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①대규모데이터로 Teacher model학습
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②지식추출: soft label or soft target
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③ Studetn model 정의
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④지식전수
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Distillation Loss

- Student Model Prediction(Soft Predictions)이 Teacher model의
Soft Target(Soft Labels)와유사해지도록하는손실

Student Loss

- Student Model Prediction이 Hard Target(Hard Label)과
일치하도록하는손실
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정보손실
최소화!
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Feature-based Distillation

- Student model이 Teacher model의중간
계층, 피처맵등을통해서학습하는
방법

Relation-based Distillation

- Student model이 Teacher model 내부의
여러부분들사이의관계를
모방하는법을배우는방법
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Offline Distillation

- Teacher model을먼저훈련시킨다음, 

Student model을가르침

Online Distillation

- Teacher model, Student model을함께
훈련

Self Distillation

- Student model이자기자신으로부터
스스로배움



III. Knowledge Distillation - Problems

Problem 1

- Student model이 Teacher model의여러 hidden 

layer로부터학습하려면 student model이충분히깊은
구조여야한다는것

Problem 2

- 최종출력계층만사용한다고하면, 최종출력
계층의출력이항상풍부한정보를제공하지않을
수도있다는점.

- Wav2vec 2.0은음운정보를중간계층에저장하므로, 

마지막계층만학습해서는얻는이점이적음
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L1 거리최소화

- Student model의예측벡터가 Teacher model의벡터와
‘값’측면에서비슷해짐.

코사인유사도최대화

- 두벡터간의코사인유사도를최대화
- 이는 Student model의예측벡터가 Teacher model의
벡터와 ‘방향’ 측면에서최대한일치하도록함.
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𝑳 = 𝑳(𝟒) + 𝑳(𝟖) + 𝑳(𝟏𝟐)
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Metrics

(1): 음소인식 (Phoneme Recognition, PR)

(2): 키워드감지 (Keyword Spotting, KS)

(3): 의도분류 (Intent Classification, IC)

(4): 화자식별 (Speaker Identification, SID)

(5): 감정인식 (Emotion Recognition, ER)

(6): 예시기반음성용어탐지 (Query-by-

Example Spoken Term Detection, QbE)

(7): 슬롯채우기 (Slot Filling, SF)

(8): 화자검증 (Automatic Speaker Verification, 

ASV)

(9): 화자분리 (Speaker Diarization, DZ)
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VI. Results – Ablation study(2)
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VI. Results – Ablation study(3)
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