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Algorithmic Trading

• Optimal Execution


• Market Making


• Statistical Arbitrage

• Reduce exposure to markets


• Leveraging repeatable patterns



Statistical Arbitrage
• Strategies based on short-term and large number of 

trades.


• Uses price time-series, such as the Open-High-Low-
Close to extract Technical Indicators. 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Sentiment

• Social media (Twitter, Facebook, etc.)


• News articles, Blogs


• Public forums / chat groups



Dataset Creation



Dataset Creation
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Sentiment Extractor
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Sentiment Polarity 
Vector

<latexit sha1_base64="GH2hb/otGCaHYdwH+L0HQAEo3jk="></latexit>

xs
t =

⇥
xs
t�L�1, . . . , x

s
t

⇤
2 RL⇥3

<latexit sha1_base64="HL+LQc6Bs46VV+9QAwiVLwkt32g="></latexit>

xs
t =

1

|Xt|
X

xd2Xt

f (xd) 2 R3,

<latexit sha1_base64="rZWWGZWdS//6iV8YxzRnG9xKUCQ="></latexit>

xp
t =


ct�L�1

ct�L�2
� 1, . . . ,

ct
ct�1

� 1

�
2 RL

Fused Tensor
<latexit sha1_base64="NXhmKYnWRaI0MAMlWq7WqarPvok="></latexit>

xt = [xp
t ;x

s
t ] 2 RL⇥5



Dataset
Price Time-Series 

Features

Sentiment Polarity 
Vector

<latexit sha1_base64="GH2hb/otGCaHYdwH+L0HQAEo3jk="></latexit>

xs
t =

⇥
xs
t�L�1, . . . , x

s
t

⇤
2 RL⇥3

<latexit sha1_base64="HL+LQc6Bs46VV+9QAwiVLwkt32g="></latexit>

xs
t =

1

|Xt|
X

xd2Xt

f (xd) 2 R3,

<latexit sha1_base64="rZWWGZWdS//6iV8YxzRnG9xKUCQ="></latexit>

xp
t =


ct�L�1

ct�L�2
� 1, . . . ,

ct
ct�1

� 1

�
2 RL

Fused Tensor

<latexit sha1_base64="SVw1XEJXFlb8YTvMRtMcqD9VOkQ="></latexit>

lt =

8
><

>:

1 if ct+1

ct
� 1 > cthres

�1 if ct+1

ct
� 1 < �cthres

0 otherwise

Target Labels

<latexit sha1_base64="NXhmKYnWRaI0MAMlWq7WqarPvok="></latexit>

xt = [xp
t ;x

s
t ] 2 RL⇥5



Forecasting Pipeline



Results
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Results

<latexit sha1_base64="c19XqLzXO14iMOAB4j6A+cyzNK4="></latexit>

Test PnL

MLP (s) 43.9%± 4.9% 182.6%± 24.5%
MLP (s + p) 46.6%± 3.0% 176.2%± 20.4%

CNN (s) 44.2%± 4.4% 203.2%± 23.6%
CNN (s + p) 47.1%± 2.7% 181%± 21.2%

LSTM (s) 43.7%± 3.9% 173.4%± 21%
LSTM (s + p) 52.2%± 3% 225.1%± 22.4%

<latexit sha1_base64="2Xr8GUT7Z7xhGVUpy0CBg59/kho="></latexit>

BERT (Acc.) BERT (PnL) CryptoBERT (Acc.) CryptoBERT (PnL)

MLP (s) 45.1%± 2.7% 106.8%± 22.8% 43.6%± 4.4% 186.6%± 24.5%
MLP (s + p) 45.9%± 3.4% 164.0%± 20.6% 45.3%± 3.3% 161.2%± 20.6%

CNN (s) 44.1%± 4.6% 200.7%± 17.7% 43.8%± 4.6% 197.2%± 18.7%
CNN (s + p) 47.3%± 2.9% 177.0%± 18.7% 47.3%± 2.8% 173.7%± 16.2%

LSTM (s) 44.5%± 3.1% 127.5%± 43.7% 43.4%± 3.8% 169.1%± 27.6%
LSTM (s + p) 51.7%± 2.6% 231.3%± 22.1% 51.5%± 2.8% 222.1%± 18.9%



Conclusion

• Sentiment data from online source (social media, news, 
etc.) can be used to augment trading systems.


• Future could include training models end-to-end to 
directly predict the target label for trading. 
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