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' Knowledge Distillation _iniisr| (g

fo(+): a pre-trained teacher network
fos(+): astudent network

(x;,y;): a training sample in dataset X
Pr,(x;): the logit response of x; from fq(+)
KL(.): K-L divergence

XE(+,): cross-entropy loss

o (+): softmax temperature function

the student network fg . could be learned by the following:

H;isn Z CMT_?]Cﬁ(UTS(prT (mi))zg’rs(pfes (33%))) + (1 - Q)Xg(g(pfes ($%))y1)
(ziyi)EX




§ Training Nasty Teachers _ithisss| Qg

fo(): the desired nasty teacher

fo,(+): its adversarial learning counterpart
(pre-trained in advance and fixed)
T, denotes the temperature for self-undermining
w balances the behavior between normal training and adversarial learning

ngin > XE(a(py,, (€:),yi) — wTAKL(or, (s, (%)), 074 (Ps,, (74)))




' Experiments

Table 1: Experimental results on CIFAR-10.
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Teacher Teacher Students performance after KD
network performance CNN ResNetC-20 ResNetC-32 ResNet-18
Student baseline - 86.64 02.28 93.04 95.13
ResNet-18 (normal) 95.13 87.75 (+1.11) | 9249 (+0.21) | 93.31 (+0.27) | 95.39 (+0.26)
ResNet-18 (nasty) | 94.56 (-0.57) | 82.46 (-4.18) | 88.01 (-4.27) | 89.69 (-3.35) | 93.41(-1.72)
Table 2: Experimental results on CIFAR-100.
Teacher Teacher Students performance after KD
network performance Shufflenetv2 MobilenetV?2 ResNet-18 Teacher Self
Student baseline - 71.17 69.12 77.44 -
ResNet-18 (normal) 77.44 7424 (+3.07) | 73.11 (+3.99) | 79.03 (+1.59) | 79.03 (+1.59)
ResNet-18 (nasty) 77.42(-0.02) | 64.49 (-6.68) | 3.45(-65.67) | 74.81(-2.63) | 74.81 (-2.63)
ResNet-50 (normal) 78.12 74.00 (+2.83) | 72.81 (+3.69) | 79.65 (+2.21) | 80.02 (+1.96)
ResNet-50 (nasty) 77.14 (-0.98) | 63.16 (-8.01) | 3.36 (-65.76) | 71.94 (-5.50) | 75.03 (-3.09)
ResNeXt-29 (normal) 81.85 74.50 (+3.33) | 72.43 (+3.31) | 80.84 (+3.40) | 83.53 (+1.68)
ResNeXt-29 (nasty) 80.26(-1.59) | 58.99 (-12.18) | 1.55 (-67.57) | 68.52(-8.92) | 75.08 (-6.77)




' Experiments

Table 3: Experimental results on Tiny-ImageNet
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Teacher Teacher Students performance after KD

network performance Shufflenetv2 | MobilenetV2 ResNet-18 Teacher Self
Student baseline - 55.74 51.72 58.73 -

ResNet-18 (normal) 58.73 58.09 (+2.35) | 5599 (+4.27) | 61.45 (+2.72) | 61.45 (+2.72)
ResNet-18 (nasty) 57.77 (-0.96) | 23.16 (-32.58) | 1.82(-49.90) | 44.73 (-14.00) | 44.73 (-14.00)
ResNet-50 (normal) 62.01 58.01 (+2.27) | 54.18 (+2.46) | 62.01 (+3.28) | 63.91 (+1.90)
ResNet-50 (nasty) 60.06 (-1.95) | 41.84 (-13.90) | 1.41 (-50.31) | 48.24 (-10.49) | 51.27 (-10.74)
ResNeXt-29 (normal) 62.81 57.87 (+2.13) | 54.34 (+2.62) | 62.38 (+3.65) | 64.22 (+1.41)
ResNeXt29 (nasty) 60.21 (-2.60) | 42.73 (-13.01) | 1.09 (-50.63) | 54.53 (-4.20) 59.54 (-3.27)
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Figure 1: The visualization of logit responses after “temperature softmax” function. Each row represents two
examples from CIFAR-10. The sampled images are shown in the 1st and the 4th columns. The 2nd and the
5th columns summarize the scaled output from the normal teacher. The 3rd and the 6th columns represent the
scaled output from the nasty teacher
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Normal ResNet18 tSNE of feature embeddings produced by the Nasty ResNet18
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(a) tSNE of feature embeddings before fully-connected layer. The dimension of feature embeddings is 512.
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(b) tSNE of output logits
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Figure 2: Visualization of tSNEs for both normal and nasty ResNet18 on CIFAR-10. Each dot represents one

data point.




F Ablation Study: Adversarial Network

1. weak networks (e.g., Plain CNN) might lead to less effective nasty teachers.
2. although stronger networks contribute to more effective nasty teachers,

we observe that the trade-off accuracy is saturated quickly and converges to
“self-undermining” ones.

Table 4: Ablation study w.r.t the architecture of the adversarial network fy , (-) on CIFAR-10.

Teacher Teacher Students after KD
network performance CNN ResNetC20 ResNetC32 ResNetl8
Student baseline - 86.64 92.28 93.04 95.13
ResNet18(normal) 95.13 87.75 (+1.11) | 92.49 (+0.21) | 93.31 (+0.27) | 95.39 (+0.26)
ResNetl8(ResNetl8) 94.56 (-0.57) | 82.46 (-4.18) | 88.01 (-4.27) | 89.69 (-3.35) | 93.41 (-1.72)
ResNetl1 8(CNN) 93.82 (-1.31) | 77.12(-9.52) | 88.32(-3.96) | 90.40 (-2.64) | 94.05 (-1.08)
ResNetl 8(ResNeXt-29) | 94.55 (-0.58) | 82.75(-3.89) | 88.17(-4.11) | 89.48 (-3.56) | 93.75 (-1.38)




§ Ablation Study: Students Network
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As the Reversed KD in Yuan et al. (2020), the superior network can also be
enhanced by learning from a weak network. To explore the generalization
ability of our method, we further conduct experiments on the reversed KD.

Table 5: Ablation study w.r.t the architecture of the student networks.
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Dataset CIFAR-10 CIFAR-100
Student network ResNet-50 ResNeXt-29 ResNet-50 ResNeXt-29
Student baseline 94.98 95.60 78.12 81.85
KD from ResNet-18 (normal) | 94.45 (-0.53) | 95.92 (+0.32) | 79.94 (+1.82) | 82.14 (+0.29)
KD from ResNet-18 (nasty) 903.13 (-1.85) | 92.20 (-3.40) | 74.28 (-3.84) | 78.88 (-2.97)
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Figure 3: Ablation study w.r.t w on CIFAR-10 and CIFAR-100. The initials “T” and “S” in the legend
represent teacher networks and student networks, respectively. The dash-line represents the accuracy that the

model is normally trained.




- HRHARAAY
' AblationStudy i

————— Baseline KD from normal —=— KD from nasty ----- Baseline KD from normal —+— KD from nasty
N ResNetC20 o ResNetC32 MobileNetV2 ShuffNetV?2
70 1
90 1 90 + 60 1
> > >
U U O 50+
M B85 G 85 [{»]
— — — 40
5 3 >
S 801 3 e O 30
< < < -
75 1 75 7
10 4
70 1 . . . . . . 70 1= . . ; . . ' 044 . ' — ] — 62 1 . . : . . .
1 4 7 10 13 16 19 1 4 7 10 13 16 19 1 4 7 10 13 16 19 1 4 7 10 13 16 19
student temperature T student temperature T, student temperature T student temperature T,
(a) Nasty teacher with 74 = 4 on CIFAR-10 (b) Nasty teacher with 74 = 20 on CIFAR-100

Figure 4: Ablation study w.r.t temperature 7s. The architecture of teacher networks are ResNet-18 for both
CIFAR-10 and CIFAR-100 experiments. Each figure presents accuracy curves of student networks under the
guidance of the nasty or normal ResNet-18 with various temperature 7.
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Table 6: Data-free KD from nasty teacher on CIFAR-10 and CIFAR-100

dataset CIFAR-10 CIFAR-100
Teacher Network | Teacher Accuracy DAFL Teacher Accuracy DAFL
ResNet34 (normal) 95.42 92.49 76.97 71.06
ResNet34 (nasty) 94.54 (-0.88) 86.15 (-6.34) 76.12 (-0.79) 65.67 (-5.39)

(a) Normal Teacher (b) Nasty Teacher

Figure 6: Images generated by inverting a normal ResNet34 and a nasty ResNet34 trained on CIFAR-10 with
Deeplnversion. For each image, each column represents one category.
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Figure 1: A visualization of the generalization bound trained with different approaches. The
left figure shows Supervised Learning in the source domain, which can derive a wide generalization
area. When Target-Specified NTL i1s utilized (middle), the target domain is removed from the
generalization area. As for Source-Only NTL (right), the generalization area is significantly reduced.




