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Resource
limited Devices

Limited memory space,
limited computing power,
etc.



Outline

ANetwork Pruning
AKnowledge Distillation
AParameter Quantization
AArchitecture Design
ADynamic Computation

We will not talk about hardvare solution today.




Network Pruning



Network can be pruned

ANetworks are typically ovgrarameterized (there is
significant redundant weights or neurons)

APrune them! e
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Network Pruning

A Importance of a weight: Evaluate the}
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A Importance of a neuron:

(KS ydzYoSNJ 27 GA[Y A

bl iy A —e— ' smaller
| SN2 2y | 3IAQSY Rl Uy aou
A After pruning, the accuracy will [ Finetune }
drop (hopefully not too much) ‘
A Finetuning on training data for Are you
Ffecover [ h ap py’) }

As2yQi LINHzy/S (22 YdzOK]yes

2y
2NJ 0KS ySus2N] 92 ¥Qfkr NS 9

U O«

S
N



Why Pruning?

AHow about simply train a smaller network?

Alt is widely known that smaller network is more
difficult to learn successfully.

ALarger network is easier to optimize?
https://www.youtube.com/watch?v=_VuwWvQU
MQVk

AlLottery Ticket Hypothesi

https://arxiv.org/abs/1803.03635
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https://www.youtube.com/watch?v=_VuWvQUMQVk
https://arxiv.org/abs/1803.03635
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Why Pruning?

ARethinking the Value of Network Pruning

A https://arxiv.org/abs/1810.05270

Dataset Model Unpruned Pruned Model Fine-tuned Scratch-E Scratch-B
VGG-16 | 93.63 (£0.16) VGG-16-A  93.41 (£0.12) 93.62 (£0.11) 93.78 (£0.15)
-§6- 2
ResNet-56 | 93.14 (+0.12) ResNet-56-A  92.97 (£0.17) 92.96 (£0.26) 93.09 (£0.14)
CIFAR-10 ResNet-56-B  92.67 (£0.14) 92.54 (£0.19) 93.05 (+0.18)
s < 2 2 2
ResNet-110 | 93.14 (+0.24) ResNet-110-A  93.14 (£0.16) 93.25 (£0.29) 93.22 (£0.22)
ResNet-110-B  92.69 (£0.09) 92.89 (£0.43) 93.60 (+0.25)
ImageNet | ResNet-34 7331 ResNet-34-A 72.56 12.77 73.03
ResNet-34-B 12.29 12.55 7291

A Real random initialization, not original random initialization

AY G[20GGSNE ¢AO1SO |1 éLRGKSaA
A Pruning algorithms could be seen as performing network
architecture search


https://arxiv.org/abs/1810.05270

Network Pruning Practical Issue

AWeight pruning The network architecture
becomes irregular.
1 1 f f f f
Prune some
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Network Pruning Practical Issue

AWeight pruning

g-l.S —

.§. 1 /

“ 0.5 m
o mmi (e

convl conv2 conv3

s e A EQuadro K600
? ETesla K40c¢
‘ : £ IGTX Titan
ﬂ ©2 ~O-Sparsity
0

convd convs

https://arxiv.org/pdf/1608.03665.pdf



Network Pruning Practical Issue

ANeuron pruning The network architecture
IS regular.
1 1 1 1 1 1
Prune some
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Knowledge Distillation



Knowledge Distillation

Kn OWI e d g e htps://arxiv.org/pdf/1503.02531.pdf
. . . Do Deep Nets Really Need to be Deep?
D 1STI | | ation https://arxiv.org/pdf/1312.6184.pdf
Crossentropy

Learning target minimization
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Knowledge Distillation

Kn OWI e d g e htps://arxiv.org/pdf/1503.02531.pdf
. . . Do Deep Nets Really Need to be Deep?
D 1STI | | ation https://arxiv.org/pdf/1312.6184.pdf
Crossentropy

Learning target minimization
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Knowledge Distillation
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Parameter Quantizatio



Parameter Quantization

Al. Using less bits to represent a value
A2. Weight clustering

05(13|43|-01

weights in | 01 [-02]-12] 03
a network | 1.0| 3.0|-0.4| 0.1

-0.5]-0.1|-3.4|-5.0

Clustering



Parameter Quantization

Al. Using less bits to represent a value
A2. Weight clustering

weights in
a network

0.5

13|43 |-0.1

0.1

-0.2|-1.2| 0.3

1.0

3.0|-04| 0.1

-0.5

-0.1{-3.4|-5.0

Clustering

5

Table

-0.4
0.4

-4.2

Only needs 2 bits

A3. Represent frequent clusters by less bits,

represent rare clusters by more bits

Ae.g. Huffman encoding



Binary Connect:
https://arxiv.org/abs/1511.00363

B | N ary We | g htS Binary Network:

_ https://arxiv.org/abs/1602.02830
Your weights are always +1dr XNORnet:

_ https://arxiv.org/abs/1603.05279
ABinary Connect
network with binary weights

d

~
/ =P Negative gradient

network with real \ (compute on
value weights binary weights)

= Update direction

2 (compute on real
weights)



Binary Connect
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https://arxiv.org/abs/1511.00363



