PROFILE ZEHI DONGBIN CHO

Birth 1993.01.05
Email ken.dbc.career@gmail.com

Work i ~
. ~ SOOP Clolef7 =S / E#
Experlence 2023.02.13 ~ 24 (F* AfreecaTV) ML Engineer
2022.06.20 ~ 2022.12.31 Undefined HEE /2

ML Engineer

23 / oI

2019.12.26 ~ 2020.02.29 Kakao _—
Data Scientist
2018.11.05 ~ 2019.04.22 SIHIATE ASAlS IE / EE!%
Research Scientist
Education 70,03.01 ~ 2022.02.25 steyrieta chat ML Systern Lab. / A4t
AFEAZEQ| 05t DL Model Optimization
2012.03.01 ~ 2018.08.31 A k=T ami Management of Tech. Lab. / &
Uo. -UG. Atoi sty Gamification
Publications 2022 BIB Journal RAMP: Response-Aware Multi-task Learning with

(Briefings in Bioinformatics) Contrastive Regularization for Cancer Drug Response Prediction (link)

2022 ICEIC Quantization training with two—-level bit width (link)

(International Conference on Electronics, Information, and Communication)



https://academic.oup.com/bib/advance-article/doi/10.1093/bib/bbac504/6865135
https://ieeexplore.ieee.org/document/9748737

PROJECTS

SOOP

(7 AfreecaTV)

[1] Global SOOP Reco. Pipeline
[2] MLOps

[3] Clip & Short-form VOD Reco.
[4] Streamer Exploration

[5] Streamer Representative VOD
[6] VOD View Valuation

[7] Offline Simulation

[8] LIVE Broadcast Reco.
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PROJECTS

[1] Match Result Recorder 170

Undefined [2] Competition Rule Recommendation 270
[3] FAQ Chatbot 30

[1] Network Embedding Generation 23274

ML System [2] DNN Model Quantization - 1 24
Lalo. [3] DNN Model Quantization - 2 374

[4] Artificial Intelligence Assistant 271

[1] Automobile Video Recommendation =

[2] Comics Recommendation 2=

[1] (KR) Multi-speaker Speech Synthesis Model 474

HanbitSoft

[2] (EN) Text Chatbot 270




SOOP (+t AfreecaTV)

[1] Global SOOP Reco. Pipeline
[2] MLOps

[3]Clip & Short-form VOD Reco.
[4] Streamer Exploration

[5] Streamer Representative VOD
[6] VOD View Valuation

[7] Offline Simulation

[8] LIVE Broadcast Reco.
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AWS , k8s, Kafka, Airflow, Feast, Hive, Spark, MAB, PyTorch, ElasticSearch, Redis
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Human Resource

v

GitLab

‘

CT

Worker
(Daemon)

Data Storage

MLflow =

§g kafka cT

= 4 Apache

11 Airflow
— B aoacie —
ZooKeeper

=

Apache
All rflow Worker

(Daemon)

Worker
(Batch)

(O

=

haEIEIEl[B PostgreSQOL
: Artifacts Runs’ Info.
« Model Registry * Hyper-parameters
- - * Images (PNG, YAML) «  Metrics

MLflow =& 2! 0|=35}
ML/DL &+ W& Atitet 2 B 22| 2L

MLflow, HDFS, PostgreSQL, nginx
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Sampling-Bias-Corrected Neural Modeling for Large Corpus

B

Item Recommendations

Zhao, Li Wei, Ed Chi

Google, Inc.
{xinyang,jiyangjy,lichan,zcheng, heldt,aditeek, zhezhao, liwei, edchil@google.com

Xinyang Yi, Ji Yang, Lichan Hong, Derek Zhiyuan Cheng, Lukasz Heldt, Aditee Kumthekar, Zhe

Streamer Selection
1. Short-term
2. Long-term

Recommending What Video to Watch Next: A Multitask
Ranking System

Zhe Zhao, Lichan Hong, Li Wei, Jilin Chen, Aniruddh Nath, Shawn Andrews, Aditee Kumthekar,
Maheswaran Sathiamoorthy, Xinyang Yi, Ed Chi

1.

Deep Neural Networks for YouTube Recommendations
Paul Covington, Jay Adams, Emre Sargin
Google
) Mountain View, CA
{pcovington, jka, msargin}@google.com Google, Inc.
{zhezhao,lichan, liwei,jilinc,aniruddhnath, shawnandrews,aditeek, nlogn, xinyang, edchij@google.com
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Airflow, PyTorch, Hive




<0) N o r 6)
19 M I M 10

AER|H EHE 27 i

2 VOD 214 A 21 BTHE 91
312 Hols} 228 HIOIEIol B2t AIBE B 3 CHE AE2i0iS2] 2/41/617] VOD 27}

CHE VOD ¢ thHl, &= Al-E M B| WA Ciefet AER|HO| VODE Al

1. U 71 B /S 22l (e.g., B Al¥ == AEE|H)
2. 20| B HO|H 7= 7|50t E7F

Airflow, PySpark, Hive

AER|H EH | E VOD MY 22| 7iL

. AER|HQt A E D E VODES 45} 510
2. AER|HE ) HEE £ Q= n 7 VOD MA

—

AE2|0 32 (7! HO[A]) AEtofl =& B CHE VOD M4 e (7]2: AE2|HS) i) Fe))
VOD B7HS I3t Of2] S| ALE M4 (R4, 2314, YUK 5)

Airflow, Hive, HBase, RDB
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Airflow, PySpark (SQL), Hive

Airflow Dag Graph

O vod_view_valuation
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Undefined
[1] Match Result Recorder

[2] Competition Rule Recommendation

[3] FAQ Chatbot



Undefined

Al Serveing Pipeline

ke

[ AWS-ECS]
) OCR Server

Y L e

W

[User] _ [ AWS-EC2] [ AWS-ECS]

Organizer [ Main Server] Al Web Server Reco. Server
Gamer

[ AWS-ECS]

Chatbot Server




Undefined

Match
Result

Recorder
(OCR)

Competition
Rule
Recommendation

Chatbot

Tesseract(Google, LSTM-based)

« Define Problem

+ Define Pipeline
*  Our Tesseract Model
* Cloud API (in case of poor confidence)
+ Finetuning

*  Model Serving

Matrix Factorization (Alternative Least Squares)

Define Problem

EDA and Feature Selection (via Correlations)
Model Selection/Tuning

Model Optimization (remove operations)
Model Serving

Multi-lingual BERT, StarSpace (Facebook)

« Dataset Preprocessing
* Model Selection/Tuning
«  Model Serving


https://arxiv.org/pdf/1709.03856.pdf
https://github.com/tesseract-ocr/tesseract

ML System Lab.

[1] Network Embedding Generation
[2] DNN Model Quantization - 1
[3] DNN Model Quantization - 2

[4] Artificial Intelligence Assistant



Project
description

Problem

Network Embedding Generation

* Published in 2022 BIB (Briefings in Bicinformatics) Journal

[Human Cell lines - Cancer Drugs] Response Prediction

Network (graph) dataset consist of

* Cell line nodes
* Drug nodes
* Protein nodes (connected to Cell lines)

My Task: Train embedding vectors of Cell lines and Drugs

Extremely unbalanced dataset

* About 20,000 Protein nodes
e About 900 Cell line nodes
 About 300 Drug nodes

Fails to reflect the relationships between Cell lines & Drugs

As a result, we got poor response prediction performance

Paper

Github
Code

O cellline QDrug O Protein


https://github.com/jarvis08/PerClusterQuantization
https://github.com/jarvis08/PerClusterQuantization
https://academic.oup.com/bib/advance-article/doi/10.1093/bib/bbac504/6865135
https://github.com/jarvis08/PerClusterQuantization
https://github.com/jarvis08/PerClusterQuantization
https://github.com/hvcl/RAMP/tree/main/src/embed

Solution

O Cellline ODrug O Protein

Cell Lines Profile
Drug Response

© ]
Protein

Interaction

Random Walk
(0@0000)
(e0@000)

Total Networks [ 00000 O]

— Resistant

Relationship

3338

Fig. 1. The framework of RAMP. RAMP consists of two main stages. First, representation vectors are extracted from heterogeneous networks with

Response-aware Negative Sampling (RA-NS)

Make training process to focus on relationships between Cell lines & Drugs

* Cell line & Drug nodes use resistant Drug & Cell line nodes as their negative samples

* Tested Models: Node2Vec, Graph Convolutional Network, Graph Transformer Network

Embedding
Representation Vector

o] 64 dim. )

o(000000)]—>

o 64 dim. )

Contrastive Regularization

Latent Features of
x; and x;

©0000[0000[0000) >U
A 24

® 000 000

| P
Conca

Sensitivity

Resistance

RA-NS. Second, the multitask architecture of a Bayesian neural network is trained by representation vectors with contrastive regularization.

rediction Label y

‘ f25
0.0

NS (train) |
NS (test)
=]
=]
-

-2.5
RA-NS (train)
-5.0
RA-NS (test) ‘ ‘
(=] (=) =] =] =
1" 1" =] n ©
- & NN
Drug ID

Fig. 2. Embedding similarities among drug and cellines. We subtract the
similarity of a drug and its resistant cell lines from the similarity of the
drug and its responsive cell lines. The results are normalized and plotted
in a heatmap format. The higher (or redder) the value is, the better the

embedding reflects the network structure.



[MLsys Lab. 2] DNN Model Quantization - 1

Github
Code

DNN Model Quantization - 1

What i General DNN models use Float32 type variables

QuaEzaHon Quantized models use low-bit INT types at inference

Definition

* Model storage
* In memory load
thias « Matrix multiplication
with Float32 type cause bottleneck/unusability in low performance H/W



https://github.com/jarvis08/PerClusterQuantization
https://github.com/jarvis08/PerClusterQuantization
https://github.com/jarvis08/PerClusterQuantization

[MLsys Lab. 2] DNN Model Quantization - 1

Poor Quantized models’ performance(e.g., accuracy)
Performance drops catastrophically when using sub-8bit INT type
Too generalized Quantization parameters

* Quantization parameters require:
Why Perlayer avg-ed min/max range of intermediate outputs across datasets

Problem

Averaged min/max values include outliers

Deep neural network
Input layer Multiple hidden layers Output layer

%

A

O
O
O

et

N

min
max

%EQ%%

QOOOO
e

min min min min
max max max max



Granular Exponential Moving Average (Granular EMA)

Train Quantization Parameters while excluding outliers

Solution Neural Network Aware Clustering (NNAC)

Train Quantization Parameters separately across clusters of input images
* Some data might need shorter min/max range
* Shorter range means less information loss

PCQ AlexNet convl PCQ AlexNet conv2
17.5 @ 30 i . ) . .
? o ? 6 Figures' Description
15.0 >§<
. 8

25 P P

s 8 o 8 B Shows that our method
20  how efficiently exclude outliers

10-0 .  how to work with clusters

7.5

QAT : Baseline (Google)

10

[ |
5o B Cluster*: Ours
1L = 5 i B X:Trained maximum value
2.5 -
[ |

Box-plots : Actual max values per image

QAT Clusterl Cluster2 Cluster3 Clusterd4 QAT Clusterl Cluster2 Cluster3 Cluster4



Paper @

—~ General Forward —

DNN Model Quantization - 2

conv

* Published in 2022 ICEIC (international Conference on Electronics, Information, and Communication)

Quantization Aware Training (Google) @
o Fake-quantize all of the weight matrices with a single low-bit type

» Too much quantization errors occur and the trained model gets ruined . y,

Problem

QuantNoise (Facebook) e Fake Quantization N

» Fake-quantize probabilistically selected subsets of matrices(a subset per matrix)

e Trained models under-prepared for Quantization

Fake Single Precision Training (FST)
+ Probabilistically select subsets of weight matrices as QuantNoise
» Fake-quantize selected subsets with low-bit type
+ Fake-quantize the rests with higher bit type than the selected



https://github.com/jarvis08/PerClusterQuantization
https://github.com/jarvis08/PerClusterQuantization
https://ieeexplore.ieee.org/document/9748737

Artificial Intelligence Assistant

e Al Assistant App, Aimond

B Currently, the service name has been modified to Genie
B Developed by Stanford OVAL Lab

e Training Korean Seq2SQL Model

B Dataset preparation

0 Web Crawling
0 Construct templates of sentences (example of sentences)
0 Augment sentences based on templates

B Train & serve model

<« C & geniestanford.edu B % 0@ :

Genie OVALLab  Thingpedia  Docs

& Genie

The Open, Privacy-Preserving Virtual Assistant

Try Genie Now

input formal dialogue
user utterance RecommendMany;

Restaurant, price == cheap
“Do you have anything { name = “Pizza Hut City Centre”, area = centre, ... }
with Indian food?” { name = “The Missing Sock”, area = east, ... }

v

( CSP Model )
v
user state

Exec: Restaurant, food = “indian”
&& price == cheap

v \4
[ Agent ]
y I ¥

“Do you have a specific output formal dialogue
part of town in mind?” SearchQuestion: area;
Restaurant, food = “indian” && price == cheap
agent utterance { name = “Kohinoor”, area = centre, ... }
{ name = “Royal Spice”, area = north, ... }

!


https://genie.stanford.edu/

Kakao

[1] Automobile Video Recommendation

[2] Comics Recommendation



Automobile Video Recommendation

Purpose Adjustment of trade-off between exploration & exploitation
Thomson

Sampling
h-params
tuning

[Exp-1] High matrix sparsity
Reason
[Exp-2] Considering time bias enhanced by low traffic

Ranking
Algorithm
(RRF to

Purpose Searching the key model among ensembled models

Other well performing services had been used similar model combination
* Therefore, assumed that the composition of used models are good enough

Weighted-
sum)

Reason

Purpose Overcome Matrix Factorization model’s limitation

ltem2Vec
instead of
Matrix
Factorization

Needed to generate reco. results within limited item list
* The limited items rated 30~40th on avg., if we force the limitation off

Reason

Needed some models which capture information which MF can’t




Automobile Video Recommendation

Adjustment of trade-off between exploration & exploitation
Thomson

Sampling
h-params
tuning

[Exp-1] High matrix sparsity
Reason
[Exp-2] Considering time bias enhanced by low traffic

Beta Distributions of Arms

Reco. Result ( Selected Arms )

HUAlALCE X 28t SHPHACH H7|X} BMW i4 edrive 40
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Automobile Video Recommendation

Rank-ing Purpose Searching the key model among ensembled models
Algorithm

(RRF to
Weighted- 5 Other well performing services had been used similar model combination
eason
sum) * Therefore, assumed that the composition of used models are good enough
ItemID Similarity
3 0.8542
17 0.8345 [ Ensembled ]
LCF] Reco. result
Reco. result 2 0.7984 — —
2 0.8303
33 0.6214 Example of
Weighted-sum 17 08104
ltem ID Similarity 33 0.6813
2 0.8441 42 0.5870
51 0.5510
[ Text Analysis ] 42 0.8385
Reco. result 17 0.8001
51 0.7871
33 0.7070




[Kakao 1] Recommendation Algorithm - Automobile video

Automobile Video Recommendation

Overcome Matrix Factorization model’s limitation

Needed to generate reco. results within limited item list

ltem2Vec
instead of

Matrix

k< * The limited items rated 30~40th on avg., if we force the limitation off
Factorization

Reason

Needed some models which capture information which MF can’t

{ MF Model’s Reward Matrix ) ( ltem2Vec Model’s Input Sequence )

—
w
nN | Ol

v

£ 4+ > 3 : \ . . /
Chronologically ordered watch history




Comics Recommendation

Purpose Better reflection of Japanese characteristics

Word2Vec
input dataset
reconstruction

Previously, model used nouns and pronouns only
Reason
According to past researches, verbs and adjectives are also important for JP

Purpose Strengthen the key model

Modified
ranking

algorithm
(RRF to WRF)

By previous experiment logs, the only MF used reco. pipeline without
ensemble method outperformed ensembled pipeline

Reason

But the ranking algorithm the system was using weakened MF’s power




Comics Recommendation

Modified
ranking
algorithm
to
Weighted
Rank Fusion

Strengthen the key by giving weight to rank values

By previous experiment logs, the only MF used reco. pipeline without
ensemble method outperformed ensembled pipeline

But the the Weighted-sum Ranking Algorithm weakened MF’s power

[ Ensembled ]
ltem ID Rank
1

2
17
ItemID | Rank Item IDT Rank ItemID | Rank
3 2 1 3 1
17 42 2 42 2
2 7 3 2
[CF] [ Text Analysis ] [ Image Sim. ]




HanbitSoft

[1] (KR) Multi-speaker Speech Synthesis Model
[2] (EN) Text/Audio Chatbot



(KR) Multi-speaker Speech Synthesis Model

e Dataset preparation

Web Audio files

Crilng Script files

Cut audio files into files of sentences

Preprocessing

Cut script files into sentences (by comparing STT results)

e H-params optimization

e Demo https://jarvis08.github.io/pjt_hbs multi.html



https://jarvis08.github.io/pjt_hbs_multi.html
https://jarvis08.github.io/pjt_hbs_multi.html

Speech
Recognition

Problems

e High classification error

Solutions

e Dataset relabeling

e Applied proper metric to
evaluate unbalanced classes

e Made model to be more
robust at typo from Speech
Recognition (FastText)

(EN) Text/Audio Chatbot

Sentence

Generation

Problems

e Poor performance of

Speech
Synthesis

long-sentences generation

Solutions

e Applied attention mechanism to

Seg2Seq model
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Speech
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(EN) Text/Audio Chatbot

3

Sentence
Generation

Speech
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