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(MODEL OPTIMIZATION) PROJECT 1

PRR
« Exp 1:Fine-Tune aAau Dataset vovis
- Exp 2: Freeze lower layers yav Discriminator
YTMT ; U
 Exp 3: Freeze lower layers yav Discriminator
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(MODEL OPTIMIZATION) PROJECT 2

PRR

- Exp 4 : Fine-Tune Au Dataset (ku sUpsv» 5564 sU
a2o Default parameter (8lutaanin Exp 1

- Exp 5: Freeze lower layers uov Discriminator
YTMT lazaaAdIULUadUvIMAAauludayadolAsik
Fine-Tune Aiu Dataset (KU sUd50 6564 sU ase

Default parameter (5lutaa»1n Exp 3

« Exp 6 - 8: Grid Search
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DEFAUI.T PARAMETERS

3193001URS: uldlutdidasuaviuaazviudve
Batch size: 1

Epochs: 200
Optimizer: Adam

Image size: 224

Learning Rate
Learning Rate YTMT
PRR . le-4 |
+ 2674 aaav 0.5,0.2, 0.1 imaaAEuGU
ERRNET Watnsulusudu 60, 80 wa: 100 mwarau
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GRID SEARCH PARAMETERS

Batchsize: 1
Epochs: [ 10, 20, 50]

Optimizer: Adam

Generator Discriminator
. Optimizer : Adam . Optimizer : [Adam, SGD]
. Learningrate:le-4 . Learningrate: 1cycle policy

aqav 0.5,0.2,0.1 iriaamisudu
Wotnsulusiudu 60, 80 ua:= 100 enudrau
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1CYGLE POLICY LEARNING RATE

Super-Convergence: Very Fast Training of Neural
Networks Using Large Learning Rates

Leslie N. Smith
U.S. Naval Research Laboratory, Code 5514
4555 Overlook Ave., SW., Washington, D.C. 20375
leslie.smith@nrl.navy.mil

Nicholay Topin
University of Maryland, Baltimore County
Baltimore, MD 21250
ntopinl@umbc.edu

Abstract

In this paper, we describe a phenomenon, which we named “super-convergence”,
where neural networks can be trained an order of magnitude faster than with
standard training methods. The existence of super-convergence is relevant to
understanding why deep networks generalize well. One of the key elements of
super-convergence is training with one learning rate cycle and a large maximum
learning rate. A primary insight that allows super-convergence training is that large
learning rates regularize the training, hence requiring a reduction of all other forms
of regularization in order to preserve an optimal regularization balance. We also
derive a simplification of the Hessian Free optimization method to compute an
estimate of the optimal learning rate. Experiments demonstrate super-convergence
for Cifar-10/100, MNIST and Imagenet datasets, and resnet, wide-resnet, densenet,
and inception architectures. In addition, we show that super-convergence provides
a greater boost in performance relative to standard training when the amount of
labeled training data is limited. The architectures to replicate this work will be
made available upon publication.
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Figure 6: Training resnet and inception architectures on the imagenet dataset with the standard
learning rate policy (blue curve) versus a Icycle policy that displays super-convergence. Illustrates
that deep neural networks can be trained much faster (20 versus 100 epochs) than by using the
standard training methods.
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Metric (Entire Image)

The Results of Reflection Removal Experiments

Metric (Facial Region)

Model
PSNR SSIM PSNR SSIM
INPUT 13.69 0.568 14.91 0.454
YTMT 13.29 0.524 14.19 0.419
PRR 12.68 0.539 13.69 0.356
Pretrained ERR 13.29 0.493 14.32 0.404
YTMT 18.78 0.703 18.33 0.623
PRR 17.41 0.752 16.56 0.575
Experiment1 |ERR 17.79 0.666 17.52 0.607
YTMT 18.31 0.696 17.89 0.612
PRR 17.39 0.754 17.29 0.59
Experiment2 |ERR 17.68 0.672 16.92 0.589
YTMT 19.00 0.703 18.23 0.616
PRR 17.45 0.759 17.52 0.597
Experiment3 |ERR 17.91 0.678 17.41 0.601
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(RESULTS)
PROJECT 2

Wwaawn

Metric (Entire Image)

The Results of Reflection Removal Experiments

Metric (Facial Region)

Model
PSNR SSIM PSNR SSIM
INPUT 13.69 0.568 14.91 0.454
YTMT 20.4 0.752 21.32 0.71
Experiment4 |PRR 17.5 0.757 18.2 0.604
ERR 19.23 0.714 19.96 0.677
YTMT 19.1 0.714 19.08 0.647
Experiment5 |PRR 18.2 0.775 18.81 0.616
ERR 19.31 0.715 19.72 0.667
YTMT 20.56 0.755 21.06 0.708
Experiment6 |PRR 18.39 0.777 18.38 0.607
ERR 19.65 0.734 20.12 0.684
YTMT 18.84 0.714 18.86 0.653
Experiment7 |PRR 18.33 0.776 18.56 0.61
ERR 19.66 0.726 20.18 0.68
YTMT 20.66 0.751 21.21 0.706
Experiment8 |PRR 18.49 0.778 18.89 0.616
ERR 19.65 0.728 20.16 0.68
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(MODEL EXPERIMEMT) PROJECT 1

Default Hyperparameters
—{ YOLOV7 | — — | WIDER FACE
Batch size: 4
WIDER FACE
Epochs: 200
— YOLOV7x | Image size: 640 OUR 50
Datasets Models Hyper parameters Testsets
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(MODEL EXPERIMENT) PROJECT 2
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“Optimizing YOLOv7 for Semiconductor Defect Detection”

Optimizing YOLOvT for Semiconductor Defect Detection
Enrique Dehaerne®®, Bappaditya Dey®, Sandip Halder®, and Stefan De Gendt®*
=Dept. of Computer Science, KU Leuven, 3001 Leuven, Belginm

“Interuniversity Microelectronics Centre (imec), 3001 Leuven, Belgium
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A1snaaavn 1
(POST-PROCESSING)

Inferece time

dsuoinnisnaaov |
e NMS (KA1Us:zansSaiwn
dondllanuo®
e NMS (s10a1(unas
Us:zudawalsond1 WBF

Image |— YOLOV7 [—| NMS/WBF ——| Output

A1SI1VYNAAWS

Model Post-Processing Precision Recall mAP@.5 mAP@.5:95 Time 45 n

YOLOv7Y NMS 0.926 0.665 0.661 0.379 0.5

YOLOvT WEBF 0.917 0.663 0.653 0.371 3.7




AISNQadvYin 2
HYPERPARAMETERS TUNING]

Type Hyperparameter Default Modified (1) | Modified (2)
Anchor threshold | 9 13
Number of anchors J 9 13
[0 threshold 0.2 0.5 0.75
- Object loss gain 0.7 0.25 0.5
et & Class Toss gain 0.3 01 05
= Box loss galn (.05 0.1 0.25
Foeal-loss gamma 0.0 1.0 1.5
Freeze backbone layers First layer only First 25 layers All 50 lavers
Model =size Basze Tiny Base-X
1I,[_ﬁﬂ llf'ﬂl f.flll].]p?nu' 0.0 0.5 )
(probability)
Hm:]x{mn-ll .ﬂ.]w”m 0.5 0.0 )
(probability)
Data _ Z'ullﬂra:-alw" _ 1_[r]I I'];[}r .IZ]._-E._
angmentation m'“]_[ﬁ \r/- Ball) 0.5 (]._g__-, V.10
Translation (4 /- fraction) 0.2 0.0 0.5
Angle (+/- degrees) { 15 a0
Shear (4 /- degrees) (] 15 30

HSV (fraction)

0.015,0.7/0.4 (h/5/V)

0.0 (all)

1.0 (all)

msivmlswdaswasaglaasnislunisnaasavinsulutaa

NaaavLNSUQGlgNISUN
Default lOud@>avdu lawns
Insulaassaud:=Usullagu
a>on1 Modified (1) was

Modified (2) cqruaisv




Waaws
( RESULTS )

Hyperparameter Value Precision Recall mAP@.5 mAP®@.5:.95

Default 0.926 0.665 0.601 0.379
g 0,932 0.661 0.657 0.378

Anchor threshold
13 0,935 0.657 0.654 0.378
g 0.94 0.658 0.656 0.378

Number of anchor
13 0.939 0.649 0.647 0.375
Anchor IoU 0.5 0,937 0.654 0.651 0.377
threshold 0.75 0.928 0.673 0.669 0.383
0.25 0,935 0.659 0.656 0.378

Object loss gain
0.5 0.93 0.667 0.663 0.38

Hyperparamet Value Precision mAP@.5 mAP@.5:.95
Default 0.926 0.665 0.661 0.379
0.1 0.932 0.67 0.667 0.382
Class loss gain
0.5 0919 0.679 0.675 0.384
0.1 0.936 0.66 0.657 0.379
Box loss gain
0.25 0.938 0.646 0.643 0.373
Focal-loss 1 0.967 0.594 0.595 0.351
el 1.5 0.972 0.563 0.565 0.339
25 0.918 0.577 0.573 0.32
Freeze layers
50 0.921 0.565 0.561 0.313
Tiny 0.947 0.544 0.543 0.309
Model Size
Base-X 0.921 0.679 0.674

1sIvWaawsaisnaasvinsulutaa

ﬁahuwﬁamr‘iqvﬂjuﬁalﬁauﬁu Default hyperparameter




waawsad (CONT)

Hyperparameter Value Precision Reecall mAP@.5 mAP@.5:.95

Default 0.926 0.665 0.661 0.379
Vertical Flipping 0.5 0.939 0.651 0.649 0.374 31 ﬂ ﬂ 1 S n O a a\) a”] U 1 S ﬂ a S, U-[O 3 1
Horizontal Flipping 0 0.913 0.702 0.697 0.406 — - 1 _ 1
® NAAWSDINAISNQAdVAIUUIADUAN
_ 0 0.94 0.635 0.633 0.365 2 1 ) —_ —
Mosaic - _ — - MAP@.5 uognd1botnaunu Default
0.3 0.936 0.657 0.655 0.378 o e 1 ,
T ) e yrowaawsiun1 mAP@.5 navnon
e 0.25 0.923 0.668 0.664 0.378 - N L b . B
5 | osse | oet | oess | osss Qefault lanuogogn 0.69] KSolwu
_ 0 0.928 0.674 0.67 0.382 ij u 55 0/0
Translation r :
05 | 0934 | 0663 | 06 038 ® D1AAISnaasvLldav{KLKudIIN1S
p— 45 0.928 0.571 0.567 0.275 LNsSultuutlaasausuni |
%0 | o918 | 0596 | 0591 | 0271 Hyperparameters a>gautoviduilSov
S 15 0.923 0.676 0.673 0.362 8 '] ﬂ
30 0.931 0.601 0.598 0.298
0 0.929 0.669 0.666 0.3582
HSV
| 0.93 0.665 0.662 0.381
Multi-scale 0.931 0.671 0.668 0.352

G

mhuwﬁamr‘iqvﬂjuﬁalﬁauﬁu Default hyperparameter
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1.Amsdauds=ansamwuavdoaya 50 ya
2.A153aUs=anSNIwuavUayadsw

*naaauadglutaa YOLOvT Default




L mssaus:ansmwyovioya 50 yo R

( RESULTS ) PROJECT 1

Metric

mAP@.S mAP@.5:.95

Input 0.651 0.99 0.765 0.769 0.536
YTMT | 0.620 | 0.993 | 0.732 0.736 0.52
Pretrained | pRR | 0.591 | 0.993 | 0.705 0.710 0.486
ERR | 0628 | 0986 | 0.737 0.742 0.517
YTMT | 0.686 1 0.795 0.805 0.568
Experiment1| PRR | 0.666 | 0.987 | 0.779 0.783 0.546
ERR | 0.685 | 09387 | 0.795 0.800 0.561
YTMT | 0.684 | 0.93 0.784 0.789 0.551
ExperimentZ2| PRR | 0.689 | 0.981 | 0.795 0.799 0.552
ERR | 0.685 | 09387 | 0.795 0.799 0.556
YTMT | 0.666 1 0.774 0.779 0.54
Experiment3| PRR | 0.658 | 0.987 | 0.795 0.800 0.561
ERR | 0.677 | 09387 | 0.784 0.789 0.557

a1svoads=ansniwyavsdniwnnioo
wavaz=nou PROJECT 1

e [nput Aosuniwnaumvauavaznoau
® (OKulAaAINgvAndT Input ua=3s
Pretrained
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l.arsJaus:ansnmwuavuaua 50 ya
(SAMPLE RESULTS ) PROJECT 1

Input

Pretrained

Experiment 1
Experiment 2

Experiment 3
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l.a1sJaus:ansnmwuavuaua 50 ya
(RESULTS ) PROJECT 2

SIRR Metric
Method
Model Avp.conf P R mAP@.5 mAP@.5:.95
Input 0.651 0.99 0.765 0.769 0.536
YTMT | 0.813 | 0961 | 0.911 0.911 0.649
Experiment4| PRR | 0.683 1 0.768 0.783 0.546
ERR | 0.795 | 0.955 | 0.884 0.887 0.624
YTMT | 0.714 | 0981 | 0.805 0.81 0.58
Experiment5| PRR | 0.678 | 0.987 | 0.784 0.789 0.548
ERR | 0.815 | 0951 | 0.911 0.913 0.626
YTMT | 0.817 | 0983 | 0.916 0.654
Experiment6| PRR | 0.689 | 0.974 | 0.784 0.789 0.544
ERR | 0.814 | 0961 | 0.900 0.903 0.626
YTMT | 0.749 | 0.957 | 0.821 0.829 0.582
Experiment 7| PRR | 0.672 | 0.98 | 0.768 0.773 0.539
ERR | 0.791 | 0.983 | 0.900 0.904 0.626
YTMT | 0.822 | 0966 | 0.905 0.909 0.644
Experiment8| PRR | 0.659 | 0.986 | 0.763 0.768 0.532
ERR | 0.809 | 0961 | 0.900 0.903 0.626

a1svoads=ansniwyavsdniwnnoo
wavdznoau PROJECT 2

e [nput Aosuniwnaumvauavaznoau

® (DKUIADAINGVANIT Input ua:=3s
Pretrained

e Experiment 6 Tutaa YIMT (kA1
mAP@.5 gogan 0.920 k3Sowudu
20 % UolnguAusUniwnauAIvQ
wava=nau ( Input )
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( SAMPLE RESULTS ) PROJECT 2

Experiment 4
Experiment 5
Experiment 6

Experiment '/

Experiment 8




2.A153aUs:anSNIWU2LUDIADSL

Method SHER Precision Recall mAP@.5 mAP@.5:.95 Method SHER Precision Recall mAP@.5 mAP@.5:95
Model Model
YTMT | 0.652 | 0344 | 0.319 0.214 YIMT | 0.834 | 0466 | 0.479 0.302
Experiment3| pPRR | 0.825 | 0397 | 0.389 0.249 Experiment8( PRR | 0.741 | 0.458 | 0.431 0.278
ERR | 0.676 | 0.382 0.35 0.228 ERR | 0.709 | 0.465 | 0.436 0.27
YTMT | 0.75 0.386 | 0.373 0.206 YIMT | 0.747 0.43 0.421 0.267
Experiment4| PRR | 0.737 0.45 0.42 0.273 Experiment 7| PRR | 0.713 | 0.473 | 0433 0.282
ERR | 0.821 | 0329 | 0.312 0.164 ERR | 0.886 | 0.359 | 0.369 0.229
YTMT | 0.765 | 0.329 | 0.303 0.163 YIMT | 0.73 0.435 | 0.435 0.282
Experiment5| PRR | 0.824 | 0397 | 0.389 0.249 Experiment8| PRR | 0.784 | 0.443 0.42 0.278
ERR | 0.677 0.3 0.274 0.145 ERR | 0.713 0.42 0.395 0.234

Experiment 6 Tutaa YTMT GA1 mAP@.5 avaan 0.479 30
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Experiment 3

Experiment 4

Experiment 5

Experiment 6

Experiment 7

Experiment 8

ERRNet
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Experiment
Experiment4 |YTMT 21.32

0.71

dnsuaisianatawirzusvaulukun

Method : Fine-tune fiu dataset
(kuase Default parameters »1n
Experiment 1

Experiment
Experiment 8 YTMT 20.66

0.751

d1ksunisdawanvsunaiw

Method : Fine-tune Aiu dataset (KU
Parameter:

« b0 epochs
» Discriminator’'s Optimizer : Adam
- Discriminator’s Lr: 1cycle policy
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mﬂmsnoaa\)zﬂmsﬂasUIocmu
1.n1s(5 Post- Processmg 10u NMS 1iA1Us:ansnwndndiuazi§an31 WBF
2.msm Hyperparameter tuning adgnsusumadgautavaiksuyadolya
WIDER FACE Juavenadamsiwuls=ansnwlutaa
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A1SJQUS:aNSATWUDVS:UU

1.m1s3aus:ansnwuaviaula 50 ya

R mAP@S mAP@.5:95

Experiment6 | vyTMT 0.983 0.916 0.920 0.654

Method : YOLOvV7 Default dhonisiivauava=nouds Experiment 6 lutaa YTMT

2. M1s3aUs:anSNIWUIVUINADSY

SIRR

Model

Experiment® | yTMT | 0.834 0.466 0.479 0.302

Method : YOLOv7 Default a>onissiivalava:znouds Experiment 6 lutaa YTMT
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. lWaguonAu mockup WuAudSYL
- KlulaanutauadsaisialudeyrinnuikaauauyavAwNls train Aiu ground truth
. lWaguo1n GAN base [Uilu Diffusion base
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P1nMIsnaaavinsululaansdIpvulukun tNDASCgdQlUDUIAADLLAUDLININIY
wcuulaa Ui

. AISlEIEKEadanasSumsIWuUs=anSnmwiaoswis1iaas 15U danassunv

wusnssu ( Genetic Algorithms ) m1sAuriansiv ( Grid Search ) KSomstwuUs:ans

AwWuuuLww g ( Bayesian Optimization )

. Adslslutaannuavs wu YOLOvS tuau
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