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Experiment
Chart Pattern recognition with Deep Learning (2018)
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Experiment

* Image : Conv2d
Best Test Accuracy : 70.3704%
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CAM & Grad-CAM
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CAM(Class Activation Map) & Grad-CAM(Gradient-weighted CAM)
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CAM
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Grad-CAM
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Grad-CAM our case (1) : 0|=0| SHIE 32

Flot @ Plot 112.png | Predict : ris | Label @ ris

0 10 20 30 40 o0

0

T K

432
20
431 - I‘
“ ‘ Y l 30
430 '| l
429 - “

40

=

<Predict pattern>

50

=

<Target Pattern>




Classification

Grad-CAM our case (2) : 0i50| E21 HL
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Model Architecture: NBEAT-S

FC Stack
(dropout)

e )
[

backcast ]

[
[

forecast]

\_

/

Input

,[

Trend
Stack

Seasonality
Stack

}
}




Regression

NBEAT-S
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Regression

NBEAT-S: Block
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NBEAT-S: Block
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Regression

NBEAT-S: Hyperparameter

Lookback | Forecast | Stride | Train-test ratio | Batch size | Hidden layer units | Drop-out rate Learning | Epochs
rate
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Experiment
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Experiment
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Experiment: DeepAR
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Experiment: Informer
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Experiment: NBEAT-S

Bitcoin Price Prediction

True Vs Predicted Trend
27.8M
27.6M
27.4M 150 160 170 180 190
Seasonality
27.2M
27M
150 160 170 180 190
Bitcoin Price Prediction
True Vs Predicted Trend
27M
26.5M
150 160 170 180 190
26M Seasonality
25.5M
25M
150 160 170 180 190

—— Prediction average
— Real value
Confidence Interval

—— Prediction average
— Real value
Confidence Interval



Regression

Experiment: NBEAT-S
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Classification
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