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Transformer
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Embedding

“Apple”

컴퓨터는못알아듣는데?

숫자할당 (ex. 3)

➔ Vector 화: 원-핫인코딩 (ex. [0, 0, 0, 1, … , 0])

단어들의관계성을표현할수있었으면좋겠는데?

차원이너무커지는데?

밀집벡터 (ex. [0.5, 0.1, 0.1, … , 0.1])
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Predictive Embedding – Word2Vec

신경망구조/모델을이용하여특정문맥에서어떤단어가나올지예측하면서단어를

벡터로(임베딩)을학습하는방법

Word2Vec

신경망 알고리즘, 주어진 텍스트에서 텍스트의 각 단어마다 하나씩 일련의 벡터를 출력

유사한 의미의 단어들은 비슷한 벡터로 표현 (코사인 유사도, 거리가 가깝다.)
단어의 동의어를 찾을 수 있음
학습 방식: CBOW(Continuous Bag of Words), Skip-Gram
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CBOW

주변에있는단어들을입력으로중간에있는단어들을예측(출력)하는방법

예문: The fat cat sat on the mat
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CBOW

주변에있는단어들을입력으로중간에있는단어들을예측(출력)하는방법

예문: The fat cat sat on the mat

n=2n=2
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CBOW

Loss Func.: cross-entropy (𝒄𝒐𝒔𝒕 ෝ𝒚, 𝒚 = −σ𝒋=𝟏
𝑽 𝒚𝒋 𝐥𝐨𝐠 ෝ𝒚𝒋 )

학습대상: 𝑾𝑽×𝑴,𝑾𝑴×𝑽
′
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CBOW

Transpose 아님➔각각따로학습

Embedding Vector: 𝑾𝑽×𝑴 or mixture of (𝑾𝑽×𝑴 and 𝑾𝑴×𝑽
′ )

주변단어를벡터로변환: 𝑾𝑽×𝑴

➔이단어가어떻게맥락으로주어져야잘예측하나?
𝑾𝑴×𝑽

′ : 중앙단어를예측
➔이단어가예측대상일때어떤맥락과어울리나?
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Skip-Gram

중간에있는단어를입력으로주변에있는단어들을예측(출력)하는방법

𝑾𝑽×𝑴

𝑾𝑴×𝑽
′

Loss Func.: cross-entropy (𝒄𝒐𝒔𝒕 ෝ𝒚, 𝒚 = −σ𝒋=𝟏
𝑽 𝒚𝒋 𝐥𝐨𝐠 ෝ𝒚𝒋 )

학습대상: 𝑾𝑽×𝑴,𝑾𝑴×𝑽
′
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Seq2Seq

Context:
입력문자의정보를압축하
여하나의벡터로표현

Seq2Seq: 인코더와디코더로구성

Encoder: 입력문장의모든단어들을순차적으로입력받은뒤마지막 state(vector)를디코더로전송
Decoder: Encoder로부터 vector(context)를받아서번역된단어를하나씩출력

Word Embedding
단어→ Vector
컴퓨터가이해하기쉽게 + 데이터의의미및관계성보존

“Sequence to Sequence Learning with Neural Networks,”
[1409.3215] Sequence to Sequence Learning with Neural Networks

https://arxiv.org/abs/1409.3215
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Attention

Seq2Seq: 문장의정보를하나의 context로정리하는데성공했음!

문장전체에서현재시점에중요한단어에집중해보자!!

문장이길어지면고정된크기의 context에다담을수없는데?

Attention

너무정보가많은데?

문장이길어지면담을수있는 context도늘리자!
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Attention: Seq2Seq

“Neural Machine Translation by Jointly Learning to Align and Translate,”

[1409.0473] Neural Machine Translation by Jointly Learning to Align and Translate

https://arxiv.org/abs/1409.0473
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Attention: Overview
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Attention
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Attention

RNN
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아마, 전체 hidden 정보를디코더에추가적으로
알려주면더좋지않을까?
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Attention

RNN
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아마, 전체 hidden 정보를디코더에추가적으로
알려주면더좋지않을까?
➔모든디코더단계에알려주면더좋겠는데?
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Attention

RNN
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아마, 전체 hidden 정보를디코더에추가적으로
알려주면더좋지않을까?
➔모든디코더단계에알려주면더좋겠는데?
➔평균보다는잘구해진 weight로합하면더좋

을것같은데?
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Attention

RNN
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아마, 전체 hidden 정보를디코더에추가적으로
알려주면더좋지않을까?
➔모든디코더단계에알려주면더좋겠는데?
➔평균보다는잘구해진 weight로합하면더좋

을것같은데?
➔각시간별로 weight 가바뀌면더좋겠는데? 𝑣0

𝑎𝑗,𝑖 =
exp(ℎ𝑗𝑣𝑗−1)

σexp(ℎ𝑖𝑣𝑗−1)
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Attention
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Attention
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Transformer

RNN + Attention

순차적으로입력하니느리다.

병렬화

Transformer

Word2Vec

문맥에따라바뀌면좋겠다.

주변정보도보자!

순서는?

Positional Embedding

어떻게?

Self-Attention
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Transformer
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Encoder

동일한구조의 encoder 반복

두개의 sublayer로구성: Self-Attention Layer + Feed Forward Neural Network Layer

각 encoder 는 weight 공유 X
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Encoder

첫번째인코더입력: 임베딩벡터

(N + 1) 번째인코더입력: N 번째인코더에의해만들어진결과 vector

마지막인코더출력: 각디코더로전달
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Encoder

Attention layer

. 입력벡터를모두활용➔문맥이해 (장거리의존성파악)

Feed Forward Neural Network

. 자기에게주어진벡터만처리➔비선형변환 (복잡한특징추출가능) 및특징추출

. 다음레이어로전달할정보를전달하기위해정제
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Encoder – Multi-head Self-Attention

Query: 원하는정보를찾기위한검색어

Key: 가지고있는정보의요약 (제목)

Value: Key(제목, 검색어)에해당하는실제정보, 데이터

➔새로운정보를생성할때,

검색어(Query)와제목(Key)의유사성을계산하고, 

이를활용하여기존정보(Value)들을잘취합하자!!
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Encoder – Multi-head Self-Attention

입력된정보를기반으로스스로를관계를파악하고, 이를활용하여자기자신의표현을개선한다.

➔입력시퀸스를기반으로 Query, Key, Value를스스로생성한다.

입력시퀀스

Q, K, V를스스로생성하기
위한변환
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Encoder – Multi-head Self-Attention

입력시퀸스를기반으로 Query, Key, Value를스스로생성한다.

입력시퀀스예

매트릭스를곱하여

Q, K, V를스스로생성
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Encoder – Multi-head Self-Attention

새로운정보를생성할때,

검색어(Query)와제목(Key)의유사성을계산하고, 

이를활용하여기존정보(Value)들을잘취합하자!!

Q와 K의내적
유사성판단
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Encoder – Multi-head Self-Attention

새로운정보를생성할때,

검색어(Query)와제목(Key)의유사성을계산하고, 

이를활용하여기존정보(Value)들을잘취합하자!!

기존의 value를 weighted sum

유사도를확률화

유사도정규화

계산된유사도

𝒅𝒌 : key vector의차원

본예제그림에서는 3이지만, 
Transformer 에서는 64

➔ 𝒅𝒌 = 8
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Encoder – Multi-head Self-Attention

행렬형태로표현한 self-attention 계산
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Encoder – Multi-head Self-Attention

야마타노오로치: 
일본신화에나오는꼬리와머리가

여덟개달렸다고하는거대한용

Head: 한가지시야∙관점➔한가지측면으로분석

Multi-head: 문맥을여러관점에서분석➔강력해짐
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Encoder – Multi-head Self-Attention

하나의 attention head는각 token 별로하나의 vector (representation) 생성

Multi-head attention: 여러개의 vector 표현➔여러개의 representation 생성가능

논문에서는 8개의 attention head를가짐 / 서로다른표현에맞는 Weight 각각생성
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Encoder – Multi-head Self-Attention

1. 생성된 attention head들을 concatenate

2. 학습한 weight 와 matrix 곱하기

3. FFNN으로전달할 vector들 (matrix) 생성
z1
z2
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Encoder – Multi-head Self-Attention

z1
z2

r1
r2
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Encoder – Positional Embedding

Self-Attention

Self-Attention 은병렬화가목적

➔순서가상관없어짐

순서정보도문맥이해에중요한요소

Positional Embedding 을통해순서정보추가

입력시순서정보도추가해주자!
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Encoder – Positional Embedding

몇번째 token 이냐? (pos)

해당 token의몇번째값이냐? (2i, 2i+1)

2 번째토큰의 2 번째원소값:

𝑷𝑬(𝟐,𝟐×𝟏) = sin
2

10000
2×1
50

= 𝟎. 𝟗𝟖𝟑

논문에서는 dmodel = 512
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Encoder – Residual Connection

각 encoder 내의 sub-layer: residual connection으로연결 + layer-normalization

Residual connection: 심층신경망의학습안정성보장

Layer-normalization: 각 Token별로임베딩값들을정규화 (평균: 0, 분산: 1)
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Decoder
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Decoder
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Decoder
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Decoder
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Decoder – Masked Decoder Multi-head Self-Attention

Positional Embedding: 위치정보추가

첫번째 token 처리시, 

이후 token (두번째, 세번째) 

score를매우작은음수로처리

디코더는한 token씩해석해나가는과정

➔현재처리하는 token 이후의정보는무의미함

➔ Look-ahead mask 도입
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Decoder – Encoder-Decoder Multi-head Attention

디코더: 문장전체의내용을기반으로하나씩해석해가는과정

➔ Key, Value: 문장전체에대한검색어및내용

➔Query: 현재까지해석한내용정보

➔ Key, Value: From Encoder / Query: From Decoder

Thinking Machines

생각하는

기계

QK V
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Decoder – Encoder-Decoder Multi-head Attention
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Decoder – Linear & Softmax

Decoder의출력

➔Linear layer: 토큰벡터를단어장에 projection 및각단어가될점수 (차원확장)

➔Softmax layer: 점수를각단어가될확률화
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Transformer – 실습

The Annotated Transformer

https://nlp.seas.harvard.edu/2018/04/03/attention.html#encoder

