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From Manual Design to Automatic Design
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From Manual Design to Automatic Design

 ArchitectureE &HO = AA|gt
« Block LHE2] #+=, A{E2| =~ 2i[0|012| &~ S K2 Search Space =X}
= D= ARE BIMSH 2 913 (manual design is unscalable!)
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lllustration of NAS

« Goal: Search space A 0| 2|&z} CHA X[ HE 71EH & EZA7 = BERE &= A
« Component:
o Search Space: NN architecture 2£2
- Search Strategy: search space £t H&f
- Performance Estimation Strategy: 22| Ms LI} BfAl

A
of

architecture
Ac A
Search Space —— | Performance
| Search Strategy Estimation
A e [ I e Strategy

. Cell-level « Grid search performance o oo ateh

+ Network-level « Random search estimate of A . |perit weight

* Reinforcement learning * Hypernetwork

Gradient descent
Evolutionary search
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Search Space

* Cell-level search space
* RNN controller: == cell 2t=0{ '
1. Input 27§ MEH
212t Mg23oF HAt MEH (e.g., conv / pooling / identity ...)
3. & 24 oA gttt MEH (e g., add / element-wise multiplication ...)
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} repeat B times
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Search Space

* Cell-level search space
* RNN controller: == cell 2t=0{ '
1. Input 27§ MEH
2. = inputdl] 2{2t Mg AAt MEH (e.g., conv / pooling / identity ...)
3. = Z1E Al HitH MEH (e g., add / element-wise multiplication ...)

ool A —
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x [ooomo '
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Search Space

* Network-level search space
 Deep vs. Shallow EHA[0[A] 2i|0]0{2] E40| W< LIS
+ 22 block HHEBHE 212 Z|HQ| gAjo| ot
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Search Space

* Network-level search space: depth dimension
e 2f stage OICE AR E block =2 Tg

Stage1 Stage2 Stage3 « Staged ) Head
_____ nputsen . & N\ i S\ 8l N\ Fi o N\ s :
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Search Space

* Network-level search space: input resolution dimension
- Y= o|OfX|e] 27| HE

Stage1 Stage2 Stage3 Staged Head
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input resolution
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Search Space

* Network-level search space: width dimension

* 2 stage®| AE = T

Stage1 ) Stage2 Stage3 . Staged . . Head
_____ lnputStemg — f; 'S i, 5 (T ) 2: ) ) i — g
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Search Space

* Network-level search space: kernel size dimension
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For models that use depthwise convolution, we can choose the kernel size for each depthwise convolution.
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Search Space

* Network-level search space: topology connection

Downsamy ple\Layer 1 2 3 4 5 e -1 L
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(a) Network level architecture used in DeepLabv3 [Y].
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(c) Network level architecture used in Stacked Hourglass [55].
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Design the Search Space

* Design the search space for TinyML
o SCHE, IoT 7|712] MLEEE latency / battery / memory X|<F
« XS THESH= EE architectureE &t £ M52 &olst= Zd% H|E / AlZF ZSHO|M {22

= BIHE O Z search spaces AA|SHOF &

_|O
I'|->|

100% =T
o Wad width-res. | mFLOPs
Z AL A Iy — w0.3-r160 | 32.5
= 75% « J/(32.3M, 80%) (50.3M, 80%) - w0.4-r112 | 32.4
2 Bad design space Good design space: likely to achieve "- w0.4-r128 | 39.3
S Y , . i — w0.4-r144 | 46.9
& 509 / - high FLOPs under memory constraint | . o= i, | 38.3
S o/ : -~ w0.5-r128 | 46.9
s — w0.5-r144 | 52.0
5 25% &/ : . w0.6-r112 | 41.3
E o/ --w0.7-r96 | 31.4
O i =/_/ — w0.7-r112 | 38.4
0% +—= . — . . . , '
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Grid Search

Search Strategy

« K| search space: TAHH 49| H|7I=2E & (Cartesian product)
« =4 networke| 2 E 27| 2IoiM 22 ©KE h=cliof et
IE5IX| Gi= THE AFHO| M2l = A2

EXN XS (e.g., latency) = 2

Resolution

Width 1.0x 1.1x 1.2x
1.0x 50.0% 53.0% 54.9%
1.1x 51.0% 53.5% 55.4%
1.2x 52.0% 54.1% 56.2%

Satisfies the latency constraint

Breaks the latency constraint
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Search Strategy

« Random search
« MAH| search space: grid search 2t S
o 2HHBIA L architectureE ME2ISt= BHAIOZ EFA

Grid Search
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Search Strategy

* Reinforcement Iearning

 Architecture 848 &=XI4 SJAFHAE EX= O
« RNN controllerg e53t=0| 4d2tets 7|HE M8
A Z4
Sample architecture A _"—_xl-x_-'l QMI-E’S,'
with probabilityp ... EEEEEEEEEEEEEmEmEmEmEmEmEmEmEmE=me= ->
[ ACtion l . Number| Filter Filter Stride Stride Number| Filter |
Y ofFiIters" Height \ Width | Height \ Width \ ofFiIters"l Height \

Trains a child network
with architecture
A to get accuracy R

Agent‘[ J Reward: R

The controller (RNN)

“L.ayer N-1 - Layer N > < Layer N+1
Compute gradient of p and
scale it by R to update
the controller
Overview of RL-based NAS The RNN controller
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Search Strategy

 Gradient descent
« ot nodel|| CHal 7t HAMES E5E KA
e} (@)

« LatencyE 0|2 7ts¢ot HEfQI Maotah 4~ Q|

= AN

0lo

®
3
=
)
(=g
(@)
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(@)
=<
|0
Hu
=
N
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Latency 0l= 2|0|0{ / Lookup table

l E[Latency] = a x| F(conv_3x3)+
B x| F(conv_5x5)+
| G el o x| F(identity)+
~-»
Learnable Block POOL o = ..
i " 3x3 ->
| rL X |F(pool _3x3)
E[latency| = Z E[latency;]

} Loss = LOSSCE + A1]|w]|3 + AoE[latency]
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Search Strategy

« Evolutionary search
. é'%i*ol L2t O| 20| A L= 24
« DEIO[ Mok F(HSE 2&4) SH > Mutation - Crossover

Q Keep Arch.
8 Re-sample

OFA Network Sub Network ‘

Latency/Accuracy Feedback
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Accuracy Estimation Strategy

 Train from scratch

« ZH architecture A MSEEH at&ot F M= R&EH
« g A[ZHEIH|EO0| 0hR B0 H2 = NOT scalable! CIFAR10
Savﬂf;ep?gcbfgg‘?l‘;tt:f A Train 12,800 model architectures
[ . ) l . 22,400 GPU-hours
Trains a child network
The controller (RNN) with architecture

A to get accuracy R

Large-Scale Datasets

I — J ImageNet >
m raaien n
ompute gradient of p a COCO

scale it by R to update ®
the controller
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Accuracy Estimation Strategy

* Inherit weight
. H Hl = A | < AbAS

—,—E EEE_._E:I:E-I 534x|——L y = f/2 X h[2] + f/2 X h[3]

« MESEH SSSH=7iH = f x h[2]

Net2Wider

Original Model Layers that Initialized as

Identity Mapping
Net2Deeper % == I><§i§><
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Zero-Shot NAS

« ZenNAS

1. @8 x~N(0,1) EXUL=EFE XT3}

2. 0] 0HR X2 ZF (perturbation)2 Ol x' = x + € 2 =2
3. HESAQ IISKE Bt 2EE HELF Z7|9
4,

+ HHX| Eri=te| =4 Xjoof gt

fﬂi—mi
ek — || e

-

! A 3 : i
e !
A e I i ar(z; '
’ 4
o2, =
_ X%y 5=]]a: log(7 Az, {f(x0)})
[ ] pre-GAP feature map Cout =l




2. Efficient NAS MIT 6.5940

Zero-Shot NAS

* GradSign

. Zzo 4o MIENICe| local minima A2 HE|7F &€ Z{0|CH
« XNZCIE MENMQ| gradient £ 7t 22 (X2 FH)
« ER2DEHER2 Z2ESE IR MBS UL BE

LS O3

: Ao e . Codadid Algorithm 1: GradSign
Result: GradSign score 7 for a function class fy
Given S = {(7i,¥i) }ic[n)> randomly select initialization point f;
Initialize g[n, m];
‘ - fori=1,2,--- ,ndo i,n corresponds to samples
I(fyfx1) 1) I(ffx), y2) 1gx)s 1) 1Gex2). y2) fork=1.2.--- .mdo k,m corresponds to layers
g* : .
- | gli, k] = sign([Vol(fo(:), vi)leo]k)
N 7 > N % end n
! - 0 : : 0 end | z gli, k]| < n, “="is achieved only when the gradients at all
_— . g . DS DI | -
(a) Optimization landscape with sparser (b) Optimization landscape with denser return 7 samples have the same sign
sample-wise local optima corresponding to ~ sample-wise local optima corresponding to -
worse .J(6"). better .J(67).
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