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Introduction

Adaptive Causality Encoder (ACE) Experimental Results

Causality is the basis for reasoning and decision making. While human- MEDCAUS —s BioCausal MEDCAUS — SemEval MEDCAUS — FinCausal
beings use this psychological tool to choreograph their environment X BILST GCN pooling concatenle Models P R F1 P R F1 P R F1
Into a mental model to act accordingly, the inability to identify causal % . + i ‘ N N BN IR bi-LSTM 76.1 57.6 66.0 825 62.8 713 476 813 142
relationships is one of the drawbacks of current Atrtificial Intelligence o - . N s s d GCN 754 51.0  60.8  78.467.6 726 492532 511
systems. However, projection of causal relations in natural language nsubijod o q\ R | C-GCN 71.3 42.9 53.3 84.1 708 769  48.7 523 50.4
enables machines to develop a better understanding of the surrounding @ T V‘ ﬂ@ﬁ i - o @ﬂ bi-LSTM+DA 75.6 58.9 66.2 81.6 69.5 75.1 47.9 61.1 53.7
context and helps downstream tasks such as question answering, text e % YA B GCN+DA 728703 715 829667 739 468574 516
SummarisatiOn, and natural |anguage inference. @ . i % C-GCN+DA 78.4 55.5 65.1 81.9 71.0 /6.1 49.1 54.6 52.7
| CDAN 85.5 50.1 63.8 84.6 73.8 788  43.6 53.3 48.0
# 5 e e e CDAN-E  83.8550 664 812742 776 483633 548

ACE 74.3 77.1 76.7  84.4742 79.0 474740 578
Takeaways In adaptive case, let us consider the following domain classifier, The performance of our model on Causality Identification.
P, (source| X') = o( fo,,.(X).Waom + bdom) (7)

MEDCAUS — SemEval MEDCAUS — FinCausal

* We propose a model which takes into account both syntactic and Our domain adversarial training objective is defined as, Models P R = P R F1

semantic dependency of words in a sentence.

, . L (Oenc, Odom, Orask) := Z log Py, (Y|fe. (X)) bI-LSTM 16.3 52.2 24.9 64.1 16.1 25.8

« We propose to use a gradient reversal approach to minimise the XTheD GCN 88 296 13 5 41 6 40.9 410
distribution shift between the training and test datasets. B Z . P (source| fo. (X)) C.GCN 1&; o 47.6 27'1 63.8 13'0 o .6
* To fill the gap of the current causality datasets on encompassing < > Bl Pene bi-  STM+DA 51 '2 42'0 46.2 44'9 39'4 e '9

different types of causality, we introduce MEDCAUS, a dataset of B Z log (1 Py, (source| f (X))) )
15,000 labelled sentences, retrieved from medical articles. Odom Ocnc '

GCN+DA 9.1 25.5 13.4 39.6 45.2 42.2
C-GCN+DA 45.1 42.1 43.6 40.0 45.5 42.6

XeD;

Graphical Causality Encoder (GCE) P CDAN-E  47.340.6 437 368426 395
MEDCAUS i Causal ACE 42.3 53.6 47.3 42.2 43.2 42.7
Given h!""" as the representation of the node i at layer [ — 1, GCN Modesl P R F1 P R Fi The performance of our model on Causality Localisation.

GCN 90.8 94.6 92.7 85 74.8 /9.6
C-GCN 91.2 949 93.0 86.1 68.7 76.4

updates the node representation at layer [ as follows: P-Wiki 74.4 74.4 74.4 54.0 54.0 54.0 Data Visualisation
h@(l) _ factV(Z le-jwmh;l_”/d@- n b“)) (1) bi-LSTM 84.2 97.8 90.5 81.3 77.0 79.1
j=1

After applying the BILSTM and GCN, each sentence is represented

as: GCE 92.5 94.0 93.2 84.8 83.3 84 & e DB, o "
| ' ificati Y T e REARAEE Pt AL ey Voo
haen(X) = FPOUGCN(BILSTM(X)) () The performance of our model on Causality Identification. t...;; & o i 7-’-::'3.’{"-:}:-3!;"" “"4-\%;,..,.1,-.-}:3"-“
.-:: ...' - :.l- % oo;o .0:{0. ~o° 4 % *0.3., . w..:-“.::: ..: .
fo,.(X) = FENN([hgen(X): hpiLstm(X))) (3) i ,‘g‘;ﬁ"’,”.x"‘ ot
For Task1, Causality Identification, we use this representation to get MEDCAUS FinCausal } " . |
the probabillity of output classes, Model P R F1 P R F1
Py, (causality| X) = o(fo. (X ).Weass + belass) (4) bi-LSTM-CRF 77.4 69.9 73.4 82.4 65.0 72.7 W . ﬁ;.;‘ \;”“ .
. — . GCN-CRF 31.9 46.8 37.9 66.1 55.5 60.3 woed ey B4 XTI G
For Task2, Causality Localisation, the tags with the respect to each aakt ) e O L e T
. .. y J P C-GCN-CRF 725 75.9 74.1 76.3 68.8 72.3 XA :*-#«tgq . f,’.-':s'& - L'*"::' y
token is identified by: 2P TR (L2 e RN
. . S-LSTM-CRF 58.6 64.0 61.2 61.5 29.7 40.0 VA AN A
S(X, Y) — Z fﬂenc(X)i,yz- -+ Z Tyiijl (5) ELMO-CRF 485 789 601 /1 8 61 3 661 MedCaus = BioCausal MedCaus = FinCausal MedCaus = SemEval
i—0 i—0 GCE /6.3 73.6 74.9 79.2 69.8 74.2
P (Y]X) = s(X,Y) — log( 3 X)) (6) The performance of our model on Causality Localisation. t-SNE visualisation of the domain adaptation task.
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