
2020.10.02 데이터수집및주제선정
2020.10.09 데이터전처리, 논문리뷰
2020.10.16 모델생성및훈련, 결과도출
2020.10.23 성능향상을위한튜닝
2020.10.30 문서작성및프로젝트발표

Schedule

논문리뷰및구현

FineTuning
데이터수집 및 전처리

FSGAN
StarGAN-VC

Works
30%

25%

15%

GAN을활용한음성&영상합성

§ FSGAN기반 Face Swap
§ StarGAN-VC를 이용한 음성 변조

음성및영상합성을통한
Fake Video생성

Preparation 
Data Set : 유명인음성Data
GAN(Generative Adversarial Network) 기반기술
StarGANVC / FSGAN 모델적용

Deep Learning Application based on StarGAN-VC and FSGAN
2조: Advance

2조 - 김정준, 김용신, 김예현, 박승우, 장우원

Team Members

Face Swap과 Voice Conversion에관한연구

10%

20%



DEEPBRAIN 의 AI Human 기술 간략하게 구현해보기
StarGAN을 이용한 음성 변환과 FSGAN을 이용한

영상 합성을 통해 AI Human 영상 제작

Motivation
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Introduction

1. Project Goal

• 음성과영상합성을통한 AI Human 구현하기

2. Overall Process (논문리뷰)

• 논문리뷰

• 영상: FSGAN

• 음성: Cyclegan-vc, Stargan-vc, Stargan-
vc2

• 코드실습

• GAN, Cyclegan, Stargan, Fsgan

• 데이터셋수집

• 문재인, 김상중, 박근혜, 김주하, 아이유, 
유인나

• 모델학습

• Training: Cyclegan-vc, Stargan-vc, 
Stargan2-vc

• Finetuning: Fsgan

• 데모영상

• 문재인->김상중

• 박근혜->김주하

3. Dataset

• Description

• 2 class (문재인, 김상중) – 500개씩

• 4 class (문재인김상중박근혜김주하) - 200개씩

• 4 class ( 김주하, 박근혜, 아이유, 유인나) – 200개씩

• 4 class( 김주하, 박근혜, 아이유, 유인나) – 250개씩

• 500개단위가 (음성의한문장)



https://forms.gle/ke3b8qgeZACYCJSm6

YouTube to WAV 변환기 - Vrew 브루

한문장별로나눠
음성데이터취합

음성합성된음성정성평가분석을
위한설문조사진행

Survey

https://forms.gle/ke3b8qgeZACYCJSm6
https://loader.to/ko21/youtube-wav-converter.html


StarGAN VC source analysis 



Face Swap

Face Swap 기술이란?

사진혹은비디오에있는얼굴을인식하여, 얼굴의부분을우리가원하는
대상의얼굴부분으로바꿔주는딥러닝기반의기술을의미한다.

Source Target Result

+

FSGAN (Face-Swapping Generative Adversarial Network)

Goal: Subject-agnostic face swap



FSGAN(Face Swapping Generative Adversarial Network)

Contribution:

1. RNN기반으로접근하여사진한장또는영상시퀀스에적용하여
얼굴재현을가능하게함.

2. Face completion network를사용하여얼굴영역을생성하고, face 
blending network를통해 target의얼굴색과조명색을유지하여두
얼굴이매끄럽게합성되도록함.

3. 새로운손실함수인 Poisson blending loss를사용.



• 고품질의음성데이터수집및음성파일 preprocessing

• Prototype #1 문재인과김상중간목소리변환모델의데이터 500여개수집

• Prototype #2 여성화자기반의목소리데이터 200여개파일수집

Voice preprocessing



• 음성데이터분포분석

팀내역할과주별주요활동



• 학습성능향상을위한영상편집및마스크처리

• FSGAN

• 박근혜김주하얼굴합성및파라미터튜닝

• starGAN

• Model training

• Loss terms, converge and density 등의

정량평가데이터분석, 가시화및최적모델탐색

• 데모시연영상편집및제작

팀내역할과주별주요활동



음성 feature 추출방법

Voice data  !"#$%&'()*

§ +,-.&'/01234567

출처: SK t아카데미/ 스마트 ICT 전문가양성/ 딥러닝기반음성학습강의자료



음성 feature 추출방법

Voice data  !"#$%&'()*

§ MCEP 89

출처: SK t아카데미/ 스마트 ICT 전문가양성/ 딥러닝기반음성학습강의자료
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FSGAN

Iteration 800 > 1000, batch size 8 > 30



Voice Conversion

: 화자가전달하려는내용 (linguistic content)은유지하고우리가원하는대상화자의
말하기특징 (acoustic feature)을합성하여목소리스타일을변환하는기술을의미한다.

발화내용
• 동일한발화데이터를사용하는지여부 – Parallel vs Non-Parallel
• 발화된언어가동일한지여부 – Mono-lingual vs Cross-lingual

발화자구성
• 여러명의화자를사용하는지여부 – (one-to-one) vs (many-to-many)
• 동일한성별의화자를사용하는지여부 – (same gender) vs (different gender) 

mel-spectrogramwaveform audio

mel-spectrogramwaveform audio

source speaker

target speaker

G G

D Real/Fake

𝑥 #𝑥



Voice Conversion Models

모델선택
: CycleGAN-VC, StarGAN-VC

CycleGAN-VC StarGAN-VC

modulation-based 
conditional method

StarGAN-VC2

목적
: 각모델이갖는특성에따라합성된음성의퀄리티가
어떻게달라지는지살펴보고음성함성도메인에서
개선의여지가있는기능들을살펴보고자한다.

선행분석

• 다양한 sampling rate 설정 :  16K,  22K, 32K
• 배치사이즈변경 : 16, 128, 256
• 학습 iteration : 50K, 100K, 200K
• 다양한목소리특징을갖는화자를구성하여학습

: 박근혜, 유인나, 아이유, 김주하

분석결과
• 기존연구에서사용되는 16K로 resampling하는결과가제일좋음
• 배치사이즈가적을수록미세하게좋은합성결과를얻음
• 배치사이즈를작게설정하고 iteration을많게설정하면비교적

안정적인음성합성결과를얻음
• 목소리의높낮이나말의빠르기가많이차이나는화자간의

음성합성은잘되지않는결과를얻음



Model Comparison (1)
CycleGAN-VC StarGAN-VC StarGAN-VC StarGAN-VC2

Classification Loss
(discriminator) × Ο Ο Ο

Domain code modulation (Generator) × Depth-wise modulation Depth-wise modulation Conditional instance 
normalization

Reconstruction Loss Ο Ο Ο Ο
Domain A-Domain B One-to-One One-to-One Many-to-Many Many-to-Many

CycleGAN-VC (one-to-one) 
vs 

StarGAN-VC (one-to-one)

StarGAN-VC (one-to-one)
vs

StarGAN-VC (Many-to-Many)

Facial attribute transfer results on StarGAN



Model Comparison (2)
CycleGAN-VC StarGAN-VC StarGAN-VC StarGAN-VC2

Classification Loss
(discriminator) × Ο Ο Ο

Domain code modulation (Generator) × Depth-wise modulation Depth-wise modulation Conditional instance 
normalization

Reconstruction Loss Ο Ο Ο Ο
Domain A-Domain B One-to-One One-to-One Many-to-Many Many-to-Many

StarGAN-VC (Many-to-Many) vs StarGAN-VC2 (Many-to-Many)

sample 1

sample 2

Limitation on previous methods
: Source speaker의음성길이에맞춰 target 스피커의말하기특징 (acoustic feature)을합성하다보니여전히 source 
speaker의음성특징정보가남아음성합성결과에안좋은영향을미침



Experimental Results (1)

정량적결과 (Quantitative Results)

Evaluation metrics: precision, recall, density, coverage

정성적결과 (Qualitative Results)

평가방법: 구글설문조사를통해음성파일을듣고좀더문재인 (target speaker)의목소리와비슷한샘플에순위를매기도록함

음성합성샘플 : 김상중 → 문재인

설문조사자수: 25명

질문목록
• 각모델이합성한음성샘플을비교하여어떤모델이정성적으로좋은결과가지는가?
• 정량지표 (Density, Reconstruction Loss, Generation Loss) 의 min, max,  median 값을시점 (iteration)의모델의정성평가 (StarGAN-VC 2 

모델로고정)

CycleGAN-VC StarGAN-VC (2p) StarGAN-VC (4p) StarGAN-VC 2 (4p)



Experimental Results (2)
Model A : CycleGAN-VC
Model B : StarGAN-VC (2p)
Model C : StarGAN-VC (4p) 
Model D : StarGAN-VC 2 (4p) 

Recon_loss: reconstruction loss
Gen_loss : generation loss



● Problem
○ The more movement on the face, the lower the performance

○ It takes about an hour to synthesize the two videos.
● Average similarity between the two videos

○ Feature types: Pixel vs. Face embedding(FaceNet) vs. PCA

○ Metrics: Cosine similarity, MSE, SSIM(Structural Similarity Index Measure)

○

A B

b1a1

Average similarity



Cosine sim: 0.7563 | 비à 김종국 Cosine sim: 0.8391 | 성시경à 비

Cosine sim: 0.9358 | 김종국à 성시경 Cosine sim: 0.9437 | 규현à 성시경

Average similarity



Demo video

김상중à 문재인 박근혜à 김주하



● Experience in synthesizing videos from data collection to demo video

● 논문리뷰 → 코드실습 → 데이터셋수집 → 모델학습 → 데모영상

● Voice

● Sampling rate, batch size, iteration, …

● 정량및정성평가

● Video

● Average similarity between the two videos

● Future work

● 음성) Source speaker의음성내용에 Target speaker 목소리톤을입히는경우 Source speaker의음성길이에맞춰 Target 

speaker의목소리톤을합성하다보니자연스러운음성변환이힘든경우가있다.

● Target speaker의 corpus당음성길이를유지하기위한 loss term을학습과정에추가하여 Target

speaker의자연스러운음성변환

● 클래스당데이터의개수를늘리고좀더다양한클래스를구성하여모델을학습하도록한다

● Voice conversion에서 feature를추출한방법상고주파수영역의소리, phase 정보손실

● MFCC로 feature 추출방법을변경

● wav 파일자체를 feature로사용(학습시간이오래걸리기때문에추후예정)

Conclusion



Q & A


