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Introduction

* Model Scaling
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Figure 2. Model Scaling. (a) is a baseline network example; (b)-(d) are conventional scaling that only increases one dimension of network
width, depth, or resolution. (e) is our proposed compound scaling method that uniformly scales all three dimensions with a fixed ratio.
DELAB *

HE ALY 2™ AO|ZE H0|AYU EOl= WEES 2O[StCh O] I Depth, Width,

Resolutiong &2{A EEEZ 7|2HL EM 22 Z =0|= A0t A2 33X Feature Map
2 2K Z2 HEAS M, Z+Zt width, depth, resolution0| CHSIO] scaling®t AEiS = O{ &=Lt
HEZ O|ZA 1 dimension2Z scalingg otX|2t O] =F0| A& width, depth, resolutiong Z&F

=01 A|ERCE o7|M 3 dimensiong dEUAA =0|= LRO| compound scalingO|LC}.

Related Work

* ConvNet Accuracy

* AlexNet 0] & ImageNet e O J=2e2t =2 28 S0 o3 YRE
- 20184 Gpipe St& 7|H 0] Y HEE (state-of-the-art, top-1 error: 84.3%, 557M parameters)
-stedlo WeE] HEE nHsld Fed A ofdE B E

* ConvNet Efficiency

e ==

« 712 ConvNets2 &% over-parameterizedd
=]

- REE UES= 0431 7|9 (Pruning, Deepth-wise seperable convolution 5)0] A 2Hd
= 2Ed et ZE 2 EE2 o2 A 2T = obE uncleard:

* Model Scaling

« 7| &0 = Depth, Width, ResolutionS 7| &= ¥ 2 ?4@
- Z A 2 2 Scalingthe 2 2 o A 5] question 2 ot 9l

alo

DELAB >
T=1t EfficiencyE =0|2{= A

= o
7|90 HEE|RUCE O 7|”2 Google
=

Y2 B8NO2 AL 0

Roumn ZoME YMZ AR AFEE= AccuracyE =013
TE0| UAALCtH E3] AccuracydlA 2018 GPipeltEs &&
BrainOf| Al ZESH ot 7|@oz, HEZE EO| AX[St=



ottt O|FA 28X o585 ot A= SROHT ==20M= StEHN HEZ| Hots o
2o 2850 ZH JHEE EQOSITh Shof.

Efficiency A& EX over-parameteredEl ZEZS CfH|SIHE= 2 2= 7|HE 20 O 2
=0 pruningO|Lt depth-wise convolution 0| M2HE|RA11 mobileNet, MNas-Net &0| 4 ZiCt 1
gLt O 7|ME2 T35 2 HEHZ HESt= Yo CHSH unclearStThl SHCY.

OX|2f 2 2= Model Scaling0fl CHet HQIGH|, 7[Z0f depthLt width, resolution
= UAAPX[Z 2HOI scalingd B0 CHohM= & 22 N2 TdS SRACED ok

fjo
N
4o
i
rir
=
|.|-|

Compound Model Scaling

* Problem Formulation
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Compound Model Scaling

* Scaling Dimensions
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Figure 3. Scaling Up a Baseline Model with Different Network Width (w), Depth (d), and Resolution (r) Coefficients. Bigger
networks with larger width, depth, or resolution tend to achieve higher accuracy, but the accuracy gain quickly saturate after reaching

80%. demonstrating the limitation of single dimension scaling. Baseline network is described in Table 1.

DELAB 7

L2 scaling dimensionsOil CHPH A HOICt widthe ME =(EH )2 widthE 7|9H § B2

featureZt MEEHAM Het=7t FOZICt }X|T widthE B7tstH A4tz HZof Hlgstol 5
S Ol 01 width?t 28] S7tStH ALtz 228 S7totct,
Depth= 0|0 =2 U EYIZQ| 0|7t F7tg+=E O =TT featureO|X [ abstract?t

J
-

featureS TOtLHCH O] [f EHMSHE vanishing gradient= batch normalizationO|Lt residual block
O 2 S AStCt Depthe 28] S7I6HH AME 28] S7t5HA &Lk

Resolution2 SHEEE SHHEEE 7[8FF O MEHQ featureE TOILY F= =7t =OLTICE SHX|
O resolution A|4HEO| XSO H|2SiCH= £&0[ RUACE.

O Ml dimension2%F F7IZ+E =7t S7t5HA &2 Foe St
C},

rlo

g8 0=t

rin
ret



Compound Model Scaling

* compound Scaling
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Architecture

* EfficientNet Architecture

* baseline network= Mnas-Net®} 7+ AF5FA AutoMLS AHESIA A2
- EfficientNet-BO= grid search2 A 9] parameter(a,b,r)& ZF D phi=1¥ © o] HEH 3
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Table 1. EfficientNet-B0 baseline network — Each row describes
a stage i with L; layers, with input resolution {;, W;) and output
channels C;. Notations are adopted from equation 2.

Stage Operator Resolution | #Channels | #Layers

i Fi | Hi x W; Ci L;

1 Conv3x3 294 % 224 32 1 e STEP 1: we first fix ¢ = 1, assuming twice more re-
2 MBConv1, k3x3 112 x 112 16 1 sources available, and do a small grid search of o, 3,4
3 MBConv6, k3x3 112 x 112 24 2 based on Equation 2 and 3. In particular, we find
4 MBConv6, k5x5 56 x 56 40 2 the best values for EfficientNet-B0 are o« = 1.2, 3 =
'2 xgg:::g t::: f: i f: ]8102 : 1.1, = 1.15, under constraint of a - 5% - 4% ~ 2,

7 MBConv6, k5x5 4x14 192 4 o STEP 2: we then fix o, 3, as constants and scale up
8 MBConv6, k3x3 TxT 320 1 baseline network with different ¢ using Equation 3, to
9 | Convixl & Pooling & FC Tx7 1280 1 obtain EfficientNet-B1 to B7 (Details in Table 2).
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* Result

* AccuracyZ} Bl =22t B E7 2] 4 =& 8] W -> EficientNet?] Parameter, FLOPsZ} T ZF 1 Accuaracy T T ==

Model | Top-1 Acc. Top-5 Acc. || #Params  Ratio-to-EfficientNet || #FLOPs  Ratio-to-EfficientNet
ientNet-B0 77.1% 93.3% 53M Ix 0.398 Ix
Net-50 (He et al., 2016) 76.0% 93.0% 26M 4.9x 418 1ix
eNet-169 (Huang et al., 2017) 76.2% 93.2% 14M 26x 35B 8.9x
EfficientNet-B1 79.1% 94.4% 7.8M Ix 0708 Ix
ResNet- 152 (He et al., 2016) 77.8% 93.8% 60M 7.6x 1B 16x
. 77.9% 93.9% 34M 43x 6.0B 8.6x
al T88% 94.4% 24M 3.0x 578 8.1x
Xception (Chollet, 2017) 79.0% 94,5% 23M 3.0x 8.4B 12x
EfficientNet-B2 80.1% 94.9% 9.2M Ix 1.0B Ix
Inception-vé (Szegedy 80.0% 95.0% 48M 5.2x 13B 13x
Inception-resnet-v2 (Szegedy e1al., 2017) | 80.1% 95.1% 56M 6.1x 138 13x Table 4. Inference Latency Comparison - Latency is measured
EfficientNet-B3 81.6% 95.7% 12M 1x 1.88 1x with batch size 1 on a single core of Intel Xeon CPU E5-2690.
ResNeXt-101 (Xie etal.. 2017) 80.9% 95.6% 84M 7.0x 328 18x
PolyNet (Zhang et al., 2017) 81.3% 95.8% 9%2M 7.7x 35B 19x Acc. @ Latency | Moo, @ Latency
EfficientNet-B4 82.9% 96.4% 19M Ix 428 Ix = . = -
SENet (Hu et al., 2018) 82.7% 96.2% 146M 7.7x 428 10x ResNet-152  77.8% @ 0.554s GPipe 843% @ 19.0s
NASNet-A (Zoph et al., 2018) 827% 96,25 S9M 47x 2B 57x EfficientNet- Bl 78.8% @ 0.098s | EfficientNet- BT 84.4% @ 3.1s
AmoebaNet-A (Real et al., 2019) 82.8% 96.1% 8™ 4.6x 23B 5.5x Speedup 5.7x Speedup 6.1x
PNASNet (Liu et al., 2018) 82.9% 96.2% 86M 4.5% 23B 6.0x
— R
EfficientNet-BS 83.6% 96.7% 30M Ix 9.98 Ix Parameter, FIOPsOFS gull 712 £ 32| = orz|OF
AmoebaNet-C (Cubuk et al., 2019) 83.5% 96.5% 155M 5.2x 41B 41x o] 0] AF & = Fp k)
EfficientNet-B6 | 840% 968% | 43M Ix | 198 Ix 5 =EIrEers
EfficientNet-B7 84.3% 97.0% 66M Ix EX Ix
GPipe (Huang et al., 2018) 843% 97.0% 55TM 8.4x - B

We omit ensemble and multi-crop modeTs (Flu ¢t a1, 3018), or models pretrained on 3.5 Tnstagram fmages (Vahajan et . 2018).
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Experiments

* Result (Scaling Up)

« ot2 2o & compound scalingS & 851 H] 1 > FLOPS= H] =5k TF 50| & o

Table 3. Scaling Up MobileNets and ResNet.

Model | FLOPS  Top-1 Acc.
Baseline MobileNetV1 (Howard et al., 2017) I 0.6B 70.6%
Scale MobileNetV1 by width (w=2) 22B 74.2%
Scale MobileNetV1 by resolution (r=2) 22B 72.7%
compound scale (d=1.4, w=1.2, r=1.3) 2.3B 75.6%
Baseline MobileNetV2 (Sandler et al., 2018) | 03B 72.0%
Scale MobileNetV2 by depth (d=4) 1.2B 76.8%
Scale MobileNetV2 by width (w=2) 1.1IB 76.4%
Scale MobileNetV2 by resolution (r=2) 1.2B 74.8%
MobileNetV2 compound scale 1.3B 77.4%
Baseline ResNet-50 (He et al., 2016) I 4.1B 76.0%
Scale ResNet-50 by depth (d=4) 16.2B 78.1%
Scale ResNet-50 by width (w=2) 14.7B 77.7%
Scale ResNet-50 by resolution (r=2) 16.4B 77.5%
ResNet-50 compound scale 16.7B T8.8%
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* Result (Transfer Learning)

* ImageNet DataZ Pre-training -> 8 datasetsi] TH3H Fine Tuning -> 87 = 570 2] datasetol] T3l SOTAZ} &

Table 5. EfficientNet Performance Results on Transfer Learning Datasets. Our scaled EfficientNet models achieve new state-of-the-
art accuracy for 5 out of 8 datasets, with 9.6x fewer parameters on average.

Comparison to best public-available results Comparison to best reported results

|| Model Acc. #Param  Our Model Acc.  #Param(ratio) | Model ~ Acc. #Param  Our Model Acc. | #Param(ratio)
CIFAR-10 NASNet-A  980%  85M  EfficientNet-BO  98.1%  4M(21x) | 'Gpipe 99.0% 556M  EfficientNet-B7 | 98.9% | 64M (8.7x)
CIFAR-100 NASNet-A  87.5% 85M  Effi 88.1% 4M 21x) Gpipe  913%  556M 91.7% | 64M(8.7x)
Birdsnap Inception-v4  §1.8%  4IM 820% 28M(15x) || GPipe 83.6% 556M 843% | 64M(8.7x)
Stanford Cars Inception-v4  934%  4IM 936% 10M(4.1x) [ ‘DAT 948% - 94.7% -
Flowers Inception-vd  98.5%  41M 985% 28M(15x) || DAT 97.7% 98.8%
FGVC Aircraft || Inception-vd4 90.9%  41M 90.7% 10M(4.1x) || DAT 929% - 92.9% -
Oxford-IIIT Pets || ResNet-152  94.5%  58M 948% 17M(56x) | GPipe 959%  556M 954% | 4I1M(14x)
Food-101 Inception-vd  90.8%  4IM  EfficientNet-B4 91.5% 17M (2.4x) GPipe  93.0% 556M  EfficientNet-B7 ]93.0% | 64M (8.7x)
Geo-Mean I @~ | (9.6x)

TGPipe (Huang et al.. J018) trains giant models with specialized pipeline parallclism library.
!DAT denotes domain adaptive transfer leamning (Ngiam et al.. 2018). Here we only compare ImageNet-based transfer learning results.

Transfer accuracy and #params for NASNet (Zoph et al., 2018), Inception-v4 (Szegedy et al., 2017), ResNet-152 (He et al., 2016) are from (Kornblith et al., 2019).
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Figure 8. Scaling Up EfficientNet-B0 with Different Methods. g2 ztobH 23 -> compound Scalingd] 7} 24
Table 7. Scaled Models Used in Figure 7.
Model | FLOPS  Top-1 Acc.
Baseline model (EfficientNet-B0) | 048 71.3%
Scale model by depth (d=4) 1.8B 79.0%
Scale model by width (w=2) 1.8B 78.9%
Scale model by resolution (r=2) 198 79.1%

Compound Scale (d=1.4, w=1.2,r=1.3) 1.8B 81.1%
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* EfficientNet =
= https://arxiv.org/pdf/1905.11946.pdf

- PR-169: EfficientNet
= https://www.youtube.com/watch?v=VhzOquyvR7I&t=594s

- EfficientNet =2 4™
= https://greeksharifa.github.io/computer%20vision/2022 /03/01/EfficientNet,
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