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ABSTRACT

Information Extraction (IE) aims to extract structured information from unstruc-
tured texts. However, in practice, the long-tailed and imbalanced data may lead
to severe bias issues for deep learning models, due to very few training instances
available for the tail classes. Existing works are mainly from computer vision
society, leveraging re-balancing, decoupling, transfer learning and causal infer-
ence to address this problem on image classification and scene graph generation.
However, these approaches may not achieve good performance on textual data,
which involves complex language structures that have been proven crucial for the
IE tasks. To this end, we propose a novel framework (named CF IE) based on lan-
guage structure and causal reasoning with three key ingredients. First, by fusing
the syntax information to various structured causal models for mainstream IE tasks
including relation extraction (RE), named entity recognition (NER), and event de-
tection (ED), our approach is able to learn the direct effect for classification from
an imbalanced dataset. Second, counterfactuals are generated based on an explicit
language structure to better calculate the direct effect during the inference stage.
Third, we propose a flexible debiasing approach for more robust prediction dur-
ing the inference stage. Experimental results on three IE tasks across five public
datasets show that our model significantly outperforms the state-of-the-arts by a
large margin in terms of Mean Recall and Macro F1, achieving a relative 30%
improvement in Mean Recall for 7 tail classes on the ACE2005 dataset. We also
discuss some interesting findings based on our observations.

1 INTRODUCTION

The goal of Information Extraction (IE) (Sarawagi, 2008} (Chiticariu et al., [2013) is to detect the
structured information from unstructured texts. IE tasks, such as named entity recognition (NER)
(Lample et al., [2016)), relation extraction (RE) (Zeng et al.| 2014} [Peng et al., 2017) and event
detection (ED) (Nguyen & Grishman, 2015) have developed rapidly with the data-hungry deep
learning models trained on a large amount of data. However, in real-world settings, unstructured
texts follow a long-tailed distribution (Doddington et al.,|2004), leading to a significant performance
drop on the instance-scarce (or tail) classes which have very few instances available. For example,
in the ACE2005 (Doddington et al.,|2004) dataset, nearly 70% of event triggers are long-tailed while
they only take up 20% of training data. On a strong baseline (Jie & Lu, 2019), the macro F1 score
of instance-rich (or head) classes can be 71.6, while the score of tail classes sharply drops to 41.7.

The underlying causes for the above issues are the biased statistical dependencies and spurious
correlations between feature representations and classes learned from an imbalanced dataset. For
example, an entity Gardens appears 13 times in the training set of OntoNotes5.0 (Pradhan et al.,
2013)), with the NER tag LOC, and only 2 times as organization ORG. A classifier trained on this
dataset will build a spurious correlations between Gardens and LOC. As a result, an organization
that contains the entity Gardens may be wrongly predicted as a location LOC.

There are only a few studies (Zhang et al.l |2019; Han et al., 2018)) in the Natural Language Pro-
cessing (NLP) field to address such long-tailed issues. These works mostly rely on external and
pre-constructed knowledge graphs, providing useful data-specific prior information which may not
be available for other datasets. On the other hand, there are plenty of works from the computer vision
society, where the bias is also quite straightforward. Current solutions include re-balanced training
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(Lin et al.||2017) that re-balances the contribution of each class in the training stage, transfer learning
(Liu et al.,[2019b) that takes advantage of the knowledge in data-rich class to boost the performance
of instance-scarce classes, decoupling (Kang et al., 2019)) strategy that learns the representations and
classifiers separately, and causal inference (Tang et al.,[2020a;bj |/Abbasnejad et al., |2020) that relies
on structured causal models for unbiased scene graph generation, image classification and visual
question answering.

The aforementioned studies from the computer vision community may not achieve good perfor-
mance on the textual datasets in the NLP area due to a significant difference between the two fields.
For example, unlike images, texts involve complex language structures such as dependency tree and
constituent tree that describe the syntactic or semantic level relations between tokens. For the long-
tailed IE, how to explore the rich relational information as well as complex long-distance interactions
among words as conveyed by such linguistic structures remains an open challenge. Furthermore, to
capture a more informative context, the way of utilizing the syntax tree for three IE tasks varies:
the RE task relies more on the context and entity type rather than entities themselves, while classi-
fications in NER and ED tasks count more on entities than the context. Hence, it is challenging to
decide properly on how to utilize language structures for the above three different IE tasks. One may
also think that the prevalent pre-trained models such as BERT (Devlin et al., 2019) may address the
long-tailed issues. However, we empirically show that such models still suffer from bias issues.

In this paper, we propose CF IE, a novel framework that combines the language structure and coun-
terfactual analysis in causal inference (Pearl et al., 2016)) to alleviate the spurious correlations of
the IE tasks including NER, RE and ED. From a causal perspective, counterfactuals (Bottou et al.,
2013; |Abbasnejad et al., 2020) state the results of the outcome if certain factors had been different.
This concept entails a hypothetical scenario where the values in the causal graph can be altered to
study the effect of the factor. Intuitively, the factor that yields the most significant changes in model
predictions have the greatest impact and is therefore considered as main effect. Other factors with
minor changes are categorized as side effects. In the context of IE with complex language structures,
counterfactual analysis answers the question on “which tokens in the text would be the key clues for
RE, NER or ED that could change the prediction result?”. With that in mind, our CFIE is proposed
to explore the language structure to eliminate the bias caused by the side effect and maintain the
main effect for the classification. We evaluate our model on five public datasets across three IE
tasks, and achieve significant performance gain on instance-scarce classes. We will release our code
to contribute the community. Our major contributions are summarized as:

o To the best of our knowledge, our CFIE is the first attempt that marries the counterfactual
analysis and language structure to address the long-tailed IE issues. We build different
structured causal models (SCMs) (Pearl et al., 2016) for the IE tasks and fuse the depen-
dency structure to the models to better capture the main causality for the classification.

e We generate counterfactuals based on syntax structure, where the counterfactuals can be
used as interventions to alleviate spurious corrections on models. In doing so, the main
effect can be better estimated by the intervention methodology.

e We also propose flexible classification debiasing approaches inspired by Total Direct Effect
(TDE) in causal inference. Our proposed approach is able to make a good balance between
the direct effect and counterfactuals representation to achieve more robust predictions.

2 RELATED WORK

Long-tailed Information Extraction: Information extraction tasks, such as relation extraction
(Zeng et al., 2014; Peng et al., [2017; |Quirk & Poon, |2017), named entity recognition (Lample et al.,
2016; |Chiu & Nichols} 2016)), and event extraction (Nguyen & Grishmanl [2015; [Huang et al.| [2018))
are fundamental NLP tasks and have been extensively studied in recent years, For the long-tailed
IE, recent models (Lei et al., [2018;[Zhang et al., 2019)) leverage external rules or transfer knowledge
from data-rich classes to the tail classes. Few-shot leaning (Gao et al.,[2019; Obamuyide & Vlachos,
2019) has been also applied to IE tasks, although this task focuses more on new classification tasks
with only a handful of training instances.

Re-balancing/Decoupling Models: Re-balancing approaches include re-sampling strategies (Ma-
hajan et al.| [2018}; /Wang et al., 2020a) that aim to alleviate statistical bias from head classes, and



Under review as a conference paper at ICLR 2021

re-weighting approaches (Milletari et al 2016; Lin et al.l 2017) which assign balanced weights
to the losses of training samples from each class to boost the discriminability via robust classifier
decision boundaries. These techniques may inevitably suffer the under-fitting/over-fitting issue to
head/tail classes (Tang et al., 2020a)). There are also recent studies (Kang et al., 2019)) that decouple
the representation learning and the classifier, which effectively mitigate the performance loss caused
by direct re-sampling.

Casual Inference: Causal inference (Pearl et al.,[2016; [Rubinl 2019) and counterfactuals have been
widely used in psychology, politics and epidemiology for years. There are many studies in computer
vision society (Tang et al.}[2020b; |Abbasnejad et al., 2020} Tang et al.,|2020a; Niu et al., [2020; [Yang
et al.l 2020; |Zhang et al. 2020; [Yue et al.l 2020), which use Total Direct Effect (TDE) analysis
framework and counterfactuals for Scene Graph Generation (SGG), visual question answering, and
image classifications. There is also a recent work (Zeng et al., [2020) that generates counterfactuals
for weakly-supervised NER by replacing the target entity with another entity. Our methods differ
from the previous works in three aspects: 1) We explore the syntax structures of texts for building
different causal graphs, 2) Counterfactuals are generated based on a task-specific pruned dependency
tree. 3) Our proposed inference method yields robust predictions for the NER and ED tasks.

Model Interpretation: Besides causal inference, there have been plenty of studies (Molnar, 2020)
about traditional model interpretation applied in various applications, such as text and image classi-
fication (Ribeiro et al., [2016} [Ebrahimi et al., 2018)), question answering (Feng et al., [2018; Ribeiro
et al.,2018)), and machine translation (Doshi-Velez & Kim, 2017). LIME (Ribeiro et al., 2016) was
proposed to select a set of instances to explain the predictions. The input reduction method (Feng
et al., 2018) is able to find out the most important features and use very few words to obtain the
same prediction. Unlike the LIME and input reduction method, the word selections in our CF IE are
based on the syntax structure. SEARs (Ribeiro et al.| 2018)) induces adversaries by data augmenta-
tion during the training phase. Along this line, a recent study (Kaushik et al.,|2019) also uses data
augmentation technqiue to provide extra training signal. Our CFIE is orthogonal to data augmena-
tion as it generates counterfactuals during the inference stage, where the counterfactuals are used to
mitigate the spurious correlations rather than training the network parameters.

3 MODEL

Figure[I] shows the work flow of our proposed CFIE. We detail these components as follows.

Training Stage

S: ized word
; '/m ED Trigger: killed 511 training N: NER tag
: fe— P i i P: POS tag
iThe man was killed

: ED i S
: m Trigger: kiled =] 10 training
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Figure 1: Work flow of our CFIE in five steps.
3.1 STEP1: CAUSAL REPRESENTATION LEARNING

In this step, we train a causal graph on an imbalanced dataset. Our goal here is to teach the model to
identify the main cause (main effect) and the spurious correlations (side effect) for the classification.

Structural Causal Models (SCMs): The two well-known causal inference frameworks are SCMs
and potential outcomes (Rubinl [2019) which are complementary and theoretically connected. We
choose SCMs in our case due to their advantages in expressing and reasoning about the effects of
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causal relationships among variables. An SCM can be represented as a directed acyclic graph (DAG)
G = {V,F,U}, where we denote the set of observables (vertices) as V = {V4,...,V,,} , the set of
functions (directed edges) as F = {f1, ..., fn}, and the set of exogenous variables (e.g. noise) as
U = {Uy,...,U,}. Note that in the deterministic case where U is given, the value of all variables in
the SCM are uniquely determined (Pearl, 2009). Each observable V; can be derived from:

Vi:= fl(PAluUZ>7(Z: 17'“7“)7 (D

Vi, PA; C V\V; is the set of parents of V;. Directed edges, such as PA; — V; in the graph G, i.e.,
fi, refers to the direct causation from the parental variables PA; to the child variable V;.

Our Proposed SCMs: Figure [J(a) demonstrates our unified SCMs for IE tasks, which are
built based on our prior knowledge for the tasks. The variable S indicates the contextual-
ized representations of an unstructured input sentence, where the representations are the out-
put from a BiLSTM (Schuster & Paliwal, 1997) or pre-trained BERT encoder (Devlin et al.,
2019). Z; (¢ € [1,m]) represents features such as the NER tags and part-of-speech (POS)
tagging. The variable X is the representation of a target relation for RE, entity representation
for NER, or trigger representation for ED, and Y indicates the output logits for classification.
Let &€ = {S,X,Z1,...,Z,,} denotes the par-

ents of Y. The direct causal effects towards

Yincluding X — Y, S =Y, Z1 = Y, .., (s)

Zm — Y are linear transformations. For each

edge ¢ — Y, its transformation is denoted as @

W,y € R*? where i € £ and c is the num-

ber of classes. We let H, € R%*" denote @
representations with d dimensions for node °

i € &. Then, the prediction can be obtained (a)

by summation Y, = Zie ¢ WiyH; or gated

mechanismY, = W HxOo (>, . WiyHy), )

where @ refers to element-wise product, W, € Figure 2: (a) a }lnlﬁed sFructured causal models
R**4 is the linear transformation, and o(-) in- for IE tasks. (b) interventions on X.

dicates the sigmoid function. To avoid any single edge, such as S — Y, dominating the generation
of the logits Y, we add a cross-entropy loss L;y, ¢ € & for each branch, where ¢ indicates the parent
of the node Y. Let Ly denote the loss for Y,, the total loss £ can be computed by:

L=Ly+) Ly 2)

€€

Note that the proposed SCM is encoder neutral. The SCM can be equipped with various encoders,
such as BiLSTM, BERT and Roberta (Liu et al.|[2019a)). For simplicity, we omit exogenous variables
U from the graph as its only useful for the derivations in the following sections.

Fusing Syntax Structures Into SCMs: So far we have built basic SCMs for IE tasks. On the edge
S — X, we adopt different neural networks architectures for RE, NER and ED. For RE, we use
dependency trees to aggregate long-range relations with graph convolution networks (GCN) (Kipf
& Welling, 2017). Assume the length of the sentence is h. For the GCN, we generate a matrix
A € R" " from a dependency tree. The convolution computation for the node 4 at the I-th layer
takes the representation xéfl from previous layer as input and outputs the updated representations
xt. The formulation is given as:

l
xt=0(> A ;W™ +b') i€ [1,1] (3)

J=1

where W' and b are the weight matrix and bias vector of the I-th layer respectively, and o (-) is
the sigmoid function. Here x° takes value from Hg and H y takes value from the output of the last
GCN layer x‘ma= . For NER and ED, we adopt the dependency-guided concatenation approach (Jie
& Lu, 2019). Given a dependency edge (¢5,,t;,r) with ¢, as a head (parent), ¢; as a dependent (child)
and r is the dependency relation between them, the representations of the dependent (assume at the

"1 is the sequence length for NER and ED, and h = 1 for relation extraction.
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i-th position of a sentence) can be denoted as:

Xi = [Hg);H(Sh);VT],th = parent(t;)

4)
Hy = LSTM(x)

where Hg) and H(Sh) are the word representations of the word ¢; and its parent ¢, v, denotes the

learnable embedding of dependency relation 7.

3.2 STEP 2 AND 3: INFERENCE AND COUNTERFACTUAL GENERATION

We have trained our SCMs in the first step. The second step performs inference with the SCMs, and
the third step generates dependency-based counterfactuals to better measure the main effect.

Interventions: For the SCM G, an intervention indicates an operation that modifies a subset of
variables V C V to new values where each variable V; € V is generated by a new structural mech-
anism fi(PAAZ, U,) that is independent from the original f;(PA;, U;). Thus, the causal dependency
between V; and its parents {PA;, U; } is cutoff. Mathematically, such intervention for one variable
X €V can be expressed by do-notation do(X = x*) and where =* is the given value.

Counterfactuals: Unlike interventions, the concept of counterfactual reflects an imaginary scenario
for “what would the outcome be had the variable(s) been different”. Recall from Section the
definition of SCM and the set of environmental variables U which uniquely determines the variables
in the system (Pearl, 2009). Let Y € V denote the outcome variable, and let X € V\{Y} denote
the variable of study. The counterfactual for setting X = x* is formally estimated as:

Yy (u) = Yg,. (u) )

where G, means assigning X = x* for all equations in the SCM G. In our CF IE setting, we aim to
estimate the counterfactual for the model prediction at instance level. For the proposed SCM shown
in Figure[I] the counterfactual Y~ for our prediction Y is practically computed as follows:

Yoo =Yg, (u) = fy(do(X =2%),8 =5,7Z = 2)

= Z WiyH, + WxyH,- ©
ieE\{X}

where fy is the function that computes Y and we only replace the original feature representation
Hx with H,-. No actual value is needed for u. See Appendix for derivation.

Dependency-based Counterfactuals Generation: There are many other language structures such
as constituent tree, abstract meaning representation (Flanigan et al.|[2014) and semantic role labeling
(Bjorkelund et al.,2009). We choose the dependency structure in our case as it is able to capture rich
relational information as well as complex long-distance interactions that have been proven effective
on IE tasks. Counterfactuals lead us to think about: “what are the key clues that determine the
relations of two entities for RE, and a certain span of a sentence to be an entity or an event trigger
for NER and ED task respectively?”. To generate the counterfactual representations for the RE task,
we mask the tokens along the shortest path between the two entities of a relation in a dependency
tree to form a new sequence. Then this masked sequence is fed to a BILSTM or BERT encoder to
output new contextualized representations S*. For the NER and ED task, we mask entities, or the
tokens in the scope of 1 hop on the dependency tree to generate S*. Then we feed S* to the function
S — X to get X*. The operation on NER also aligns a recent finding (Zeng et al., [2020) that the
entity itself is more important than context for entity classification. By doing so, the key clues have
been wiped off in the generated counterfactuals representations X *, which can be used to strengthen
the main effect while reduce spurious correlations and the side effect.

3.3 STEP 4 AND 5: CAUSAL EFFECT ESTIMATION

We estimate the causal effect in the fourth step and make use of the couterfactuals representation for
a more robust prediction in the fifth step. Inspired by Total Direct Effect (TDE) used in (Tang et al.,
2020b), we can compare the original outcome Y, and its counterfactual Y, - to estimate the effect of
RE so that the side effect can be eliminated (see Appendix [A.T.2]for derivation):

TDE =Y, — Y,- (7)
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As both context and entity (or trigger) play important roles for the classification in the NER and
ED tasks, we propose a novel approach to alleviate the spurious correlations caused by side effects,
while strengthening the main effect at the same time. The interventional causal effect of the i-th
entity in a sequence can be described as:

Effect = — Yo + aW xyx; )

where « is the hyperparameter that balances the 1mp0rtance of context and entity (or trigger) for
the NER and ED task. The first part Y, — Y,» indicates the main effect, which reflects more
about the debiased context, while the second part w xvXx; reflects more about the entity (or trigger)
itself. Combining them yields more robust prediction by better distinguishing the main and side
effect. As shown in Figure[I] the sentence “The program was killed” produces biased high score for
event “Life:Die” in Y, and results in wrong prediction due to the word “killed”. By computing the
counterfactual Y~ with “program” masked, the score for “Life:Die” remains high but the score for
“SW:Quit” drops dramatically. This dlfference Y, — Y.+ leads us to correct prediction and knowing
the important role of the word “program”. Such a demgn differs from that of the previous work
used in vision community (Tang et al.l [2020a)) by providing more flexible adjustment and effect
estimation. We will show that our approach is more suitable for long-tailed IE tasks.

4 EXPERIMENTS

4.1 DATASETS AND SETTINGS

The five datasets used in our experiments include OntoNotes5.0 (Pradhan et al.,|2013) and ATIS (Tur
et al.,|2010) for the NER task, ACE2005 (Doddington et al.;,|2004) and MAVEN (Wang et al., 2020b))
for the ED task, and NYT24 (Gardent et al.l |2017) for the RE task. For all the five datasets, we
categorize the classes into three splits based on the number of training instances per class. The
model parameters are finetuned on the development sets. For RE, we leverage Stochastic Gradient
Descent (SGD) optimizer with a 0.3 learning rate and 0.9 weight decay rate. For NER and ED,
we utilize Adam optimizer with an initial learning rate of 0.001. The hidden size of the BILSTM
and GCNs are set as 300, and the number of layers of GCNs is configured as 3. 300-dimensional
GloVe (Pennington et al.,|2014) is used to initialize the word embeddmgsﬂ We focus more on Mean
Recall (MR) (Tang et al. [2020b)) and Macro F1 (MF1), two more balanced metrics to measure the
performance of long-tailed IE tasks, as MR is able to better reflect the capability in identifying
the instance-scare class, and MF1 can better represent the model’s ability for each class, while the
conventional Micro F1 score highly depends on the data-rich classes and pays less attention to the
tail classes. We report the Micro F1 score (F1) for each dataset in the Appendix. We also follow (Liu
et all2019b) to report the MR and MF1 on three splits in Table[5]in the Appendix.

4.2 BASELINES

We categorized the baselines into three groups. 1) Conventional Models include BiLSTM (Chiu
& Nichols, 2016), BILSTM+CRF (Ma & Hovy, 2016), C-GCN (Zhang et al., [2017)), Dep-Guided
LSTM (Jie & Lu;[2019), AGGCN (Guo et al., [2019) and BERT (Devlin et al., 2019). They do not
explicitly take the long-tailed issues into consideration. 2) Re-weighting/Decoupling models refer
to loss re-weighting approaches including Focal Loss (Lin et al., [2017)), and two-stage decoupled
learning approaches (Kang et al.|[2019) that include T-normalization, classifier retraining (cRT) and
learnable weight scaling (LWS). 3) Causal model include TDE (Tang et al.| [2020b). There are also
recent studies based on the deconfounded methodology (Tang et al., 2020a};|Yang et al.,[2020), which
however seem not applicable to be selected as a causal baseline in our case. In our experiments, we
reproduced the results for all the baselines as most of the results have not been reported on NLP
datasets. We believe some recent strong baselines, which are not mentioned in this paper due to
space limitation, may also further benefit our model by integrating them into the edge S — X.

4.3 TASK DEFINITIONS

Named Entity Recognition: NER is a sequence labeling task that seeks to locate and classify
named entities in unstructured text into pre-defined categories such as person, location, etc. Event

2The statistics of the datasets and detailed hyperparameters are attached in the Appendix
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Table 1: Evaluation results on the OntoNotes5.0 dataset and ATIS dataset for the NER task.

OntoNotes5.0 ATIS

Model Few Overall Few Overall

MR MFI MR MFI MR MF1 MR MF1
BiLSTM (Chiu & Nichols/2016) 67.5 699 764 76.8 662 69.0 842 83.1
BiLSTM+CRF (Ma & Hovy![2016) 60.7 63.6 716 735 58.1 604 810 80.2
C-GCN (Zhang et al.[|[2017) 68.3 698 773 76.8 63.2 653 820 80.1
Dep-Guided LSTM (Jie & Lul2019) 61.8 693 74.1 75.8 60.6 654 846 843
Focal Loss (Lin et al.][2017] 64.1 655 742 739 489 498 787 76.6
cRT (Kang et al.|2019) 64.1 685 75.0 76.1 68.1 71.7 857 84.8
7 - Normalization (Kang et al.|2019) 61.1 66.7 73,5 757 64.8 68.0 839 83.1
LWS (Kang et al.|[2019) 587 649 721 747 66.2 69.1 843 83.2
TDE (Tang et al.][2020b) 719 68.8 804 76.7 67.5 67.1 87.1 84.5
Ours (Glove) 767 689 838 773 71.8 73.1 88.6 87.0
BERT (Devlin et al.[[2019) 7777 765 846 824 523 56.1 829 817
Roberta (Liu et al.[[2019a) 78.7 795 86.5 85.7 60.2 61.1 843 82.3
BERT+GCN(Wadden et al.|[2019) 80.2 7777 856 82.6 533 56.6 830 813
Ours (BERT) 80.6 79.1 86.7 84.1 588 622 855 826

Table 2: Evaluation results on the ACE2005 dataset and MAVEN dataset for the event detection.

ACE2005 MAVEN

Model Few Overall Few Overall

MR MFlI MR MFI MR MFI MR MFI
BiLSTM (Chiu & Nichols![2016) 342 356 523 548 36.5 407 67.1 695
BILSTM+CRF (Ma & Hovy|[2016) 41.4 451 51.8 54.1 434 468 696 7I.1
C-GCN (Zhang et al.[|[2017) 414 441 520 56.1 49.7 51.7 731 730
Dep-Guided LSTM (Jie & Lu[2019) 42.8 41.7 524 558 447 454 678 693
Focal Loss (Lin et al.[[2017) 38.6 429 526 585 454 515 703 738
cRT (Kang et al.[[2019) 448 474 576 589 49.7 554 710 746
7 - Normalization (Kang et al.|2019) 343 356 533 525 21.1 267 510 584
LWS (Kang et al.![2019) 343 356 582 569 333 387 659 687
TDE (Tang et al.|[2020b) 343 339 585 56.5 398 362 719 674
Our (Glove) 471 49.7 635 60.2 604 574 798 76.0
BERT(Devlin et al.[[2019) 476 489 66.5 65.1 38.1 393 735 723
Roberta (Liu et al.|[2019a) 47.6 477 702 68.6 43.1 438 750 73.6
BERT+GCN (Wadden et al.|2019) 452 475 731 713 409 420 741 728
Ours (BERT) 619 632 749 744 43.1 450 713 717

Detection: ED aims to detect the occurrences of predefined events and categorize them as triggers
from unstructured text. Event trigger is defined as the words or phase that most clearly expresses an
event occurrence. Taking the sentence “a cameraman died in the Palestine Hotel” as an example, the
word “died” is considered as the trigger with a “Death” event. Relation Extraction: The goal of
RE is to identify semantic relationships from text, given two or more entities. For example, “Paris
is in France” states a “is in” relationship between two entities Paris to France. Their relation can be
denoted by the triples (Paris, is in, France).

4.4 RESULTS

Named Entity Recognition: Table[I|shows the comparison results on both OntoNotes5.0 and ATIS
datasets. Our models outperform the two classical models Bi LSTM and BiLSTM+CRF under most
settings, especially on the Few setting, e.g achieving 10.2 points higher Mean Recall (MR) against
BiLSTM on OntoNotes5.0, and 12.7 points higher Mean F1 (MF1) against Bi LSTM+CRF on ATIS.
The results indicate the superiority of our proposed model in handling the instance-scarce classes.
Comparing with the C-GCN model that makes use of dependency trees for information aggregation,
our model also achieves 8.4 higher MR and comparable MF1, indicating the capability of a causal
model in improving the long-tailed sequence labeling problem. Comparing with a recent causal
baseline TDE, our model consistently perform better in terms of long-tailed scores, the results con-
firm our hypothesis that making good use of language structure helps a causal model to distinguish
main effect from the side effect. Among re-balancing approaches such as Focal Loss, cRT and LWS,
T-Normalization performs best and this aligns with the findings in the previous study (Kang et al.,
2019) for long-tailed image classification.
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Event Detection: Table[2]shows comparison results on both ACE2005 and MAVEN datasets. Over-
all, our model significantly outperforms the baselines under the Few setting by a large margin, e.g.,
12.8 and 15.8 pointers higher in terms of MR and MFI respectively on ACE2005 dataset, 20.6
and 20.8 points higher in terms of the two metrics on MAVEN dataset. Meanwhile, our model is
able to achieve better or comparable results under other settings. The results further confirm the
robustness of our model in improving the classifications for tail classes with few training instances
available. Our model also performs better than BERT baselines under the Few setting, indicating
that the pre-trained BERT models still suffer bias issues on the long-tailed IE tasks.

Relation Extraction: As shown in
Table 3] we further evaluate CFIE  Table 3: Evaluation results on the NYT24 dataset for RE.
for the relation extraction on NYT24

S NYT24
dataset. Our method mgmﬁcgntly out- Model Fow Overall
performs all other methods in MF for MR MFlI MR MFI
both tail classes and overall F1. Al- C-GCN (Zhang et al.]2017) 240 267 512 526
though cRT achieves relatively high Focal Loss (Lin et al.||2017) 520 483 629 619
. cRT (Kang et al.|[2019) 66.0 242 65.6 50.5
MR, having thef 10"‘}’?“ Mll: 1 ﬁlders 7 - Normalization (Rang et all2019) 400 40.0 535 54.6
1t incompetent for this task. 1he re-  pwg (Kang et al|[20T9) 400 400 535 546
sults further confirm our hypothesis ~~TDE (Tang et al.|2020b) 60.0 571 610 602
that the proposed CF IE is able to alle- Ours (Glove) 63.0 65.6 653 63.6

viate spurious correlations caused by
imbalanced dataset by learning to distinguish the main effect from the side effect. We also observe
that CF IE outperforms the previously proposed TDE by a large margin for the both Few and Over-
all settings, i.e., 11.5 points and 3.4 points improvement in terms of MF1. This further proves our
hypothesis that properly exploring language structure on causal models will boost the performance
of IE tasks on imbalanced datasets.

4.5 DISCUSSIONS

What are the most im-

portant factors for NER?  70] _ jiwlesentence @W\«
We have hypothesmed that 60 W= mgi i:gz //// The picture showed premier Peng Li visiting malacca
the factors, such as 2-hop 50y  Mesceniy e
and 1_h()p context on the %40 //// The picture [JiASKH premier Peng [ visiting malacca
dependency tree, the en- 830 7 ®
. . ~ 7
ity ltself, and POS feature, * 20 //// The picture showed premier Peng Li malacca
may hold the potential tobe 10 Z 7
. @
7
the key clues for the NER 0 Ground Truth Wox Except Ground Tl The picture showed premier Peng Li visiting
predictions.  To evaluate () )

the impact of these factors, . . C . .
we first generate new se- Figure 3: (a) prediction distributions for various factors. (b) masking

quences by masking or mit- operations based on a syntax tree.

igating these factors. Then we feed the generated sequences to the proposed SCM to obtain the pre-
dictions. Figure [3]shows a qualitative example for predicting the NER tag for the entity “malacca”.
Specifically, Figure |3| (a) visualizes the variances of the predictions, where the histograms in the
left refer to prediction probabilities for the ground truth class, while the histograms in the right are
the max predictions except the results of ground truth class. Figure [3(b) illustrates how we mask
the context based on a dependency tree. It shows that masking the entity, i.e., “malacca”, will lead
to the most significant performance drop, indicating that entity itself plays a key role for the NER
classification. This also inspires us to design step 5 in our framework. More analyses about ED and

RE are given in the Appendix and

Does the syntax structure matter? To answer this question, we design three baselines including:
1) Causal Models w/o Syntax that doesn’t employ dependency trees during the training
stage, and only uses it for generating counterfactuals, 2) Counterfactuals w/o Syntax that
employs dependency structures for training but utilizes a null input as the intervention during the
inference state. We refer such a setting from the previous study (Tang et al,, [2020a), and 3) No
Syntax that is the same to the previous work TDE (Tang et al.,2020b) which don’t involve depen-
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dency structures in both training and inference stages. As shown in Figure[d] our model outperforms
the first two baselines on the ACE2005 dataset under both Few and All settings, demonstrating the
effectiveness of dependency structure in improving the causal models for long-tailed IE.

70 #77. Causal Model w/o Syntax 777 MASK token #/7. MASK token
== Counterfactuals w/o Syntax = MASK 1-hop

68 No Syntax 751 sso MASK token&d-hop

DN Ours

== MASK 1-hop
757 esa MASK tokensd-hop

60

Mean F1 (%)
w
S
Mean F1 (%)
o
&
Mean F1 (%)
o
&

IS
S

30

Few

Figure 4: Syntax Contribution. Figure 5: Prune with DGLSTM. Figure 6: Prune with C-GCN.
How can we make good use of dependency structure? To answer this question, we present three
tree pruning mechanisms under two graph aggregation settings, i.e., Prune with DGLSTM and
Prune with C-GCN as described in Equation [3] and Equation [d] The three pruning strategies
include 1) CFIE Mask 1-hop which masks the tokens that directly connect to the targeting to-
ken in a dependency tree, 2) CFIE Mask token which directly masks the targeting token, 3)
CFIE Mask tokené&l-hop which masks both the targeting token and its 1-hop neighbours in
the dependency tree. Figure[5]and Figure [6] depict the results on OntoNotes5.0 dataset. We observe
that masking 1-hop neighbours in the dependency tree achieves the best performance among three
strategies, indicating that an entity itself is more important in NER sequence labeling. By comparing
the two graph aggregation method, we draw a conclusion that Prune with DGLSTM can make
better use of dependency structures.

How about the performance under various interventions and SCMs? We study this question on
ACE2005 dataset for ED task. We design three interventional methods including 1) Intervene
X & NER, 2) Intervene X & POS, 3) Intervene X & NER & POS . Figure |Z| shows
that introducing interventions solely on X is able to achieve the best performance under both Few
and All settings. We also introduce three variants of our proposed SCMs : 1) SCM w/o NER, 2)
SCM w/o P0S,3)SCM w/o NER and POS. Figure[§|shows that mitigating the NER node will
significantly decrease the ED performance, especially over the Few setting. The results prove the
superiority of our proposed SCMs that explicitly involve linguistic features to calculate main effect.
More analyses for NER task are given in Appendix [A-4.4]

70

777 Intervene X & NER 777 SCM w/o NER 100
== Intervene X & POS 701 == scMw/oPOS
800 Intervene X & NER & POS ©88 SCM w/o POS and NER 80
DN Ours QN Ours

65

o
=]

60

u
=)

40

Mean F1 (%)
w
&
Mean F1 (%)

u
o

Mean F1 (%)

20{ /

S

o
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S

0 0 0.306091.2151.82.12.4

40 Few Al ‘ Alpha
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Figure 7: Various interventions.  Figure 8: Various SCMs. Figure 9: Various a.

How the hyper-parameter o impacts the performance? To evaluate the impact of « on the
performance, we tuned the parameter on four datasets including OntoNotes5.0, ATIS, ACE2005,
and MAVEN. As shown in FigureE[, when increasing « from 0 to 2.4 on ATIS dataset, the F1 scores
increase at first dramatically then decrease slowly. The F1 scores reach the peak when « is set to
1.2. As the value of « represents the importance of entity for classifications, we therefore draw a
conclusion that, for NER task , an entity plays a relatively more important role than the context. We
also demonstrate the necessity of step 5 in our framework, since the performance is poor when « is
set to 0. Experimental results on the other three datasets are given in the Appendix [A.4.3]

5 CONCLUSION

In this paper, we present CFIE, a novel approach to tackling the long-tailed information extraction
issues via counterfactual analysis in causal inference. Experimental results on five datasets across
three IE tasks show the effectiveness of our approach. The future research directions include apply-
ing the proposed framework to more challenging long-tailed document-level IE tasks.



Under review as a conference paper at ICLR 2021

REFERENCES

Ehsan Abbasnejad, Damien Teney, Amin Parvaneh, Javen Shi, and Anton van den Hengel. Counter-
factual vision and language learning. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 10044-10054, 2020.

Anders Bjorkelund, Love Hafdell, and Pierre Nugues. Multilingual semantic role labeling. In
Proceedings of the Thirteenth Conference on Computational Natural Language Learning (CoNLL
2009): Shared Task, pp. 43-48, 2009.

Léon Bottou, Jonas Peters, Joaquin Quifionero-Candela, Denis X Charles, D Max Chickering, Elon
Portugaly, Dipankar Ray, Patrice Simard, and Ed Snelson. Counterfactual reasoning and learning
systems: The example of computational advertising. The Journal of Machine Learning Research,
14(1):3207-3260, 2013.

Laura Chiticariu, Yunyao Li, and Frederick R. Reiss. Rule-based information extraction is dead!
long live rule-based information extraction systems! In Proceedings of the 2013 Conference on
Empirical Methods in Natural Language Processing, pp. 827-832, Seattle, Washington, USA,
October 2013. Association for Computational Linguistics.

Jason P.C. Chiu and Eric Nichols. Named entity recognition with bidirectional LSTM-CNNSs. Trans-
actions of the Association for Computational Linguistics, 4, 2016.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. Bert: Pre-training of deep
bidirectional transformers for language understanding. In Proceedings of the 2019 Conference of
the North American Chapter of the Association for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers), pp. 4171-4186, 2019.

George Doddington, Alexis Mitchell, Mark Przybocki, Lance Ramshaw, Stephanie Strassel, and
Ralph Weischedel. The automatic content extraction (ACE) program — tasks, data, and evaluation.
In Proceedings of the Fourth International Conference on Language Resources and Evaluation
(LREC’04), Lisbon, Portugal, May 2004. European Language Resources Association (ELRA).

Finale Doshi-Velez and Been Kim. Towards a rigorous science of interpretable machine learning.
arXiv preprint arXiv:1702.08608, 2017.

Javid Ebrahimi, Anyi Rao, Daniel Lowd, and Dejing Dou. Hotflip: White-box adversarial exam-
ples for text classification. In Proceedings of the 56th Annual Meeting of the Association for
Computational Linguistics (Volume 2: Short Papers), pp. 31-36, 2018.

Shi Feng, Eric Wallace, Alvin Grissom II, Mohit Iyyer, Pedro Rodriguez, and Jordan Boyd-Graber.
Pathologies of neural models make interpretations difficult. In Proceedings of the 2018 Confer-
ence on Empirical Methods in Natural Language Processing, pp. 3719-3728, 2018.

Jeffrey Flanigan, Sam Thomson, Jaime G Carbonell, Chris Dyer, and Noah A Smith. A discrim-
inative graph-based parser for the abstract meaning representation. In Proceedings of the 52nd
Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pp.
1426-1436, 2014.

Tianyu Gao, Xu Han, Hao Zhu, Zhiyuan Liu, Peng Li, Maosong Sun, and Jie Zhou. Fewrel 2.0: To-
wards more challenging few-shot relation classification. In Proceedings of the 2019 Conference
on Empirical Methods in Natural Language Processing and the 9th International Joint Confer-
ence on Natural Language Processing (EMNLP-IJCNLP), pp. 6251-6256, 2019.

Claire Gardent, Anastasia Shimorina, Shashi Narayan, and Laura Perez-Beltrachini. The WebNLG
challenge: Generating text from RDF data. In Proceedings of the 10th International Conference
on Natural Language Generation. Association for Computational Linguistics, 2017.

Zhijiang Guo, Yan Zhang, and Wei Lu. Attention guided graph convolutional networks for relation
extraction. In Proc. of ACL, 2019.

Xu Han, Pengfei Yu, Zhiyuan Liu, Maosong Sun, and Peng Li. Hierarchical relation extraction with
coarse-to-fine grained attention. In Proceedings of the 2018 Conference on Empirical Methods in
Natural Language Processing, pp. 2236-2245, 2018.

10



Under review as a conference paper at ICLR 2021

Lifu Huang, Heng Ji, Kyunghyun Cho, Ido Dagan, Sebastian Riedel, and Clare Voss. Zero-shot
transfer learning for event extraction. In Proceedings of the 56th Annual Meeting of the Associ-
ation for Computational Linguistics (Volume 1: Long Papers), Melbourne, Australia, July 2018.
Association for Computational Linguistics.

Zhanming Jie and Wei Lu. Dependency-guided Istm-crf for named entity recognition. In Proceed-
ings of the 2019 Conference on Empirical Methods in Natural Language Processing and the 9th
International Joint Conference on Natural Language Processing (EMNLP-1IJCNLP), pp. 3853—
3863, 2019.

Bingyi Kang, Saining Xie, Marcus Rohrbach, Zhicheng Yan, Albert Gordo, Jiashi Feng, and Yannis
Kalantidis. Decoupling representation and classifier for long-tailed recognition. In International
Conference on Learning Representations, 2019.

Divyansh Kaushik, Eduard Hovy, and Zachary Lipton. Learning the difference that makes a differ-
ence with counterfactually-augmented data. In International Conference on Learning Represen-
tations, 2019.

Thomas N. Kipf and Max Welling. Semi-supervised classification with graph convolutional net-
works. In Proc. of ICLR, 2017.

Guillaume Lample, Miguel Ballesteros, Sandeep Subramanian, Kazuya Kawakami, and Chris Dyer.
Neural architectures for named entity recognition. In Proceedings of the 2016 Conference of the
North American Chapter of the Association for Computational Linguistics: Human Language
Technologies, San Diego, California, June 2016. Association for Computational Linguistics.

Kai Lei, Daoyuan Chen, Yaliang Li, Nan Du, Min Yang, Wei Fan, and Ying Shen. Cooperative
denoising for distantly supervised relation extraction. In Proceedings of the 27th International
Conference on Computational Linguistics, Santa Fe, New Mexico, USA, 2018. Association for
Computational Linguistics.

Tsung-Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and Piotr Dolldr. Focal loss for dense
object detection. In Proceedings of the IEEE international conference on computer vision, pp.
2980-2988, 2017.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Mandar Joshi, Danqi Chen, Omer Levy, Mike
Lewis, Luke Zettlemoyer, and Veselin Stoyanov. Roberta: A robustly optimized bert pretraining
approach. arXiv preprint arXiv:1907.11692, 2019a.

Ziwei Liu, Zhongqi Miao, Xiaohang Zhan, Jiayun Wang, Boqing Gong, and Stella X Yu. Large-scale
long-tailed recognition in an open world. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pp. 2537-2546, 2019b.

Xuezhe Ma and Eduard Hovy. End-to-end sequence labeling via bi-directional Istm-cnns-crf. In
Proceedings of the 54th Annual Meeting of the Association for Computational Linguistics (Volume
1: Long Papers), pp. 1064-1074, Berlin, Germany, August 2016. Association for Computational
Linguistics.

Dhruv Mahajan, Ross Girshick, Vignesh Ramanathan, Kaiming He, Manohar Paluri, Yixuan Li,
Ashwin Bharambe, and Laurens van der Maaten. Exploring the limits of weakly supervised
pretraining. In Proceedings of the European Conference on Computer Vision (ECCV), 2018.

Fausto Milletari, Nassir Navab, and Seyed-Ahmad Ahmadi. V-net: Fully convolutional neural net-
works for volumetric medical image segmentation. In 2016 fourth international conference on
3D vision (3DV), pp. 565-571. IEEE, 2016.

Christoph Molnar. Interpretable Machine Learning. Lulu. com, 2020.

Thien Huu Nguyen and Ralph Grishman. Event detection and domain adaptation with convolutional
neural networks. In Proceedings of the 53rd Annual Meeting of the Association for Computational
Linguistics and the 7th International Joint Conference on Natural Language Processing (Volume
2: Short Papers), pp. 365-371, Beijing, China, July 2015. Association for Computational Lin-
guistics.

11



Under review as a conference paper at ICLR 2021

Yulei Niu, Kaihua Tang, Hanwang Zhang, Zhiwu Lu, Xian-Sheng Hua, and Ji-Rong Wen. Counter-
factual vqa: A cause-effect look at language bias. arXiv preprint arXiv:2006.04315, 2020.

Abiola Obamuyide and Andreas Vlachos. Model-agnostic meta-learning for relation classification
with limited supervision. In Proceedings of the 57th Annual Meeting of the Association for Com-
putational Linguistics, pp. 5873-5879, 2019.

Judea Pearl. Causality. Cambridge university press, 2009.

Judea Pearl, Madelyn Glymour, and Nicholas P Jewell. Causal inference in statistics: A primer.
John Wiley & Sons, 2016.

Nanyun Peng, Hoifung Poon, Chris Quirk, Kristina Toutanova, and Wen tau Yih. Cross-sentence
n-ary relation extraction with graph Istms. Transactions of the Association for Computational
Linguistics, 5:101-115, 2017.

Jeffrey Pennington, Richard Socher, and Christopher D. Manning. Glove: Global vectors for word
representation. In Proc. of EMNLP, 2014.

Sameer Pradhan, Alessandro Moschitti, Nianwen Xue, Hwee Tou Ng, Anders Bjorkelund, Olga
Uryupina, Yuchen Zhang, and Zhi Zhong. Towards robust linguistic analysis using OntoNotes.
In Proceedings of the Seventeenth Conference on Computational Natural Language Learning.
Association for Computational Linguistics, 2013.

Chris Quirk and Hoifung Poon. Distant supervision for relation extraction beyond the sentence
boundary. In Proc. of EACL, 2017.

Marco Tulio Ribeiro, Sameer Singh, and Carlos Guestrin. ” why should i trust you?” explaining the
predictions of any classifier. In Proceedings of the 22nd ACM SIGKDD international conference
on knowledge discovery and data mining, pp. 1135-1144, 2016.

Marco Tulio Ribeiro, Sameer Singh, and Carlos Guestrin. Semantically equivalent adversarial rules
for debugging nlp models. In Proceedings of the 56th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers), pp. 856-865, 2018.

Donald B Rubin. Essential concepts of causal inference: a remarkable history and an intriguing
future. Biostatistics & Epidemiology, 3(1):140-155, 2019.

Sunita Sarawagi. Information extraction. Now Publishers Inc, 2008.

Mike Schuster and Kuldip K Paliwal. Bidirectional recurrent neural networks. IEEE transactions
on Signal Processing, 45(11):2673-2681, 1997.

Kaihua Tang, Jiangiang Huang, and Hanwang Zhang. Long-tailed classification by keeping the good
and removing the bad momentum causal effect. In NeurIPS, 2020a.

Kaihua Tang, Yulei Niu, Jianqiang Huang, Jiaxin Shi, and Hanwang Zhang. Unbiased scene graph
generation from biased training. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pp. 3716-3725, 2020b.

Gokhan Tur, Dilek Hakkani-Tiir, and Larry Heck. What is left to be understood in atis? In 2010
IEEE Spoken Language Technology Workshop, pp. 19-24. IEEE, 2010.

David Wadden, Ulme Wennberg, Yi Luan, and Hannaneh Hajishirzi. Entity, relation, and event
extraction with contextualized span representations. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing and the 9th International Joint Conference
on Natural Language Processing (EMNLP-IJCNLP), pp. 5788-5793, 2019.

Tao Wang, Yu Li, Bingyi Kang, Junnan Li, Junhao Liew, Sheng Tang, Steven Hoi, and Jiashi Feng.
The devil is in classification: A simple framework for long-tail instance segmentation. In Pro-
ceedings of the European Conference on Computer Vision (ECCV), 2020a.

Xiaozhi Wang, Ziqi Wang, Xu Han, Wangyi Jiang, Rong Han, Zhiyuan Liu, Juanzi Li, Peng Li,
Yankai Lin, and Jie Zhou. Maven: A massive general domain event detection dataset. In arXiv:
https://arxiv.org/abs/2004.13590, 2020b.

12



Under review as a conference paper at ICLR 2021

Xu Yang, Hanwang Zhang, and Jianfei Cai. Deconfounded image captioning: A causal retrospect.
arXiv preprint arXiv:2003.03923, 2020.

Zhongqi Yue, Hanwang Zhang, Qianru Sun, and Xian-Sheng Hua. Interventional few-shot learning.
In NeurIPS, 2020.

Daojian Zeng, Kang Liu, Siwei Lai, Guangyou Zhou, and Jian Zhao. Relation classification via
convolutional deep neural network. In Proc. of COLING, 2014.

Xiangji Zeng, Yunliang Li, Yuchen Zhai, and Yin Zhang. Counterfactual generator: A weakly-
supervised method for named entity recognition. In Proceedings of the 2020 Conference on
Empirical Methods in Natural Language Processing (EMNLP), pp. 7270-7280, 2020.

Dong Zhang, Hanwang Zhang, Jinhui Tang, Xiansheng Hua, and Qianru Sun. Causal intervention
for weakly-supervised semantic segmentation. In NeurIPS, 2020.

Ningyu Zhang, Shumin Deng, Zhanlin Sun, Guanying Wang, Xi Chen, Wei Zhang, and Huajun
Chen. Long-tail relation extraction via knowledge graph embeddings and graph convolution net-
works. In Proceedings of the 2019 Conference of the North American Chapter of the Association
for Computational Linguistics: Human Language Technologies, Volume 1 (Long and Short Pa-
pers), Minneapolis, Minnesota, June 2019. Association for Computational Linguistics.

Yuhao Zhang, Victor Zhong, Danqi Chen, Gabor Angeli, and Christopher D. Manning. Position-
aware attention and supervised data improve slot filling. In Proceedings of the 2017 Conference
on Empirical Methods in Natural Language Processing, 2017.

A APPENDIX

A.1 DERIVATIONS

A.1.1 COUNTERFACTUALS

Recall that the formal computation for counterfactual is defined as:
Yo (u) = Yar,. (u)

where M- means assigning X = z* for all equations in the SCM. The crucial step in the derivation
is to understand the goal of the exogenous variable U, by which the variables in the causal graph are
uniquely determined. To compute the counterfactual of a prediction regarding variable X, we have
to keep all other variables under the same setting as the original prediction. Consider an intuitive
example that a boy got an A for the subject because he studied hard. To estimate the counterfactual
”what score would he get if he did not study hard”, we should maintain all other factors like the
difficulty of the subject and the skills of the teacher and so on at the original level to simulate the
hypothetical scenario that the boy travelled back in time and behaved differently. Thus, setting
U = u where u is the environment (e.g. year of admission, faculty) for the original prediction is to
ensure the consistency in estimating the value of all other variables, which is mathematically:

Vi=fi(PA,,U =u),VV, €V
except for the variable of interest X along with its descendants (e.g. commendation from the teacher)
due to the intervention do(X = x*). Thus, for our SCM, as long as we can ensure the value of
variables (.5, Z) that are not descendants of X follow the original situation, the exogenous variable
u is only for notational purpose and no longer needed in computing the counterfactuals. Besides, for
all variables, only the descendants of X should be re-calculated. We now present the mathematical
derivation for the counterfactual Y, - in our SCM:

Yo = Yar,. (u)
=Y (do(X =2"),U = u)
= fy(do(X =2%),S =5,Z ==z)
= fy(z¥,s,2)
= Y WyH +WxyH,-
i€E\{X}
In short, to compute the counterfactual Y, -, we simply need to
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1. Assign a new value z* to the variable of interest X .
2. Cut off the dependency between X and its parents in SCM.

3. Recompute all values.

A.1.2 TOTAL DIRECT EFFECT

In an SCM, let M be the mediator variables such that path X — Z — Y exists. The formal
definition of Total Direct Effect (TDE) is:

TDE = Yy (u) — Yae m (1)

where m are the original values of the mediator variables. Thus, additional intervention do(M = m)
is required to compute 7'D E. Fortunately, our SCM shown in Figure [I|does not have mediators for
X and the computation is reduced to:

TDE =Y, (u) — Yy« (u)
=Y, - Y,
One may question that why X imposes no effect on Z including POS and NER tags for relation
extraction. This is because POS and NER tags are provided in the dataset and we are not using them

for joint training. Thus, there is no direct dependency between contextual representation and the
representation for the tags.

A.2 DATASET STATISTICS

We give the statistics of five datasets as follows in Table E} We follow the (Liu et al.| 2019b) to
split the training set as Few-shot(Few), Medium-shot(Medium) and Many-Shot(Many). We split the
dataset based on the distribution of class types and numbers. Details are given in Table[5]

Table 4: Data Statistics

Dataset Task Train Dev  Test  Class Types
OntoNotes5.0 Named Entity Recognition 59924 8528 8262 18

ATIS Named Entity Recognition 4479 498 893 79
ACE2005 Event Detection 19216 901 676 33

MAVEN Event Detection 32431 8042 9400 168

NYT24 Relation Extraction 50577 5619 5000 24

Table 5: Number of instances per class for dataset splitting

Dataset Task Few Medium Many
OntoNotes5.0 Named Entity Recognition < 4000 4000 ~ 10000 > 10000
ATIS Named Entity Recognition < 30 30 ~ 100 > 100
ACE2005 Event Detection < 30 30 ~ 150 > 150
MAVEN Event Detection <100 100 ~ 1000 > 1000
NYT24 Relation Extraction <100 100 ~ 200 > 200

A.3 EXPERIMENT SETTINGS
We use spaCyE] to generate the dependency tree, NER as well as POS tagging for a input sentence.

The hyperparameters that we used on three tasks are listed as follows in Table [6] Table[7] and Table
[8] We show the parameters in different tables as the setting varies for each task.

A.4 MORE DISCUSSIONS

We add more discussions here based on Section [4.3]

*https://spacy.io/
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A.4.1 WHAT ARE THE MOST IMPORTANT FACTORS FOR THE ED TASK?

To answer this question, we conduct experiments on ACE2005. We have hypothesised that the
factors, such as 2-hop and 1-hop context on the dependency tree, the entity itself, POS feature,
and NER feature may hold the potential to be the key clues for the ED predictions. The design of

Table 6: Detailed Hyper-parameters for the NER task.

Batch size 64
Learning rate 0.001
Decay rate 0.90
Gradient clipping 5
Optimizer Adam
Word embedding dimension 300
Input dropout 0.3
RNN Hidden size 200
RNN Layer size 1
RNN dropout 0.3
POS dim 30
Deprel dim 30
a(OntoNotes5.0) 0.9
a(ATIS) 1.2

Table 7: Detailed Hyper-parameters for the ED task.

Batch size 32
Learning rate 0.001
Decay rate 0.90
Gradient clipping 5
Optimizer Adam
Word embedding dimension 300
Input dropout 0.3
RNN Hidden size 200
RNN Layer size 1
RNN dropout 0.3
POS dim 30
NER dim 30
Deprel dim 30

o 1.5

Table 8: Detailed Hyper-parameters for the RE task.

Batch size 50
Learning rate 0.03
Decay rate 0.90
Gradient clipping 5
Optimizer SGD
Word embedding dimension 300
Input dropout 0.5
RNN Hidden size 300
RNN Layer size 2
RNN dropout 0.2
Block Number 2
GCN first sub-layers 2
GCN second sub-layers 4
GCN dropout 0.3
Pooling L2 0.002
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our experiments here are similar as that of NER task described in Section [4.5] Figure [T0] shows
a qualitative example for predicting the event type for the word “shot”. Specifically, Figure [I0]
(a) visualizes the variances of the predictions, where the histograms in the left refer to prediction
probabilities for the ground truth class, while the histograms in the right are the max predictions
except the results of ground truth class. Figure[I0[b) illustrates how we mask the context based on
a dependency tree. We obtain the same conclusion that masking the word itself, i.e., “shot”, will
lead to the most significant performance drop, indicating that entity itself serves as a key for the
ED classification. Also we can see that 1-hop neighbors in the dependency tree plays the second
important roles. When 1-hop neighbors are masked, the lead in the probability of the ground truth
class is reduced relative to the probability of the error class, which indicates the decline of the
model’s classification ability.

@ w{;ﬂ: OSsentence 7 @ m
80 @ ™ e o I  would have shot the insurgent too
2l [l -5 oy i~
% | would have shot |:|insurgent too
E 40 7 @
- | mask | mask | MAsk |shot the| wmask | mask |
@r ¥ N\~ 2
0 Ground Truth Max Except Ground Truth | would have-the insurgent too

(a) (b)

Figure 10: (a) prediction distributions for various factors. (b) masking operations based on a syntax
tree.

A.4.2 WHAT ARE THE MOST IMPORTANT FACTORS FOR THE RE TASK?

To answer this question, we conduct experiments on NYT24 dataset. We have hypothesised that
the factors, such as context on the shortest path between the targets, the contextualized word rep-
resentations, POS feature, and NER feature may hold the potential to be the key clues for the RE
predictions. The design of our experiments here are similar as that of NER task described in Sec-
tion[4.5] Figure[IT|shows a qualitative example for predicting the relation type for the targets “Italy”
and “Modena”. Specifically, Figure[TT](a) visualizes the variances of the predictions, where the his-
tograms in the left refer to prediction probabilities for the ground truth class, while the histograms
in the right are the max predictions except the results of ground truth class. Figure [[T|b) illustrates
how we mask the context based on a dependency tree. When we mask the context on the shortest
path, we can see that the probability on the ground truth class drops significantly and the model
makes a wrong prediction, which indicates the importance of context on the shortest path between
subject and object in RE task.

100

Whole Sentence
Mask Shortest Path
80 m—W/OS
;@ B ar VT VN CVA A
_E 60 The performance was recorded live in Modena, a city of Italy
=
2 40
g @) % @
N I DR | e v dod tve in [WASKD, a [ ] FWASK]
7 e performance was recorded live in , a

Ground Truth Max Except Ground Truth

(a) (b)
Figure 11: (a) prediction distributions for various factors. (b) masking operations based on a syntax
tree.

A.4.3 HOW THE HYPER-PARAMETER « IMPACTS THE PERFORMANCE?

Here we show the performance on OntoNotes5.0, ACE2005, and MAVEN datasets regarding various
values of .. As shown in Figure[T2] we observe that the trends are similar on different datasets. The
optimal values are 0.9, 1.5, 1.5 respectively on OntoNotes5.0, ACE2005, and MAVEN dataset.
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Figure 12: Performance with different values of «

A.4.4 EXPLORING DIFFERENT INTERVENTIONS AND SCMS FOR NER TASK.

We conduct experiments for NER task on OntoNotes5.0 dataset regarding different intervention
methods and SCMs. The design and conclusions are similar to those of the ED task described in
Section 3] The results are shown in Table[T3] To be specific, only intervening X achieves the best
performance, indicating that our method is capable of capturing the most significant effect. Further-
more, our design of including POS tag in the causal graph can incorporate the useful information
while eliminating the bias in POS tags.
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Figure 13: Performance with various interventions and SCMs for NER task.

A.5 MEASURING CAUSAL EFFECTS OF VARIOUS FACTORS

We measure the causal effects of different factors for RE task. Here we define a set of factors
F = {X,S,NER,POS, TAGS, Context, DepEdges}, where S, X, NER, POS are variables
defined in our SCM, T'AGS includes both NER tag and POS tag, C'ontext denotes tokens along
the shortest path between subject and object in RE task, and DepFdges denotes the dependency
edges connected to either subject or object. We calculate the causal effect by Equation [7, where z*
is generated by masking each factor in F. Instead of measuring the effect on a specific instance, we
calculate the average effect on the ground truth class over all samples in NYT24 dataset. A larger
value indicates a more significant causal effect from the specific factor to the ground truth label.
From Table[9]we can observe that X and C'ontext have the largest effect to the ground truth, which
is captured in our model. Also we can conclude that masking tokens in the dependency tree is better
choice compared with masking dependency relations.

Table 9: Average causal effect from various factors to the ground truth label.
Factor X S NER POS TAGS Context DepFEdges
Avg. Effect 0.656 0.502 0.108 0.027 0.074 0.633 0.061
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A.6 MORE DETAILED EXPERIMENTAL RESULTS

For the NER and ED tasks, we report more detailed comparisons on the Ontonotes5.0, ATIS,
ACE2005, and MAVEN datasets in Table [I0] Table [T} Table [I2] and Table [I3] respectively. We
also report the detailed results for RE on the NYT24 dataset in Table[14]

Table 10: Evaluation results on the OntoNotes5.0 dataset for the named entity recognition.

Model Few Medium Many Overall )
MR MFI MR MFlI MR MFI MR MFl MicroFl

BiLSTM (Chiu & Nichols/[2016) 675 699 726 753 881 854 764 768 837
BiLSTM+CRF (Ma & Hovy![2016) 60.7 636 653 691 869 869 716 735 855
C-GCN (Zhang et al.[2017) 683 698 69.1 729 909 866 773 768 855
Dep-Guided LSTM (Jie & Lu;[2019) 61.8 693 702 737 89.8 843 741 758 84.0
Focal Loss (Lin et al.]2017) 641 655 699 712 877 847 742 739 852
cRT (Kang et al.||2019) 641 685 739 753 880 852 750 761 83.6
7 - Normalization (Kang et al.|2019) 61.1 66.7 72.8 764 88.0 857 735 757 849
LWS (Kang et al.|2019) 587 649 716 761 876 852 721 747 849
TDE (Tang et al.]2020b) 719 68.8 779 748 912 867 804 7677 83.6
Ours (Glove) 76.7 689 836 762 920 87.6 838 773 854
BERT (Devlin et al.[[2019) 7177 765 814 786 940 90.7 84.6 824 887
Roberta (Liu et al.[[2019a) 787 79,5 848 851 963 931 865 857 90.7
BERT+GCN (Wadden et al.|2019) 80.2 777 811 773 939 904 856 826 83.6
Ours (BERT) 80.6 79.1 851 804 945 914 86.7 84.1 889
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Table 11: Evaluation results on the ATIS dataset for the named entity recognition.

Model Few Medium Many Overall
MR MF1 MR MF1I MR MFI1 MR MF1 Micro F1
BiLSTM 66.2 690 898 859 930 922 84.2 83.1 92.0
BiLSTM+CRF 58.1 604 874 835 93.0 93.5 81.0 80.2 932
CGGCN (Zhang et al.}[2017) 632 653 873 832 918 893 82.0 80.1 91.8
Dep-Guided LSTM (Jie & Lu![2019) 60.6 654 94.1 904 932 929 846 843 938
Focal Loss ) 489 49.8 89.3 846 91.1 89.8 787 76.6  90.0
cRT 68.1 717 923 88.0 928 922 857 848 928
7 - Normalization 64.8 680 899 862 930 925 83.9 83.1 93.2
LWS ] 66.2 69.1 899 859 93.0 922 843 832 93.0
TDE (Tang et al.172020b) 67.5 67.1 953 894 937 935 87.1 845 924
Ours (Glove) 71.8 731 956 914 943 935 88.6 87.0 928
BERT(Devlin et al.[2019) 523 56.1 96.0 90.6 929 92.7 829 81.7 945
Roberta(Liu et al.|{|2019a) 60.2 61.1 93.8 89.1 93.1 922 843 823 943
BERT+GCN (Wadden et al.|[2019) 533 566 954 89.6 931 922 83.0 81.3 945
Ours (BERT) 58.8 622 97.2 89.1 93.6 924 855 82.6 94.6
Table 12: Evaluation results on the ACE2005 dataset for the event detection.
Model Few Medium Many Overall
MR MF1 MR MF1 MR MFI1 MR MF1 Micro Fl
BiLSTM (Chiu & Nichols![2016) 342 356 551 582 649 67.0 523 548 66.7
BiLSTM+CRF (Ma & Hovy![2016) 414  45.1 498 522 70.1 70.5 51.8 54.1 68.2
C-GCN (Zhang et al.[[2017) 414  44.1 512 558 664 712 520 56.1 71.2
Dep-Guided LSTM (Jie & Lu!2019) 42.8 41.7 498 560 71.1 71.6 524 558 70.7
Focal Loss (Lin et al.[2017) 38,6 429 50.7 588 746 76.0 526 585 727
cRT (Kang et al.|[2019) 448 474 588 60.1 68.8 685 576 589 714
7 - Normalization (Kang et al.||2019) 34.3 35.6 509 53.8 827 683 533 525 67.6
LWS (Kang et al.{2019) 343 356 612 602 768 71.7 582 569 67.5
TDE (Tang et al.|[2020b) 343 339 615 597 774 733 585 565 72.0
Our (Glove) 471 49.7 643 599 805 733 635 602 715
BERT (Devlin et al.][2019) 476 489 678 67.5 845 768 66.5 65.1 77.6
Roberta (Liu et al.||2019a) 476 477 737 726 860 809 702 686 804
BERT+GCN (Wadden et al.|[2019) 452 475 789 775 88.2 803 73.1 713 80.3
Ours (BERT) 619 632 765 766 853 80.7 749 744 80.1
Table 13: Evaluation results on the MAVEN dataset for the event detection.
Model Few Medium Many Overall
MR MF1 MR MF1 MR MFI MR MF1 MicroFl
BIiLSTM 36.5 40.7 783 799 804 823 67.1 69.5 83.0
BiLSTM+CRF 434  46.8 79.0 79.8 823 83.0 69.6 71.1 83.3
CGGCN (Zhang et al.![2017) 497 51.7 81.8  80.8 82.6 82.1 73.1  73.0 83.6
Dep-Guided LSTM (Jie & Lul[2019) 44.7 454 76.5 782 759 789 67.8 69.3 83.0
Focal Loss 454 515 78.6  81.3 854 872 703 738 849
cRT 497 554 784 81.3 82.1 850 71.0 746 84.9
7 - Normalization 21.1  26.7 60.0 685 744 800 510 584 76.0
LWS 333 38.7 77.6 79.7 81.6 81.7 659 68.7 83.0
TDE (Tang et al.,72020b) 39.8 36.2 83.3 78.0 87.8 852 719 674 79.1
Our (Glove) 604 574 868 822 891 866 798 76.0 84.6
BERT (Devlin et al.[[2019) 38.1 393 863 84.0 906 883 735 723 86.2
Roberta (Liu et al.||2019a) 43.1 438 86.3 84.1 90.2 884 75.0 73.6 86.2
BERT+GCN (Wadden et al.|[2019) 40.9 420 86.0 836 900 886 741 728 86.1
Ours (BERT) 43.1 45.0 80.7 80.5 88.3 876 713 71.7 85.0
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Table 14: Evaluation results on the NYT24 dataset for the relation extraction task.

Model Few Medium Many Overall
ode MR MFI MR MFlI MR MFlI MR MFl MicroFl

C-GCN (Zhang et al.|2017) 240 267 606 655 588 59.1 512 526 744
Focal Loss (Lin et al.|2017] 520 483 780 748 635 640 629 619 745
¢RT (Kang et al.] 2019} 660 242 752 585 646 619 656 505 68.0
7 - Normalization (Kang et al.|2019) 40.0 40.0 59.0 64.7 57.1 57.7 535 54.6 743
LWS (Kang et al.|[2019) 400 400 590 647 571 576 535 546 743
TDE (Tang et al.]2020b) 60.0 57.1 666 652 601 602 610 602 700
Ours (Glove) 680 686 670 705 3593 603 653 636 723
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