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Abstract

Commonsense causality reasoning (CCR) aims
at identifying plausible causes and effects in
natural language descriptions that deemed rea-
sonable by an average person. Although be-
ing of great academic and practical interest,
this problem is still shadowed by the lack
of a well-posed theoretical framework; ex-
isting work usually relies on various notions
of correlation and is susceptible to confound-
ing co-occurrences. This paper articulates
the central question of CCR and develops a
novel framework, ROCK, to Reason O(A)bout
Commonsense K(C)ausality based on classical
causal inference principles. ROCK leverages
temporal signals as incidental supervision, and
makes use of temporal propensities that are
analogous to propensity scores (Rosenbaum
and Rubin, 1983) for balancing confounding
effects. We implement a modular zero-shot
pipeline, which is effective and demonstrates
good potential for CCR on various datasets.

1 Introduction

Commonsense causality reasoning (CCR) has been
an important yet non-trivial task in natural language
processing (NLP) communities that exerts broad
industrial and societal impacts (Kuipers, 1984; Gor-
don et al., 2012; Mostafazadeh et al., 2020; Sap
et al., 2020). We articulate this task as

reasoning about plausible causes and ef-
fects of semantic meanings conveyed by
natural languages that are accessible by
an average reasonable person.

This definition naturally excludes questions that are
beyond commonsense knowledge, such as those
scientific in nature (e.g., does a surgery proce-
dure reduce mortality?). Instead, it accommodates
causal queries within the reach of an ordinary rea-
sonable person. For example, in Figure 1, is Alice’s
“entering a restaurant” (E;) a plausible cause for her
“ordering a pizza” (E3)? Although the precedence
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Figure 1: An Example of CCR: does E; cause E5? The
temporal order E; < E5 does not necessitate causation
due to confounding co-occurrences (e.g., X1). Since
when conditioning on X1, a comparable intervention A
of E; also precedes Es, the effect from E; to E5 shrinks.

from E; to E, is logical, it might be less a “cause”
compared with Alice’s “feeling hungry” (X1).

We know that temporality certainly informs cau-
sation, but how to account for confounding co-
occurrences such as X;? Motivated by causal prin-
ciples (Section 2), we formulate CCR as estimating
the change in the likelihood of E,’s occurrence due
to intervening E; (denoted by —E;):

A=P(E, <E)—P(-E; <Ey) (1)

where P(-) can be estimated by language mod-
els (LMs) e.g., via mask language modeling (Sec-
tion 4). If the occurrence of E; and —E; is purely
random, A directly estimated informs CCR; how-
ever, due to confounding co-occurrences (X;), one
need to balance the covariates (events that precede
E;) to eliminate potential spurious correlations. In
light of the capabilities and limitations of LMs, we
propose temporal propensity, a surrogate propen-
sity score for this purpose (Section 3). Indeed,
we show in Section 5 that although temporality
is essential for CCR, it is vulnerable to spurious
correlations without being properly balanced.

Contributions. We articulate CCR from a com-
pletely new perspective using causal inference prin-
ciples, and our contributions include (i) a novel
causal framework for CCR that is the first of its
kind to the best of our knowledge; (ii) mitigating
confounding co-occurrences by matching temporal
propensities; (iii) a modular pipeline for zero-shot
CCR with demonstrated effectiveness.



2 Background

The problem of reasoning causal relationships, and
differentiating them from innocuous associations
has been contemplated and studied extensively in
human populations research spanning clinical trials,
epidemiology, political and social sciences, eco-
nomics, and many more (Fisher, 1958; Cochran and
Chambers, 1965; Rosenbaum, 2002; Imbens and
Rubin, 2015), among which causal practitioners
usually base their studies on the potential outcomes
framework (also known as the Rubin causal model,
see Neyman, 1923; Rubin, 1974; Holland, 1986)
and the structural equation model (Pearl, 1995;
Heckman, 2005; Peters et al., 2017) in observa-
tional studies; Granger causality (Granger, 1969)
for time series data, to name a few.

With the recent celebrated empirical success of
language models especially transformers (Devlin
et al., 2019; Radford et al., 2019), there is an in-
creasing interest in the NLP community on drawing
causal inference using textual data, where the ma-
jor focus treats textual data as either covariates or
study units (Keith et al., 2020; Feder et al., 2021)
on which causal queries are formed (e.g., does tak-
ing a medicine affects recovery, which are recorded
in textual medical records?). On the other hand,
CCR with natural language descriptions struggles
to fit in a causal inference framework: textual data
in this case are just vehicles conveying semantic
meanings, not to be taken at the face value, hence
it is difficult to draw the parallel between classical
causal inference that requires a clear definition of
study units, treatments, and outcomes.

2.1 Ecxisting Approaches

Existing works related to CCR are usually grouped
under the umbrella term of commonsense reason-
ing (Rashkin et al., 2018; Ning et al., 2019a; Sap
et al., 2020) or event detection (O’Gorman et al.,
2016). Some of the notable progresses usually
come from leveraging explicit causal cues/links
(tokens such as “due t0”’) and use conditional prob-
abilities to measure “causality” (Chang and Choi,
2004; Do et al., 2011; Luo et al., 2016); leveraging
deep LMs via augmenting training datasets, design-
ing training procedures and/or loss functions (Sap
et al., 2019; Shwartz et al., 2020; Tamborrino et al.,
2020; Zhang et al., 2021; Staliunaite et al., 2021).
There are several works that share similarities
in perspective with ours, yet different in various
ways: Granger causality, which measures associa-

tion, is used by Kang et al. (2017) to detect event
causes-and-effects; Bhattacharjya et al. (2020) stud-
ies events as point-processes, in a way arguably
closer to association; Gerstenberg et al. (2021) uses
a simulation model to reason physical causation.
To the best of our knowledge, there is very little
literature, if not none, on adopting a causal perspec-
tive in solving CCR.

2.2 Challenges of CCR

Many existing CCR methods (mostly supervised)
are based on ingenious designs and creative LM
engineering, theoretical justifications, however, are
sometimes desirable, as only then do we know how
general they can be. Indeed, recent studies reveal
that several supervised models may have exploited
certain artifacts in datasets to ace the evaluations
(Kavumba et al., 2019; Han and Wang, 2021).
This dilemma of constructing a well-founded
theoretical framework versus engineering models
to achieve excellent empirical performances is not
surprising, perhaps, given that the challenges of
CCR from causal perspectives are not trivial at all:
what is the study unit, treatment, and outcome in
this case? What does it mean to “intervene’, or
“manipulate” the treatment? Is treatment stable, or
is it desirable to consider multiple versions of it?

2.3 Principles of the ROCK Framework

In this paper, we attempt to these questions using,
among several causal principles, the following two
that are intuitive and directly appeal to human na-
ture (see e.g., Russell, 1912; Bunge, 1979):

* Precedence does not imply causation.

 Causation implies precedence.

Here the first principle warns us of post-hoc falla-
cies; the second informs us that the events must be
compared with those that are in pari materia (Mill,
1851; Hill, 1965), or having balanced covariates
(also called “pretreatments,” which we mean events
that occur prior to Eq, cf. Rosenbaum, 1989). Our
CCR formulation in terms of temporality has sev-
eral benefits: (i) the intrinsic temporality of causal
principles characterizes its central role in CCR; (ii)
temporal signals bring about incidental supervision
(Roth, 2017; Ning et al., 2019a); (iii) although be-
ing a non-trivial question per se, reasoning tempo-
ralily has witnessed decent progresses lately, mak-
ing it more accessible than directly detecting causal
signals (Ning et al., 2017, 2018, 2019b; Zhou et al.,
2020; Vashishtha et al., 2020).
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Figure 2: Illustration of the ROCK framework. Does E; cause Eo? To answer this query, (D the event sampler
samples a set of covariates X" of events X, that occur preceding E;. (2) The intervention generator generates a set A
of interventions Az, on E;. ) A subset A’ C A of interventions is selected whose temporal propensities q(x; A) is
close to that of Eq, g(z; E;) (Equation (5)). (4 The temporal predictor uses A’ to estimate A.

3 The ROCK Framework

Notations. We use sans-serif letters for events,
uppercase serif letters indicators of whether the
corresponding event occurs', and lowercase serif
letters the realizations of those indicators. For ex-
ample, in Figures 1 and 2, E; : “Alice walked
into a restaurant.,” By = 1{E; occurs} and
e1; = 1{E; occurs to the i-th study unit}?>. We
view the occurrence of events as point processes
E(t)ont € {0,1} (e.g., present vs past). We write
E; > Es (resp. <) to mean E; occurs succeeding
(resp. preceding) E;. With a slight abuse of no-
tation, we write P(E; < Ez) = P(E1(0), Ex(1))
and P(EQ’El) = P(EQ(l)‘El(O)) We write P for
estimates of P, and omit measure-theoretic details?.

Overview of the ROCK framework. We set the
stage in this section and discuss implementation de-
tails in Section 4. Given E; and E», as shown in Fig-
ure 2, ROCK samples the covariates set X and in-
terventions set A, from which a matched subset A’
is selected via temporal propensities (Section 3.4).
The score A is then estimated by Equation (5).

3.1 The Central Question of CCR

Given E; and E», as aforementioned in Section 1,
we articulate CCR as to estimate, the change of
temporal likelihood had E; been intervened:

A= P(El < E2) — [P(—'El = E2) )

which assumes values in [—1, 1] and is analogous to
the average treatment effect in human populations
research. Should we know the occurrence of E;

'By “occurs,” we mean “is observed.” We treat them
interchangeable in the rest of our paper.

Defined among other concepts in Section 3.2.

3Let £ be the set of commonsense events we consider, the
probability space we are working on is (€ x &€, 0(€ x &), P).

is purely random, direct estimation is fair enough;
however, since these probabilities are eventually
estimated from training data, if there are confound-
ing events Xy, that always co-occurs with E; in the
training data, they will bias this estimation. To this
end, it is necessary to first clear out several key
notions associated with this causal query, and then
properly define the intervention —E;.

3.2 Units, Covariates, and Interventions

One major challenge of framing a causal query for
CCR is the ambiguity of the underlying mecha-
nism. Unlike human populations research, where
experiments and study units are obvious to de-
fine, it is not immediately clear what they are
when faced with semantic meanings of languages.
Yet, we can draw parallel again between seman-
tic meanings and human subjects via the follow-
ing thinking experiment: suppose each human-
being keeps a journal/script detailing the complete
timeline of her experiences since her conception,
then we can treat each individual as a study unit
where the temporal relations of events can be in-
ferred from the journal. The treatment will then
be the indicator £y = 1{E; occurs}, the outcome
E5 = 1{E3 occurs}, and the covariates all events
preceding E;. Hence a hypothetical observational
study can be based on observations of a subpop-
ulation of such journals, from which we form ob-
served treatments e11,€12,...,€1k, the associ-
ated outcomes €21, €29, ...,€3, and covariates
X1, X2, ..., xy (as vectors of indicators).

This identification naturally complies with the
temporal nature of covariates (Rubin, 2005), since
by definition they are pretreatment that take place
before the treatment. We shall now address the
issue of intervention (manipulation). Generally
speaking, events are complex, and therefore inter-



vention in this case would be better interpreted in
a broader sense than one particular type of manip-
ulation such as negation. For example, with E;
being “Alice walked into a restaurant,” suppose hy-
pothetically, before E;, Alice did not walk into a
restaurant (—|E%), we can thus compare P(E; < E3)
with P(—E} < Ej) to reason to what extent some
event E5 can be viewed as the effect due to E;.
However, this is not the complete picture: Alice
may have walked into somewhere else such as a
bar; she may have, instead of walked into, but left
a restaurant; instead of Alice, perhaps it was Bob
who walked into a restaurant. The temporal infor-
mation between these events and E; are also likely
to inform causation between E; and Es, and they
are no less interventions than negation. As such
we interpret intervention in our framework in a
broader sense, not necessarily only negation or the
entailment of negations, but any events that leads
to plausible states of counterfactuality. We will
denote all possible interventions of E; as .A.

Remark. The well-celeberated stable unit treat-
ment value assumption (SUTVA, Rubin, 1980)
requires that for each unit there is only one ver-
sion of the non-treatment. We can view the out-
come of our framework in Equation (1) to be the
temporal probability thresheld at a certain level,
1{P(- < Ez) > 1 — 4}, thus complying SUTVA.

3.3 Balancing Covariates

Direct estimation of A in Equation (1) is feasi-
ble only in an ideal world where those probabil-
ities are estimated from randomized controlled
trials (RCTs) such that the treatment (F) is as-
signed completely at random to study units. Due
to confounding co-occurrences, events that pre-
cede E; need to be properly balanced (Mill, 1851;
Rosenbaum and Rubin, 1983; Pearl and Macken-
zie, 2018). Taking again as an example E;: “Alice
walked into a restaurant,” and E5: “Alice ordered a
pizza,”. Suppose hypothetically, Alice’s twin sister
Alicia, who has the exactly same life experiences
up to the point when E; took place, but opted not
walking into a restaurant, but opened a food deliv-
ery app on her phone (—E;). Then we can reason
that the cause-and-effect relationship from E; to Eo
is perhaps not large. On the other hand, if we know
another irrelevant person, say Bob, undergone —E;
and then E,, then perhaps we are not ready to give
that conclusion since we do not know if Bob and
Alice are comparable at the first place.

This example illustrates the importance of adjust-
ing or balancing pretreatments Hence we rewrite
Equation (1) as conditional expectations among
study units that are comparable, i.e.,

E, [P(E; < Es|lz) — P(—E; < Eo|z)],  (3)

where x is the vector of covariates.

Remark. (i) We should define x as events preced-
ing Eq, but not E3, which will potentially introduce
posttreatment biases (Rosenbaum, 1984): if an X’
that occurs between E; and Es is adjusted, A thus
estimated quantifies the effect from E; to Eo with-
out passing through X’. (ii) Although x should
be those that are correlated with E;, adjusting for
un-correlated effects does not introduce biases.

3.4 Matching Temporal Propensities

There are several techniques for balancing co-
variates such as sub-classification, matched sam-
pling, and covariance adjustment, and via structural
equations (Cochran and Chambers, 1965; Pearl,
1995). Rosenbaum and Rubin (1983) showed that
such adjustment can be done using any balancing
score, with the coarsest one being the propsensity
p(x) = P(E1(1) = 1|x(0)), the probability of the
occurrence of E; (at time 1) conditioning on the
coavariates being x (at time 0).

To properly identify what events constitute the
covariate set is essential for our CCR framework.
In the best scenario, it should include the real
cause(s), which is, however, exactly what CCR
solves. To circumvent this circular dependency,
we use an LM to sample a large number of events
preceding E;, which should provide a reasonable
covariate set. In this case, directly computing p(x)
is less feasible; hence we propose to use a surrogate
which we call temporal propsensities:

() = q(z; B1) = (P(E1(1) = 12)) ey, (4)

with each coordinate measures the conditional prob-
ability of the event E; given an event in x. There-
fore, for some fixed threshold € and p € {1,2},
we have the following estimating equation for the
L,-balanced score:

A, = f(E1,Ez) - Ml,, S f(AE),

Ac A’ (5)
A = {A € A: 37 la(m; A) — a(=; Byl < 6}-




4 Implementation of ROCK

Having established a framework for CCR, we pro-
vide an exemplar implementation of ROCK in this
section. Our purpose is not to ace in every CCR
dataset, and we expect engineering efforts such as
prompt design can bring further improvements.

The core tool we will use is (fine-tuned) pre-
trained deep LMs. With the sheer amount of train-
ing data (e.g., over 800GB for the Pile dataset, Gao
et al. (2020)), it is reasonable to assume that those
models would imitate responses of an average rea-
sonable person. On the other hand, it is hard for
generation models (masked or open-ended) to parse
information that are far from the mask tokens. It
is thus more feasible to use LMs to sample sum-
mary statistics of the relationships between a pair
of events, which is one of the main motivations for
using temporal propensities (Equation (4)).

4.1 Components of ROCK

For practical purposes, we represent an event as a
3-tuple (ARGO, V,ARG1). ROCK takes two events
E; and E, as inputs, and returns an estimate A
for A according to Equation (5). It contains four
components (cf. Figure 2): an event sampler that
samples a set X of events that are likely to occur
preceding E;; a temporal predictor whose output
(X1, Xq) given two input events X; and Xy is an
estimate of the temporal probability P(X; < Xa);
an intervention generator that generates a set A of
events that are considered as interventions of the
event E;; and finally a scorer that first forms the
temporal propensity vectors g(z; A) € RI¥I for
each sampled interventions A € A, then estimates
A via Equation (5). We next discuss in greater
details our implementation of this pipeline.

4.2 Implementation Details

Event Sampling. Given an event E; (e.g., E; :
Alice walked into a restaurant.), we con-
struct the prompt by adding “Before that,” to
the sentence, forming “Alice walked into a
restaurant. Before that, ” as the final
prompt. We use the GPT-J model (Wang and Ko-
matsuzaki, 2021) , which is pretrained on the Pile
dataset (Gao et al., 2020) for open-ended text gen-
eration where we set max length of returned se-
quences to be 30, temperature to be 0.9. We sample
n = 100 events, cropping at the first stop token of
the newly generated sentence to form X'.

Temporal Prediction. Given two events E; and
E2, we use mask language modeling to pre-
dict their temporal relation by form the prompt
E;1 <MASK> Ej and collect the score s, (E;, E2) and
sp(E1, E2) for the tokens after and before. We
then symmetrize the estimates to form s(Eq, Ea) =
+(sa(E1,E2) + sp(E2,E1)). We can direct use
s(E1, Eg) for f(Eq, Es); we discuss possible nor-
malizations of this score in Section 5.

Temporality Fine-Tuning. Directly using a pre-
trained LM as the temporal predictor is likely to
suffer from low coverage, since the tokens before
and after usually are not among the top-k£ most
probable tokens. We can increase k but this does
not heuristically justify if the outputted scores are
meaningful. We thus use the New York Times
(NYT) corpus which contains NYT articles from
1987 to 2007 (Sandhaus, 2008) to fine-tune an LM.
Following the same procedure as Zhou et al. (2020),
we perform semantic role labeling (SRL) using Al-
lenNLP’s BERT SRL model (Gardner et al., 2017)
to identify sentences with a temporal argument
(ARG-TMP) that starts with a temporal connective
tmp (either before or after). We then extract
the verb and its two arguments (V, ARGO, ARG1) as
well as of its temporal argument, thus forming an
event pair (Eq, Eo, tmp). We are able to extract
397,174 such pairs and construct them into the
fine-tuning dataset consisting of “E; tmp E2” and
“Eo— tmp E,” for each extracted pair, where —tmp
is the reverse temporal connective (e.g., after if
tmp is before). We then fine-tune a pretrained
RoBERTa model (RoBERTa-BASE) using Hugging-
Face Transformers (Wolf et al., 2020) via mask lan-
guage modeling with masking probability p = 0.1
for each token. We choose a batch size of 500 and
a learning rate of 5 x 107>, and train the model to
convergence, which was around 135, 000 iterations
when the loss converges to 1.37 from 2.02.

Intervention Generator. Given event Eq, the in-
tervention generator generates a set A of events
that are considered as interventions of the event A
in the sense of Section 3.2, which includes ma-
nipulating ARGO, V, and ARG1 respectively. We
achieve this goal by masking these components in-
dividually and filling in the masks using an LM.
There are several existing works on generating
interventions of sentences (Feder et al., 2021),
and we select PolyJuice (Wu et al., 2021) in
our pipeline due to its robustness. PolyJuice al-



lows conditional generation via control codes such
as negation, lexical, resemantic, quantifier,
insert, restructure, shuffle, and delete,
each corresponds to different flavors on which
the sentence is intervened. We drop the fluency-
evaluation component of PolyJuice as they will
be evaluated by the temporal predictor.

Score Estimation. Given the interventions .4 and
the sampled covariates X', we can use the temporal
predictor to estimate P(X < A) for all X € X and
A € A. To obtain temporal propensities g(x; A)
for all interventions, we need to estimate P(A =
1]X) for each X and A. Since by our sampling
method, X occurs preceding Eq, there is an implicit
conditioning on E;, we may thus set P(X(0)) =
f(X,E1) and P(X(0), A(1)) = f(X,A); we will
discuss possible normalizations in Section 5.2. We
then form temporal propensity vectors as

[ PXO)
a(@:A) <P<X<o>,A<1>>>xEX' 2

S Empirical Studies

We put the ROCK framework into action, our find-
ings reveal that although temporality is essential
for CCR, without balancing covariates, it is prone
to spurious correlations.

5.1 Setup and Details

Evaluation Datasets. We evaluate the ROCK
framework on the Choice of Plausible Alterna-
tives dataset (COPA, Gordon et al., 2012) and a
self-constructed dataset of 153 instances using the
first dimension (cause-and-effect) of GLUCOSE
(GLUCOSE-D1, Mostafazadeh et al., 2020). Each
instance in COPA consists of a premise, two plau-
sible choices, and a question type asking which
choice is the choice (or effect) of the premise.
When asking for cause, we set the premise as Ej,
and two choices as Ej respectively; otherwise we
take the premise as Eo and two choices as E; respec-
tively. We choose the choice with the higher score.
We evaluate the development set of 100 instances
(COPA-DEV) and the test set of 500 instances
(COPA-TEST). To construct GLUCOSE-D1, we
take the test set and set the cause as premise, the
effect and another candidate event as two choices
then follow the same procedure.

Baseline Scores and Variants. To test the valid-
ity and the effectiveness of ROCK, we compare

with the adjusted score Ap with several other rea-
sonable scores that may be intuitive at first sight.

e [;-balanced score Alz setp = 11in (5).

e [o-balanced score Ag: set p = 21in (5).

* Vanilla temporal score AEI = P(E; < Ea).
« Unadjusted score A 4: set A’ = Ain (5).

* Misspecified score AX: set A’ = X in (5).

Here the L,-balanced scores are those balanced
using temporal propensities with L;,, norm in Equa-
tion (5); the vanilla temporal score is perhaps the
most straightforward one, which treats temporal
precedence as causation; the unadjusted score is
obtained without balancing the covariates; the mis-
specified score mistakes the covariates for inter-
ventions. All these three have intuitive explana-
tions but are either insufficient for CCR or prone to
spurious correlations. Note that lim, o Ap = AEl
(when nothing is kept) and lim¢yq Ap =A A (when
everything is kept).

5.2 Design Choices and Normalizations

We discuss several design choices and normaliza-
tions that might stabilize estimation procedures.
As shown in Section 5.4, although some of them
may benefit certain datasets, the improvements are
marginal compared with what temporal propensity
matching brings.

Direct Matching (D). In (6), we may directly
match the vectors of probabilities (f(A, X))yc -

Temporality Pre-Filtering (F). As the covariate
sampler and temporal predictor are two different
LMs, a sampled covariate might not be a preced-
ing event judged by the temporal predictor. We
may filter the covariates before matching temporal
propensities such that f(X,E1) > f(X, Ep).

Score Normalization (S). In Section 4 we use
s(Ey, Eg) for f(Ei, Ez), we can also normalize it
and form f(E;, Es) through

s(E1,E
f(E1,BEy) = s(E1,E2)+5(E2,I(51;+s2()E1,N)+s(N,E1) (N

where N represents the null event when no addi-
tional information is given, set as an empty string.

Propensity Normalization (Q). In Equa-
tion (6), we can also normalize the esti-
mates first before forming the ¢ vectors via
P(X(0)) = fXE1)/>xex f(X,Ei) and
P(X(0), A1) = fFX,A)/ Yoxren FOXLA).



Random At Ayt Ag, 1 Axt Ax 1

Baseline Li-Balanced  L»-Balanced  Temporal Unbalanced Misspecified
COPA-DEV 0.5+0.050 0.6900 0.7000 0.5800 0.5600 0.5300
COPA-TEST 0.5+0.022 0.5640 0.5640 0.5200 0.5400 0.5240
GLUCOSE-DI1 0.5+0.040 0.6645 0.6968 0.5677 0.5742 0.6581
COPA-DEV (-T) 0.5+£0.050 0.6200 0.6300 0.5300 0.4800 0.5300
COPA-TEST (-T) 0.5+0.022 0.5800 0.5740 0.4540 0.4600 0.4860
GLUCOSE-DI1 (-T) 0.54+0.040 0.6065 0.6194 0.5548 0.4387 0.3742

Table 1: Best zero-shot results. Shaded rows have temporal fine-tuning (T) disabled. (i) Estimators with temporal
propensities balanced (A and As) perform consistently better than the unbalanced and the temporal estimators. (ii)
(2) In general, without temporality fine-tuning (“-T”, see Section 4), the performances degrade.
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Figure 3: Best zero-shot result vs e. Balanced estimators significantly outperform un-balanced and other variants
for both COPA-DEV (left), COPA-TEST (middle) and GLUCOSE-D1 (right).

Co-occurrence Stablization (C). The fine-tuned
temporal predictor may sometimes still fail to cover
the connectives. We can stabilize P(X < A) by
setting it to (P(A(0), X (1)) + P(X(0), A(1)))/2.

Estimand Normalization (E). We can normal-
ize the probability P(A < B) in the estimand A by
dividing (P(A(0), B(1)) + P(B(0), A(1))).

5.3 Results

5.3.1 A Concrete Example

We first examine a particular example when the
vanilla temporal score AEl fails but A; does not.

Example 1 (Did Eg ) or Eg ) cause E?).

Egl) : I was preparing to wash my hands.

E§2) : I was preparing to clean the bathroom.
E2: I put rubber gloves on.

A%) I was preparing to wash my feet.

Aé2) Kevin was preparing to clean the bathroom.

This is the 63-rd instance in COPA-DEV
together a matched intervention (Lg-balancing
with optimal €) for each choice. The unad-

justed scores are AA(Egl),Eg) = 0.067894
and A4(E Ey) = 0.097539 while the Lo-
balanced scores are Ag(Egl), Ez) = —0.010274
and AQ(E?), E2) = 0.001311. The balanced score

selects the correct choice (E?)) with higher confi-
dence. More details are in given the Appendix.

5.3.2 Discussion

We show best zero-shot results over design choices
(and over ¢) in Figure 3 and Table 1 . As ROCK
tackles CCR from a completely new perspective,
there are no real baselines to compare with; our
goal is to demonstrate that the causal inference
motivated method, temporal propensity matching,
mitigates spurious correlations by comparing bal-
anced scores with unbalanced ones. We think this
perspective would also benefit the NLP community
at large for solving CCR and other related tasks.

Comparison with existing methods. Among un-
supervised baselines that we are able to reproduce,
the self-talk method (Shwartz et al., 2020) achieves
66% on COPA-DEV without external knowledge
and 69% when the COMET-Net (Bosselut et al.,
2019) that contains commonsense knowledge is
used. Our Lo-balanced score achieves 70% with-
out using any external commonsense knowledge.

Temporal propensity matching is effective. In
Table 1 (unshaded rows), we observe that balanced
scores have generally better performances on all
datasets compared with the temporal estimator and
the unadjusted estimator, implying that (i) tempo-
rality is important for CCR, yet they are susceptible
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Figure 4: Zero-shot result on COPA-DEV vs covariate set size N = |X'| with 95%-confidence bands. In general,
using a larger IV improves performances for both L;-balanced score (A1, left) and Ly-balanced score (As, right).

to spurious correlations; (ii) balancing covariates
via matching temporal propensities is effective.

Rules-of-thumb for choosing e. The parameter e
controls the threshold of covariates selection and p
controls its geometry (see e.g., Hastie et al., 2015).
Hinted by Figure 3, a general rule-of-thumb should
be ¢ < 0.1. Table A.1 shows optimal € values when
constrained to [0, 0.1], where all are global optimal
except for COPA-TEST under L;-balanced score
(whose accuracy is 0.552). Hence we recommend
setting € to be reasonably small € such as within
(0.01,0.1) when p = 1 and relatively smaller such
as (0.005,0.05) when p = 2. The optimal value
depends on the implementation details of ROCK
components and domains of CCR to be performed,
yet these choices should result in a good start.

5.4 Ablation Studies

Temporality Fine-Tuning. Shaded rows in Ta-
ble 1 show that when we use the pretrained
RoBERTa-BASE without temporality fine-tuning
(we increase k to 30), almost all estimators do not
have decent performance. We conclude that (i)
pretrained LMs usually have poor “temporal aware-
ness,” and (ii) temporal fine-tuning helps LMs to
extract temporal knowledge essential to CCR.

Covariate Set Size. Figure 4 depicts zero-shot
results on COPA-TEST against the covariate set
size N = |X| together with 95%-confidence bands.
Here we only enable score normalizations (N)
among all six normalizations. We observe that
in general, increasing covariate set size improves
performances if € is reasonable: if € is too small,
added covariates may have little impacts while they
may introduce more noises if € is too large.

Normalizations. In Section 5.2 we discussed six
possible normalizations. We report the best per-

COPA-DEV COPA-TEST GLUCOSE-DI1
At At At At At At
Best 0.6900 0.7000 0.5640 0.5640 0.6645 0.6968

-S 001 0.06 - - 0.08 0.11
-Q 0.01 - - - 0.03 -
-C - - 0.01 0.01 0.09 0.13
-E  0.01 0.01 - - 0.03 -

Table 2: Single-component ablations on normaliza-
tions. Marked in red are percentage decreases compared
with the best result (i.e., computed as (a — b)/a).

formance when each normalization is removed in
Table 2, where red marks the percentage decrease
compared with the best result (D and F not shown
as there is no change). Full ablations of all combi-
nations of normlizations and more discussions are
given in the Appendix. We observe that (i) certain
normalizations benefit certain datasets; (ii) in gen-
eral, improvements due to normalizations are only
marginal, so long as the framework is appropriate.

6 Discussions and Open Problems

We articulate the central question of CCR and in-
troduce ROCK, a novel framework for zero-shot
CCR based on classical causal inference principles.
ROCK sheds light on the CCR problem from new
perspectives that are arguably more well-founded
and demonstrates great potential for zero-shot CCR
as shown by empirical studies of various datasets.
There are several possible avenues for future works.
(i) Prompt engineering for better temporal predic-
tors and event sampler will likely benefit ROCK;
(ii) Implicit events and reporting biases in train-
ing data are likely to bias the LMs. How to account
for implicit events? (iii) Contextual CCR takes
the contexts into consideration. How to incorporate
contextual information for ROCK?
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A Additional Experiment Details
A.1 Rule-of-Thumb for Choosing ¢

In Table A.1 we show the best € values when con-
strained in € € [0,0.1]. Hence we recommend
setting € to be reasonably small € such as within
(0.01,0.1) when p = 1 and relatively smaller such
as (0.005,0.05) when p = 2. The optimal value
depends on the implementation details of ROCK
components and domains of CCR to be performed,
yet these choices should result in a good start.

A.2 Further Discussions on Temporality
Fine-Tuning

In Figure 3, we observe that, counterintuitively,
without temporality fine-tuning, the best perfor-
mances of balanced estimators (0.58) are higher
than those with temporality fine-tuning (0.564). Al-
though this gap is within one standard deviation
of the random baseline (0.022) thus no statistically
significant conclusions can be drawn, but it might
hint that pretrained LMs may have already been
very aware of termpoality. Is this really the case? A
closer look at the full ablation table to be introduced
shortly in Table A.5 reveals that the stellar perfor-
mance is attributed to one particular normalization,
estimand normalization (E), which was actually
detrimental to another dataset (GLUCOSE-D1).
Hence we think this normliazation may favor cer-
tain dataset over others, thus we think it is not
recommendable to include this normalization when
dealing with a new dataset.

A.3 Full Ablation on Normalizations

Recall in Section 5.4 we discussed six possible
normalizations that may stabilize the estimation
procedure:

(D) Direct Matching: in (6), instead of forming
the temporal propensity vectors g using condi-
tional probabilities, we may directly match the
vectors of probabilities (f(A, X))y This
normalization is not well motivated but might
be easier to compute under certain circum-
stances, hence we include it as a comparison.

(F) Temporality Pre-Filtering: as the covariate

sampler and temporal predictor are two differ-

ent LMs, a sampled covariate might not be a

preceding event judged by the temporal pre-

dictor. Thus, we can filter the covariates X

before matching temporal propensities such

12

that we only keep covariates X € X’ satisfying
f(X7 El) > f<57 El)

(S) Score Normalization: in Section 4 we use
s(Ey, Eg) for f(E1, E2). We can also normal-
ize it and form f(E;, Ez) through

— s(E1,E2)
s(E1,E2)+s(E2,E1)+s(E1,N)+s(NE1)

f(E1, E2) (A.1)

where N represents the null event when no ad-
ditional information is given, set as an empty
string. In practice, this normalization does not
differ much from the normalization

S(E17E2)

FELB) = seeyiEey (A2

which does not involve N. However, us-
ing N has the benefit of stabilizing the esti-
mate f(-,-) as in rare scenarios s(Ey, E2) and
s(Eg, E1) may both close to zero.

Q

Propensity Normalization: in Equation (6),
we can also normalize the estimates first be-
fore forming the ¢ vectors via

X,Eq
P(X(0) = v L50 .
oy A
P(X(O)7 A(l)) = ZX’GX }(X’,A)’

where we estimate P(X(0)) as the relative
frequency of X (0) among all possible events
in X'; and P(X(0), A(1)) among all possible
(X, A) pairs.

(C) Co-Occurrence Stabilization: on rare occa-
sions, the fine-tuned temporal predictor may
sometimes still fail to cover the connectives.
We can stabilize P(X < A) by setting it to
(P(A(0), X (1)) + P(X(0), A(1)))/2. This
in effect results in an alternative estimand
based on co-occurrences of events (instead
of precedence) and can be viewed as a weaker

causation in CCR.

(E) Estimand Normalization: the score normal-
ization (N) takes place at temporal propensity
matching. We can normalize the temporal
probability P(A < B) in the estimand A by
dividing (P(A(0), B(1)) + P(B(0), A(1))),
thus setting

P(A(0),B(1))
(0),B(1))+P(B(0),A(1)) *

P(A <B) = 43 (A4)



COPA-DEV COPA-TEST GLUCOSE-D1
Al AQ Al Az Al A2

€* 0.043067 0.006029 0.059232 0.048837 0.046643 0.009374

Table A.1: Best choices of ¢ when ¢ < 0.1.

Ay A, Ag, Aa Ay
(E,EY)  —0.002  —0.002  0.106 0.002 0.106
(E,E®)) —0.001  —0.001  0.086 —0.012  0.086

Table A.2: Scores for Example A.1.

A.3.1 Ablation Results

We report ablations on all possible subset of nor-
malizations together with temporality fine-tuning
(-T, see Section 4 in Table A.5. Note that when D
is enabled, S and Q are not active and when C is
enabled, E is not active, thus resulting in a total of
22(22 +1)(2! + 1) = 30 combinations

Ablations resulting in the best performances are
highlighted in blue and those resulting in the worst
the performances are highlighted in red. Shaded
rows are results without temporal fine-tuning (using
top k = 30 tokens in mask language modeling).
We summarize our observations as follows.

Improvements due to normalizations are
marginal. The gap between best and worst per-
formance are marginal, except for the GLUCOSE-
D1 dataset, which is mainly caused by enabling
estimand normalization (E. Without considering E,
the worst result is 0.594 (+Q or +FQ). Furthermore,
we note the gap between the best results and the
results under no normalizations () is also marginal,
indicating that for CCR it is more important to have
a well-established baseline and temporal signal ex-
tractors than exploring different normalizations.

Furthermore, the outliers are interesting: en-
abling estimand normaliztion (E) has little or no
effects on most datasets but can boost the per-
formance on COPA-TEST under non fine-tuned
temporal predictors (-T) while is detrimental to
GLUCOSE-D1 under fine-tuned temporal predic-
tors.

Rules-of-thumb for choosing normalizations.
As a general rule-of-thumb, temporal score nor-

Ay Ay Ag Ag Ax

1

—0.010
0.001

0.068
0.098

0.036
0.035

0.068
0.098

-0.010
0.002

(EM E2)
(E§2)7 Es)

Table A.3: Scores for Example A.2.

A Ay Ag, Ay Ay

A
m

JEy)  0.056
(E? Ey)  0.005

—0.001
—0.010

0.109
0.279

0.096
0.118

0.109
0.279

Table A.4: Scores for Example A.3.

malization (S) should be enabled and the ¢ vec-
tors should be properly formed (without direct
matching D); temporal pre-filtering (F) and propen-
sity normalization (Q) in general do not affect
the results significantly; co-occurrence stabiliza-
tion (C) has greater positive effect on datasets
when a weaker notion of causation are desirable
(e.g., GLUCOSE-D1 we constructed); while esti-
mand normalization (E) improves certain datasets
(e.g., COPA-TEST without temporal fine-tuning),
it has detrimental effects on some others (e.g.,
GLUCOSE-D1 with temporal fine-tuning), hence
we recommend disabling it by default.

A.4 Full Examples

We also attach three full examples from our imple-
mentation of the ROCK. The problem instances
are given below. For each instance, we tabulate
50 covariates sampled, all interventions generated,
the corresponding ||q(x; A) — q(x; E;)||,, and the
temporal probabilities P(- < Ez).

Example A.1 (Did E; cause Egl) or E§2)?).

Iy

E:1: The teacher assigned homework to the students.

Eg) : The students passed notes.

Eg) : The students groaned.

This is the 72-nd instance of COPA-DEV, the
full tables for inferring the causation from E; to

Egl) and E; to Egz) are given in Table A.6 and
Table A.7 respectively. Different scores are shown
in Table A.2. Note that this example is not easy:

Example A.2 (Did Egl) or Eg2) cause E3?).

Egl) : I was preparing to wash my hands.

E§2) : I was preparing to clean the bathroom.
E2: I put rubber gloves on.

This is the 63-rd instance of COPA-DEV, the
full tables for inferring the causation from Egl)

to Eo and Egl) to Egz) are given in Table A.8 and



Table A.9 respectively. Different scores are shown
in Table A.3.

Example A.3 (Did Egl) or E§2) cause E»?).

EED : His pocket was filled with coins.

E§2> : He sewed the hole in his pocket.
Es : The man’s pocket jingled as he walked.

This is the 79-th instance of COPA-DEV, the
full tables for inferring the causation from Egl)
to Eo and Egl) to Eg) are given in Table A.10 and

Table A.11 respectively. Different scores are shown
in Table A.2.
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