuses these two comple-

mentary  perspectives  to  form  a  more  robust  representa-

tion,  enhancing  the  model′s  generalization  across  diverse

forgery patterns. More importantly, since different demo-

graphic  groups  may  rely  on  distinct  feature  cues,  the

dual-branch  fusion  adaptively  balances  this  dependence,

reducing  inter-group  performance  disparities  and  indir-

ectly promoting fairness.

X ∈ R
B×3×H×W

Nv l ∈ [1, Nv]

cls(l)vit ∈ R
B×dv dv

Gvit ∈ R
B×Nv×dv

αvit ∈ R
1×Nv×1

τ

1) ViT branch details:  The ViT branch is  built  upon

the DINOv3′s[53] pretrained ViT-B/16 model. Its core idea

is to fully exploit the multi-level representations from all

transformer encoder layers through a hierarchical feature

fusion  mechanism  to  enhance  the  overall  representation

capacity. Given an input image , we feed

it  into  the  ViT  backbone  and  extract  the  [CLS]  token

from all  transformer blocks. For each layer ,

we  obtain  the  feature ,  where  denotes

the  feature  dimension  of  the  ViT.  All  [CLS]  tokens  are

then  stacked  to  form  a  hierarchical  feature  tensor

.  We  then  introduce  a  learnable  atten-

tion  weight  vector ,  which  is  normalized

using  a  softmax  function  with  a  temperature  parameter

.  These  normalized  weights  are  used  to  compute  a

weighted sum of the projected layer features as follows:

Gvit = Stack
([

cls(1)vit , cls(2)vit , · · · , cls(Nv)
vit

])

,

αvit = Softmax (αvit/τ) ,

zmid,vit =
Nv
∑

l=1

αvit,l · ϕ1,vit(Gvit,:,l,:),

zvit = ϕ2,vit(zmid,vit).

ϕ1,vit(·) : R
dv → R

dv ϕ2,vit(·) : R
dv →

R
dv

zvit ∈ R
B×dv

Specifically,  and 

 are  projection  networks  used  to  fuse  the  layer-wise

features. The final fused representation of the ViT branch

is  denoted  as ,  which  serves  as  the  output

feature vector of the ViT branch.

Nc

cls(l)conv ∈ R
B×d

(l)
c

d
(l)
c

ϕ
(l)

adapt l

dmax = max
l

d
(l)
c

2) ConvNeXt branch details: The ConvNeXt branch is

built  upon  the  DINOv3′s[53] pretrained  ConvNeXt-Base

model.  Its  design  follows  a  similar  principle  to  the  ViT

branch but differs in feature extraction due to the archi-

tectural characteristics of the backbone network. We ex-

tract  the  class  tokens  from  all  stages  of  the  Con-

vNeXt  backbone,  denoted  as .  The  key

difference  lies  in  the  varying  feature  dimensions 

across stages. To address this, we introduce an independ-

ent  dynamic  projection  adapter  for  each  stage ,

which  projects  the  features  into  a  unified  dimension

:

c̃ls(l)conv = ϕ
(l)

adapt(cls(l)conv), ϕ
(l)

adapt : R
d
(l)
c → R

dmax .

Gconv ∈ R
B×Nc×dmax

The  projected  class  tokens  from  all  stages  are  then

stacked  into  a  hierarchical  tensor .

The fusion process follows a similar formulation to that of

the ViT branch:

Gconv = Stack
([

c̃ls(1)conv, c̃ls(2)conv, · · · , c̃ls(Nc)

conv

])

,

αconv = Softmax (αconv/τ) ,

zmid,conv =

Nc
∑

l=1

αconv,l · ϕ1,conv(Gconv,:,l,:),

zconv = ϕ2,conv(zmid,conv).

ϕ1,conv(·) : R
dmax → R

dc ϕ2,conv(·) : R
dc →

R
dc

Here,  and 

 are projection networks.

D

M ∈ R
6×6

j Mj

j

GASM. In AI-generated face datasets, the number of

samples across demographic groups is often highly imbal-

anced.  Training directly  with raw demographic  labels 

can lead to  overfitting  toward dominant  groups  and un-

derfitting for minority groups, resulting in fairness issues.

Moreover,  demographic  attributes  in  real-world  face  im-

ages  are  sometimes  ambiguous – for  example,  neutral

makeup may blur gender characteristics. To address these

challenges, we propose GASM. The core idea is to intro-

duce group label smoothing (GLS). This mechanism expli-

citly  models  the  uncertainty  of  group  membership  while

alleviating  fairness  problems  caused  by  data  imbalance.

Conventional  label  smoothing  replaces  hard  labels  with

soft ones to prevent overconfidence and serve as a form of

regularization[54]. We extend this idea to demographic at-

tributes  by  constructing  a  smoothing  matrix ,

where the -th row  represents the similarity distribu-

tion  of  group  with  respect  to  other  groups.  For  in-

stance,  the  smoothed  distribution  of  female-light (F-L,

light-skinned female) assigns higher probability to female-
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medium,  moderate  probability  to  female-dark  and  male-

light,  and  lower  probability  to  male-medium  as  well  as

male-dark. Specifically,

D

O ∈ R
B×6

Pmix ∈ R
B×6

1)　Group  probability  mixing:  Given  a  batch  of  ori-

ginal  demographic  labels  (one-hot  encoded  as

),  we generate the smoothed group probability

distribution  as follows:

Pmix = (1− λ) · O + λ · M[D]

λ

M[D]

M
D

where  is  the  smoothing  strength  hyperparameter,  and

 denotes  the  corresponding  rows  of  the  predefined

smoothing  matrix  selected  according  to  the  group

labels .  This  approach  offers  two  main  advantages:

First, through an implicit knowledge transfer mechanism,

samples  from one  group  can  benefit  from related  groups

during  training,  effectively  mitigating  overfitting  in

minority groups. Second, it encourages the model to learn

group-invariant  forgery  representations  rather  than

memorizing  spurious  correlations  tied  to  specific

demographics, thereby improving overall fairness.

Pmix ∈ R
b×6

MLPweight : R
6 → R

2

2) Adaptive  weight  generation:  We  input  the

smoothed  group  probability  into  a  light-

weight  multilayer  perceptron  to

produce the base fusion weights:

wbase = MLPweight(Pmix), w = σ(wbase) = [wvit, wconv]

σ(·)

Pmix

where  denotes  the  sigmoid  activation  function.  The

core  purpose  of  this  design  is  to  learn  group-specific

feature  fusion  strategies.  Different  demographic  groups

may  prefer  distinct  fusion  ratios  between  the  ViT  and

ConvNeXt branches:  Some rely more on global  semantic

cues (e.g.,  ViT),  while  others  are  more  sensitive  to  local

texture  information (e.g.,  ConvNeXt).  The  weight

generation  network  learns  this  nonlinear  mapping  from

the  smoothed  demographic  priors ,  and  therefore

overcomes  the  expressiveness  limitations  of  simple  linear

transformations.  Moreover,  the  entire  process  is  fully

differentiable,  which  enables  the  model  to  adaptively

optimize  the  feature  fusion  strategy  in  an  end-to-end

manner based on demographic information.

3) Feature fusion and classification: Based on the gen-

erated fusion weights, the features from the two branches

are adaptively combined as follows:

z′
vit = wvit · ϕ3,vit(zvit)

z′
conv = wconv · ϕ3,conv(zconv)

zfused = Concat([z′
vit, z′

conv])

Ŷ = Head(zfused)

ϕ3,vit(·) : R
dv → R

da ϕ3,conv(·) : R
dc → R

da

Head(·) : R2da → R

where  and  are

feature  projection  layers,  and  is  the

final classification head.

This  design  allows  the  model  to  dynamically  adjust

the  contribution  of  each  branch  according  to  the  demo-

graphic  characteristics,  thereby  improving  the  detection

accuracy while ensuring fairness across groups.
 4.5.2   Training details

τ = 0.1

λ = 0.2 M

For training, we fix the batch size to 128 and train for

3 epochs using the AdamW optimizer  with a weight de-

cay  of  0.05.  The  learning  rate  starts  at 0.000 1 and  in-

creases  linearly  to  0.01.  Since  fairness  improvements

mainly  come  from  architectural  design  rather  than  loss

modification, we employ a simple BCE loss. The temper-

ature  and  smoothing  parameters  are  set  to  and

, respectively. The smoothing matrix  is defined

as follows:

M =

































0.70 0.20 0.03 0.04 0.02 0.01

0.15 0.60 0.15 0.03 0.05 0.02

0.03 0.20 0.70 0.01 0.02 0.04

0.04 0.02 0.01 0.70 0.20 0.03

0.03 0.05 0.02 0.15 0.60 0.15

0.01 0.02 0.04 0.03 0.20 0.70

































One-Hot = [ 0.032 0.016 0.008 0.76 0.16 0.024 ].

For example, the first row corresponds to the female-

light, which assigns higher probability to female-medium,

moderate  probability  to  female-dark  and  male-light,  and

lower probability to male-dark, as well as male-medium.

 4.6   ICI Innolabs

Members:  Bogdan  Dura (mail  to:  bogdan.dura@

ici.ro),  Sebastian  Balmuș (mail  to:  sebastian.balmus@

ici.ro).
 4.6.1   General method description

Our approach combines multiple  facial  image classifi-

ers within an ensemble framework in which each compon-

ent model is trained with a distinct objective and induct-

ive  bias.  By  integrating  models  optimized  for  cross-do-

main  generalization  alongside  models  exhibiting  more

stable behavior across demographic groups, the ensemble

produces  detection decisions  that  balance  predictive  per-

formance with consistent error characteristics across pop-

ulations.  As  illustrated  in Fig. 9,  the  proposed  architec-

ture  follows  a  parallel  inference  pipeline.  A  single  facial

image is simultaneously processed by three distinct mod-

els,  and their individual predictions are subsequently ag-

gregated  into  a  final  decision  through  a  majority  voting

mechanism.  The ensemble  consists  of  the  following com-

ponents:

1) Two  MobileNetV2  variants[55]:  These  models

share  the  same  architecture  but  were  trained  using  dis-

tinct strategies. The baseline variant focused on the com-
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petition′s  primary  dataset,  while  the  cross-domain  vari-

ant utilized an expanded dataset[56] and alternative color-

space representations to improve generalization.

2) The  effort  model[57]:  We  incorporated  a  pre-

trained effort model based on orthogonal subspace decom-

position. This model separates image features into ortho-

gonal  subspaces,  semantic  and  manipulation-related,  to

enhance  detection  under  distribution  shifts  while  main-

taining stable fairness performance.

ACC = 0.78

The final predictions were generated through a major-

ity  voting  ensemble.  This  strategy  was  chosen  to  lever-

age the specific strengths of each model: While the cross-

domain variant acted as a “utility expert” with high ac-

curacy,  the  effort  and  baseline  models  provided  more

“fairness-stable” indicators.  Our  experiments  demon-

strated  that  this  ensemble  successfully  reconciled  these

competing  objectives,  achieving  the  highest  accuracy

( ) on the competition leaderboard.
 4.6.2   Training details

Our training strategy was designed to enhance the ro-

bustness  of  the  system  against  distribution  shifts  while

ensuring demographic fairness through data diversity and

specialized  feature  engineering.  All  experiments  are  con-

ducted in a PyTorch environment on an NVIDIA RTX 4 090

GPU.

Data integration and augmentation. To mitigate

overfitting  and  improve  generalization  beyond  the

provided  AI-Face  dataset,  we  incorporated  the  external

“Deepfake and real images” dataset from Kaggle[56].

= 1× 10−4 = 1× 10−4

±0.15

±0.1

The  first  model (MobileNetV2  baseline) was

trained  exclusively  on  the  AI-Face  dataset  without  pre-

trained weights. This variant was optimized for 30 epochs

with a batch size of 256 using the Adam optimizer (learn-

ing rate , weight decay ) and a Re-

duceLROnPlateau  scheduler  with  a  patience  of  3  and  a

reduction factor of  0.15.  We applied moderate data aug-

mentations, including random horizontal flipping and col-

or  jitter (  for  brightness,  contrast,  and  saturation;

 for  hue),  without  applying  input  normalization.

Training  for  this  configuration  took  approximately  18

minutes per epoch.

The  second  model (cross-domain  MobileNetV2)
was trained on a combined dataset consisting of  the AI-

±0.4

±0.15

Face  dataset  and  the  Deepfake  and  real  images  dataset.

This model was trained from scratch for 20 epochs using

the  same optimization and scheduling  parameters  as  the

baseline. To encourage better generalization, images were

converted  to  the  YUV  color  space  and  subjected  to

stronger  augmentations:  enhanced  color  jitter (  for

brightness,  contrast,  and  saturation;  for  hue),
Gaussian  blur,  and  random  perspective  transformations.

A custom normalization derived from the combined data-

set  was applied to all  inputs.  Due to the expanded data

and computational overhead of the augmentations, train-

ing time increased to 29 minutes per epoch.

In addition to our trained models, we incorporated the

effort model based on orthogonal subspace decomposition.

We  utilized  a  released  checkpoint  from  prior  work

without  additional  fine-tuning  to  leverage  its  ability  to

separate semantic and manipulation-related features. The

final pipeline employs a majority voting ensemble of these

three  distinct  models  to  benefit  from  their  complement-

ary inductive biases.
 4.6.3   Results and analysis

The  evaluation  of  our  models  on  the  hidden  test  set

revealed a significant  trade-off  between predictive  utility

and  demographic  fairness.  While  individual  models  ex-

celled  in  specific  areas,  the  ensemble  approach  provided

the most robust and balanced performance across all met-

rics. Fig. 10 provides a comparative visualization of these

trade-offs, showing how each model occupies a distinct re-

gion of the utility-fairness space. The performance varies

considerably across the three primary architectures:

1) MobileNetV2  baseline:  This  model  achieved  a

moderate accuracy of 0.525 but struggled to generalize to

the  hidden  test  distribution,  resulting  in  a  low  AUC  of

0.441 and a high FPR of 0.728.

FEO FR

2) Cross-domain MobileNetV2: By training on an

expanded dataset with stronger augmentations, this vari-

ant achieved the highest individual utility metrics, includ-

ing an AUC of 0.867 and an accuracy of 0.867. However,

as shown in Fig. 10, this gain in utility came at the cost

of  demographic  parity,  with increased variability  in  fair-

ness metrics such as  and Avg- .

3) Effort model: This model provided a more conser-

vative  trade-off,  maintaining  competitive  fairness  stabil-
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“anchor”
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Final ensemble
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EffortFace image Orthogonal subspaces
ACC 0.686, Avg-F

R
 0.453

“fairness-stable”

Complementary inductive biases
 

Fig. 9     Team ICI Innolabs: Architecture combining complementary inductive biases via majority voting
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FDPity, including the lowest  of 0.183, at the expense of

lower overall AUC (0.763) compared to the cross-domain

variant.

FR

ACC = 0.78

ACC = 0.56

Ensemble  synthesis  and  competition  outcome.

Our  final  ensemble  configuration,  which  combined  these

models  via  majority  voting,  successfully  mitigated  the

weaknesses  of  individual  components.  The  ensemble

achieved  a  utility-fairness  balance  with  an  accuracy  of

0.781 and an Avg-  of 0.393. This represents a signific-

ant  improvement  in  demographic  parity  over  the  high-

utility cross-domain model while maintaining high classi-

fication performance. Notably, our ensemble achieved the

highest accuracy ( ) on the competition leader-

board,  significantly  outperforming  the  second-best  sub-

mission ( ). Despite this leading accuracy, the

cumulative impact of fairness penalties resulted in a final

ranking  of  the  9th  place.  This  outcome  underscores  the

persistent  challenge  of  minimizing  demographic  bias

without sacrificing the raw predictive power required for

effective AI-generated face detection.

 4.7   kunkun

Members: Fang-Yi Su (mail to: fang-yi_su@hms.har-

vard.edu),  Tsung-Hua  Lee (mail  to:  tsunghua_lee@hms.

harvard.edu), Ting-Wan Kao (mail to: tingwan_kao@hms.

harvard.edu).
 4.7.1   General method description

We  propose  the  fairness  aware  ensemble  calibration

(FAEC) framework,  which  is  a  simple  yet  effective  two

stage framework designed to address fairness in deepfake

detection  without  requiring  model  retraining.  As  illus-

trated  in Fig. 11,  the  approach  consists  of  two  primary

modules  which are ensemble fusion for  utility maximiza-

tion and fairness calibration using controlled group mean

interpolation (CGMI).

xi s
(0)
i

Stage  I:  Multi-model  ensemble  fusion. In  the

first  stage,  we  maximize  detection  utility  by  aggrega-

ting  predictions  from  five  diverse  architectures  to  lever-

age  complementary  strengths.  The  ensemble  includes

SPSL[58],  Xception[31],  CORE[59],  F3Net[60],  and  Efficient-

Net-B4[38],  which  provide  diversity  across  spatial,  fre-

quency, and reconstruction domains. For a given test im-

age , the base ensemble score  is calculated via uni-

form averaging:

s
(0)
i =

1

M

M
∑

m=1

fm(xi) (7)

M = 5where  represents  the  number  of  pretrained

models.  This  strategy  reduces  prediction  variance  and

ensures that no single model failure mode dominates the

output.

ai

Stage  II:  Fairness  calibration (CGMI). The

second stage applies  the  CGMI to align the score  distri-

butions  across  different  demographic  groups.  Let  be
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Fig. 10     Radar  plot  over  AUC  and  four  fairness  metrics.
Values are min–max normalized per metric and inverted where
necessary  so  that  larger  radius  always  means  better  perfor-
mance. (Colored  figures  are  available  in  the  online  version  at
https://link.springer.com/journal/11633)
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Fig. 11     Overview of the FAEC framework. Stage I aggregates predictions from diverse pre trained models to form a base score.
Stage II applies CGMI using demographic attributes and statistics to produce a fairness calibrated prediction. (Colored figures are
available in the online version at https://link.springer.com/journal/11633)

 516 Machine Intelligence Research 23(3), June 2026

 

https://link.springer.com/journal/11633
https://link.springer.com/journal/11633


xi

si

the demographic attribute of sample  belonging to one

of the eighteen intersectional groups. The final calibrated

score  is computed as

si = clip[0,1][s
(0)
i + α · (µglobal − µai

)] (8)

µglobal
µai

α

where  is the average prediction across the test set

and  is  the  mean  prediction  for  the  specific

demographic  group.  The  interpolation  factor  controls

the utility fairness tradeoff.

(1− α)

This  method  satisfies  three  theoretically  motivated

properties.  First,  it  ensures  group  mean  convergence

where  group  averages  move  toward  the  global  mean.

Second,  it  achieves  disparity  reduction  by  shrinking  the

distance between group means by a factor of . Fi-

nally, it maintains rank preservation within each group to

ensure  that  the  discriminative  power  of  the  ensemble  is

not compromised.
 4.7.2   Training strategy

α

Our  framework  is  model  agnostic  and  operates  en-

tirely  in  inference  mode  without  requiring  ground  truth

labels on the test data. The implementation uses the Py-

Torch 2.0 library and is executed on NVIDIA A100 GPU

hardware.  Images are processed at a resolution of  224 ×

224 with ImageNet normalization and a batch size of 64.

We employ an interpolation factor  of 0.4 based on em-

pirical validation. This setting is chosen to reduce demo-

graphic  disparity  by  60%  while  maintaining  60%  of  the

original group characteristics to preserve utility. The cal-

ibration  step  is  computationally  efficient  as  it  only  re-

quires simple group level statistical adjustments after the

model forward passes.

 4.8   Summary

Core ideas of the proposed methods.  The meth-

ods  presented  by  the  participating  teams  reflect  diverse

but  complementary  perspectives  on  fairness-aware  AI-

generated  face  detection.  Ant  International  focused on a

data-driven  and  architecture-driven  strategy,  combining

careful  data  curation,  a  mixture-of-experts  framework,

and  test-time  augmentation  to  improve  robustness  and

fairness  simultaneously.  Team  Entrust  approached  the

problem from an evaluation-aware perspective,  analyzing

the structure of  the fairness  metrics  and exploiting their

dependence on fixed decision thresholds to achieve optim-

al  fairness  rankings.  AIST-ICT  emphasized  representa-

tion learning, proposing a two-stage framework that first

models  genuine  face  distributions  using  large-scale  real-

face  pretraining  and  then  performs  fairness-aware  fine-

tuning through selective  data subset  construction.  CAU-

KETI adopted a prompt-based debiasing approach using

frozen  foundation  models,  where  demographic-specific

prompts were learned, purified, and merged to correct bi-

as  without  retraining  the  backbone.  AI-Hunter  intro-

duced  a  dual-branch  architecture  that  fuses  global  se-

mantic  features  and  local  texture  cues,  augmented  with

group-aware  smoothing  to  encourage  shared  representa-

tions  across  demographic  groups.  ICI  Innolabs  employed

an  ensemble  strategy,  combining  multiple  models  with

complementary  inductive  biases  to  balance  detection  ac-

curacy  and  fairness  stability.  Finally,  kunkun  primarily

relied  on  score-level  calibration  by  aggregating  predic-

tions  from diverse  detectors  rather  than  architectural  or

data-centric innovations to optimize fairness metrics.

Applicable  scenarios  of  different  approaches.

These methods are suitable for different deployment scen-

arios  depending  on  data  availability,  computational  con-

straints,  and  application  requirements.  Data-centric  and

mixture-of-experts  approaches,  such  as  those  from  Ant

International  and  AIST-ICT,  are  well  suited  for  large-

scale training environments where extensive datasets and

computational resources are available, and where robust-

ness to unseen generative models is critical. Prompt-based

and  lightweight  adaptation  strategies,  exemplified  by

CAU-KETI  and  kunkun,  are  particularly  applicable  in

scenarios  where  retraining large foundation models  is  in-

feasible, such as edge deployment or rapid model adapta-

tion.  Evaluation-aware  and  post-processing  strategies,  as

demonstrated by Team Entrust, may be effective in con-

trolled  benchmarking  or  auditing  settings  but  are  less

suitable  for  direct  deployment.  Dual-branch  and  en-

semble-based  methods,  proposed  by  AI-Hunter  and  ICI

Innolabs, respectively, are appropriate for real-world sys-

tems  that  must  handle  heterogeneous  forgery  patterns

and  distribution  shifts,  especially  when  balancing  per-

formance across diverse demographic groups is a priority.

Advantages of the proposed methods. A key ad-

vantage of data-centric approaches is their ability to dir-

ectly  address  bias  at  the  source  by  improving  training

distributions,  often  leading  to  strong  generalization  and

stable  fairness  gains.  Model-centric  designs,  including

mixtures  of  experts,  dual-branch  fusion,  and  ensemble

learning,  benefit  from  capturing  complementary  feature

cues, which improves robustness against increasingly real-

istic  generative  techniques.  Foundation-model-based  ap-

proaches leverage powerful pretrained representations, en-

abling strong performance even with limited task-specific

training.  Prompt-based  debiasing  methods  offer  effi-

ciency and interpretability, as demographic effects can be

explicitly  analyzed  and  controlled  in  the  representation

space.  Post-processing  and  evaluation-aware  strategies

provide  clear  insights  into  the  interaction  between  fair-

ness  metrics  and  decision  rules,  highlighting  important

limitations  of  current  evaluation  protocols  and  motivat-

ing more careful metric design.

Disadvantages  and  limitations.  Despite  their

strengths,  each class  of  methods also  has  notable  limita-

tions. Data-centric strategies depend heavily on the avail-

ability  of  diverse  and  well-curated  datasets,  which  may

not always be feasible and can introduce new biases if ex-

ternal data are misaligned. Complex model architectures,
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such  as  mixtures  of  experts  and  multi-branch  networks,

increase  computational  cost  and  system  complexity,  po-

tentially  hindering  scalability  and  reproducibility.

Prompt-based and frozen-backbone approaches may sacri-

fice  detection  utility  when  aggressive  debiasing  removes

discriminative features.  Ensemble methods,  while  robust,

can  be  difficult  to  interpret  and  maintain,  especially  in

real-time  systems.  Finally,  post-processing  and  evalu-

ation-aware solutions risk overfitting to specific metrics or

thresholds,  raising  concerns  about  robustness,  transpar-

ency, and practical deployment.

 5   Discussions and conclusions

Through the organization of this AI-Face competition,

we learned a lot from the results. Specifically,

1) The  competition  indeed  received  wide  interest

around the world with 64 registered teams from 20 coun-

tries. We still receive the registered teams even after the

registration  deadline.  To  be  fair,  we  did  not  include  the

later  registered  teams  into  the  competition  but  this

pushes us to organize the second round AI-Face competi-

tion in the near future.

2) By analyzing the results from the top teams, it mo-

tivates us to rethink how to prevent the teams from try-

ing to achieve good fairness but lose the utility. One po-

tential  direction  is  to  design  a  weighted  evaluation  met-

ric that jointly accounts for utility and fairness perform-

ance. Another option is to adopt a Pareto frontier analys-

is to explicitly characterize the trade-offs between utility

and fairness. In this setting, each team could report mul-

tiple (utility,  fairness) performance  pairs  on  the  test  set,

obtained from different training stages, enabling the con-

struction  of  trade-off  curves.  Based  on  these  curves,  a

ranking  strategy  could  be  developed  to  identify  teams

that  achieve  strong  and  robust  balance  between  utility

and  fairness.  For  example,  teams  could  be  compared  at

matched utility levels, and their average fairness perform-

ance could be used as the ranking criterion.

3) Most of the teams can achieve better AUC perform-

ance than our provided baseline, which indicates that our

baseline is too simple. Therefore, this motivates us to im-

prove  the  difficulty  of  the  competition  by  introducing  a

more advanced baseline model.

4) Careful  data  curation  prior  to  model  training,  in-

formed  by  a  systematic  understanding  of  the  strengths

and  limitations  of  the  training  data,  emerged  as  a  com-

mon  strategy.  In  particular,  Teams  Ant  International,

AIST-ICT, and CAU-KETI analyzed the distributions of

fake  samples  originating  from  different  sources  to  guide

their  data  preparation  and  training  processes.  Notably,

Team Entrust conducted an analysis of the test set to in-

fer  both  class  labels  and  group  labels,  which  substan-

tially informed and improved their final model design.

5) Rather  than  relying  on  a  single  model,  several

teams  adopted  mixtures-of-experts  architectures (in

Teams  Ant  International,  AI-Hunter,  ICI  Innolabs,  and

kunkun) and data augmentation strategies (in Teams Ant

International,  Team  Entrust,  AIST-ICT,  and  ICI  Inno-

labs), which proved effective and demonstrated improved

performance in the experiments.

6) By  leveraging  foundation  models  to  extract  more

accurate  and  transferable  feature  representations,  mul-

tiple  teams achieved notable  performance  improvements.

For  instance,  Team  Entrust  and  CAU-KETI  leveraged

the  latest  CLIP  model,  while  AI-Hunter  employed

DINOv3.

7) Several teams augmented the competition-provided

dataset with external data during model training. For in-

stance,  Ant  International  incorporated  publicly  available

real  and  DeepFake  datasets,  while  Team  ICI  Innolabs

leveraged  an  additional  DeepFake  dataset  sourced  from

Kaggle.  This  strategy  can  improve  the  generalization  of

trained models.

Overall, it is encouraging to observe a diverse range of

new  approaches  during  the  competition,  spanning  data

preprocessing  strategies  to  novel  model  architecture

designs, aimed at improving fairness in AI-generated face

detection.  At  the  same  time,  the  competition  revealed

several pressing challenges that warrant further investiga-

tion. Specifically,

1) How to prevent teams from inferring test-set labels

warrants  further  investigation.  As  noted  by  Team  En-

trust,  ground-truth  labels  in  the  test  set  could  be  easily

identified through image file names, an issue that should

be addressed in future competition designs.

2) Although  participating  teams  demonstrated  not-

able  fairness  improvements  over  the  provided  baselines,

fairness  remains  an  open  problem  in  AI-Face  detection,

particularly  in  achieving  an  effective  balance  between

utility and fairness.

3) The  competition  settings  and  evaluation  metrics

could  be  further  refined  to  discourage  trivial  solutions

that  improve  fairness  at  the  expense  of  utility,  thereby

encouraging more practically deployable methods.

4) On  the  competition  day,  we  discussed  their  de-

veloped  approaches  with  top-performing  teams.  Some

teams highlighted the use of post-processing techniques to

further enhance fairness. This motivates a deeper examin-

ation of whether and how such post-processing should be

permitted  to  ensure  equitable  and  meaningful  comparis-

ons.

5) To  stimulate  more  innovative  and  advanced  solu-

tions,  future  competitions  could  be  made  more  challen-

ging, for example by extending beyond facial  imagery to

broader  visual  contexts  and  explicitly  examining  trade-

offs between performance on faces and other types of im-

ages.

We  leave  these  directions  for  future  work,  with  the

goal  of  continuously  improving  the  competition  design

and  expanding  its  broader  impact,  ultimately  advancing

responsible and fair AI approaches for combating AI-gen-
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erated  fake  media.  This  work  also  offers  substantive  in-

sights that may serve as useful references for future com-

petition  organizers,  both  within  this  research  area  and

beyond.
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