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Approach

Background

@ Securities trading (e.g. stocks, options, cryptocurrencies) is
increasingly an automatic, algorithmic-driven field. Three out
of four foreign currency exchange trades are automatic [1]

@ There is a strong interest in applying deep learning and
reinforcement learning to automatic trading, moving away
from euristhics [2, 3]

o Eternal struggle of a data scientist: more quality data!



Approach

Autoencoder architecture is able to capture and model timeseries
in latent representation. [6]
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Exploring Data

date  time open high low  close volume

0 01/02/1998 09:30  13.6250 13.7500 13.5000 13.6875 202700

We focus on 1 01021298 0945 136875 137500 135000 136250 334000
2 010211998 1000 136250 137500 135625 137500 299900
the AAPL 3 01021998 1015 137500 140000 136250 14.0000 430201
stock price, 4 01021998 10:30 13.9375 14.8125 137500 14.6250 944200
sampled at
. 289482 03/12/2021 1845 1200900 1211000 120.9700 1210800 15752
interval of 15 280483 03/12/2021 19.00 1210600 1211000 120.9900 1210000 19160
minutes 269484 03/122021 19:15 121.0000 121.0700 120.9900 121.0300 13815

289485 03/12/2021 19:30 121.0100 121.0300 121.0000 121.0300 6903
289486 03/12/2021 19:45 1210300 1211000 121.0200 1210800 33259

289487 rows x 7 columns



Exploring Data

open high low close volume
count 238487.000000 289487.000000 288487.000000 289487.000000 2.894870e+05
mean 187.757776 188.038462 187.466230 187.758491 4.580510e+05

std 160.514466 160.689723 160.326415 160.513598 9.206810e+05
min 12.550000 12.950000 11.312500 12.850000 1.000000e+02
25% 78.750000 78.920000 78.500000 78.750000 5.900000e+03
50% 131.040000 131.330000 130.790000 131.040000 1.033630e+05
75% 248.160000 248.605000 247.625000 248.150000 5.635505e+05
max 704.800000 705.070000 704.530000 704.800000 7.514145e+07



Exploring Data

'Volume' histogram before normalization
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Exploring Data

"Volume' histogram after normalization
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Exploring Data

@ Split the dataset into TIME_STEPS x 5 chunks

@ Two consecutive chunks will have TIME_STEPS_COMMON
common time steps

@ We obtain a dataset of roughly 25000 points



Autoencoder

The autoencoder includes best practices such as Dropout layers
and LeakyReLU activations [4, 5]

Hode1: *

e “encoser e o T
e it S Faran ¢ pgra—— <o ;
s i) T 30, 1 : o g
) e, £ = o =
Temy e ()G, 38, ) 0 - 0
Grapout 3o orapeut) [T 0 = g
Convid_4 (ConviD) (None, 28, 64) B256 » 20, 128) 98816,
Tedky_re LU IT (ceakyRaLly e, 36, 68 0 Tew e o6 (el (e, 28, T26) v
Frepoua (oropa) Tone, 76, &8) g droput_15 (Oropout) (lone, 26, 128 o
convid_s (ConviD) (None, 20, 128) 32896 convid_tran: (Hone, 29, 128) osed
Teaky e 113 (LeakyRell) (ione, 30, 128) 0 s 29, 128) °
Ex g
Grapout 53 orapant) e, 38, 1357 0
- B o) T
S e e e g
Tedky e 1055 (CeakRelDy G, 36, 138) 0
ot o) - 0
X e
T o, 36, 60 s
% v
Temy e T ()G, 78, ) 0
E) g
e ) [T 0
o) =
b ¢ 2, 5) o

Total parans.
Trainable para
Non-crainani




Autoencoder

Latent Space

Hyperparameter tweaking concluded a latent space of dimension
10 offers the best loss - information tradeoff.
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Autoenc

Latent Space

A "majority” cluster can be observed; 3-dim PCA visualization
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nerated latent points

nerated examples

WGAN is an improvement over first-generation GAN architecture

[7]

Model: "critic”

Model: "generator”
Layer (type) Output Shape Param # Layer (type) Output Shape Param #
input_6& (Inputlayer) [(Wone, 15, 1)] El input_s (Imputlayer) tene, 10, 1)] El
Gense 4 (Dense) (None,, 15, 20) [T convid 6 (ConviD) (lane, 5, 16) 50
convid_9 (Convid) (one, &, 16) 1295 leaky_re lu 20 (LeakyRell) (Nome, 5, 16) ]
Teaky_re lu_23 (LeakyRell) (lone, §, 16) ] convid 7 (ConviD) (lane, 3, 16) 1040
convid_19 {(CenviD) (lone, 4, 16) 1042 leaky_re lu 21 (LeakyRell) (Nome, 3, 16) a
leaky_re lu 24 (LeakyRell) (Nome, 4, 16) ] convid & (ConviD) (lane, 2, 16) 1040
Flatten 1 (Flatten) (None, 64) ] leaky_re lu 22 (LeakyRell) (Nome, 2, 16) a
Gense 5 (Dense) (None, 122) 6500 Flatten (Flatten) (Nane, 32) a
dense_6 (Dense) (fone, 108) 10109 dense_2 (Dense) (fone, 108) 3300
dense_7 (Dense) (None, 19) 1010 dense_3 (Dense) (fone, 1) 101

Total params: 5,561
Trainable param

Total params: 19,986
1
Non-trainable paranms: @

Trainable params: 19
Non-trainable param:




WGAN

Generated examples

erated latent points

Figure: WGAN is able to generalize new interesting points in latent
space
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WGAN

Generated examples

Generated latent points

Multivariate Wilcoxon test [8] indicates that the generated points
are actually different from non-majority points (p=0.0186)* Figure:

The correlation maps for minority and artificial are different:

Minority Artificial Absolute difference
‘H




They're not even half bad!

open nigh o close volume open nigh 1ou close volume open high o close volume
0 15243655 15253026 15194520 15253026 120136226562 0 328285400 328.611328 327.923628 328611328  99.999954 0 21104191 21112183 21044488 21112183 137670421875
1 1522820 15247979 15130886 15247979 99445000000 1 326386292 326535126 326.086853 326535126  783.815796 1 20082815 20992153 20921492 20992153 223587109375
2 15276122 15305717 15231302 15305717 66718484375 2 330967285 331169830 330576172 331169830  1070.473511 2 20982824 20094345 20021881 20994345 277790656250
3 15335123 15418338 15341533 15413833 54139515625 3 332969727 333235931 332445892 333235931  1950.821655 3 20968788 20081316 20007495 20981316 353173406250
4 15219885 15254024 15176585 15254024 57980453125 4 333611328 333698517 333305084 333698517  468.448151 4 20732035 20743990 20669832 20743990 432019812500
5 14324145 14858824 14782189 14853824 53399527344 5 324876434 325506165 324311035 325506165  99.999954 5 20392403 20404743 20330650 20404743 486898906250
6 14366426 14903136 14825564 14903136 43166875000 6 320570251 329617706 329417419 329617706  302.992767 6 20264952 20278585 20204550 20278585 504092031250
7 14399176 14949309 14354511 14949899 12371279297 7 337244415 337603516 336614471 337.603516  3137.767090 7 20353367 20368673 20204113 20368673 510079.812500
8 140692458 14761474 14666427 14761474 2728982178 8 340645233 341047663 339.870667 341047668 4611264160 8 20313545 20320004 20255043 20329094 479180218750
9 14716473 14730058 14572203 14739958 73085726562 9 340881500 341277863 340124592 341277863  4799.050781 9 20130603 20150333 20076599 20.150333 462485562500
10 14330865 14886304 14320742 14836304 193242906250 10 337815125 338226166 337.060516 338.226166 5621359863 10 20105383 20132767 20057438 20132767 541669.125000
11 14941760 14950253 14800265 14950253 230313250000 11 338466064 338895782 337.692413 336895782 6761752930 1120014164 20022221 19.055524 20022221 188173484375
12 14008555 14016911 14357006 14916911 241238500000 12 337.3839343 337.804352 336.644196 337.804352 6170.877441 12 10573006 19652031 19541817 19652031 2278294922
13 14026683 14935020 14375145 14935029 235080812500 13 333481079 338867645 337771973 336867045  4593.961426 13 10437807 19477895 19.390755 19477806 19735 904207
14 14872005 14882419 14322306 14.882419 203394796875 14 339.863068 340254522 339.151520 340254822  4806.296387 14 1079508 19.850772 19757679 19850772 4509490723
15 14815712 14825365 14765608 14.825365 182581171875 15 341079346 341704498 340.060669 341704498 32221625000 15 10560006 19711926 19568645 19711926 99.999954
16 14743999 14753530 14504370 14753530 170796218750 16 344108734 344690247 343121704 344690247 20956.394531 16 10494667 19506134 19474115 19506134 520183504
17 15007682 15108456 15046432 15106456 193027 968750 17 343000866 243571442 342031799 343571442 19307.960938 17 20074871 20155561 20044037 20155661 1793617188
18 15156822 15153875 15101473 15158875 382102812500 18 347.626007 348201691 346.623596 348.201691 20125.775391 18 10980128 20065626 19.955566 20065826 2648 292060
19 15353157 15355431 15200351 15355431 394314906250 19 347505138 348.110840 346366009 348.11034D 21908.580075 19 10580043 10685362 19566496 10685362 69D 475647



Integrating the points

Smoothing the points

@ GAN network samples from poorly-represented regions since it
maximizes critic's confusion. It is unable to represent
constraints e.g. high; should be larger than col;,

Vcol € {high, open, close, low}, close; == open;1 for any
timestep t

@ We employ Bayesian search to find the closest latent point
that satisfies the constraints. Formally for each tuple
(openy, highy, lowt, close;) = ts; of an arbitrary chunk we
identify the maximum of a black box function f which is

i —00 invalid . ]
defined as: , minimising the distance over

1 .
o= tsaanll valid

all timesteps.



Smoothing the points

Integrating the points

@ For each sample from the generated ones, tsgie we find two
consecutive time steps, tsl and ts2, such that we minimize
||closets1 — openistake || ||closesstake — Opents2
II, || e(volumets) — pu(volumerseake) ||, || ( volumerstake ) —
p(volumeyss)||

@ Each integrated fake sample is assumed to be real after
integration. Thus it is possible to have consecutive fake
chunks



Results

e We employ a benchmark trading algorithm [9] based on
reinforcement learning and apply it over both datasets

@ We observe a 5-7% percent improvement of the algorithm'’s
performace. These are preliminary results.

@ We conclude that data augmentation is pheasible on

timeseries datasets. We hypothesise that our approach can
identify poorly represented intervals of a timeseries dataset.



QA time!
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