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Data-free knowledge distillation

Traditionally, we assume the availability of original data.

e Train a generative model.

Data-free distillation; we do not have the original data.

Prior works

Loss function

e Optimize input.
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Figure 1: Prior works 9



The most straightforward alternative

Random noise

e Easy to generate, almost no computational burden.
e Previous attempts at distillation using Gaussian noise.

e Should not work directly, as it is basically some gibberish to teacher.
But, technically..

e Different input distribution.

e Covariate shift in hidden layer activations.



How to make it work?

Use current statistics instead of running
statistics in teacher. e hi — py = hi —uB
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Figure 2: Inside BatchNorm layer P(ElG, Kp,0B) = P(E|B, kg, 0B)
~ N(0,1) 4



A toy example

. £ i «  Gaussian + RS
10 . "'-5"5‘5" -.ﬁﬁf’ 5 «  Gaussian + CS
i ;%f‘:{i‘f’:', . ‘:g.s.%«v *  Real data
oo = 0
0.5
-5
0.0 —10
: -15
0.5 .
—20
~1.0 ’: ’
—25
—1.0 —0.5 0.0 0.5 1.0 —4 -3 -2 -1 0 1 2 3 —10 -5 0 5 10 15 20 25 30

Figure 3: (Left) Circles data on which the MLP is trained. (Middle) Gaussian noise used
as input to the trained MLP. (Right) Scatter plot for embeddings in different cases.




Student’s perspective

Make student accustomed to original data.

1. Use current statistics in student while evaluation.

2. Adjust student’s running statistics by just feed forwarding some original data.

Algorithm 1 Training - KD

» : Algorithm 2 Evaluation

Requires: pretrained teacher 7'(.)
Initialize: student S(.; #) with parameters 6 Requires: pretrained student S(.; 0)
for Bin1,2,...,B; do for Binl,2,...,B; do

G~ N(0,1) X~D

yr < T(G|pB,0B) ys + S(X|0,uB,08)

ys < 5(G|0, up,0B) Yiabel < argmaz(ys)

0 + 6 — nokio end for

end for




Experiments

ResNet-34 teacher (93.29%) trained on CIFAR10.

Gaussian noise - Running statistics

Student ResNet34 ResNetl8 ~ MobileNetV2 - gflug wean nove Rf:;:;t;i:f
Supervised 93.29 93.22 91.61
Original data + RS (Oracle) 92.74 +0.21 9244 +0.05 90.57 £0.22 20
Original data + CS 92.77 +£0.22  92.20 £ 0.1 9144 +£0.13 .
Gaussian noise + RS 13.18 £0.21 13.49 £ 0.08 12.43 £ 0.3 él.s
Gaussian noise + CS (Ours) 87.11 £0.23 8598 +0.12 8247 +0.26 %
a

Table 1: CIFAR10 results 1.0

Dataset SVHN CIFAR100 Food101

Teacher ResNet18 WideResNet-28-10  ResNetl01 05

Student MobileNetV2  WideResNet-16-8 ResNet18

Teacher supervised 94.48 80.6 73.4 0.0 5 ; 3 3 1 z 5 7
Original data + RS (Oracle) 95.75 74.1 67.6 fresseseseton ke

Gaussian noise + RS 45.03 1.2 0.9 Figure 4: ResNet-34 CIFART0

Gaussian noise + CS (Ours) 92.93 65.7 54.16 avgpool*activation distribution

Table 2: Results on other datasets



Other observations

1.  Larger the batch size during training the better.

2. Larger the batch size during inference the better. 3. Handling partial BN layers helps partially.

But, they have to be just enough, e.g., 256 batch size is sufficient. P Student accuracy
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Table 3: Percent BN layers using running statistics
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Figure 5: Batch size during training Figure 6: Handling student the better.




Conclusion

e We show how covariate shift interferes with data-free distillation.

e We propose an approach to mitigate it to a significant extent and show that KD is possible using just
Gaussian noise.

e We might not necessarily need realistic data, at least for KD. Thus we lay the foundations for

noise-engineered data-free distillation.
Future work

e Noise of lower resolutions.
e Various other noises, such as fractals.
e Applying the proposed method to other domains like transfer learning and domain adaptation.

e Use proposed method to complement other data-free distillation approaches.



Thank you for the attention!

Contact at; pivush.raikwar@cern.ch
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https://openreview.net/forum?id=K8JngctQ2Tu
https://github.com/Piyush-555/GaussianDistillation
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