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(" Prefix }
(Translation fr-en
1 . .
[‘, Prefix Prefix-tuning
(Summarization)
 — -
) P f -
(Tablggol_’T(ext) Transformer (Pretrained)
.
: \ J
[Prefix][Prefix] name Starbucks type coffee shop [SEP] Starbucks serves coffee
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Experiments

Train loss
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Experiments

Model Performance Robustness
Classification Segmentation Features Classification Segmentation
DiNOv2-S 80.0 41.0 0.09 0.0 2.8
DiNOv2-B 83.4 45.1 0.05 0.0 3.1
DiNOv2-L 85.5 45.1 0.06 0.3 4.5
DiNOv2-G 85.2 46.6 0.12 0.3 4.7
DiNOv2-S + reg 79.8 40.4 0.01 0.0 2.1
DiNOv2-B + reg 83.7 45.8 0.03 0.1 3.0
DiNOv2-L + reg 86.1 46.6 0.03 0.6 4.6
DiNOv2-G + reg 86.3 46.8 0.08 0.9 4.2
DiNOv2-S + rob (ours) 78.5 40.6 0.93 31.9 24.6
DiNOv2-B + rob (ours) 83.1 45.0 0.92 50.0 23.4
DiNOv2-L + rob (ours) 84.2 45.5 0.89 62.9 21.2
DiNOv2-G + rob (ours) 85.6 47.2 0.89 63.1 23.3
DiNOv2-S + reg + rob (ours) 79.2 40.9 0.93 30.5 22.7
DiNOv2-B + reg + rob (ours) 83.1 45.8 0.92 49.7 25.9
DiNOv2-L + reg + rob (ours) 85.9 46.7 0.83 58.7 16.2
DiNOv2-G + reg + rob (ours) 86.1 47.5 0.90 69.9 25.7




Experiments

Label Image  DINOvZ2 Ours Adv. DINOv2 Ours



Experiments

1.0 F 1 10f -
: . N n' \ W " Y
0.8} 1 08} t' fiy uA*"M"\H\’ ‘f',ﬁ“ ‘jwm a0 -
I [ I "\ W ?’ . w i
.06k T deit3 base 1 206k I — dei1t3 base )
. z 0.
G| deit3 huge 1§ | deit3 huge
0.4 deit3 large _' 04F [ deit3 large _'
' openclip base - ' openclip base -
0.2k openclip huge i 0.2k openclip huge -
| openclip large openclip large -
O O | L N N L | I\ N N 1 | N N 1 L | 0.0 | \ N 1 L | 1 1 N N | L N N X |
0 100 200 300 0 100 200 300
Step Step
f(lr,x]) - f(x) f(e,x* ] - f(x)
Lin(r) = 4, L.gv(r) = 4, ’
0 = e [TF DT GOT, o= B T DTGl




Experiments

Model Regular |Robustified

DEIT-III Base |0.16 4= 0.04| 0.74 + 0.03
DEIT-III Large [0.22 4= 0.03| 0.78 & 0.02
DEIT-1I1 Huge [0.23 == 0.03| 0.77 £+ 0.02
OpenCLIP Base |-0.02 £+ 0.05| 0.86 £ 0.02
OpenCLIP Large|0.13 £+ 0.06 | 0.91 + 0.02
OpenCLIP Huge|0.10 £+ 0.07 | 0.89 4 0.02
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Conclusion

 Ropbustness tokens are cheap and quick to train
- Same performances, improved robustness

. Adversarial attacks exploit massive activations
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Thank you for your attention
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