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Introduction

» Motivation: Efficient Deep Neural Network Design

Efficiency on Static DNN Architecture Search
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Motivation: Efficient Deep Neural Network Design
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Outline: Efficient Deep Neural Network Design

Efficient Neural Architecture Search

Hardware-aware Design Space Optimization

(1) Prior NAS work:
Multi-path search space

(2) Proposed NAS method:
Single-path search space
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(a) GPU Hierarchy
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* NAS problem: efficient kernel-level selection -
. i ai “, 93) Block9
« Supernet: all ops in single “superkernel”/layer

< #parameters/layer: #weights of largest op only

« NAS problem: expensive path-level selection
« Supernet: each op as separate path/layer
< #parameters/layer: all weights across all paths

|
|
|
|
|
|
|
|
|
|
|
|
nv :
7x7 |
|
|
|
|
|
|
|
|
|
|
|
|
|

E - AEREE

Block13 BI ck14 ll Block15 I Block16
K / One Warp (32 threads)

H

s
MER s

Thread

_zigorithm-oriented

Optimization

Input Feature Map

dad St Aaa S0 22 Dynamic

(TG0 oo [ [[ff 0ptlmlzatton

__________________________ "
t t t it

d: depth

=4
; S : —
iters-0  po———)  iters-i  ———) iters-n "
S EE

Dynamic DNN Feature Map Pruning

ardware-aware
Optimization

Sparse Feature Map

Pruned Channels
— Cx (K*w*1)

3*3*@d-C)

Hardware-oriented Deployment Optimization

(o}
o2
)
~
[op}
1
=
>
%]
)
Z
=
z
<
=
~
%]
-
<




Efficiency on Static DNN Architecture Search

 Single-Path Neural Architecture Search

« Hardware-aware Design Space Optimization
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Motivation: Multi-Path NAS vs. Single-Path NAS

(1) Prior NAS work:
Muilti-path search space

(2) Proposed NAS method:
Single-path search space
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* NAS problem: efficient kernel-level selection
« Supernet: all ops in single “superkernel”/layer
« #parameters/layer: #weights of largest op only

* NAS problem: expensive path-level selection
+ Supernet: each op as separate path/layer
« #parameters/layer: all weights across all paths

Stamoulis, Dimitrios, Ruizhou Ding, Di Wang, Dimitrios Lymberopoulos, Bodhi Priyantha, Jie Liu, and Diana Marculescu. "Single-path nas: Designing hardware-efficient
convnets in less than 4 hours." In Joint European Conference on Machine Learning and Knowledge Discovery in Databases, pp. 481-497. Springer, Cham, 2019.




Single-Path Neural Architecture Search Overview
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N
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Searching kernel size: choosing 3x3 or 5x5 kernel Searching expansion ratio: choosing 3x and 6x
is equivalent to selecting the subset w5 or the exp. ratios is equivalent to selecting the subset w, ; or ° : .
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* Expansion Ratio Search, etc..
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Accuracy and Efficiency Comparison
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Method Top-1 Top-5 Mobile Search
Acc (%) Acc (%) Runtime (ms) Cost (epochs)

MobileNetV1 [11] 70.60 89.50 113

MobileNetV2 1.0x [17] 72.00 91.00 75.00 -

MobileNetV2 1.0x (our impl.) 73.59 91.41 73.57

Random search 73.78 £ 0.85 91.42 + 0.56 77.31 £ 0.9 ms -

MnasNet 1.0x [20] 74.00 91.80 76.00 40.000

MnasNet 1.0x (our impl.) 74.61 91.95 74.65 ’

ChamNet-B [6] 73.80 - - 240%

ProxylessNAS-R [4] 74.60 92.20 78.00 9200*

ProxylessNAS-R (our impl.) 74.65 92.18 77.48

FBNet-B [21] 74.1 - _ %0

FBNet-B (our impl.) _Mﬁﬁ_uuuuuu“

Single-Path NAS (proposed)| ! 74.96 92.21 79.48 8 (3.75 hours)
Al NN N NN NN RN NN R
SR LI IR ARl L

= B B ;zzzzzzzzizzzz;sszs;s

Fig. 5. Hardware-efficient ConvNet found by Single-Path NAS, with top-1 accuracy of
74.96% on ImageNet and inference time of 79.48ms on Pixel 1 phone. 7




Efficiency on Static DNN Architecture Search
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« Hardware-aware Design Space Optimization




Motivation: Continuous vs. Discrete Search Space
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Initial Layer Width Layer Width ¥
Layers Config-1 Config-2 Continuous
' ! ' ' = Search Space
[ ] [ ] -}
. . » —— » l I y(&) ‘
| | . , o ® ® Discrete
o Search Space
I ] C— I ] -
k

* Optimal layer width configuration is need in many Efficient DNN Design applications, like NAS,
Filter pruning, etc.

 However, the continuous layer width design space and the exponential design space exploration

by multiple layers make it hard to find the optimal model-wise configuration.




Hardware-aware DNN Search Space Optimization (GPU)
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Optimal Config Points

Tl BB lm( ol & 4 b A A
2 EE B $8.88 8.8 S NP W o
v Sos A A H ;
Bl One Warp (32 threads) i)neThread 50'6 P AT=24X E E »-- Throughput (GFLOP/S)
0.4

(b) Threads Hierarchy

Figure 6. Underlying the latency staircase, the GPU’s runtime ef-
ficiency changes dramatically, which can be reflected by the SM
Utilization (U) and Throughput (T). By being aware of such GPU
runtime efficiency guidelines, we can identify the optimal configu-
ration candidates for optimization.

Figure 2. An illustration on parallel workload mapping to GPUs.
(a) The GPU architecture hierarchy is composed of SMs and
CUDA cores. (b) The parallel workload is also logically split
into blocks and threads so as to map to the GPU hierarchy.

* When taking hardware-aware deployment into consideration, we could find optimal discrete

layer width configurations which achieve the optimal utilization/arithmetic throughput;

* Thus, we could significantly reduce the search space from continuous to discrete ones, e.g., 512

candidates per layer -> 5 candidates per layer, 100x Less;

10




Hardware-aware DNN Search Space Optimization (GPU)
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Latency Throughput
Algorithm 2 GPU-Aware Model Optimization Algorithm. “l@ N deé 7 [ _
1: Input: Model’s initial layer width configs r|l], latency g / 7 sasine : ~/\wa JW =
L[l][n], utilization U [l][n], and throughput T'[{][n]. . T—'d/‘/@/ ot | I/_/—/ N 2
2: Output: Optimized model configs R,,c., [I]. L - o T
3: Identify candidates C;[m] for each layer [ by Eq. 4. z. g «E B /\/\/ 3
4: Initialize latency & parameter gain list LG/[l], PG[l]. IR == jM | i\'——/—’/_} g
5: for layers i = 1 to [ do = M convs | conve | €
6:  Get LG;, PG, estimation by Eq. 5a and 5b. K z : z
7: Sort the layer index list by LG[l] or PGl]. Z.lz — ’lz P 3
8: while layer index list is not empty do £ 74> ' Z\M §
9:  Pop out layer j with Argmax; LG]|l]. a _ - convs | convir | €
10:  Scale down R; .., by Eq. 8a for max latency gain. - Layer Width Layer Width
t: Wwhile ZlPG(Rnew ) ¢ (_7-7 T) do Scale Down for Major = ?)::::im
12: Pop out layer k with Argmin;, LG|[l]. g Latency Reduction. Scale o withont
13: Scale up R}, e by Eq. 8b to balance param gain. :: Latenq?mﬂ.ease
14: Get runtime latency evaluation L,,,, of config R,,cq- Laver
15: if Loy < Loig X 6 [ Targeted reduction ratio] then 0 1 2 3 4 5 6 7 8 9 10 11 12 Index
16: I Train and evaluate the model accuracy. Figure 7. VGG pruning configuration optimization on HRank. We
17: ¢ sg $2 9 and he aloo. f I slightly scale down Conv1-Conv4 using minimal accuracy drop to
18: et = - an repeat the algo. from line 9. trade for major latency reduction, while scale up Conv5-Conv12 to
19: Return Optimized config R,,cq-

compensate the accuracy drop without obvious latency increment.

* Based on the hardware discrete search space optimization, we could improve the search efficiency

of NAS methods, as well as adapt/optimize the existed DNN architectures on the given hardware.

11




Experimental Evaluation

Table 2. Latency Optimization on SOTA Pruning Works. HRank:
High Rank Pruning [CVPR20]. SOFT: Soft Pruning [[JCAII8].

ALISYAAINN NOSVIW HD¥04dD @

. = =1
85 [Titan-V] ~ Method Params #FLOPs FLOP/s Acc.% |  Time (ns) I
84 g VGGI6  HRank 1.90M 67.0M 24IT  93.1 : 2.50E6 :
g s s Loty CIFARI0) O 285M 1041M  390T 929 §2.05E6(-17.7%
8 2 ours }jf’ _ EfficientNetb$ ( ) o : ( : :
ol T Ours-BL o* EfficientNeth4 HRank 048M 659M 0837 936 &  420E6
2. Ours-BO-=--=~ R ResNet56 | ]
R EfficientNeth3 (ClFAR1) QU OSOM  79.AM LT 938 37266 (-113%) 1
81 g EfficientNetb2 Ours2 050M 75IM  0.95T 935 [3.51E6(-16.3%) I
80 §D +3.97% EfficientNetb1 SOFT-1  0.53M  68.8M  0.88T  93.1 : 4.08E6 :
| E S— - L ResneXt101 ResNet56  Ours  0.43M  714M  091T 932 [3.52E6(-13.7%) I
= > ider J
| WiderResNet01 . (CIFAR10) SOFT-2 045M 53.1M  068T 923 I  364E6 I
78 EfficientNetb0 ResNet152 ; I
o e InceptionV3 Ous  0.43M  660M  0.79T 923 [3.01E6 (-17.3%) i
77 ReencXi50 *Note that, SOFT-1 and -2 denotes two configs with different pryping rates from the i
7 ResNet10 p. Densenet original paper. The latency is evaluated on Titan-V with batch sige = 128. ° COIlSlSteIlt Latency RedllcthIl;
Latency (ms) : |
75 0 " 0 ’s 0 i Table 4. Generalizability Evaluation on the Pascpl P6000 GPU 4 : Generality Across GPUs:
 — [ -
Figure 8. ImageNet Accuracy Latency Trade-Off Comparisons. (P6000]  Method  Params  FLOP/s = Acc.% y  Time (ns) :
. . . ] 1
Compared to baseline EfficientNets (yellow), our GPU-aware opti- VGGI6 HRank 1.90M  1.68T 931 j  4.15E6 r Volta Titan-V
mized models achieve better accuracy latency trade-offs. Evaluated =~ _(CIFARIO)  Ours  2.04M  1.86T 929 13.02E6(-27.2%) :
Platform: NVIDIA Titan-V GPU. ResNet56 HRank 048M  0.84T 936 1  5.84E6 T Pascal P6000
(CIFAR10) Ours 0.50M 1.00T 93.7 : 5.32E6 (-9.0%) :
i 1 * Maxwell Jetson Nano
. | |
. .
Compared to SOTA EfﬁC1ent Net Table 5. Generalizability Evaluation on the Jetscin Nano GPU. :
. |
. [JetsonNano] = Method Params FLOP/s Acc. Time (ms)
* 1.5X less latency; ? !
VGG16 HRank 1.90M 35.5G 93.1I 60.5 1
(CIFAR10) Ours 2.04M 394G 92.9 48.1(-20.5%) |
e ° . |
3'97 /0 ImageNet accuracy’ HRank-1 0.48M 25.6G 93.9 82.1 :
ResNet56 Ours 0.50M  28.8G 93.7! 68.0 (-17.1%) 1
(CIFAR10) HRank-2 024M 167G 923 67.2 :
Ours  039M 243G 923 58.1(-133%) |
| p———

12




Outline: Efficient Deep Neural Network Design

Efficient Neural Architecture Search

Hardware-aware Design Space Optimization

(1) Prior NAS work:
Multi-path search space

(2) Proposed NAS method:
Single-path search space
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* NAS problem: efficient kernel-level selection -
. i ai “, 93) Block9
« Supernet: all ops in single “superkernel”/layer

< #parameters/layer: #weights of largest op only

« NAS problem: expensive path-level selection
« Supernet: each op as separate path/layer
< #parameters/layer: all weights across all paths
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Efficiency on Dynamic DNN Execution

* Dynamic Feature Map Pruning

» Hardware-oriented Deployment Optimization




Motivation: DNN redundancy exists in both filters & feature maps.

Convolution im2col implementation|[1]. Conventional Filter Weights Pruning

Feature Maps
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i 12 5 i eﬂd E -—l:l emd

E 18 T if weight matrix i =_|i| weight matrix E ﬁl weight matrix
. I8 —! Traversal : (N, CHH*W) : N, C*H*W | (N, C*H*W)
3 of FO on : ' (] N, ) : l_?“ ’

12 | an IFmap i EE N
R e ! conv kernel conv kernel conv kernel

01|12 EIS i (N,C, H,W) (N, C, H, W) (N, C,H,W)

1311415 EE i (a) filter sparsity/row sparsity (b) shape sparsity/column sparsity (c) channel sparsity

16 (17 |18 — ;

i| F3 [iF3
Feature Maps | .

| ol 10 [T a2 1o [1T[a3]34] ¥ .o [oo]oo Many works are On[filtel‘ redundancv]prumng.
L2 e s [T [h2:[uat] 15 |11 [42i]94]15 | | = [o1]0o1
s lie bz i3:Th4i] 16 [17 [iai[ya 16 [17] | % [02]02
i 14 s iz hisliail 15 117 118 Ju4if 1517 ]18 I 03103
10111 113 |14 |10 [a1:a3ifi4i] 10 |11:]i13i]i14 X 100]00

11 ]2 [14 115 [T 294 15 [T 24 15 ] | <R [01]01

13114 116 |17 i3ijdd:if 16 | 17 |i13i]d4i] 16 | 17 | | = |O02]02 - .

4 [15 [17 118 [14:] 15 [ 7 [18 [14:[15 |17 [18 | 4~ [08[03 But very few works tackle thg feature map redundancv]prunmg.

K=CixHrxWj

[1] DeLTA: GPU Performance Model for Deep Learning Applications with In-depth Memory System Traffic Analysis




Motivation: Dynamic Input-based DNN redundancy exists in feature maps.

Olah, et al., "The Building Blocks of Interpretability", Distill, 2018.

) e
s S .
A
2

* Feature map importance is very Sparse;

D i Overall Overall .
- * Bright components: Useful features;
‘ - B » Dark components: Non-useful features;
Class: Dog ‘ Class: Bird
 For DNN-based classifiers, such feature
> 7 map redundancy can exist a lot.
Class: Cat &= N Class: Chain

Therefore, we propose to conduct feature map redundancy elimination, 1.e., dynamic

feature map pruning.
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Antidote: channel-wise & spatial-wise feature map pruning
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p — - — — — — ~Q
/ \
{ T \
I ~N |
\ | ~ Channel Attention Pruned Channels | o O
R P | Pruning Mask e |
0 . 7~ ) Q 0
e 0 | ’ 1 (B 2 ‘ il 1 ﬁ L | Q O O
S . l > A Jells! :’/ // | o 5 o) S
» - »: - < Spatial Attention ® ' g P iy iy il d o . f__:"
- - | Pruning Mask " dls  Pgtll d o o~
J o I m ma m ]l | d o
v N ' = d H
b | Input Feature Map \_ I | J Pruned Columns Sparse Output |
Laverl | | : Feature M | Layer I+1
yer » eature Map |
‘ N /
\\ Y
~ e e e e e e o —— — —— —— —  ———————— -~

Proposed Dynamic Channel and Spatial Column Pruning

* Between any two conv layers, we use attention-based mechanism to prune non-important

channels and spatial columns in feature maps;

* The output sparse feature map will consist of less channels and spatial columns to save next

layer’s computation.




Attention-based feature importance ranking

3D Feature Map
of one Intermediate Layer

e.g.5X5X512

Vertical
Average

Spatial Attention

Channel Activations

Horizontal
Average

1x1x512

Channel Attention

Spatial Attention:

C
1
Aspatial(Fa ha UJ) = 6 Z Fh,w (Z)

Channel Attention:

1 H W
Achannel(F7 C) = H+W Z Fc(iaj)a
J

i

Attention-based Pruning mask:

True, If ¢ € topk(Achannet),
M(F,c) = k =int(p x C);
False, Otherwise.
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Case Study: Effectiveness of attention-based ranking
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Regular attention —s— Inversed attention —s— Random drop

1 VGGI6 ResNet56

0.8 \ \ « Attention-based ranking is very effective in
_ \ evaluating feature importance:
20.6 .
:.__.; 70% Gap. 40% Gap. _ ) o .
E 0.4 ‘Eq » With same pruning rate, 70% higher

0.2 \ v accuracy than random feature selection;

ey o o \b\:__ﬁ_.—:——:’“—‘ d
0 * 60% feature map redundancy can be
001 03 05 07 09 001 03 05 07 09
Pruning Ratio > eliminated without accuracy drop in VGG16;

Fig. 2. Attention-based and Random Pruning Accuracy Drop Comparison.

» However, if we reach high feature pruning rate, the accuracy drop can still be non-negligible;

» Therefore, we propose training-phase optimization as a remedy: Training with targeted dropout.




Training-phase Optimization: Targeted Dropout

Q0 O 0O 0 Q0O O 0O O Q0O O O O
A d Q Q O O 0O D A Q Q ¢ O O O D A Q Q < O O
o o o 0,0 O O ©O o o O O, 0 O O O o o O O,L,0 O

Q. Q O O O O 0O Q. Q O O O 0O 0O Q. Q O O O
a g Q o O O O O a g Q O O O 0O O a g Q@ O O 0O
OO0 OO0 OO OO0 OO OO0

iters-0  oo——) iters-i )  iters-n

Attention-based Targeted Dropout Training

D\ - During training, dropping out least-
important features;
_.---‘! F/:F®]\‘fspatial<h;w)y
{ ll F// == F, X ]\'fchannel (C)a
o - Advantages:

« Resistance to accuracy drop;

* No repetitive retraining.
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Experimental Evaluation

TABLE 1
EXPERIMENT RESULTS ON CIFAR AND IMAGENET DATASETS.
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CNN Pruning Baseline Baseline Final FLOPs Final Accuracy
Models Methods Accuracy(%) FLOPs FLOPs Reduction(%) Accuracy(%) Drop(%)

L1 Pruning* [8] 93.3 - 2.06E+08 34.2 93.4 -0.1

VGG16 Taylor Pruning* [19] 93.3 - 1.85E+08 44.1 92.3 1.0

(CIFAR10) GM Pruning* [20] 93.6 - 2.11E+08 35.9 93.2 0.4
' e Qatuning ™ (21 i s s . o 5 0 o . A PR R () G —
r Proposed 93.3 3.13E+08 1.46E+08 53.5 93.1 0.2 _:

L1 Pruning* [8] 93.0 - 0.91E+08 27.6 93.1 -0.1

ResNet56 Taylor Pruning® [19] 92.9 - 0.71E+08 43.0 92.0 0.9
(CIFAR10) - _ _ _FO Pruning” D11 _ _ _ __ = 92 O.71E+08 _ _ _ _ B0 o PR N | -
i Proposed 93.0 1.28E+08 0.80E+08 374 93.2 -0.2 _:

L1 Pruning* [8] 73.1 - 1.96E+08 37.3 72.3 0.8

VGG16 Taylor Pru}ning* [19] 73.1 - 1.96E+08 37.3 72.5 0.6
(CIFAR100) FO Pruning® [21] 73.1 - 1.96E+08 37.3 73.2 -0.1 _
’ I roposed: Setting-1 3. 3.13E+08 1.87E+0 . . -0.1 |
I_ Proposed: Setting-2 731 1308 _L7ZE+08 _ _ _ _ ¢ 4.9 R 021

L1 Pruning* [8] 78.5 - 0.76E+10 50.6 76.6 0.8

VGG16 Taylor Pruning* [19] 78.5 - 0.76E+10 50.6 71.3 0.6

FO Pruning* [21] 78.5 - 0.76E+10 50.6 79.5 -1.0
(ImageNet100) - -
roposed: Setting- 2 L2 A . . 1
I_ _Proposed: Setting-2 _ _ _ _ /8.5 _ _ __ 132E+10_ __0.69Ex10 _ _ _ _ 3 M3 e (CF P (R

*mdicates the mgthods™ performance 1s refered from [20], [2T].

Across different datasets and models, our method could generally achieve 37%~54% FLOPs reduction

with <1% accuracy drop, significantly outperforming previous state-of-the-art works.

21




Advantages of Antidote: Dynamic Feature Pruning

* Dynamic vs. Static: targeting at each image, more precise and aggressive.

 For VGG16 on cifarl0, traditional static pruning methods can remove about [17%, 10%, 10%,

45%., 65%] channels per block (General Redundancy on whole datasets).

* Our dynamic method can remove [20%, 20%, 60%, 90%, 90%] channels (Per-input Redundancy).

* Spatial-wise + Channel-wise: Flexible & comprehensive redundancy elimination;

* Filter pruning can remove channel redundancy only; Feature Map Redundancy Composition

—

* But for ImageNet-size input (224X224), sgatial h VGG16-IMGNET100
L]

redundancy is the main redundancy! VGG16-CIFAR100
]

* We can prune 50~60% spatial feature columns VGG16-CIFAR10
for every layer for VGG on ImageNet. 0 0.2 0.4 X I—

H Channel Reundancy m Spatial Reundancy

Fig. 4. The redundancy composition varies in channel and spatial dimensions.
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Hardware-oriented Deployment Optimization
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Figure 1: Deploying convolution layer on ReRAM crossbar.
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Figure 2: The structural-spatial and channel feature map
pruning bring the structural sparsity on ReRAM crossbar.
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Table 3: Inference Latencies

Network Original Ours Speedup

VGG-16 (ms) 0.39 0.31 1.3X
ResNet-56 (ms) 2.87 2.67 1.1X

Table 4: Computing Efficiency Evaluation

Computational Power
Network Efficiency  Efficiency

Area Power

(GOPs/s/mm?) (GOPs/W) (mm?) - (W)

Baseline VGG 736.30 290.3 1.09 1078.48
Ours 938.42 1262 0.25  248.88
Relative Gain 1.3% 4.4x 4.4x  4.3X
Baseline ResNet 530.94 154.4 0.084  82.96
Ours 570.71 205.8 0.063  62.22
Relative Gain 1.1x 1.3% 1.3x  1.3X

On ReRAM-based crossbar architecture, such spatial &
column feature map pruning enables fine-grid sparsity,
which we could leverage to get for actual speedup.
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Conclusion

Efficient Neural Architecture Search Hardware-aware Design Space Optimization

(1) Prior NAS work:
Multi-path search space

(2) Proposed NAS method:
Single-path search space
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« NAS problem: expensive path-level selection
« Supernet: each op as separate path/layer
< #parameters/layer: all weights across all paths

« Supernet: all ops in single “superkernel”/layer

< #parameters/layer: #weights of largest op only BI 20
One Warp (32 threads)

_zigorithm-oriented

Optimization

|
|
|
|
|
|
|
|
|
|
|
|
|
|
7x7 |
|
|
|
|
|
|
|
|
|
|
|
|
|

Thread

ardware-aware
Optimization

Input Feature Map

Sparse Feature Map

g Al A Sds Sl Dynamic | Pmachmmos

A e I P S A (T A Optlmlzatton

......................... h: height

t o o ¢ N t . 1 ) W: width

d: depth

[ TS
, = L UELELE]
- — o — " i
I -

Dynamic DNN Feature Map Pruning Hardware-oriented Deployment Optimization

3*3*@d-C)

3%3*d




@ GEORGE MASON UNIVERSITY THE END




