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Won 2" place on detection task in 2017 ImageNet challenge

Make SC-FEGAN(+ 2300+)
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SC-FEGAN : Face Editing Generative Adversarial Network with User's Sketch and Color Edit
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Key reference papers

Faceshop: Deep sketch-based face image editing.
T. Portenier, Q. Hu, A. Szabo, S. Bigdeli, P. Favaro, and M. Zwicker.

Free-form image inpainting with gated convolution. (Deepfillv2)
J.Yu, Z Lin, J. Yang, X. Shen, X. Lu, and T. S. Huang.
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Target : Faceshop

1. H[O|& =H|

CelebA data download, Align, Crop, Sketch domain, Color domain, Random rotable mask...

2. Network - X, Loss & ™
U-net, Coarse-Refined net, global-local discriminator, L2 loss, GAN loss...

3. Training
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Power Systems AC922

19" rack compatible
2U rack-mounted form factor
3 year, 9x5 warranty

CPU: POWER9 2.6GHz 16 cores x 2 or
POWER9 2.0GHz 20 cores x 2

Memory: DDR4 128GB ~ 2048GB
8 DIMM slots / CPU

Storage Bay: 2.5" bay(HDD or SSD) x 2

GPU: Nvidia V100(SXM2 type, HBM2 16GB)
2 or 4 or 6(Water-cooling only)

[/0O Slots: PCle Gen4 x 4

CPU-GPU & inter-GPU interface: NVLink 2.0
Power Supply Unit: 2,200W x 2

OS: RHEL, Ubuntu

S/W: PowerAl, Power HPC Stack



15009+ GPU 471(32GB)

POWER 9 CPU
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Loss, Network, Layer 7l Q= g 7l
SN-discriminator, perceptual loss, Free-from mask, color and sketch
L2 loss, GAN loss, Gated conv

Data S Al| & & A& A EHL| 7| /M
HED edge detector, smoothing, Gul &
GFC map, median color, CelebA-HQ data



= Data
= CelebA-HQ
= Mask — Free-from mask
= Sketch — HED edge detector
= Color — GFC & median color

Input image Mask Sketch Color Noise



= Network

incomplete img

mask
color

sketch

Real/Fake

Real/Fake

Completion : exchange the not erased region to GT

- Concatenate

' Gated convolution . Dilated gated convolution

. Deconvolution
' Spectral normalization (SN) convolution

Completion

Output of
generator

GT
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1. Input & output 49|
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- Free-form mask =

1 . InDUt & OUtDUt zO.I'<2 - Color & Sketch method “




- CelebA-HQ save
2, Data zo'lz-" - Make domain .

- Free-form algorithm
- Training batch
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2017 Imagenet challenge 2nd place
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2017 ImageNet challenge

IMZAGENET Large Scale Visual Recognition Challenge 2017 (ILSVRC2017)

ET LOC ID Team information

Legend:

Yellow background = winner in this task according to this metric; authors are willing to reveal the method
White background = authors are willing to reveal the method

Grey background = authors chose not to reveal the method

Italics = authors requested entry not participate in competition

Object detection (DET)!"!
Task 1a: Object detection with provided training data

Ordered by number of categories won

Number of

Team name Entry description object mean AP
categories won
IBDAT [submission4 85 0.731392
[BDAT [submission3 |65 0.732227|
BDAT |submission2 30 0.723712|
DeepView(ETRI)|[Ensemble_A 10 0.593084|
Qihoo_DPNs Ensemble of DPN models 9 0.656932
(DET)
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Network | Feature Met Rol Training mAP (# of selection) per image resolution
extractor architg?tﬁre warping Dataset 400 512 600 800 900

D1 Res101 FRCN-Typeﬁ Pooling train 50.07% (0) - 53.13% (13) 53.25% (16) 52.08% (10)

D2 Res101 J|FRCN-Typel | Pooling train+vall 49.79% (2) - 53.57% (12) 53.32% (7) 51.96% (5)

D3 Res152 | FRCN-Typel | Pooling train+vall 52.16% (11) - 55.77% (32) 54.94% (20) 53.59% (19)

D4 Res152 | FRCN-Typel | Pooling train 52.59% (13) - 55.71% (23) 55.27% (26) -

DS Res152 | FRCN-Typel | Pooling train+vall 51.41% (6) - 55.35% (32) 54.21% (19) 52.91% (11)

D6 Res152 | FRCN-Typel | Pooling train 51.92% (5) - 56.00% (28) 55.41% (18) 54.38% (24)

D7 Res152 | FRCN-Typel | Pooling train+vall 52.41% (8) - 56.19% (32) 55.54% (25) 54.34% (22)

D8 Res269 |FRCN-Typel | Pooling train+vall - - 56.92% (49) - -

D9 Res269 | FRCN-Typel | Pooling train+vall 54.09% (24) - 57.65% (69) 56.29% (38) 54.94% (19)
D10 Res269 |FRCN-Typel | Pooling | trainval+vall+aug | 53.21% (17) - 56.76% (43) 55.84% (34) 54.49% (20)
D11 Res269 | FRCN-Typel | Pooling trainvall 53.98% (23) - 57.72% (76) 56.64% (45) 55.41% (26)
D12 Res269 |FRCN-Typel | Pooling train 53.59% (17) - 57.34% (63) 56.56% (33) 55.53%(29)
D13 Res152 | FRCN-Type2 | Alingment train+vall 48.91% (6) - 54.65% (46) 54.53% (30) 54.49% (42)
D14 Res152 | FRCN-Type2 | Alingment | trainval+vall+aug - - 54.57% (40) 53.92% (29) -

D15 Res152 | FRCN-Type2 | Alignment train+vall 51.95% (8) - 56.15% (35) 55.41% (25) 54.73% (20)
D16 Res152 | FRCN-Type2 | Alignment | trainval+vall+aug | 43.42% (1) - 51.39% (10) 49.00% (5) 47.40% (2)
D17 VGG SSD - trainval+vall+aug - 50.48% (14) - - -

D18 VGG DSSD - trainval+vall+aug - 49.98% (15) - - -

D19 WRI SSD - trainval+vall+aug - 49.21% (8) - - -

Rank of Experts (for 19 detectors)

62.54%
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Network | Feature Met Rol Training """TAP (% OT SCICCTION) per IMage resomion )
extractor architg?tﬁre warping Dataset 400 512 600 800 900

D1 Res101 FRCN-Typeﬁ Pooling train 50.07% (0) - 53.13% (13) 53.25% (16) 52.08% (10)

D2 Res101 J|FRCN-Typel | Pooling train+vall 49.79% (2) - 53.57% (12) 53.32% (7) 51.96% (5)

D3 Res152 | FRCN-Typel | Pooling train+vall 52.16% (11) - 55.77% (32) 54.94% (20) 53.59% (19)

D4 Res152 | FRCN-Typel | Pooling train 52.59% (13) - 55.71% (23) 55.27% (26) -

DS Res152 | FRCN-Typel | Pooling train+vall 51.41% (6) - 55.35% (32) 54.21% (19) 52.91% (11)

D6 Res152 | FRCN-Typel | Pooling train 51.92% (5) - 56.00% (28) 55.41% (18) 54.38% (24)

D7 Res152 | FRCN-Typel | Pooling train+vall 52.41% (8) - 56.19% (32) 55.54% (25) 54.34% (22)

D8 Res269 |FRCN-Typel | Pooling train+vall - - 56.92% (49) - -

D9 Res269 | FRCN-Typel | Pooling train+vall 54.09% (24) - 57.65% (69) 56.29% (38) 54.94% (19)
D10 Res269 |FRCN-Typel | Pooling | trainval+vall+aug | 53.21% (17) - 56.76% (43) 55.84% (34) 54.49% (20)
D11 Res269 | FRCN-Typel | Pooling trainvall 53.98% (23) - 57.72% (76) 56.64% (45) 55.41% (26)
D12 Res269 |FRCN-Typel | Pooling train 53.59% (17) - 57.34% (63) 56.56% (33) 55.53%(29)
D13 Res152 | FRCN-Type2 | Alingment train+vall 48.91% (6) - 54.65% (46) 54.53% (30) 54.49% (42)
D14 Res152 | FRCN-Type2 | Alingment | trainval+vall+aug - - 54.57% (40) 53.92% (29) -

D15 Res152 | FRCN-Type2 | Alignment train+vall 51.95% (8) - 56.15% (35) 55.41% (25) 54.73% (20)
D16 Res152 | FRCN-Type2 | Alignment | trainval+vall+aug | 43.42% (1) - 51.39% (10) 49.00% (5) 47.40% (2)
D17 VGG SSD - trainval+vall+aug - 50.48% (14) - - -

D18 VGG DSSD - trainval+vall+aug - 49.98% (15) - - -

D19 WRI SSD - trainval+vall+aug - 49.21% (8) - - -

Rank of Experts (for 19 detectors)

62.54%
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Network | Feature Met Rol Training """TAP (% OT SCICCTION) per IMage resomion )
extractor architg?tﬁre warping Dataset 400 512 600 800 900

D1 Res101 FRCN-Typeﬁ Pooling train 50.07% (0) - 53.13% (13) 53.25% (16) 52.08% (10)

D2 Res101 J|FRCN-Typel | Pooling train+vall 49.79% (2) - 53.57% (12) 53.32% (7) 51.96% (5)

D3 Res152 | FRCN-Typel | Pooling train+vall 52.16% (11) - 55.77% (32) 54.94% (20) 53.59% (19)

D4 Res152 | FRCN-Typel | Pooling train 52.59% (13) - 55.71% (23) 55.27% (26) -

DS Res152 | FRCN-Typel | Pooling train+vall 51.41% (6) - 55.35% (32) 54.21% (19) 52.91% (11)

D6 Res152 | FRCN-Typel | Pooling train 51.92% (5) - 56.00% (28) 55.41% (18) 54.38% (24)

D7 Res152 | FRCN-Typel | Pooling train+vall 52.41% (8) - 56.19% (32) 55.54% (25) 54.34% (22)

D8 Res269 |FRCN-Typel | Pooling train+vall - - 56.92% (49) - -

D9 Res269 | FRCN-Typel | Pooling train+vall 54.09% (24) - 57.65% (69) 56.29% (38) 54.94% (19)
D10 Res269 |FRCN-Typel | Pooling | trainval+vall+aug | 53.21% (17) - 56.76% (43) 55.84% (34) 54.49% (20)
D11 Res269 | FRCN-Typel | Pooling trainvall 53.98% (23) - 57.72% (76) 56.64% (45) 55.41% (26)
D12 Res269 |FRCN-Typel | Pooling train 53.59% (17) - 57.34% (63) 56.56% (33) 55.53%(29)
D13 Res152 | FRCN-Type2 | Alingment train+vall 48.91% (6) - 54.65% (46) 54.53% (30) 54.49% (42)
D14 Res152 | FRCN-Type2 | Alingment | trainval+vall+aug - - 54.57% (40) 53.92% (29) -

D15 Res152 | FRCN-Type2 | Alignment train+vall 51.95% (8) - 56.15% (35) 55.41% (25) 54.73% (20)
D16 Res152 | FRCN-Type2 | Alignment | trainval+vall+aug | 43.42% (1) - 51.39% (10) 49.00% (5) 47.40% (2)
D17 VGG SSD - trainval+vall+aug - 50.48% (14) - - -

D18 VGG DSSD - trainval+vall+aug - 49.98% (15) - - -

D19 WRI SSD - trainval+vall+aug - 49.21% (8) - - -

Rank of Experts (for 19 detectors)

62.54%




oF 120922 0]0]| H|O|Ef



67|

>
u°|'

| O] €




6% x 12A|Zkx 6E



NP

ol
~

k

M2 NMCHE A







2017~ Mask RCNN

—— Yolov2

— DenseNet

2018 ———— Yolov3

—— RetinaNet B rr

2019 —— YOLACT

* YOLOvV3
-@- RetinaNet-50
RetinaNet-101

Method mAP-50 time
[B] SSD321 454 61
[C] DSSD321 461 85
[D] R-FCN 519 85
[E] SSD513 50.4 125
[F] DSSD513 533 156

[G] FPN FRCN 591 172
RetinaNet-50-500 509 73
RetinaNet-101-500 53.1 90
RetinaNet-101-800 57.5 198

YOLOv3-320 515 22

YOLOv3-416 553 29

YOLOv3-608 579 51
50 100 150 200 250

inference time (ms)



arXiv:1706.02677v2 [cs.CV] 30 Apr 2018

Accurate, Large Minibatch SGD:
I'I\'aining ImageNet in 1 Hourl

Priya Goyal Piotr Dolldr Ross Girshick Pieter Noordhuis
Lukasz Wesolowski ~ Aapo Kyrola  Andrew Tulloch  Yangging Jia Kaiming He
Facebook
Abstract E “wr
Deep learning thrives with large neural networks and g“ I
large datasets. However, larger networks and larger %
datasets result in longer training times that impede re- 30}
search and development progress. Distributed synchronous g‘
SGD offers a potential solution to this problem by dividing Zosp
SGD minibatches over a pool of parallel workers. Yet to s
make this scheme efficient, the per-worker workload must E 20 . " . ! . s + |
be large, which implies nontrivial growth in the SGD mini- G4 12y 25 B Tk K Mk Bk B 3%k Bk
batch size. In this paper, we empirically show that on the I ch e
oo Figure 1. I Net top-1 validation error vs. minibatch size.

ImageNet d large hes cause optimization dif-
ficulties, but when these are addressed the trained networks
exhibit good generalization. Specifically, we show no loss
of accuracy when training with large minibatch sizes up to
8192 images. To achieve this result, we adopt a hyper-
parameter-free linear scaling rule for adjusting learning
rates as a function of minibatch size and develop a new
warmup scheme that overcomes optimization challenges
early in training. With these simple techniques, our Caffe2-
based system trains ResNet-50 with a minibatch size of 8192
on 256 GPUs in one hour, while matching small minibatch
accuracy. Using commodity hardware, our implementation
achieves ~90% scaling efficiency when moving from 8 1o
256 GPUs. Our findings enable training visual recogniti
maodels on internet-scale data with high efficiency.

Error range of plus/minus two standard deviations is shown. We
present a simple and general technique for scaling distributed syn-
ch SGD to minibatches of up to 8k images while maintain-
ing the top-1 error of small minibatch training. For all minibatch
sizes we set the learning rate as a linear function of the minibatch
size and apply a simple warmup phase for the first few epochs of

ini All other hyper-g are kept fixed. Using this
simple approach, accuracy of our models is invariant to minibatch
size (up to an 8k minibatch size). Our techniques enable a lin-
ear reduction in training time with ~90% efficiency as we scale
to large minibatch sizes, allowing us to train an accurate 8k mini-
batch ResNet-50 model in 1 hour on 256 GPUs.

tation [8, 10, 28]. Moreover, this pattern generalizes: larger
datasets and neural network architectures consistently yield
improved accuracy across all tasks that benefit from pre-

— AN 41 74 AE BE L1 Wik e andd il Bui
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