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Summary

« Knowledge Distillation (KD) : Transferring knowledge from a teacher to a
student model.

* Motivation: all existing KD methods were only applicable to limited,
specific types of Directed Graphical Models (DGM) exclusively.

« Goal: propose a unified framework enabling KD for general DGMs.
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Summary

« Semi-auxiliary Form: reparametrize all latent variables

* Novel KD loss on semi-auxiliary form
« Tractable
« Shallower
« Upper bound to vanilla KD
* Proper generalization to multiple KD methods
Original form Semi-auxiliary form Our KD loss
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Summary

* Evaluation Results: Our method showed better performance on

Data-free VAE compression Data-free VRNN compression Data-free HM compression  VAE continual learning




Background

* Directed Graphical Model
« Multiple input, target as well as latent variables
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Background

* Directed Graphical Model
« Multiple input, target as well as latent variables
« Complex dependence structure




Background

* Directed Graphical Model
« Multiple input, target as well as latent variables
 Complex dependence structure

* Parameterized by Deep Neural Networks
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Background

« Knowledge Distillation (KD)
* Transferring knowledge from a teacher to a student model
» Applications:

Model Compression Continual learning Federated Learning
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Motivation

* Motivation: all existing KD methods were applicable to limited, specific

types of DGMs exclusively.
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Motivation

* Motivation: all existing KD methods were applicable to limited, specific
types of DGMs exclusively.

Vanilla DNN GAN Fully-visible auto-regressive model
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Challenge

* Goal: Propose a unified framework enabling KD for general DGMs.
* Vanilla KD loss:

Lid = Ep () [d(P¢(y|$)aP0(y|33))]

* Naive Method 1: Marginalized Distillation: marginalize all latent variables

p(ylz) = [ p(y, z[z)dz.

* Generally Intractable
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Challenge

* Naive Method 2: Local Distillation: apply distillation in a layer-wise manner

* Imitation error accumulation
teacher ¢ student 0
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Method

* Semi-auxiliary Form: reparametrize all latent variables

Original Auxiliary Semi-auxiliary Compact semi-auxiliary

()<

&) (2
©a¢202620

O : random variable

Y2 <> - deterministic variable

020260200
& ® ®E
ARG Ro

16



Method

« Surrogate Distillation Loss
Local Distillation Our Method

Leg = IEpdn(e)pda(u (z) [d(p¢ (yle’ m)’ Do (yle, ZB))] , teacher ¢ student 6 teacher ¢ student @
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* Upper bound of vanilla KD loss
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« Compared with marginalized
distillation: tractability

 Compared with local distillation:
shallowness
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Method

« Surrogate Distillation Loss
Local Distillation Our Method

Leg = da(u (x) [d(p¢ (ylbm)’ Do (ylbm))] , teacher ¢ student 6 teacher ¢ student @
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Method

« Surrogate Distillation Loss
* Is unable to back-propagate when there is discrete latent variable
* Might be hard to optimize when structure is deep

« Latent Distillation Loss: penalize dissimilarity of latent variables

L:i=Ep, ()paata(x) [APs(2i|€<i, T), po(2i|€<i, T))]

 Our Final Loss:

£’our — £sd -+ /\Z[-"z,ia
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Method

« Surrogate Distillation Loss
* Is unable to back-propagate when there is discrete latent variable
* Might be hard to optimize when structure is deep

« Latent Distillation Loss: penalize dissimilarity of latent variables

£z,i - pduw(a:) [d(p¢>(zi|€<i- m)?pO(zi'€<i' :E))]

 Our Final Loss:
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Method

* Fast Implementation: Requires only an ordinary forward pass of teacher
and student model to calculate the loss

 Our method is a proper generalization of:

* Vanilla KD and Sequence-Level KD:
when no latent variable

* Feature based KD:
when choose Wasserstein Distance in Latent Distillation Loss

* GAN distillation:
when no input variable & choose Wasserstein Distance in Latent
Distillation Loss
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Evaluation

* Evaluation Results: Our method showed better performance on

Data-free VAE compression Data-free VRNN compression Data-free HM compression  VAE continual learning




Evaluation

* Results of Data-free VAE Compression

dataset | method | #param FID (]) EMD (}) MMD (]) INN (]) FID-T (]) EMD-T () MMD-T(]) INN-T(])
teacher | 6.60M 4.95 8.54 0.24 0.89 - - - -
our 044M | 538+0.10 8.77+0.06 0.27+0.01 092+0.01 | 0.019+=0.002 6.48+0.04 0.121+0.00 0.17 =0.01
local 044M | 623 +0.17 925+0.11 033+0.01 095+0.00 | 0.052+=0.006 832+0.14 026+0.02 0.82+0.02
scratch | 0.44M | 6.10 = 0.31 9.08+£0.16 033+0.02 095+0.01 | 0.052+0.016 834+036 026+0.05 0.82=+0.05
CelebA | YT 0.12M | 596 £0.12 9.06 =0.09 0.31+0.01 0.95+0.00 | 0.036 = 0.005 8.04+0.11 023+0.01 0.79 =0.02
local 0.12M | 895+0.19 11.24+0.16 050+0.01 0.99+0.00 | 0.157 £0.018 10.82+0.17 047 +0.01 0.99 =0.00
scratch | 0.12M | 8.18 =0.15 1050+ 0.14 045+0.01 099 +0.00 | 0.095+=0.007 998 +0.03 0.43+0.00 0.97+0.00
our 0.04M | 820+0.12 10.66+0.12 0.45+0.01 0.99 +0.00 | 0.069 = 0.004 991 +0.06 0.40+0.00 0.98 =0.00
local 0.04M | 11.08 £0.27 1279+0.22 0.62+0.01 1.00+0.00 | 0.139£+0.015 1280+0.28 0.64+0.01 1.00=%=0.00
scratch | 0.04M | 957+0.14 1146+0.11 055+0.01 1.00+£0.00 | 0.093 £0.004 11.19+0.13 0.56+0.02 1.00=+0.00
teacher | 5.39M 4.19 7.98 0.17 0.80 - - - -
our 0.10M | 438+0.05 794+0.04 0.19+0.00 0.81+0.00 | 0.028+0.006 690+005 0.14+0.01 047 =0.02
local 0.10M | 593+£050 866+032 030+0.04 0954+0.02 | 0.108+0.019 929+041 040+0.04 0.98 +0.01
scratch | 0.10M | 469+ 0.16 8.04+0.12 021+0.01 0.85+0.01 | 0.037+0.006 7.86+0.10 0.224+0.01 0.80+0.02
SVHN | owr 0.03M | 481 +0.06 8.10+0.03 0.22+0.01 0.87+0.01 | 0.031 +0.012 7.82+0.08 023+0.01 0.82+0.03
local 0.03M | 695+035 940+0.28 037+0.02 098+0.01 | 0.153+£0.017 1039+021 049+0.02 1.00=+=0.00
scratch | 0.03M | 5.84 + 0.32 8.62+0.18 031+0.02 092+0.01 | 0.080+0.009 9.10+£022 0394+0.03 0.95+0.01
our 00IM | 671 =038 922 +031 0.36+0.03 096+0.01 | 0.055+=0.011 913+0.11 037+0.02 0.98 =0.00
local 00IM | 826+037 1040+035 0454002 1.00+0.00 | 0.170=0.015 11.25+0.25 055+0.01 1.00=0.00
scratch | 0.01M | 773 +£028 995+0.25 043+0.01 099+0.00 | 0.063 £0.015 1022+0.18 0.49+0.01 0.99 +0.00
teacher | 5.39M 4.63 7.57 0.25 0.89 - - - -
our 0.10M | 547 +0.23 8.16+0.20 0.31+0.02 0.92+0.01 | 0.024 = 0.006 6.29+0.08 0.19+0.01 0.48 +0.01
local 0.10M | 6.22+0.05 8.61 =006 037+0.00 094+0.00 | 0.036=0.003 7.58+0.08 0314+0.01 0091 +0.01
scratch | 0.10M | 6.19 +=0.25 854 +0.15 038+0.02 095+0.01 | 0.034+0.005 7.27+0.12 0284+0.03 0.83+0.03
Cifar10 | ©% 0.03M | 611 +0.16 859+0.11 0.36+0.01 0.95+0.01 | 0.036+0.013 7.29+0.11 0.28+0.01 0.82+0.02
local 0.03M | 755009 9.66+0.05 0454000 097 +0.00 | 0.052+0.003 9.08+0.07 044 +0.01 0.99+=0.00
scratch | 0.03M | 6.74+036 895+027 042+4+0.03 096+0.01 | 0.037 =0.007 7.84+029 0354+0.03 0.93+0.02
our 00IM | 761091 9.65+0.79 0471005 0.98+0.01 | 0.045+0.016 848 +0.78 0.42+0.05 0.96 =0.02
local 0.01IM | 1053 +£0.74 12.10+0.71 0.64+0.03 1.00+0.00 | 0.085+0.015 1138+0.69 0.62+0.02 1.00=+=0.00
scratch | 0.0IM | 10.17+1.13 11.67+1.01 0.64+0.06 1.00£0.00 [ 0.067 =0.023 1056 +0.99 0.61 +0.05 1.00=0.00
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Conclusion

 We proposed a unified KD framework for general DGMSs, which
« converted DGMs to the proposed semi-auxiliary form
« combined 2 novel KD losses
« generalized to multiple existing methods

 applied to various types of DGMs and tasks
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