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Introduction

Two limitations of Vision Transformer (ViT)

1. High adaptation cost for downstream tasks

2. Severe unfairness with respect to sensitive attributes
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Classification results on bFFHQ
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Visual Prompt Tuning (VPT)

- Effectively reducing adaptation cost in transfer learning

- Not addressing the unfairness problem with respect to sensitive attributes
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Introduction

Exploring primary factors of unfairness
- A pre-trained ViT, prompts, and a classification head

- The pre-trained ViT stands out as the primary factor of unfairness
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Classification results on CelebA

ViT, ICLR 2021, Dosovitskiy et al.
VPT, ECCV 2022, Jia et al.



Introduction

Fair Visual Prompt Tuning (Fair-VPT)
- Goal: enhancing both fairness and efficiency of ViT in transfer learning

- Removing bias information in the pre-trained ViT and adapting it to downstream tasks
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Method

Fairness definition

- Equalized Odds (EO): ensuring the equality of TPR and FPR between sensitive groups

ITPRy—o — TPRy—1| + |FPRy—g — FPR,_4|
2

- FO =

Preliminaries

-Input space z = [z, P P p(z(V), ., B(z(M)]
Prompts Embedded patches

- Encoded patches (outputs) 2; = T1(2z;-1),l =1,2,...L

Transformer layers

Classifier

prediction y' = C(z$*)

Encoded class token



Method

1. Categorizing prompts into “Target prompts” and “Cleaner Prompts”
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Method

2. Encoding prompts in different manners (i.e., Standard MSA and Masked MSA)

- Standard self-attention SA(%) = softmaa:(q
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Method

2. Encoding prompts in different manners (i e., Standard MSA and Masked MSA)

- Masked self-attention SA*(z;) = softmax( Qiky_+ Mas Yo, Mask; ;j = inf if 1<j<o
Vg 0 else

- ZA*Z = Tl*(ZA*l_l),l =1,...L

- Les = UCEDY, ) + 10239, )
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Method

3. Disentangling the encoded class tokens based on contrastive learning
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Method

4. Training Downstream Classifier

—inf if a<j<M

- Utilizing masked self-attention for the cleaner prompts Mask; ; = { 0 else

- Excluding the sensitive attribute information in downstream classification
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Experiment

Classification results on CelebA dataset
Sensitive attribute: gender

Sensitive attribute

Method Target label p— P Accuracy (1) Balanced Accuracy (1) Equalized Odds ()
VIT [14] P o R 78.4 68.7 416
VPT [24] B o 817 750 21
VPT [24]+AT [45] Ez(l) ggg gg; 67.6 6§.2 230
VPT [24]+FSCL+ [42] Ez(l) gg; g(l)é 69.3 6"5 2p.6
Fair-VPT (Ours) i? ;g:g 22:3 78.6 76.3 12.0

Classification results for “Attractiveness”

Sensitive attribute

Method Target label Accuracy (1) Balanced Accuracy (1) Equalized Odds ({)

s=0 s=1
VIT [14] ::? ?g:é ;2:1 81.7 613 306
VPT [24] ::? ?2:2 g;g 82.7 0238 285
VPT [24]+AT [45] - '54 §§j§ 81.2 B E 237
VPT [24]+FSCL+ [42] ::? ?3:2 gg:z 84.6 6} 2
Fair-VPT (Ours) ::? gg:g Zg: ; 79.9 65.4 159

Classification results for “Big Nose”



Experiment

Classification results on CelebA dataset
Sensitive attribute: gender

Sensitive attribute

Method Target label Accuracy (1) Balanced Accuracy (1) Equalized Odds ()

s=0 s=1
VIT [14] P o R 78.4 68.7 416
VPT [24] = gg:f o 817 75.0 32.1
VPT [241+AT [45] = gz:g g 67.6 63.2 24.0
VPT DA+FSCL+ [42] ) gg:; ol 69.3 66.5 20
Fair-VPT (Ours) N o GOl 78.6 763 120

Classification results for “Attractiveness”

Sensitive attribute
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- =0 931 79.1
ViT [14] o g s 81.7 61.3 30.6
) t=0 98.3 81.6
VPT [24] =1 15.4 55.8 82.7 62.8 28.5
VPT [24]4AT [45] ::? 94? '54 gg:g 81.2 57.3 237
VPTapEsCLe (2] ) TS 8 84.6 6;6 21
. t=0 92.7 79.1
Fair-VPT (Ours) =1 356 53.9 79.9 654 1!.9

Classification results for “Big Nose”



Experiment

Classification results on UTK Face, bFFHQ, and Waterbirds
Sensitive attribute: gender / background

Method TL pry SA =T BAcc. (1) EO(])
ViT [14] E:? gg:? gg:i 88.4 13.4
VPT [24] = gi:g 89.0 12,6
VPT [24]+AT [45] E:? gi:g gﬁ 88.9 11.6
VPT [24]+FSCL+ [42] E:? gg:é g?:g 89.0 9.9
Fair-VPT (Ours) :? gg é g?:g 90.9 4.9

Classification results on UTK Face

Method L — SAS=1 BAcc. (1) EO (1)
VT [14] Sl) 32:; gg:g 74.8 48.9
veTa ) ST WY 760 463
VPT [24]+AT [45] ::(1) 22:? gg:; 775 43.1
Fair-VPT (Ours) Z? z?: ; gg:g 80.7 37.1
Classification results on bFFHQ
Method TL =0 SA =1 Acc. BAcc. EO
VIT [14] zl 2% ;;:2 851  80.5 313
VPT [24] t; 2(9):2 gg:g 868 812 292
VPT+AT[45] 23; g}:g 863 8.6 27.0
Fair-VPT (Ours) E:(l) 2;:3 Zg:z 833 843 187

Classification results on Waterbirds




Experiment

Ablation study

Demonstrating the effectiveness of each proposed component

CelebA UTK Face
Categorized Prompts L.s
8 P o 2*(5) o Lais Ace. () BAce.() EO(l)  BAce.(f) EO())

L L L

v 81.7 75.0 32.1 89.0 12.6
v v v 77.9 75.9 15.0 89.4 8.1
v v v v 78.6 76.3 12.0 90.9 4.9
v v v 78.0 74.0 25.2 88.0 10.9
v v v 77.3 72.9 29.1 89.2 12.2
v v v v 78.4 73.9 24 .4 89.6 94




Conclusion

= We demonstrated that there exists two key factors causing unfairness in supervised
contrastive loss (SupCon)

= To suppress them, we proposed Fair Supervised Contrastive Loss (FSCL) and Group-
wise Normalization

= Our method achieves the best trade-off performances on benchmark datasets and
works efficiently in various challenging environments
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