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Main Contributions

* \We proposed a learnable data-normalization method for
multivariate time-series

* This method takes into account the tensor nature of multivariate
time-series

* Outperform other normalization schemes in stock movement
prediction
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Bilinear Normalization (BIN)

* Designed for multivariate time-series, which are tensors (2D
matrices)

* Normalize multivariate time-series along both the temporal and
spatial/channel/feature modes.

Multivariate time-series spatial
mode

temporal mode
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Temporal Mode Normalization
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/ superscript (i) denotes the i-th series in training set
()

X5 (t)—» (t) denotes the index of the slice

\ subscript 2 denotes the slices in temporal mode

, T - mean of the slices in temporal mode

T - std of the slices in temporal mode

) 1T) - Z-score normalization step
- scale and shift with Y2 and (35
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Spatial Mode Normalization ICPR

(2) superscript (i) denotes the i-th series in training set

x; (1) | . | b b

x; (d) | | ( ) (d) denotes the index of the slice

x\"(D) | : | \

subscript 1 denotes the slices in spatial/channel mode

)_(gz) — mean (Xg )(d)) 7 Vd = 1, Ce e D - mean of the slices in temporal mode
g%i) — std (ng’) (d)) NVd=1,...,D - std of the slices in temporal mode
Zgz) = (X@) — ]_D()_ng))T) % (]_D(O'éz))T) - Z-score normalization step

X(Z) (1 DY1 ) ® Z(Z) +1 61 - scale and shift with Y1 and (31
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- temporal mode > |CPR _________________________________________________________________________
i-th series _ P xD(1) : : x| = mean(xg )(d))de =1L...,D
X (4) fnpj‘éf' — < (a) i | ol = std(x{(d)),Vd = 1,...,D :
<9 (D)1 ’ | zg? — (X — 1D(>—<$>)T) (1p(oy")") |
1 i X" = (1p77) @ 2" + 1pB}

%9~ mean(x0 (), Ve = 1,...,T | o o o
o3 = std(x) (1)), Yt =1,...,T S X(Z) — )\1X§Z) + )\2X§Z)
20 = (x =13 (o “>1T> '

Xy = (121F) @ 28 + Bo17%

temporal mode normalization
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ICPR | Models | Accuracy % | Precision % | Recall % | F1 % |
Prediction Horizon H = 10

CNN[25] - 50.08 6554 | 55.21
LSTM[26] - 60.77 75.02 | 66.33
C(BL) [1] 82.52 73.89 76.22 | 75.01
DeepLOB [2] 8147 R1.00 8147 | 83.40
DAIN-MLP [20] - 65.67 7158 | 68.26
DAIN-RNN [20] - 61.80 70.92 | 65.13
. -t C(TABL) [1 8170 76.95 7844 | 77.63
* Problem: stock movement prediction S B N ¥ S o X
_ _ _ _ BiN-C(TABL) 86.87 R0.29 R1.81 | 81.04
* Horizon corresponds to different time In I — Y Y —

- o e ).
— LSTM[26] - 59.60 70.52 | 62.37
tqe fUture (H 10’ 20’ 50) C(BL) [1] 72.05 65.04 65.23 64.89
_ . DeepLOB [2] 74.85 71.06 7485 | 72.82
e 1 as the main performance measure DAIN-MLP [20] . 62.10 7048 | 6531
- DAIN-RNN [20] - 59.16 6551 | 62.03
(imbalanced dataset) SR OV S A N BT B
BN-C(TABL) 70.70 63.10 63.78 | 63.43
BiN-C(TABL) 77.28 72.12 7044 | 71.22

Prediction Horizon H = 5()

CNN[25] - 55.58 67.12 | 59.44
LSTM[26] - 60.03 6558 | 61.43
C(BL) [1] 78.06 77.85 7704 | 7740
DeepLOB [2] 8051 R0.38 8051 | 80.35

DAIN-MLP [20] - - - -

DAIN-RNN [20] - - - -
C(TABL) [1] 79.87 79.05 77.00 | 78.44
BN-C(TABL) 7716 7570 75.00 | 75.34
BiN-C(TABL) 88.54 89.50 86.99 | 88.06




CD Tampere University IIIII | /v ﬁﬁﬁ/l‘é%ss o
ICPR:

Thank You for listening!
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