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Clova Al Core Technologies to B2B
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Clova

Al Technology Hierarchy

Lightweight AutoML

Application Logics + API

Task-specific Models

(Fine-tuning, Transfer learning, Distillation, Domain
adaptation, ...)

Powerful Pretrained Models
(Regularizer, DataAug, LR scheduling, Curriculum learning, ...)
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Clova

Distillation: Student Better Than A Teacher

[Heo et al. Arxiv 2019]

[CIFAR-100]
Setup Compression type Teacher network Student network b R Compress
teacher student ratio
(a) Depth WideResNet 28-4 WideResNet 16-4 5.87M 2.7TM 47.2%
(b) Channel WideResNet 28-4 WideResNet 28-2 5.87TM 1.47M 25.0%
(c) Depth & channel WideResNet 28-4 WideResNet 16-2 5.87TM 0.70M 11.9%
(d) Different architecture WideResNet 28-4 ResNet 56 5.87M 0.86M 14.7%
(e) Different architecture  PyramidNet-200 (240) WideResNet 28-4 26.84M 5.87M 21.9%

() Different architecture  PyramidNet-200 (240) PyramidNet-110 (84) 26.84M 391IM 14.6%
Setup | Teacher | Baseline KD [¥] FitNets [22] AT [30] Jacobian [26] FT[!4] AB][7] Proposed
(a) 21.09 22.72 21.69 21.85 22.07 22.18 21.72 21.36 20.89
(b) 21.09 24 .88 23.43 23.94 23.80 23.70 23.41 23.19 21.98
(¢) 21.09 27.32 26.47 26.30 26.56 26.71 25.91 26.02 24.08
(d) 21.09 27.68 26.76 26.35 26.66 26.60 26.20 26.04 24.44
(e) 15.57 21.09 20.97 22.16 19.28 20.59 19.04 20.46 17.80
(f) 15:57 22.58 21.68 23.79 19.93 23.49 19.53 20.89 18.89
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Clova

Distillation: Student Better Than A Teacher

[Heo et al. Arxiv 2019]

[ImageNet-1k] [Other Tasks: Object Detection & Segmentation]

’ : Network  #of Method AP(%

Network wol PArdM " Method e Top-2 i . e — e
(ratio) error(%) error(%) ResNet50-SSD 36.7M Teacher (T1)  76.79

ResNetl52  60.19M  Teacher  21.69  5.95 WS e SRRy AR
: Baseline 71.61

Baseline 23.72 6.97 ResNet18-SSD  20.0M  Proposed-T1  73.08

25 56M AT [,.ét{.\] 22.75 6.35 Proposed-T2  72.38

ResNet50 (42.5%) FT [14] 22.80 6.49 s Baseline 67.58
e AB [7] 23.47 6.94 _;Sl')elit:‘ 6.5M  Proposed-TI  68.54

Proposed  21.65 5.83 Proposed-T2 ~ 68.45

ResNet50 25.56M Teacher 23.84 7.14
Baseline 31.13 11.24

Backbone # of params Method mloU

- AT [30] 30.44 10.67 ResNet101 59.3M Teacher  77.39
MobileNet (16.5%) FT [14] 30.12 10.50 ResNet18 16.6M Baseline  71.79
AB[7]  3L11 11.29 ‘ (28.0%)  Proposed 73.24

Proposed 28.75 9.66

5.8M Baseline 68.44
(9.8%) Proposed 71.36

MobileNetV?2

10
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Clova

CutMix: New Robust Data Augmentation

[Yun et al. Arxiv 2019]

ResNet-50 Mixup [46] Cutout []

Original
Samples
Input
Image
Dog 1.0
CAM for ImageNet 76.3 77.4 171 78.4
‘St. Bernard’ o » Cls (%) (+0.0) (+1.1) (+0.8) (+2.1)
ImageNet 46.3 45.8 46.7 47.3
CAM for q Loc (%) (+0.0) (-0.5) (+0.4) (+1.0)
"Poodle’ M ) Pascal VOC  75.6 73.9 75 76.7
= Det (mAP)  (+0.0) (-1.7) (-0.5) (+1.1)

Mixup Cutout CutMix

NAVER | LINE
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CutMix:

. Clova
New Robust Data Augmentation

[Yun et al. Arxiv 2019]

_ Top-1 Top-5
Model #Params | (%) Err (%) Baseline Mixup Cutout CutMix
ResNet-152* 603M 21.69 5.94 TOp—l Acc (%) ) 4.4 11.5 31.0
ResNet-101 + SE Layer™* [14] 494M 2094 550
ResNet-101 + GE Layer™ [13] 584M 20.74 5.29
ResNet-50 + SE Layer* [14] 2261M 2212 5.99 lable 11: Top-1 accuracy after FGSM white-box attack on
ResNet-50 + GE Layer* [ 3] 33.7M 21.88 5.80 [mageNet validation set.
ResNet-50 (Baseline) 256 M 2368  7.05
ResNet-50 + Cutout [2] 256 M 2293 6.66 A
ResNet-50 + StochDepth [ 16] 256M 2246 627 Method TNR at TPR 95% AUROC Detection Acc.
ResNet-50 + Mixup [406] 256 M 2258 6.40 Baseline 26.3 (+0) 873 (+0) 82.0 (+O)
ResNet-50 + Manifold Mixup [40] 25.6 M  22.50 6.21 . ) . .
ResNet-50 + DropBlock* [7] 256M 2187 598 Mixup 118 (-14.5)  49.3(-38.0) 60.9(-21.0)
ResNet-50 + Feature CutMix 256 M 2180 6.06 Cutout 18.8 (-7.5) 68.7 (-18.6) 71.3 (-10.7)
ResNet-50 + CutMix 256 M 21.60 590 CutMix 69.0 (+42.7) 94.4 (+7.1) 89.1 (+7.1)
Detection Image Captioning
Eifizfﬁe Tﬂmiggfféﬁg) SSD[23] Faster-RCNN [20] NIC[41]  NIC [/1]
P 0 (mAP) (mAP) (BLEU-1) (BLEU-4)
ResNet-50 (Baseline) 23.68 76.7 (+0.0) 75.6 (+0.0) 61.4 (+0.0) 22.9(+0.0)
Mixup-trained 22.58 76.6 (-0.1) 739 (-1.7) 61.6 (+0.2) 23.2(+0.3)
Cutout-trained 22.93 76.8 (+0.1) 75.0 (-0.6) 63.0(+1.6) 24.0(+1.1)
CutMix-trained 21.60 77.6 (+0.9) 76.7 (+1.1) 64.2 (+2.8) 24.9 (+2.0)
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Clova

Lightweight CNN Architecture Design

: . Input
 Here, the problem is how to design feature-map =
sizes when the # of parameters is limited. >
128
128
256
256
« The performance could be improved by weight layer 512
reallocation. 512
512
512
512
512

Output

13
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SOTA Lightweight Image Models

[Classification (ImageNet)]

25
°

g 20 ResNet-50
e 15
©
3 10
s 5
** ° °

0 MobileNet_v2 Clova Al

71 72 73 74 75
Top1 = (%)
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[Han et al. 2019; Yun et al. 2019; Yoo et al. 2019]

[Object detection (Pascal VOCO07)]

°
SSD-ResNet50

0.7

TDSOD Clova Al
° o
0.72 0.74 0.76 0.78

mAP

[Face detection (Widerface Hard)]

24
)
20 S3FD-Base
16
12 S3FD-Small
8
4 Clova Al
°®
0 o
0.75 0.8 0.85 0.9

mAP
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Lightweight CNN Architecture Design

 Transfer to object detection task (finetuning)
e Pascal VOC 07 test results (trained on VOC 0712 trainval):

Clova Al Agks}

PASCAL: VOC &= (2437]) 77.0 (5.4M)

* Transfer to text detection task (Lite-CRAFT)
« |CDAR-13 test results:

Backbone # of params

VGG-16 BN 20.8 M
Ours 23 M
Ours 2.1 M

NAVER | LINE

SSD - MobileNet_v2
70.1 (5.4M)

Hmean(%)

91.5
91.0
89.0



. Clova
LaRva: Language Representation by Clova

Blgl—M based on BERT Task Name: Average
New task definition

+ GLUE vs. KLUE and JLUE ) e m————
e :"_'".-,,L--;.---_--t_-‘"_'"_"‘_' - _'"_"_:_;:_:'_;_EE__E_ET___E_E_

New encoding, corpus-level pEEEETTCCIAs

curriculum learning, n-gram maksing  *
« Distributed learning for LaRva )
* Fast LaRva
N 75

100k 200k 300k 400k 500k 600k 700k 800k 900k 1000k

7
b
A
- |
/

L12, W+MNW+E+N+B, 32k_v1, Cased (128->512 Length)
semee 12, W+NW+E+N+B, 32k v2, Uncased
==@- |12, N-gram, W+NW+E+MN+B, 32k_v1, Cased (init From Scratch]
selee 12, W+NW+E+N+B, 32k_v1, Cased
— — L12, Multilingual, Cased
— — 112, Multilingual, Uncased
==®= bert-large-kor-full-8node_1024b-kor_32k v1_vocab-cased
e 24 W+NW+E+N+B, 22k_v1, Cased
e LB WH+NW+E+MN+B, 32k v1, Cased

16
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Task-specific Models
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Clova
Speech Enhancement

[Orignal] [Enhanced]
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) . Clova
Audio-Visual Speech Enhancement

» Speech separation given lip regions in the video
[Afouras et al. Interspeech 2018]

Denver ] San Diego
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Clova

HDTS: SOTA Speech Synthesis

Required recorded voice data: 10hrs = 4hrs - 40mins

3
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Detection in OCR

[Baek et al. CVPR 2019]
CRAFT: Character region awareness for text detection

NAVER | LINE



OCR Challenges

* The 15t rank in 4 Leaderboards @ ICDAR Challenges
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AutoCut (BTS)

NAVER LlNE https://channels.vlive.tv/EFO205/home



Clova

AutoCAM (Black Pink)

Applications of tracking, pose estimation, and person re-id in in-the-wild videos
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Clova

Detection in OCR

CRAFT: Character region awareness for text detection  [Baek et al. CVPR 2019]

__________________________________

[ Image ) Comv[1x1x16] _: Region score Affinity Box Generation Character Boxes ' Each Region Score GT
(hxwx3) (h/2xw/2x1) R Score Generation Module ©00
h / Conv[3x3x16] . / Box o
VGGlo6-BN Conv[3%3x32] * Transformed
i R il onvisxIxJ= ’ . Abox 2D Gaussian
5 i Conv[3x3x32] Affinity score E
: C{rfu' S::agel : i L (h/2xwi2x1) ) el
i (W2 xwiZx64) : UpConv Block i \
i f _ . :
. l ! (b/2xw/2%32 : oo
: Conv Stage: i Staced m Characterbox ____: Perspective ”~ 0 o o (’
i (Wdxw/4x128) i = | Affinity box Faeh Transform
: : UpSample (2x) == Centerof a characterbox Affiniry | 2D Gaussian
; E UpConv Block =4 Centerofa triangle Affinity Boxes Box Affinity Score GT
E i (WA w/4x64)
H ]
i Conv Stage3 i 5 3 —
i _ A 4.619 tage- Splittin
E (/8 xw/8x256) : C[OPPcd omo Chlznractci (6/6)
E : UpSample (2x) °o°°¢ — (5/7)
E : UpConv Bleek | ______ | (5/6)
i ! (W/8xw/8x128) | | UpConvBiock | \
i Conv Staged i A Stage2 | I i ‘ Confidence map
e v - i 1 !
: (}U]bx“fléxbl_} : \r i Batch_uorm i
i : 2 i
i : UpSample 2x) i Conv[3 = 3xout_ch] !
: : Ipf OHTI B.Toc_.fr ) ! Batch_norm i
! i (W/16xw/16%256) : i
! ~ i i Conv[1=1x{out_chx2)] !
! Conv Stage5 i Stagel | |
t (W/32xw/32x512) : 3 i I i
; ¥ E b : =y Generate Pseudo-GT
i Conv Stage® ; ©: Concar wesp- Train with Real Image Loss
; (b/32xw/32x512) : wep Train with Synthetic Image
! i Synthetic Image

Synthetic GT

NAVER LINE b



Clova

Detection in OCR

[Baek et al. CVPR 2019]
CRAFT: Character region awareness for text detection

Method IC13(DetEval) IC15 IC17 MSRA-TD300 | rp
R | P|H|]R | P|H|R|P|H|R P]|H
Zhang et al. [39] 78 | 88 | 83 [ 43 | 71 [ s4 | - [ - - 67 | 83 | 74 [ o4
B A Yao ctal. [37] 80.2 | 88.8 | 843 | 587 | 723 | 648 || - | - - || 753 | 765 | 75.9 || 1.61
 EsoeER | e |- €A SegLink [ 7] 83.0 | 87.7 | 853 | 768 | 73.1 | 750 || - | - -l 70 | 86 | 77 || 206
AT TR = ERRE] o Bl SSTD 5] 86 | 89 | 88 | 73 | 80 | 77 || - | - : . S X
OUIE LINGUINI"S e T P —— Wordsup [ 1] 87.5 933|903 | 770 | 793 | 7182 || - | - . - S I [
= EAST* [40] - |- - | 783 1833 (807 || - | - - || 674 | 873 [ 761 || 13.2
At He etal. [11] 81 | 92 | 86 | 80 | 82 | 81 || - | - -l 70 177 | 74 || L
R2CNN [13] 82.6 | 93.6 | 87.7 | 79.7 | 856 | 825 || - | - . - - |- .
TextSnake [2-] - |- - | 804 | 849 (826 || - | - - || 739 1 832 [ 783 || 11
TextBoxes++* [17] | 86 | 92 | 89 | 785 | 878 [829 || - | - . - - |-
EAA[10] 87 | 88 | 88 | 83 | 84 | 83 | - | - . . -
Mask TextSpoiter [25] || 88.1 | 94.1 | 9.0 | 81.2 | 858 | 834 || - | - : . S
PixelLink* [4] 87.5 | 88.6 | 88.1 | 820 | 855|837 || - | - - | 732830 | 778 || 3.0
RRD* [19] 86 | 92 | 89 | 80.0 | 88.0 [838 | - | - -l 7387 | 79 || 10
Lyu etal.* [20] 84.4 | 92.0 | 88.0 | 79.7 | 89.5 | 84.3 || 70.6 | 74.3 | 72.4 || 76.2 | 87.6 | 81.5 || 5.7
FOTS[21] - | - | 873 820 888|853 | 57.5|795|667 | - - | - | 239
CRAFT(ours) | 93.1 | 97.4 | 952 | 84.3 | 89.8 | 86.9 || 68.2 | 80.6 | 73.9 || 78.2 | 88.2 | 82.9 || 8.6

NAVER | LINE !



Clova

Recognition in OCR

* Full integration for practical OCR [Baek et al. ArXiv 2019]

Model Year | Train data [T S_VT [CO3 IC13 ICI5 SP CT Time | params
3000 647 860 867 857 1015 1811 2077 645 288 | ms/image | x10°

CRNN [21] 2015 | MJ 78.2 80.8 894 — —  86.7 — — — — 160 8.3
RARE [ 1] 2016 | MJ 81.9 819 90.1 — 88.6 — — — 71.8 59.2 <2 —
R2AM [15] 2016 | MJ 78.4 80.7 88.7 — — 900 -— — — — 2.2 -

Z STAR-Net[!7]]2016 | MJ+PRI 83.3 83.6 899 — - 89.1 - — 735 - — —
Z GRCNN[20] |2017 |MJ 80.8 815 912 — — — — — — — — —
_E ATR [ 2] 2017 | PRI+C — — — — — — — — 75.8 693 — —
E FAN [4] 2017 | MJ+ST+C | 874 859 — 942 — 933 706 — — - - -
2 Char-Net[16] 2018 | MJ 83.6 844 91.5 — 908 — —  60.0 735 -— — -
~ AON [7] 2018 | MJ+ST 87.0 828 — 915 -— — —  68.2 73.0 768 — —
EP[] 2018 | MJ+ST 88.3 875 — 946 — 944 739 — — — — —
Rosetta | 7] 2018 | PRI — — - — — — — — — — — —
SSFL [ 15] 2018 | MJ 89.4 87.1 — 947 940 — — — 739 625 — -

- CRNN[21] 2015 | MJ+ST 829 81.6 93.1 92.6 91.1 892 694 0642 700 655 4.4 8.3
§ RARE [ 1] 2016 | MJ+ST 86.2 85.8 939 937 926 91.1 745 689 76.2 704 23.6 10.8
E R2AM [ 15] 2016 | MJ+ST 83.4 824 922 920 90.2 88.1 689 63.6 72.1 649 24.1 2.9
2 STAR-Net[!7]|2016 | MJ+ST 87.0 869 944 940 928 91.5 76.1 703 775 T1.7 10.9 48.7
£ GRCNN [26] | 2017 | MI+ST 84.2 837 935 93.0 909 888 7T1.4 658 73.6 68.1 10.7 4.6
= Rosetta [ 3] 2018 | MJ+ST 84.3 847 934 929 909 890 71.2 660 73.8 69.2 4.7 44.3
© Our best model MIJ+ST 87.9 87.5 949 944 93.6 923 77.6 T1.8 79.2 74.0 27.6 49.6

NAVER | LINE b



SOTA Fashion Retrieval

Stage 2

No Downsampling

- GD: Global descriptor

- FC: Fully connected layer

- I3z Ig-normalization layer

- BN: Batch normalization layer

NAVER | LINE

FC(0)}+Softmax

Auxiliary

Classification loss

Ranking loss

[Jeon et al. Arxiv 2019]

Clova

. SOP In-shop
Model Backbone Dim —y 10 100 1000 | 1 10 20 30 40 50
Facility [27] BN-Inception 64 | 67.0 837 932 - - - - - -
HTL [V] BN-Inception | 512 | 74.8 883 948 984 | - ; i i . ;
HTL (] BN-Inception | 128 | - - - - 809 943 958 972 974 978
Margin [ 5] ResNet-50 128 | 727 862 938 980 | - ; i i . ;
ABE-8 [27] GoogleNet! | 512 | 76.3 884 948 982 | 873 967 97.9 982 985 987
BFET [7] ResNet-50f | 1536 | 83.0 933 973 992 | 89.1 963 976 985 99.1 -
CGD (SG/GS) | BN-Inception | 64 | 75.6 80.0 955 086 | 86.6 963 074 079 082 084
CGD (SG/ - ) | BN-Inception | 512 | 80.5 92.1 967 989 | - ; i i . ;
CGD( - /GS) | BN-Inception | 128 | - i - - | 885 97.1 98.0 985 988 98.9
CGD (SG/GS) | ResNet-50 128 | 81.0 922 968 99.1 | 884 072 081 984 087 088
CGD (SG/GS) | ResNet-50f | 1536 | 83.9 938 975 092 | 90.9 980 987 99.0 99.1 992
CGD (SG/GS) | ShuffleNet-v2 | 1536 | 78.7 909 96.1 988 | 86.1 969 97.8 984 986 987
CGD (SG/GS) | SE-ResNet-50% | 1536 | 84.2 939 074 992 | 91.9 981 987 99.0 99.1 993

29



. . Clova
Audio-Visual Speech Enhancement

— o et 2 way [Chung et al. ICASSP 2019]

Cross-Entropy
Loss

Multi-way
Cross-Entropy

softmax layer Loss

fc layer softmax layer

N features

Normalized
L2 distance

L2 distance

layer WxH #filts layer TxWxH  #filts )
Video

feature features

Video Audio

m feature feature
images

(a) Audio stream (b) Visual stream (b) AVE-Net (¢) Proposed model
Tab.le 1. Synchronlzatl.on accu1jacy. # Frames: the number Table 2. Word accuracy of lip reading using various architec-
of visual frames for which the distances are averaged over. tures and training methods.
# Frames | SyncNet | AVE-Net | Proposed [ Architecture | Method [ Top-1 (%) |
5 75.8% 74.1% 89.5% MT-5 [15] E2E 66.8
7 82.3% 80.4% 92.1% LF-5[15] E2E 66.0
9| 87.6% 86.1% 94.7 % LSTM-5[15] | E2E 654
11 91.8% 90.6% 96.1% TG-S E2E 71.5
13| 945% | 93.7% | 97.5% igg IIE : i{}ngNNe; 2;3
15 96.1% 95.5% 98.1% TCS BT Proposed 16

30
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Super-Real Style Transfer

[Yoo et al. Arxiv 2019]

[PhotoWCT wo pp] [WCT2(ours)]
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Super-Real Style Transfer

« Wavelet Pooling for Perfect Reconstruction [Yoo et al. Arxiv 2019]
, o . | B _ wrrrrs7 _
WCT Max-pooling / Upsampling - Unpooling Wavelet pooling Wavelet unpooling
Multi-level stylization Progressive stylization
:' ______________________________________ i" :' ''''' A _\'I:;;u;;;g_m_;; s '___'I_ ''''''''' E" High frequency component skips
: | ! == === i) - _
i i ! L
C i i) C—> |
1 nmu vl R m=- | 1 nnn TR | 1
5 ! s ) ot N : :
: J'___l_.r"lx‘ : 4'_ l,,.r'"lh S —»
! eooyer T Lyl - R \ (s SRR B Ll :‘]__:,,»‘
P :—' 1 ..--‘:* ------- C
N g mmmmmmmmm e e e I level 5 i E 1 SR I level 4 E : a WCT WCT WCT a
s SRR RS
= ljevel 1 —* ljevel 1 T smoothing + filtering = lfinal

https://github.com/clovaai/wct?2

NAVER | LINE -


https://github.com/clovaai/wct2

Clova

EXTD: EXtremely Tiny face Detector

and kiss §
and kiss

\’\ oh baby

oh baby

[EXTD: 0.16M] [MobileFaceNet: 1.5M]
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StarGAN

[Choi et al. CVPR 2018 (oral)]

(@) Training the discriminator (b) original-to-target domain (c) Target-to-original domain (d) Fooling the discriminator Input Angry Disgusted Fearful Happy Neutral Sad
| Depth-wise concatenation
. ki Original StarGAN
Real image Fake image - Fake image domain (SNG)
(UH (2) |
StarGAN
(JNT)
N —— |
Depth-wise concatenation Method Hair color Gender Aged Method Classification error  # of parameters
DIAT 9.3% 31.4% 6.9% DIAT 110 32.6M < 7
Input Black hair  Blond hair  Gender Aged HG H+A G+A H+G+A CycleGAN 20.0% 16.6% 13.3% CycleGAN 5.99 52.6M x 14
| B IcGAN 4.5% 12.9% 9.2% [cGAN 8.07 67.8M x 1
StarGAN 66.2% 39.1% 70.6% StarGAN 2.12 53.2M x 1
Real images 0.45 -

Table 1. AMT perceptual evaluation for ranking different models
on a single attribute transfer task. Each column sums to 100%.

Method H+G H+A G+A  H+G+A
DIAT 204%  15.6%  18.7% 15.6%
CycleGAN  14.0% 12.0% 11.2% 11.9%
IcGAN 182% 109%  20.3%  20.3%

StarGAN 47.4% 61.5% 49.8%  52.2%

Table 2. AMT perceptual evaluation for ranking different models
on a multi-attribute transfer task. H: Hair color; G: Gender; A:
Aged.
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. Clova
LaRva: Language Representation by Clova

 Glant-scale general-purpose language model by improving BERT

« Not Multi-lingual BERT but LaRva
[WikiSQL] [KorQuADj

Leaderboard
Dev Dev Test Test
Model logical form execution logical form execution Uses execution Rank Reg. Date Model EM F1
accumcy acturary ﬁt(lllﬂ(y accumcy
R _ _ _ 2018.10.17 Human Performance 80.17 91.20
xecution-Guided Deceding 84.2 90.2 83.6 89.6 Inference
& o BERT-Kor (single)
1 2019.03.13 S n Tq 8350  92.41
‘ Clova Al LPT Tean
+Execution-Guided Decoding 51.3 87.2 511 87.1 Inference e
1 2018
. BERT LM fine-tuned (single) + KHAIII P o
Execution-Guided Decoding 2 2019.01.30 e 8332 9210
: 76.0 84.0 75.4 83.8 Inference Kakao NLP Team
hi] P,
Ko ; g . 52 BERT LM fine-tuned (single) + KHAIII
(Hwang 2019) 816 87.2 807 86.2 3 2019.01.24 el L__‘ 9 8214 9185
: Kakao NLP Team
% 499 84.0 499 837
an1 2
MQAN (unordered)
! 7 82.0 75.4 81.4
McCann 2018)
M rgdere
7 82 73.2 81.4
M ainn 2018
LoarsezZrin
e 72.5 79.0 1 78.5
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Clova

NSML

NSML: ML research platform that enables you to focus on your model!!

NAVER SMART
MACHINE LEARNING
PLATFORM

eeeeeeeeeee

[Sung et al. MLSYS 2017@NIPS 2017]
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Easy One-Liner CLI

 Dataset registration
/app/examples/09_NMT$ nsml dataset push NMT_EN_KR ./nmt_en_kr

e Train

/fapp/examples/09 NMT$ nsml run —-d NMT_EN_KR
Session clair/NMT_EN_KR/1 is running

e Serve (Inference)

/app/examples$ echo Hello | nsml infer clair/NMT_EN_KR/1/12
ot d 5t M 2

NAVER | LINE

Clova
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NSML

 Support any kind of GPU clusters
« Automated GPU allocation / release

Support most deep learning libraries
Docker-based isolated research environment

Easy-to-use CLI and Web interfaces
Effective visualization

Leaderboard

Jupyter and AutoML

[Sung et al. MLSYS 2017@NIPS 2017]
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Clova

AutoML in NSML

NSML
+  AutoML

et
jupyter

NAVER | LINE



i o w2, o

o =
E%o

(5) AutoML

AutoML Z& At

X+t

10
me

ntzfolE

mr

ol
ol
k-
H
K
)
=
o
K0
Kq
E,_u_ o
.m ol
e H
© I
© B
A
ol mujn
1o =]
e ]
mn
o
o/l
o o
T
= oK
I Kq
W g
o] 0]
o) E
= ©
oI
Kq ol
- = =
pIX O
i wl O
NIE R

[

2780

Jjo
z0

il

10%

up

AutoML

ki

7|

OC—

AutoML sessions

Agents

AutoML

ki

7

® Stop
® Dead

® Live

AutoML

ki

7|

NSML sessions pool

Interface

41

NAVER



Clova

Clova Al Tech Demo

Clova Al Tech Demo

Clova Al 25 E 28t Al MAS 2|5l
2t 2oF Alof| T M[A =10 7| =8 S & H 5104
A2 XIof| A ME|AZ M 25D QY

=
=
A
= A

https://clova.ai/techdemo
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Clova
We can meet here

ICLR | 2019 ICML | 2019 2 LONG BEACH
Seventh International Conference on  Thirty-sixth International Conference on " CALIFORNIA
Learning Representations Machine Learning June 16-20, 2019

ACL 2019

ANNUAL MEETING

of the Association for Computand%al Linguistics

~
3 . ,"| 1,I
2 o]

- AR

SIGIR 2019

GRAZ - AUSTRIA
SEPTEMBER 15™ - 19" 2019

LCLYV 2019 S+—
— EMNLP-1JCNLP 2019
Seoul, Koveo _
INTEHSPE%%I; I
The ACM Conference Series on MOb’SySZ 0 19
Recommender Systems The 17th ACM international Conference or

Mobile Systems, Applications and Services
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Research Opportunities

Clova
Develo



Clova Al
World—class Achievement

86% =

all@1 vs Alibaba 79%)75% (1.6M) J"l\/\/\’ 2%

_l_
(vs 72.1% with 1.7M, Intel Lab) (err rate vs others 5
Product Image Search Lightweight (detection)  Four—hour Recoding Voice

=Y 83 ()  80%
IKISQL SOTA 75%) 0 recg. vs google 5¢
Optical Character Recognitic

b
99%

Pose Tracking

A\l oA




Selected Publication List of Clova Al Since 2018

1. Sungetal. NSML: A Machine Learning Platform That Enables You to Focus on Your Models, MLSYSWS@NIPS 2017

2. Seo et al. Neural Speed Reading via Skim-RNN, ICLR 2018,

3. Choi et al. StarGAN: Unified Generative Adversarial Networks for Multi-Domain Image-to-lmage Translation, CVPR 2018.

4.  Afouras et al. Deep Lip Reading: a comparison of models and an online application, Interspeech 2018.

5.  Chung et al. VoxCeleb2: Deep Speaker Recognition, Interspeech 2018.

6. Afouras et al. The Conversation: Deep Audio Visual Speech Enhancement, Interspeech 2018.

7. Lee et al. Acoustic modeling using adversarially trained variational recurrent neural network for speech synthesis, Interspeech 2018.
8. Hwang et al. A Unified Framework for the Generation of Glottal Signals in Deep Learning-Based Parametric Speech Synthesis Systems, Interspeech 2018.
9. Park et al. Representation Learning of Music Using Artist Labels, ISMIR 2018.

10. Lee et al. Unsupervised holistic image generation from key local patches, ECCV 2018.

11.  Kim et al. Multimodal Dual Attention Memory for Video Story Question Answering, ECCV 2018.

12.  Seo et al. Phrase-Indexed Question Answering: A New Challenge for Scalable Document Comprehension, EMNLP 2018.

13. Lee et al. Answerer in Questioner's Mind: Information Theoretic Approach to Goal-Oriented Visual Dialog, NeurlPS 2018.

14. Song et al. Hierarchical Context enabled Recurrent Neural Network for Recommendation, AAAI 2019.

15. Park et al. Adversarial Dropout for Recurrent Neural Networks, AAAI 2019,

16. Park et al. Paraphrase Diversification using Counterfactual Debiasing, AAAI 2019.

17. Heo et al. Knowledge Distillation with Adversarial Samples Supporting Decision Boundary, AAAI 2019.

18. Heo et al. Knowledge Transfer via Distillation of Activation Boundaries Formed by Hidden Neurons, AAAI 2019,

19. Oh et al. Modeling Uncertainty with Hedged Instance Embeddings, ICLR 2019,

20. Gu et al. DialogWAE: Multimodal Response Generation with Conditional Wasserstein Auto-Encoder, ICLR 2019.

21. Lee et al. Large-Scale Answerer in Questioner's Mind for Visual Dialog Question Generation, ICLR 2019.

22. Kim et al. Curiosity-Bottleneck: Exploration By Distilling Task-Specific Novelty, ICML 2019.

23. Chung et al. Perfect match: Improved cross-modal Embeddings for audio-visual synchronisation, ICASSP 2019

24. Baek et al. Character Region Awareness for Text Detection, CVPR 2019.

25. Seo et al. Real-Time Open-Domain Question Answering with Dense-Sparse Phrase Index, ACL 2019.

26. Chung et al. Who said that?: Audio-visual speaker diarisation of real-world meeting, Interspeech 2019.

27. Afouras et al. My lips are concealed: Audio-visual speech enhancement through obstructions, Interspeech 2019.

28. Yamamoto et al. Probability Density Distillation with Generative Adversarial Networks for High-quality Parallel Waveform Generation, Interspeech 2019,
29. Hwang et al. Parameter enhancement for MELP speech codec in noisy communication environment, Interspeech 2019.
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Clova

WE ARE HIRING! Join Us!

Positions
Research Al Software Research Global
Scientist Engineer Internship Residency

Fields and Domains
All fields of Al from fundamental theories to practical applications

Why should | Join Naver Clova?

Great Colleagues & Work Environment, Hands-on R&D Experience
Advisory: Kyunghyun Cho, Jun-Yan Zhu, Hannaneh Hajishirzi, and Jaegul Choo

How to Apply?
clova-jobs@navercorp.com
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Clova
We are hiring 2019 Fall / 2020 Spring Global Residency

Clova Al Research
Recruiting

2020 SPRING
GLOBAL
RESIDENCY
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Send Your CV Today!

clova-jobs@navercorp.com

[Clova Al Github]
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