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• 지난주

-주식종가예측에대한Survey

• 이번주

- Accurate Multivariate Stock Movement Prediction via Data-Axis Transformer with Multi-

Level Contexts 논문에관한조사.

- 구할수있는데이터셋 list up
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- Univariate time series는하나의 time-dependent 
variable를가지고있는데 비해 Multivariate time 
series 은 최소한두개이상의 time-dependent variable
을가지고있음.

- Time series prediction은전력량예측, 주가예측, 수요예측등의문제에서이용되는중요한문제임.

- Univariate time series data를이용한예측은예측시점이전의정보(Seasonality, Tendency, cycle)
를이용해다음시점의예측을진행하지만, Multivariate time series는연관성이있다고판단되는
time series data간의Correlation이용해다음값들을예측함 .

< Multivariate time series 의예시>



• 대부분의주식종목들은각각의 sector에속함.

• Previous paper

- sector의고정된 list를가지고있고, sector의pre-trained list에의존함.

-시간에따라자연적으로변하는주식상관의동적인속성을잃음.

- sector에없는주식이나, sector가모호한주식에대해예측모형이적용되지않음.

-예측의품질이 sector 정보의품질에크게의존됨.

• Univariate time series data를이용한예측은예측시점이전의정보(Seasonality, Tendency, cycle)를이

용해다음시점의예측을진행하지만, Multivariate time series는연관성이있다고판단되는 time series 

data간의Correlation이용해다음값들을예측함 .
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Vector Autoregression (VAR) [1]

- VAR은확률적프로세스모델의한
유형으로Multivariate time series 를이용
하여단일변수Autoregression 모델을
일반화함.

Statistical method

DA-RNN [2]
- Multivariate time series의Correlation을 Attention 구조를활용하여

학습하는초기의모델
-금융시계열에서 Close 값만을이용하는단점이있음.

Spectral temporal GNN [4]
- Graph neural network로Multivariate time series의Correlation을학습.
-금융도메인에적용이되지않음

Transforemr encoder [7] [8] [9]
-전력소비량 ,  감염병전파, 주가예측등의업무를Transforemrencoder를활

용하여상관성을학습한예측진행.

Neural network method

-통계적인모델의단점은선형적인정보만을
선택적으로학습한다는단점이있음.

- 신경망기반방식은비선형적정보를함께학습할수있음.

- Transformer 방식은기존RNN의Gradient vanishing 문제를피할수
있음.

[5]
-주가의패턴을포착하고, Markov 

random field를사용하여연관성정보
로이용함.

[6]
-주식사이의상관을 Graph형태로

따로학습함.

Others

- 위방법의 주된제한점은pre-
defined correlation에의존한다는점임.

• Correlated Stock prediction



• Model Structure
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1) 2) 3)

-전체모델구조는크게 3가지로나뉨
1) Time-Axis Attention
2) Context Aggregation
3) Data-Axis Attention



• Model Structure - 1) Attentive Context Generation

- Feature Transformation

-위계산은 Attention LSTM 구조에학습시키기전계산복잡도의증가없이복수의 Time step을
aggregation하기위한과정
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, 𝑤ℎ𝑒𝑟𝑒 𝑎𝑛𝑑

- {𝑧𝑢𝑡 }𝑡 ≤𝑇 of length 𝑙 ,  where 𝑢 and 𝑡 are 
stock and time indices respectively

- 위의 𝑧𝑢𝑡 에서포괄적인 context vector인 ℎ𝑢
𝑐

를 얻는것이 Time-Axis Attention단계의 목표

Feature Transformation Layer

<Individual Stock>

…

Attention 
LSTM

Attention 
LSTM

Attention 
LSTM

Attention 
LSTM

…

<Time-Axis Attention>

ℎ𝑢
𝑐

𝑧𝑢𝑡



• Model Structure - 1) Attentive Context Generation
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- Attention LSTM

<Attention score> <Context vector>

- Context vector는 attentionLSTM을통과하여최종적으로계산됨
- AttentionLSTM은 Vanila LSTM과비교해효과적으로정보를전달함.

- Context Normalization

-각각의주식의정보를요약한 Context vector는서로다른값의범위를가지고있기때문에
Aggregation 단계전에 Normalization을진행.
-감마와베타는학습가능한파라미터이다. 



• Model Structure - 2) Multi-Level Context Aggregation

- Multi-Level Contexts

- The Effect of Global Contexts
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- ℎ𝑢
𝑚은개별주식의 context vector이고, ℎ𝑖는Market Index의 context vector임.

- β는 Index context vector가어느정도영향을미칠지결정할수있는 hyper parameter이다. 

- Global Contexts의효과를알아보기위해가장단순한 Attention인 dot product를시행.
-오른쪽항에서두번째 term을보면, 주식들과시장움직임의상관성에더큰가중치를부여함. 
-오른쪽항에서세번째 term을보면,시장움직임의강도를나타낼수있음.



• Model Structure - 3) Data-Axis Self-Attention
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- Self-Attention

- 𝑑 is the number of stocks and ℎ is the length of context 
vectors

- W is learnable weight

- Nonlinear Transformation

- The hidden layer size of MLP is 4h

, 𝑊 ∈ 𝑅ℎ𝑋ℎ



• Model Structure - 3) Data-Axis Self-Attention
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- Transformer encoder를 사용하는장점.

-주식시장의정보확산에대비해다른 Query와 Key
를학습함으로써비대칭적인 Attention score를학습
할수있음.

- AttentionLSTM이최근의지역적인정보에초점
을두는것과는대비되는것으로, Transforemr encode
는지역적인정보에초점을두지않음

- Final Prediction

-각값들을확률로해석하고, 직접적인방향예측에
적용하기위해 logistic sigmoid를사용함.
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• Training with Selective Regularization
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- training

-본논문의제안된 Structure인 DTML은주식예측값과실제값사이의 Cross Entropy Loss를최소
하는방향으로 Training함

- is an input tensor of the current time step, and y is the true stock movements

- Selective Regularization

- Regularization은 deep learning trainin시 overfitting을줄이기위해많이사용되지만. λ의최적
값을 찾는데어려움이있음

-마지막 Predictor의 parameter에만페널티를부여하는방식을사용
-그결과로 output space는제한하지만, 표현력은보존함.



• Experiment Setting

- Datasets

- ACL18 and KDD17 are public datasets

-다음날의움직임을예측하는것을목표로했고

-상승(y=1) or하락(y=0) 으로분류됨.
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• Experiment Setting

- Feature Vectors

- 𝑧𝑢𝑡는주식 u의 t 시점(날짜)의트렌드를묘사함.

-위값들은종가에대한 open, high, low 등의상대적

인값들을의미함
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- Evaluation
- Accuracy (ACC)
- Matthews correlation coefficient (MCC)

- Hyperparameters

Window size (w) 10, 15

market context weight 0.01, 0.1, 1

number of epochs 100, 200

learning rate 0.001, 0.0001

strength 𝜆 of selective 
regularization

1

dropout rate to 0.15

optimizer Adam



• Prediction Accuracy
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• 본논문에서제안된 DTML 알고리즘이이전에높은정확성을보였던 Adv-ALSTM에비해더나
은일반화가가능했고, 정확성에서좋은성과를보임.



• Invest simulation
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• SNP500 is used for the ACL18 and KDD17 datasets 데이터셋을비교모델중최상의성과와
비교한결과 13.8%p 더높은성과를보였고

• 나머지시뮬레이션에서도좋은결과를보임으로써, 비교모델과비교해더일반화된모델임을알
수있음.



• Interpreting Attention Maps
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• 위의 Attention Map을분석한결과, c
에해당하는소수의주식이대부분의
주식예측결과에영향을미치는것을
알수있음.

• B영역은대부분의주식이다른주식의
예측에영향을주는것을알수있음.

<전체 주식간의 attention score> <아마존과 구글 주식의 다른 주식에 대한 attention score>

• 위의 Attention Map을분석한결과
시간에따라특정주식에대한가중치
가달라짐을알수있음.

• 이전에는연관지을수없었던다른주
식과의상관성을알수있음.



• Interpreting Attention Maps
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• 초록색은 Attention 값이큰부분을나타내고, 붉은색부분은 Attention 값이적은부분을나타냄
• 위의 Attention Map은본 DTML 모델이다른주식뿐만아니라해당주식자체의정보또한이용함
을알수있음.

<구글 주식의 target data 와 source 
data에 관한 attention score>



• DTML

-상술된다양한데이터셋과평가 metric 에서비교모델들에비해전반적으로좋은성능을보임.

-비교모델에비해일반적으로성능이좋은모델임을알수있음.

• Issue of DTML

-일반적인시계열값을넣지않고 Context를만들어넣은이유에대한의문점.

- Context Normalization에서학습가능한 Parameter를추가해야되는지에대한의문점.
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• Available Dataset

- from pandas_datareader import data as pdr

pdr.get_data_yahoo

-위방식을사용해야후파이낸스의모든주식정보를가져
올수있음.

- Open, High, low, Close, Adj_close, Volume에대한정
보를불러옴

- S&P 500등의지수정보와애플, 구글등의개별주식정보
또한업로드가능
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<직접 데이터를 불러온 예시>


