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@® DataZ} & ™= — GAN
@ DataZ} ™d2|7} QtElU — Visual Search

® Labeling H| 20| 2 If — Active Learning, Domain Adaptation
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@® GANZ 0|2¢t 5|4 Agt Class H0|H S4]

Step-1. Generator & Classifier training X : Real Data for Training

X1 : Generated Samples
X2 : High Confidence X!
Xtest . Real Data for Test
Y1 & Y2 : Classification Result

Generator

(CVAE-GAN) X — Classifier

C-1
Step-2. Training sample generation
X (g\?gérgt&r\l) — X! — Classifier ﬁ
Generated X2
Samples C-1 Generated Samples
With High Confidence
Step-3. Second classifier training & Evaluation test
| P }
\ p
| ] t
C-2 >
C-2 / Y
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@® GANZ= 0|83t 2|4 £ §. Class H[O|H S
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® GAN Hg g4
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(Labeling Tool =

File Edit

Brightics DL Studio - v0.1

COCOC_val2014_000...
COCO_val2014_000...
COCO_val2014_000.
COCO_val2014_000...

COCO_val2014_000...

COCO_val2014_000...

COCO_val2014_000...

COCO_val2014_000...

COCO_val2014_000...

COCOC_val2014_000...

COCC_val2014_000...

COCOC_val2014_000...

COCC_val2014_000...

COCOC_val2014_000...

COCOQ_val2014_000...

COCOC_val2014_000...

COCO_val2014_000...

Completed 1 | Total 389

COCO_val2014_000.
COCO_val2014_000...

COCO_val2014_000... Labels
COCO_val2014_000... ) Polygon Shoes (2)
COCO_val2014_000. .. @ Eiéatiand
COCO_val2014_000. .. i 2
COCO_val2014_000... ; () 8all (0)
COCO_val2014_000...
COCO_val2014_000...
COCO val2014 000...

@) People (0}

Keyboard (D)

1-3007383 > >|
Options

data processing...
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® Active Learning
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® Unsupervised Domain Adaptation
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@ Intermediate Domain 7|8t DA HIAE : O|& H|O|H
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@ X-ray Pneumonia Recognition

= ot [|O|H : Aligned X-ray Dataset
X8 H|0|H : Unaligned X-ray Dataset

Table 4. Quantitative Results on X-ray Datasets

Algorithm

Source Only - MCDDA [2%] ' Ours

Accuracy

238.3% 0/20%  T2371%
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Target Data

A 4

HlFALE 7|8 F7}
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scorefing = f(Feature, Accuracy,Speed)
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A

New Notebook Server

E Name

Specify the name of the Notebook Server and the Namespace it will belong to.

Notebook Server's Name
myserver

Namespace
kubeflow

@ Image
A starter Jupyter Docker Image with a baseline deployment and typical ML packages.
® Standard (O Custom

Image
ger.io/kubeflow-images-public/iensorflow-1.13.1-notebook-cpu:v0.5.0

«

#: CcPU
Specify the total amount of CPU reserved by your Notebook Server. For CPU-intensive workloads, you can choose more than 1 CPU (e.g.

1.5).

L2l Workspace Volume

Configure the Volume to be mounted as your personal Workspace.

For example, to create an empty Workspace: New notebook-workspace, 10, /home/jovyan, ReadWriteOnce

Type Name Size (Gi. Mount Path Access Mode
M ews . PV F eSS PSS 4 M N T T =TT BaadWriteOine: &



(® Standard (O Custom

Image
gcr.io/kubeflow-images-public/tensorflow-1.13.1-notebook-cpu:v0.5.0

#: CPU

Specify the total amount of CPU reserved by your Notebook Server. For CPU-intensive workloads, you can choose more than 1 CPU (e.g.

1.5).

L] workspace Volume

Configure the Volume to be mounted as your personal Workspace.

For example, to create an empty Workspace: New notebook-workspace, 10, /home/jovyan, ReadWriteOnce

Type Name Size (Gii  Mount Path Access Mode
New v myserver 10 /home/jovyan ReadWriteOnci 5

& Data Volumes

Configure the Volumes to be mounted as your Datasets.

For example, to create an empty Data Volume: New, data-volume-1, 5, /home/jovyan/data-volume-1, ReadWriteOnce

©

Q8 Extra Resources

Reserve additional resources.

For example, to reserve 2 GPUs: {"nvidia.com/gpu": 2}

Extra Resources

{
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Al Platform Architecture

Data —

= - O ter O .up t;r O .up t;r O ’ t.r O .up t;r O .u S o ’ t.r
Scientists|c ' | |AA ~ || =~ | Team B |22 = |22 =~ Team C | & |[|&2 2
Team A [ SBrain) [ sBrain]  SBrain| [ SBrain) | sBrain) [ SBrain| 2

. Framework for Al/DL i
Algorithms ««--------—-- - - - - - - Services
C . . . . .
o Semi-Auto Domain Best Model coo Environment Experiment Production
N Labeling Adaptation Proposal Service Service Service
T
A
Ill User 1 Lean Virtualization User 2
E On-demand On—demand,h On-demand On—demand’__ i On-demand On—demand,_ On—demamiﬂ
R Spark Cluster Distributed “- Spark Cluster Distributed "> B Spark Cluster Distributed ~> Distributed 7>
S Parameter  Parameter Parameter Parameter i Parameter Parameter Parameter Parameter
Servor 1 Server 2 Server 1 Sorver 2 E Server 1 Server 2 Server 1 Server 2
Worker Worker Worker Worker Worker Worker i Worker Worker Worker Worker Worker Worker
GPU GPU GPU GPU GPU GPU i CPU CcPU CPU GPU GPU GPU
t ‘ t ‘ Logical
<
= Physical
E | @b cocker registry kubernetes Distributed
V ¥
E c.no (o]o]e] CPU cPU cPU cPU
R DpenCV
S
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Cluster Provisioning &
« Specify CPU, GPU, memory resources of each
« Assign specs for Master, and workers, chief worker
« Use Kubernetes to launch, maintain, and monitor those pods
Model Architecture Define model & input function z
Distributed Training Prep “

« Set the Parameters Server, Master, and chief worker (to
coordinate the asynchronous training across workers)
« Set where and how to store the logs to view in TensorBoard

Training

Start the model training

22136
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Model Architecture Define model & input function z : l-"
" - O

Experiment. run (
runconfig=RunConfig (no of workers=4))

Data
scientists
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In [13]:

8. &8 3 &3 Configuration 873
=

HAH LHOIAM 24 &2 =dot7] flsh Ea3%t configurationE E7385t= A2 2, 241 252 =70t weightZt 2 S5t
= parameter AR 2| 7=, 24 S&5& HE 0= gpu worker A= 2| 7H==2} tensorboard & 0| metrics =7|, trainingl} S 23t
ct

evaluation =2 6§ & S0 CHa} 2f& F5t= THAZLICEH

« no_of ps: |4 10|40 £|0{OF 53, parameter A{H{ 2| 2f+=E S EHSL|CEH

« no_of workers : =50 ArE &= ME2 =8 LHZTLICH

« summary_save_frequency : tensorboard & 2| metrics 7| & LEEL|CH

« run_eval: TrueE & Z L, tensorboard 4 ¢ A evaluation graph+= training graph2f CHE | A 124 Z L CH

« use_gpu:TrueZ T Z20]2t S50 AHS &= AB{7H GPUZ SEE|D, LIHX| 2] 32 CPUE AMZSHA| UL
« checkpoint_frequency in_steps  HZZQE7} HEE= =72 ¢€HE L CE

IMPORTANT

early stop 7|5 AFEA|, run_evalO| BtEA| TrueZ} &0 OF SFL|LCE.

run_config = RBunConfig(no_of_ps=1, summary_save_frequency=5, run_eval=True, use_gpu=Irue, chec

¢ »

9. Experiment 3

s, 4F sag =L

gt

uniquest =& S { A

« experiment_name : = deploy S 2|3t modellf job0 CHSH O| =
« description : modelZf jobCf| CESt Description

. mabimambar c smvrnsd Antirvaatares Al TEH Al 1d TITLEL AntirmatAar



9. Experiment 3

>

uniquest 2 EF S YT F, 2 S5g =FHELLCL

« experiment_name : = deploy 52 £/3F modellf jobd| CHEt O =

« description : modellf job0{| CE3t Description

« estimator : saved estimatorZ C|7 cell| A M S estimator

« hyper_parameters . £75 hyperparamter 2} = ArEA|(HE 1)

« hparams_search_settings : grid 24 S 2 §2{ hyperparamter 2 E2| =& AFEA|(HE 2)
« run_config : 2% =2H0| 2t =l confiuration 27

« input_function : 75 2| =l input_function

ZO|ALEH

o M ZHM = input_function0f error?t 212 ZS 43H0| TiX| 2 = QlaLCh

In [14]: experiment_name = uniquify("Resnet _Flower102_mnodel ")

n [15]: experiment § Experiment.run(@xperinent_name=experiment_nane,

description="Reshet Model trained on Flower data"“,
est imator=saved_estimator,
hyper _paramet ers=hyper _paraneters,

|nput functlon |nput functlon)
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In [19]:

ooy, I'ter—
ations': |
3000, ‘learn |
ing_rate': |
0.01, 'weigh |
t_decay': I
0.0002, ‘bat |
ch_size": |
100, ‘epoch_ |
staged_Ir': |
(100, 200], |
‘hatch_norm_ |
epsilon’: |
1e-05} I

Completed. .
) 1 4

10.2.2 job 2= & Zif 2t2/

jobO| 2t2 I CHZ(experiment.has_finished()0] True ©I Z2) &

ol

Ol §&/=T GEE &2lg + ASUICH
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Completed. .
4 1 4

10.2.2 job 2= & Zif 22/

In [20]: experiment.has_finished()

Out [20]: True

In [21]:} experiment.|ist_jobs_with_metrics()

Learning Job |d | Job Mame Eval Metrics

+

accuracy"
6483516693115234, "loss":
.69497692584991 46,

"global _step”: 3000}

| 1561939964101456
I
|

{
0
I

I
+
56 | Resnet _Flower102_model _BDL_okj |
|
|
|

eval metricsS £ H& 0| CHEE learning jobsE 2| A E HEIZ 20T == Q&L CL
NOTE : at&0| A|ZH=l = evaluationO| AJZHEl CHE, metrics @ E7F EA| =L CE



SAMSUNG SDS &z i
8 Brightics Al Deep Learning < Training Jobs > Create Training Job

Input Function :
Model Functions

EI Input Functions

Basic Settings User-Defined Function
A Augmenter O O

Model Function Model Function For = Image/Classification Load Settings
[[E] Model Functions Network *
; Number Of Classes *
< Network Inception ResNet V2
1000
Q Train Operations Inception Reghiet VZhiguark Number Of Classes
Training ey 3 FineTune [ ]
Fine Tune

E’ Training Jobs
Trainable Scope

Eg Models InceptionResnetV2/Logits,InceptionResnetV2/AuxLogits
Scopes to be trained

Inference

El Endpoints

33 Simulation

Loss *

28136

Show Advanced Options
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SAMSUNG SDS
Brightics Al Deep Learning

Input Function

El Input Functions
x Augmenter
Model Function

[[E] Model Functions
9 Network

Q Train Operations
Training

@ Training Jobs
Eg Models

Inference

E] Endpoints

i35 Simulation

& Training Jobs > Create Training Job

Run Configurations

Run Configuration For | Run Configuration - Sbrain

Iteration *
2000

Iteration description

Number of Parameter Servers *

Number of parameter servers description.

Number of Workers *
1
Number of workers description
Summary Save Frequency In Step.
50
Summary Save Frequency description
Checkpoint Frequency in Steps.
1000

Checkpoint frequency in steps description

Use GPU *

29/36
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SAMSUNG SDS s s s
3 Brightics Al Deep Learning & Training Jobs > Brightics-2019-06-27-00-28-01
inpot Finction Best Weights

oreate Mocel | clone |

E Input Functions

Metrics
N
/; Augmenter
Model Fuiction learning_rate M train top_3 M train meval mtest accuracy B train @ eval Htest
0.01 - 0.8 0.36
EE] Model Functions S~
,4/«'
/
9 Network 4
0.00754 0.6 Al 0.274 B
—— /
— /
O Train Operations 2 \\ R
o | /
2 \
raining 0.0054 0.4 e € 0.184 | vf‘/ o
¥ ¥ B L /\'
= \ 3
@ Training Jobs _— \‘ /
4 \ /
\\ A 7 4 \\ = /~
0.00254 0.24 \ SN 0.09+4 \ N
OO Models \ ~ \ /
\ / ~ p )
Infere: ‘\/ S SR
0 0 0+
m Endpoints 0 500 1000 1951 0 500 1000 1500 2000 0 500 1000 1500 2000
Simulation s mtrain Weval M test
2400000
1800000
1200000+
600000
04 - o)
X : - -
0 500 1000 1500 2000

XXEHO2 JIMFOl otHY
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TensorRT

=2 dc 24 0ol i, GPU H 22| AHE& 50%0|d B 7ts

|

Tensorflow, Pytorch &
NretsE Held =g

SETE HE elo] Zhas)
E 2 e :
Dl T/t _ =Rl Classification/Detection ‘47|
Tensor (Inference Acceleration Tensor
Algorithm) — & 28l 0] 714,
GPU | 22| 50%0| A &zt
[AS-1S 2H|H] ! MU 7had) - HEE QX80 A2 Zhad)
Float32 — Int8 LR BEEAS AMES INTZ YAISIsI0] M2 & 2 ois)
LS R —
s [HEE DHEOoM S 22X =X Tensor Fusion * GPU & GPU O 22| 2t THH = %X 3}, H5 74
T = o= [ GPU I:H Q=I|E -jlt—l&lil' GPU 74 LEE g%}, 2 & Handling
. 8ol

el Dynamic Tensor Memory o HE2| AFEEF XESHEA ALE)
- A X 85 HZ2| AR 583 AL xMxN, 3XHel B2 913 ol 2al B2
- Ct& & 8™ (Wrapper) 7+

S(Wrapper) 7 Parallel-Stream Processing - 7|E e oY - HEYUY 22 VM, S

- Tensorflow — C 0] Bzt 22X AEZ HE Kz CHY QY AERIS HE Y AEROR Bl
=) I:”E f . R N . —_ i

CRUSER S Low-rank approximation - A AN 7tz L5}
22| HEESX AR SHEd oA XFY = A O A| SUB K4 HHRE SO 2N B G ZhA3)
-Tensor(CHAH &l ) Bl E AL [ HRIK|7| @ n2|E | - Z83K %L IIEKQ LES M, HMEE M
-GPU/H| 22| 7HY sHS2 SL Qs MAa TS K| KA ETQTH ML E B x| AG)
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TensorRT

Resnetl101 FPS 2 GPU O 22| AF2ZF H| X NVIDIA Korea Z| X2t O|H-& =X
Tensorflow v1.13.0 TensorRT FP16 TensorRT INTS8
BATCH FPS GPU(MB) FPS GPU(MB) FPS GPU(MB)

1 82 8061 175 858 313 2448

50 317 8573 471 1834 960 2574

100 326 8575 470 2886 829 2702

200 332 8573 441 4986 761 5006

400 335 10793 435 9204 758 9614

FPS H| GPU At82F H|I1

1200 12000
1000 10000

o

o
o

800 8000
600 6000
400 I I 4000
° il ol il [
=l = [
1 50 100 200 400 1 50 100 200 400

m Tensorflow v1.13.0 mTensorRT(FP16) = TensorRT(INT8) m Tensoriiow vi13-0 MM ensolRI(ERTEIRRITENEE I

33/36



TensorRT

Light-Head R-CNN FPS 5! GPU 0| 22| AFZ2F H|
X NVIDIA Korea x| M3} 0|8 E =X|

Tensorflow v1.13.0 TensorRT(FP16) TensorRT(INTS8)
BATCH FPS GPU(MB) FPS GPU(MB) FPS GPU(MB)
1 11 6015 15 3623 24 2759
5 14 6527 19 5111 31 2999
10 14 8575 18 9246 26 9143
FPS H| 1! GPU AtE2E2F H|1
40 10000
30 8000
6000
20
4000
- gl 1} 1l II Il
0 0
1 5 10 1 5 10
m Tensorflow v1.13.0 ®mTensorRT(FP16) = TensorRT(INT8) m Tensorflow v1.13.0 mTensorRT(FP16) = TensorRT(INT8)
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