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Abstract

Event temporal reasoning aims at identifying
the temporal relations between two or more
events from narratives. However, knowledge
conflicts arise when there is a mismatch be-
tween the actual temporal relations of events in
the context and the prior knowledge or biases
learned by the model. In this paper, we propose
to detect knowledge-conflict examples in event
temporal reasoning using bias indicators, which
include event relation prior bias, tense bias,
narrative bias, and dependency bias. We define
conflict examples as those where event rela-
tions are opposite to biased or prior relations.
To mitigate event-related knowledge conflicts,
we introduce a Counterfactual Data Augmenta-
tion (CDA) based method that can be applied to
both Pre-trained Language Models (PLMs) and
Large Language Models (LLMs) either as ad-
ditional training data or demonstrations for In-
Context Learning. Experiments suggest both
PLMs and LLMs suffer from knowledge con-
flicts in event temporal reasoning, and CDA
has the potential for reducing hallucination and
improving model performance.

1 Introduction

An important goal of event understanding is to iden-
tify the temporal relations (TEMPRELS) among
events described in natural language text (Cham-
bers et al., 2007). This task aligns with human’s
cognitive ability (Zacks and Tversky, 2001; Za-
cks et al., 2007), which often involves routinely
reasoning about how events happening around us
are temporally sequenced, planned, and lead to
consequences and decisions (Schank and Abelson,
1977). From the intelligent system perspective, it
also benefits many NLP applications for narrative
understanding (Li et al., 2018; Cai et al., 2022),
schema induction (Li et al., 2021), and question
answering (Zhu et al., 2017; Stricker, 2021).

In event temporal reasoning, the input includes
two parts, the event mentions and the context. The

Normal Example )
I went to el: see the doctor because I was seriously e2: sick.
Q: the temporal relation between el and e2?
\A: afier J
4 Knowledge-Conflict Example N
I went to el: see the doctor. However, I was more
seriously e2: sick.
Q: the temporal relation between el and e2?
\A: J

Bias Indicators (Prior Knowledge in the Corpus or LM)

R Count(see, before, sick): 3
Corpus Statistics: Count(see, affer, sick): 8

see the doctor happens [MASK] sick.

. before: 5.8x1077
PLM: [MASK] clore:
after: 7.0x1077

Figure 1: An example of a knowledge-conflict instance.
The actual TEMPREL in the context differs from the
biased or prior TEMPREL in the corpus and the language
model, leading to the emergence of knowledge conflicts.

TEMPREL a model seeks to infer should be based
on the context, rather than only revealed by the
event mentions themselves. For example, in Fig. 1,
without a context, the event mention see (the doc-
tor) and sick have certain temporal prior where
see the doctor statistically happen more often after
sick, either by corpus statistics or probing a masked
PLM. However, under the context of “I went to see
the doctor, However, I was more seriously sick,”
we can infer that see happens before sick instead
of after due to the presence of the connective How-
ever. This is known as the phenomenon of knowl-
edge conflicts (Longpre et al., 2021), where the
contextual information contradicts the knowledge
memorized by the language model. Hence, the
essential requirement for accountable temporal rea-
soning is context-faithfulness (Wang et al., 2023;
Zhou et al., 2023), where models are expected to
perform reasoning based on the context instead of
guessing using only the prior knowledge about the
events encoded in their parameters.

However, most current language models, includ-
ing both Pre-trained Language Models (PLMs) and
Large Language Models (LLMs) !, rely on short-

"PLMs, or smaller models, are used in a pre-train and fine-



cuts from the mentions without being faithful to
the context (Xu et al., 2022; Bender et al., 2021) to
varying degrees, leading to hallucination. This is-
sue is particularly severe in contexts where event or
entity mentions have a different relation prior than
what is presented in the context. Though entity-
related knowledge conflicts (Longpre et al., 2021;
Wang et al., 2022; Li et al., 2022) have recently
attracted much attention, questions about event-
related knowledge conflicts remained intact.

First, it is necessary to understand the con-
flicts regarding relations of events, which is more
complicated than that of a single event. Second,
the substitution-based paradigm defined in entity
knowledge conflicts or spurious correlation detec-
tion (Longpre et al., 2021) cannot be directly ap-
plied to events. Entity mentions can often be re-
placed randomly with other entities with the same
typing to study the faithfulness towards the con-
text other than the entity mention, which remains
unchanged after the replacement. For example,
in open-domain QA, a possible question can be
“Who is the CEO of Twitter?” based on the context
“Yaccarino succeeded Elon Musk as the CEO of
Twitter”. To check whether models faithfully rely
on the context instead of hallucinating, Yaccarino
in the context can be changed to a random name to
see if the model can still output the “correct” CEO
instead of Yaccarino as they have learned in pre-
training. However, events are usually denoted by
predicates in the context (Bethard et al., 2007), and
directly substituting the predicate (e.g., from see
in Fig. 1 to another random verb such as play) will
alter the semantic meaning of the whole context,
including both the predicate and its dependency
with the arguments, making it infeasible to analyze
the faithfulness towards the original context. Thus,
instead of resorting to a substitution, in this paper,
we study the effect of knowledge conflicts in event
temporal reasoning by selecting conflict examples
from the original dataset based on corpus statistics,
and evaluate models on the conflict subsets.

We outline the contributions of this paper as
follows. First, we define four types of bias that
can lead to knowledge conflicts, including event-
relation bias, narrative bias, tense bias, and depen-
dency bias. The data instances where the actual
TEMPREL contradicts with the prior TEMPREL are
referred to as knowledge-conflict instances (§3), as
mhile LLMs, larger and more powerful models

with over 10B parameters, are commonly employed through
in-context learning (Sun, 2023).

they conflict with the prior knowledge provided to
language models. Second, to mitigate the effect of
knowledge conflicts, we propose a Counterfactual
Data Augmentation (CDA) technique that explic-
itly generates contexts with knowledge-conflict el-
ements, thereby reducing the overall bias in the
data distribution. CDA can be applied to both
fine-tuned PLMs and LLMs with (test-time) in-
context learning (§3.3). Third, we study the effect
of various kinds of knowledge conflicts and our pro-
posed bias mitigation method on two popular event
temporal reasoning benchmarks, TORQUE (Ning
et al., 2020) and MATRES (Ning et al., 2018). We
show that models suffer from performance drop
on knowledge-conflict subsets, and our bias-aware
data augmentation method outperforms baselines
by a remarkable margin on both bias mitigation
and overall performance (§4).

2 Related Works

Event Temporal Reasoning.  Event temporal
reasoning aims at identifying the temporal relations
(TEMPREL) of events in narratives. There are two
common ways of formulating this problem. The
first formulation is the TEMPREL extraction task,
which involves determining the TEMPREL between
two annotated event triggers from a pre-defined re-
lation set (Bethard et al., 2007, 2017; Ning et al.,
2018; Naik et al., 2019). Meanwhile, another for-
mulation is a reading comprehension task, which in-
volves determining more complicated TEMPRELS
expressed in natural language questions (Ning et al.,
2020; Han et al., 2021). To conduct event tempo-
ral reasoning, literature has leveraged various ap-
proaches, including graph neural networks (Zhang
et al., 2022; Zhou et al., 2022), rhetorical discourse
features and temporal arguments from semantic
role labels (Mathur et al., 2021), and distant su-
pervision (Zhou et al., 2021; Zhao et al., 2021).
In addition, Wang et al. (2023) study the effect of
counterfactual inference as well as Dirichlet pa-
rameterization to improve uncertainty calibration
of the model. LLMs such as GPT3 (Brown et al.,
2020) and ChatGPT are also leveraged for event
temporal reasoning (Chan et al., 2023) with care-
fully designed prompts and In-Context Learning.
Our work differs from previous studies in that we
study the knowledge conflicts in event temporal
reasoning and how to mitigate them.

Knowledge Conflict in Language Models.
Knowledge conflicts have been widely studied for



entity-centric NLU tasks (Schuster et al., 2021).
For example, Longpre et al. (2021) studied the
knowledge conflict in open-domain question an-
swering using entity substitution. Li et al. (2022)
also adopted this strategy to study the enhancement
of a PLM’s robustness against context noise with
a knowledge-aware working memory. Xu et al.
(2022) systematically formulate six types of bi-
ases in entity typing to study spurious correlations.
Certain types of biases, such as Mention-Context
and Named Entity bias, can reflect knowledge con-
flicts in entities. Zhou et al. (2023) use opinion-
based prompting and counterfactual demonstration
to enhance the context-faithfulness of test-time-
only LLMs against knowledge conflicts. Feng et al.
(2022) proposed a dataset studying the differential
effects of TEMPREL reasoning given additional
contexts, while their focus is on annotating addi-
tional out-of-distribution data instead of explor-
ing existing knowledge conflicts within the dataset.
Our work systematically defines and detects knowl-
edge conflicts in event temporal reasoning and pro-
poses a data-augmentation-based method to miti-
gate those conflicts based on the detected bias.

3 Event Knowledge Conflict

In this section, we introduce the problem definition
(§3.1) and formally define four types of bias and
how to select knowledge-conflict data (§3.2). We
then introduce our proposed Counterfactual Data
Augmentation (§3.3).

3.1 Problem Definition

In event temporal reasoning, the primary objective
is to determine the TEMPREL between two or more
events, which previous studies (Ning et al., 2018;
Naik et al., 2019) typically classify as before, after,
equal (indicating two events occurring simultane-
ously), and vague. Without the loss of generality,
our study is based on pairwise event relations: the
relation 7 of an event pair (e1, e2) based on the
context c. More complex cases can be easily ad-
dressed by breaking down the relations involving
multiple events into pairwise relations. The case
where evaluating the temporal status of a single
event (happened, happening, will happen, etc.) can
also be easily adapted in this framework by replac-
ing the features of event pairs to a single event.
Detailed adaptations to different datasets will be
introduced in §4.2.

To study event-related knowledge conflict, we

create an automated framework to use corpus
co-occurrence statistics to select conflict subsets.
Similar to the co-occurrence statistics in report-
ing bias (Gordon and Durme, 2013), to obtain
knowledge-conflict data, we first define bias, as the
opposite side of the conflict. We identify four types
of bias in event temporal reasoning and defined
corresponding bias statistics. We then selected a
subset of the original dataset where feature-relation
pairs were rare (i.e., knowledge-conflict) based on
the bias scores. As the (reporting) bias in the train-
ing corpus is usually learned and amplified by the
language models (Shwartz and Choi, 2020), our
selected subsets, which represent the opposite side
of the bias, conflict with the knowledge encoded in
the language models.

3.2 Knowledge Conflict Diagnosis

We first define a bias score b( Py, Pa, r) with regard
to certain patterns (P; and P») against a specific
relation r € R, where R is a subset of all relations
defined in a certain dataset. Patterns P, can be
the event lemmas themselves, tense, dependency
patterns, and narrative orders of either event. Some-
times (P, P») is represented by one feature only,
for example, the dependency relation and narrative
orders between two events. Denote ¢( Py, P2, 1) as
the number of occurrences of (P;, P») under rela-
tion r in a corpus, and the bias score is defined as:

C(Pl, PQ, ’I“)
Y rer ¢(Pr, P2,y1)
For example, in the tense bias defined below, the
bias score of the tense pattern (VBD, VBZ) (past tense
and third person singular present tense) when we

only consider two relations R = {before, after} is
defined as:

b(VBD,VBZ, before)=

b(Pr, P, 1) = 1

¢(VBD, VBZ, before)
¢(VBD, VBZ, before)+c(VBD, VBZ, after)

Knowledge Conflict Detection. In a set of rela-
tions, those with higher bias scores indicate higher
degrees of bias towards certain relations, and others
with lower bias scores indicate higher degrees of
knowledge conflict. We select instances whose pat-
terns do not follow the majority distribution in the
training set as knowledge-conflict instances. A new
instance in the test set with a pattern-relation pair
(P, Py, 1) is considered knowledge conflict if the
bias score is less than the context-free frequency
of relations b(Py, Py, r) < S ) —

. . ZTIER C(TJ) .
over, to ensure a significant degree of conflicts,

More-



Type ‘

Context & Label

Bias Scores

(TORQUE) Chidambaram e;:drew up the previous United Front govern-
Relation Prior micnt s Indian l?udget for }?97-98 which is to be e2: approved by parliament b(draw, adopt, before) = 1.0
. this week . Gujral has e3: adopted the same budget.
(relation) Question: What will happen after e;: drew? b(draw, approve, before) = 0
True label: es: approve. Biased Prediction: e3: adopted
Relation Prior | Question: What will happen in the future? b(approve, happened) = 0.9
(warm-up) True label: es: approve. Biased Prediction: e3: adopt b(approve, future) = 0.05
Tense (MATRES) Albright e;: told (VBD) ambassadors of 30 African countries in  b(VBD, VB, before) = 0.70
A Washington, who came to the State Department to ez: offer (VB) condolences.  b(VBD, VB, after) = 0.27
(relation) True label: e, happens after e2; Biased Prediction: before b(VBD, VB, equal) = 0.03
(TQRQUE) Tl?a.t’s_ what will e.lz keep computer makers e2: coming (VBG) in b(VBG, happened) = 0.42
Tense spite of the es: irritation of e4: bugs.
. . . b(VBG, future) = 0.13
(warm-up) Question: What will happen in the future? b(VBG. h . 045
True Label: e1, e2: coming; Biased Prediction: e; (VBG, happening) ’
(MATRES) Now events are e;: doing the work for Schumer. Slepian’s death b(p1 < p2, before) = 0.59
Narrative was among the first topics es: raised in Saturday night’s debate between the b(p1 < pe, after) = 0.37
two men, ... ; True label: e; happens after e2; Biased Prediction: before  b(p; < p2, equal) = 0.04
(MATRES) Castro e;: said Gonzalez would ez: travel with his current wife ~ b(ccomp, before) = 0.66
Dependency and their son (Dependency: says — ccomp — travel) b(ccomp, after) = 0.32
True label: e, happens before ez; Biased Prediction: after b(ccomp, equal) = 0.02

Table 1: Examples of different forms of knowledge conflicts.

we set a threshold 7, such that b(Py, Po,7) <
T < % to ensure that the conflict is large
enough. For example, a test instance where the
event with a past tense happens after the event with
a present tense may be selected as a knowledge-
conflict instance, as the context makes the actual
TEMPREL different from the biased relation before.

Next, we introduce the definitions of different
forms of bias in detail. Data instances that coun-
teract the biased distribution are selected as corre-
sponding knowledge-conflict subsets.

Relation Prior Bias. Bias toward certain TEM-
PRELS exists because there are natural selectional
preference (Wilks, 1975) between the specific
events. For example, in the TORQUE dataset, ar-
resting dominantly happen after killing, and voting
more often happens before winning. These findings
suggest that the occurrence of certain events may
be more likely to follow or precede other events,
which can however, lead to bias when the con-
text describes the TEMPREL differently from the
most frequent cases. Our definition of the bias
scoring function is based on the frequency of the
co-occurrence of event e; and ey under relation r:

cler, e, r)
b = 3
(e1,e2,7) S ncler, 0 7) 3)

Narrative Bias. Narrative bias in event temporal
reasoning is the tendency for the model to inter-
pret the chronological order of the events to be the
same as their narrative order. However, these two
orders, though more often accord with each other,

do not always necessarily follow the same (Zwaan
et al., 1995). In this sense, we only study before,
after, and equal relations for narrative bias. Denote
p = P(e, c) as the position of event e in context
¢, where the earlier position of e indicates that this
event is described earlier in the narrative. The bias
scoring function is defined as follows for the case
where the positions of the two events follow the
order of p; < po:

c(p1 < pa, before)
Y rerclpr < p2,1’)

b(p1 < pa, before) = 4

We select the event pairs where p; < py while
the actual relation is (e1, after/equal, e3) or p1 > pa
while the actual relation is (e, before/equal, e2) as
the knowledge-conflict examples.

Tense Bias. Tense bias is the tendency to rely on
the grammatical tense of verbs as evidence for the
temporal order of events. For example, past tense
is typically used to describe events that occurred
before the present moment, while present tense is
typically used for events that are happening now
or in the future. However, this grammatical con-
vention does not always correspond to the actual
temporal order of events. Denote ¢; and ¢, as the
tense (POS-tags parsed by Spacy 2 as more fine-
grained tense information) of event e; and e under
context c, then the bias score is defined as:

C(tl, tQ, 7“)
ETIER C(tl, tz, ’l“/)

b(tlat%r) = (5)

Zhttps://spacy.io/



Dependency Bias Dependency bias is the ten-
dency to rely on syntactic dependency patterns
in language as evidence for the temporal order of
events. For example, if two events e; and ey are
directly connected in the dependency tree, the de-
pendency pattern (e1, dobj, es) (where e is the
subject of the sentence, es is the direct object, and
dobj is the dependency between them) often indi-
cates that e; is the entity performing an action on
e2. This pattern may suggest that e; must occur
before e in time, but this is not always the case.
Denote d as the dependency relation between ¢e;
and ey in context ¢ (d is null if e; and ey are not
directly linked in their dependency tree).

c(d,r)
ZT’GR C(d’ T,)

We summarize the core features of each defined
bias associated with examples in Tab. 1. Our focus
is particularly on two datasets, namely TORQUE
and MATRES, which will be presented in §4.1.
Prior to that, we introduce our proposed conflict-
mitigating method.

b(d,r) = (6)

3.3 Counterfactual Data Augmentation

In this sub-section, we introduce our proposed
Counterfactual Data Augmentation (CDA) method
for mitigating knowledge conflicts (Fig. 2). We
discuss the usage of CDA on both PLM and LLM
separately, as they differ in their applications.

Pre-trained Language Models. PLMs are usu-
ally fine-tuned on a training corpus, which naturally
contains event-relation biases that tend to be ampli-
fied after fine-tuning (Hall et al., 2022). To mitigate
bias, our proposed method automatically generates
context that contains event pairs whose actual tem-
poral relation is different from the biased relation.
Such knowledge-conflict (counterfactual) counter-
parts are trained together with the original training
corpus to mitigate the biased training distribution.
To be more specific, for each event pair (e, e2)
that is identified as biased, we ask an Instruction-
finetuned Language Models (Chung et al., 2022) to
generate context where (e1, e2) is associated with a
TEMPREL that leads to a low bias score of a certain
bias type, entitled augmented knowledge-conflict
data. The intuition is that, even though language
models may suffer from bias and cannot directly
solve the task, they can be well applied to generate
synthetic data under structured instructions (Josi-
foski et al., 2023).

Training dataset Testing dataset

Context: Context:

Q: . A:.. Q:..A:..
stfnisti.cs-bascd LLM inference time
bias discovery bias discovery

Thiasd Thiasd»
: Instructions: Write a story where ¢, happens r

(r € R~ (yiaea)
® Flan-T5; @ GPT-3.5; (&) ChatGPT
CDA generator: Instruction-finetuned LLM

PLM augmented data LLM
for fine-tuning In-context exemplars

'@’ Context:

Q:. . A:r

Context:

Q: . A:r
Figure 2: An overview of the CDA pipeline.

Large Language Models. The de facto way of
leveraging LLMs for downstream tasks is test-time
In-Context Learning, as further fine-tuning of the
LLM is typically impractical or unviable. In this
case, we extend the idea of Counterfactual Data
Augmentation to automatically generate counter-
factual examples for in-context learning. Unlike
the data augmentation in PLMs, we generate coun-
terfactual counterparts for every event pair to be
studied instead of only for the biased ones. For a
new event pair (e, e2) to be studied, we acquire
the predicted relation rzr5s by the LLM, which is
regarded as a “factual” prediction as it is what the
LLM itself hallucinates. We leverage the LLM to
generate context examples where (eq, e2) are asso-
ciated with relations that belong to R — {ryzas} as
counterfactual examples to showcase the LLM the
alternative cases when (e, e2) happens following
a different TEMPREL. Note that this method is still
considered a zero-shot as no training examples are
seen during inference.

4 Experiments

In this section, we introduce the datasets (§4.1), the
settings of knowledge conflict diagnosis (§4.2), and
conflict mitigation (§4.3), the primary experimental
results and analysis (§4.4).

4.1 Datasets

We select two event temporal reasoning datasets:

TORQUE: TORQUE (Ning et al., 2020) is a
reading comprehension benchmark with a focus on
event temporal reasoning questions. In TORQUE,
each passage is associated with around 10 human-
annotated questions regarding the TEMPREL be-
tween certain events, and the task objective is to
select the correct answers from the pre-defined set



of annotated event triggers. We evaluate the model
performance using exact-match (EM) and Macro
F1. TORQUE is more flexible than simple relation
extraction benchmarks as the reading comprehen-
sion framework allows more complicated TEM-
PRELS including uncertain relations (e.g., might
before), hypothetical relations (e.g., what will hap-
pen if ...), and negated relations (e.g., not after).

MATRES: MATRES (Ning et al., 2018) is a
TEMPREL extraction dataset that includes refined
annotations from documents in TimeBank (Puste-
jovsky et al.,, 2003), AQUAINT (Louis and
Nenkova, 2012), and Platinum (UzZaman et al.,
2013). The task in MATRES is defined as iden-
tifying the TEMPREL between two events in the
context, where R = {before, after, equal, vague}.
We use the pre-processing by Wang et al. (2020) to
acquire the training and development set from the
raw annotations in MATRES, where the context
includes the sentences containing the two events ey
and e», together with a precedent sentence to give
more contextual information. We randomly sample
1,000 entries (out of ~6k) from the development
set to perform evaluations for LLMs?>.

4.2 Knowledge Conflict Diagnosis

We apply the bias statistics introduced in §3 on the
training set to select knowledge-conflict subsets
from both TORQUE and MATRES development
sets. In MATRES, we directly make use of the
TEMPREL information (e, ea, ) provided in each
data entry to count the occurrence and calculate
bias. However, in TORQUE, the problem is formu-
lated as reading comprehension, which requires fur-
ther pre-processing to acquire pairwise TEMPRELS.
Specifically, we parse each question to acquire the
temporal predicate and arguments. For example,
for the question “What happened after Bush gave
four key speeches?” and answers “{called, elect,
vote}” under a certain context, we can acquire three
event relation triples (gave, before, called), (gave,
before, elect), and (gave, before, vote). We use
those triples for calculating and detecting bias. In
addition, TORQUE includes warm-up questions
that analyze whether a single event has happened,
will happen, or is happening. Our study calculates
bias statistics based on a single event and its tempo-
ral status (happened, will happen, or is happening)
relative to a time expression in the context. The

3A common practice when doing GPT3-related experi-
ments to reduce the overall cost (Bian et al., 2023).

bias in warm-up questions is labeled with warm-up,
while the other questions studying event-pair rela-
tions are labeled with relation. In addition, Tab. 7 in
the appendix lists the most biased features selected
for both datasets. We can find some intuitive bias,
for example, a past tense is more often predicted as
before a present tense.

For each type of bias, we empirically set thresh-
olds to select knowledge-conflict subsets. For a
feature-relation pair f (e.g., f represents depen-
dency) and r, it is knowledge-conflict if b(f,r) <

%, indicating that it does not conform to
r"eR

the dominant distribution of relation . Such se-
lection criteria can be further enhanced by setting

a threshold 7, < %, which increases the
r’c

level of conflicts by further restricting b(f,r) to
be less than 7,.. The hyperparameters we used are
listed in Appx. §A. The statistics of the knowledge-
conflict subsets we acquired are presented in Tab. 6.

4.3 Setup for Conflict Mitigation

Counterfactual Data Augmentation. We intro-
duce the details of conducting Counterfactual Data
Augmentation here. In augmentations for PLM, we
choose Flan-T5 (11B) (Chung et al., 2022) as the
generator. For each event pairs (e, eg, ) identi-
fied as being biased according to Relation Prior
Bias, we generate context with the prompt Write a
story where ey happens r' es:, where 1’ € R — {r}
(e.g., r'=before). In TORQUE, we thus construct a
question Q=“What happened 1’ e5”, and the cor-
responding answer is e;. In MATRES, we require
the model to directly predict the relation r given
the generated context. Based on the above coarse
data, we apply additional filters to only retain the
generated data that are not biased in terms of tense
and narrative.

For LLMs, we ask the model itself to predict the
labels of the test data first. Take MATRES as an
example, denote s as the factual prediction by
the LLM, and then we ask the LLM itself to Gen-
erate a paragraph where event e1 happens 1’ es,
where ' € R — {rppa}. More detailed prompts
are presented in Appx. §C.2.

Model Configuration. We perform experiments
using both PLMs and LLMs*. To use LLMs,
we use the following prompt template for

*We refer readers to Appx. §C for more details experimen-
tal setups. We also present the effects of different prompt
templates and the number of few-shot exemplars.



Rel.Prior  Rel.Prior

Narrative

Tense Tense Dep.

all (relation)  (warm-up)  (relation) (relation)  (warm-up)  (relation) Confl. Avg.
EM FI"| EM FI* EM FI*© EM FI© EM FI© EM FI© EM FIF [ EM FI”
PLM
RoBERTa-L | 50.4 75.7| 29.5 733 500 75.1 314 69.0 335 729 484 724 41.7 78.6| 39.1 73.6
PoE 333 65.8| 21.6 761 227 59.8 235 67.1 27,5 71.1 225 570 323 79.2| 25.0 68.4
L.-mixin 46.8 74.8| 27.2 752 50.0 72.1 27.8 684 30.8 72.6 493 69.8 33.8 76.8| 365 72.5
L.-mixin+H | 37.6 70.6| 204 734 409 71.6 285 69.6 288 71.6 380 67.7 323 76.0| 31.5 71.7
Cont. Inf. 53.1 75.9| 284 753 50.0 72,5 357 689 354 731 493 702 44.1 789 40.5 73.2
AFLite 50.5 75.8| 341 735 485 721 264 682 346 7277 479 69.8 39.7 773| 385 723
CDA (Ours) | 51.0 76.1| 33.7 754 50.0 759 307 68.6 355 731 488 732 44.1 79.1| 40.5 74.2
LLM
GPT-3.5 8.36 45.5| 482 599 4.62 47.0 213 50.7 446 535 571 459 294 57.7| 4.12 52.5
+ICL 7.22 449] 9.09 60.2 9.09 556 2.14 513 535 555 845 52.6 441 58.8| 6.42 55.7
+ GDA 4.85 44.0| 5.68 60.0 1.54 494 319 54.6 3.18 561 1.43 483 294 586 3.00 54.5
+ CDA 553 45.1| 5.68 60.6 152 48.0 2.14 56.5 4.53 54.1 141 50.1 294 61.2| 3.04 55.1
ChatGPT 17.7 40.7] 9.09 40.3 4.55 383 643 423 103 414 423 358 735 422| 699 40.0
+ ICL 392 439| 455 583 4.55 50.1 143 489 370 52.8 423 479 147 548| 3.32 52.1
+ GDA 438 44.2| 341 562 152 50.6 143 50.0 329 529 141 483 294 57.4| 233 52.6
+ CDA 6.72 45.2| 341 556 1.52 509 143 514 206 533 282 50.0 441 59.1| 2.60 53.3

Table 2: Experimental results on the TORQUE dataset. Exact-Match (EM) rate and Macro-F1 (F1, regarded as the
primary metric * since EM can be susceptible to manipulation by simply predicting ‘none’) scores are reported.
Best-performed results are bold-faced and the second-best are underlined.

TORQUE: Q: [question], select none or sev-
eral from [all events] [context] \n A:. We
use GPT-3.5 (text-davinci-003) and ChatGPT
(gpt-3.5-turbo) as the backbone LLM. For MA-
TRES, we formalize the problem as a multi-choice
question-answering format’.

Baselines. We compare our proposed meth-
ods with other representative bias mitigation ap-
proaches, including Product-of-Experts (PoE; Hin-
ton 2002; He et al. 2019), Learned-mixin (Clark
et al., 2019), Counterfactual Inference (Wang et al.,
2022, 2023), and AFLite (Le Bras et al., 2020).
These baselines are typical bias-agnostic debias-
ing baselines that address known or unknown bias
with statistical approaches. For LLMs, we use the
vanilla In-Context Learning (ICL) by randomly
retrieving one set of exemplars from the training
set as demonstrations. Note that ICL is consid-
ered few-shot learning while our method is purely
zero-shot. In addition, to study the effect of the
strategy for generating counterfactual exemplars,
we add an additional baseline named Generative
Data Augmentation (GDA) that performs exemplar

generation without counterfactual guidance®.

4.4 Results and Analysis

We present the main experimental results for
TORQUE in Tab. 2 and for MATRES in Tab. 3.
The all row indicates the performance on the whole

SDetails of prompts are listed in Appx. §C.2.
®Details of all baselines are in Appx. §C.1

evaluation set. The Confl. Avg. column is an aver-
age of all knowledge-conflict subsets, measuring
models’ ability on knowledge conflicts.

Impact of Knowledge Conflicts. Models on
both TORQUE and MATRES show a decrease
in performance when evaluated on knowledge-
conflict subsets. Tab. 4 shows a comparison of
baseline model performance on the conflict and
non-conflict partitions of MATRES. The compar-
ison on TORQUE is presented in Tab. 5 in the
Appendix, showing a similar trend. This finding in-
dicates that the selected conflict subsets are indeed
more confusing for language models, proving the
effectiveness of our conflict detection framework.

For LLMs, the overall performance is not sat-
isfactory compared with fully-supervised models,
which is in line with the findings in several eval-
uation works on LLMs (Chan et al., 2023; Zhou
et al., 2023; Yuan et al., 2023), due to the fact that
such tasks focusing on specific types of contextual-
ized reasoning, when not trained with instruction
fine-tuning, often lead to poor performance (Zhang
et al., 2023). Nonetheless, since LLMs are not fine-
tuned on the biased training set, their performance
on knowledge-conflict subsets does not drop as sig-
nificantly in comparison to that on the entire evalua-
tion set, while even being better in some cases. This
suggests that zero-shot predictions using LLM can
be more generalizable when not trained on smaller
and biased data.



all Rel. Prior Narrative Tense Dependency Confl.Avg.
Micro Macro® | Micro Macro™ Micro Macro™ Micro Macro® Micro Macro®™ | Micro Macro™
PLM
RoBERTa-large 70.8 449 59.7 28.5 59.2 27.1 54.8 33.2 58.5 38.3 58.0 31.8
PoE 69.4 45.3 60.0 30.7 52.6 32.8 61.1 29.0 53.1 36.7 56.7 32.3
Learned-mixin 71.0 45.0 60.4 29.5 55.7 34.6 60.9 27.5 60.0 40.1 59.2 329
Learned-mixin+H | 70.5 44.8 59.6 29.2 54.3 340 622 27.7 58.5 39.8 58.6 32.6
Cont. Inf. 67.6 45.0 60.3 314 60.7 27.3 48.8 32.5 55.3 38.9 56.3 32.5
AFLite 64.3 434 524 28.8 50.3 32.8 62.5 30.0 55.0 39.3 55.1 32.7
CDA (Ours) 72.2 45.5 61.5 29.3 58.8 27.3 57.2 35.1 62.2 399 59.9 329
LLM
GPT-3.5 53.3 19.7 54.7 253 2.57 3.98 36.7 17.2 28.6 13.0 30.6 14.9
+ ICL 51.6 18.4 56.1 20.9 1.52 2.31 35.7 16.4 26.2 10.6 29.9 12.6
+GDA 456 216 | 520 324 151 149 376 240 333 189 | 345 226
+ CDA 51.3 30.0 53.4 36.0 16.6 26.8 38.1 27.2 33.3 21.5 35.4 279
ChatGPT 39.8 25.9 31.1 22.3 37.6 32.5 27.0 17.6 21.4 13.8 29.3 21.6
+ICL 43.1 23.8 53.4 23.5 34.8 22.2 11.3 12.7 28.6 11.1 32.0 17.4
+ GDA 45.7 30.8 36.5 25.1 29.5 26.2 32.5 20.7 40.5 24.4 34.7 24.1
+ CDA 493 320 | 426 243 371 310 312 207 333 193 | 361 238

Table 3: Experimental results on MATRES. We use two evaluation metrics, Micro-F1 (denoted as Micro) and Macro
F1 (denoted as Macro; regarded as the primary metric * due to the significant class imbalance). Best-performed

results are bold-faced and the second-best is underlined.

Conflict Non-Conflict
Micro Macro Micro Macro

RoBERTa-large
Relation Prior | 59.7)  28.5] 75.7 40.9
Narrative 59.2)  27.17 76.8 21.7
Tense 54.8] 3324 72.8 472
Dependency 5850 38.3) 70.0 45.7
GPT-3.5
Relation Prior | 54.7)  25.3] 56.8 28.6
Narrative 257, 3.98] 85.8 26.3
Tense 36.7, 17.2] 60.3 27.2
Dependency 28.64 13.04 57.7 28.9

Table 4: Experimental results on the model performance
on knowledge conflict and non-conflict data in MA-
TRES. The RoBERTa-Large model suffers from a per-
formance drop when tested on the conflict subsets. |
indicates a performance drop in the conflict subsets.

Knowledge Conflicts Mitigation. CDA signif-
icantly improves the performance of the vanilla
PLM RoBERTa-large both on the entire evaluation
set and on each of the knowledge-conflict subsets.
Bias-agnostic baselines adopt a model trained only
with event arguments and without context, which
performs debiasing by countering event-relation
bias. This yields competent results related to the
relationship prior bias. The counterfactual infer-
ence is more effective than other fine-tuned-based
methods, as also reported by previous work (Wang
et al., 2022). However, bias-aware data augmenta-
tion methods are generally more effective, as they
explicitly address different forms of bias and have
a more focused performance on biased datasets. In
the appendix, we show that more CDA data better
help the model training (Fig. 3), and compare CDA

with several plain data augmentation techniques in
Tab. 8 and Tab. 9.

As for LLMs, on MATRES, CDA-based demon-
strators can improve the performance on both the
whole evaluation set and all the knowledge con-
flict datasets, with the exception of a minor setback
compared to ChatGPT-GDA in terms of Confil.Avg.
Macro-F1. On TORQUE, CDA on ChatGPT out-
performs all baselines in terms of overall perfor-
mance and Confl.Avg. on the main metric F1. For
GPT-3.5, the zero-shot setting surprisingly achieves
the best overall performance. However, CDA can
outperform GDA, indicating that adding a counter-
factual prior can better help LLMs to understand
event temporal reasoning. Another noteworthy
point is that our CDA method is purely zero-shot
compared with ICL, showing the superiority of ap-
plying counterfactual guidance to LLMs.

5 Conclusion

In this paper, we investigate knowledge conflicts in
event temporal reasoning by formally defining four
types of biases to identify a knowledge conflict di-
agnoses evaluation set. We observe that both PLMs
and LLMs are susceptible to knowledge conflicts
in this task, resulting in decreased performance on
knowledge-conflict datasets. To address this issue,
we propose a CDA method that is suitable for both
PLMs through pre-training and LLMs through In-
Context Learning. Our experiments demonstrate
the effectiveness of our proposed method in miti-
gating knowledge conflicts.



Limitations

This paper only discussed bias calculated based on
statistics in the training set. However, there are
various other ways of characterizing bias, such as
using predictions of zero-shot pre-trained language
models (Xu et al., 2022) and context masking, are
not discussed, which can be left as a future work.

Ethics Statement

There are no direct societal implications of this
work. The datasets we use, TORQUE and MA-
TRES, are publicly available and shared via open-
access licenses for research purposes. Even though
we are detecting bias and conflicts in the origi-
nal datasets, we focus on bias toward temporal
relations of events and do not involve any bias to-
ward certain gender or ethnics groups. The context
where event relations are derived from TimeBank’,
AQUAIN T8, and Platinum®, which has not shown
to contain any obvious social biases that would
raise concerns within the community. The coun-
terfactual data augmentation technique we propose
can effectively mitigate bias in event relation extrac-
tion. In conclusion, to the best of our knowledge,
this paper does not raise ethical concerns.
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Appendices

A Knowledge-conflict Selection
Hyperparameters

In TORQUE, we set an empirical 7,R¢lation Prior —

before
Relation Prior __ Relation Prior __ : :
7;ﬂer = ,Cqual = 0.25 by investi-

gating the distribution of before, after, and equal
relations. For tense bias, we set Tyeis = T 20 =
0.25, and 7;‘;1‘;;? = 0.2 for the relations indicating
two events happening simultaneously. For narrative
and dependency bias, the threshold is simply set as
0.5. In MATRES, we set Tpefore = Tafier = 0.3 and

7;qual =0.1.

B Impact of Knowledge Conflict

We compare the model performance on knowl-
edge conflict subsets and the non-conflict subsets to
show the impact of knowledge conflicts on model
performance in Tab. 5. In general, models perform
more poorly on the conflict subsets, compared with
those without conflicts. This discovery suggests
that the chosen conflict subsets pose greater chal-
lenges for PLMs and LLMSs, thus validating the
efficacy of our conflict detection framework.

C Additional Details of the Models

C.1 Baselines

For TORQUE, the model consists of a one-layered
perceptron built on top of ROBERTa. The trans-
formers’ output corresponding to the token being
analyzed serves as input to the perceptron layer as
a sequence tagging task, where the expected output
is either O or 1, indicating whether this event argu-
ment is a correct answer or not. Following the orig-
inal paper of TORQUE, we fine-tuned RoBERTa-
large on the training set of TORQUE, using a batch
size of 6 (each input is a concatenation of one pas-
sage and one question, and the output is a vector
measuring the probability of each event argument
token). The learning rate is 1e-5, total epoch is 10,
and three random seeds were selected. The exper-
iments are conducted on NVIDIA A5000 GPUs,
which takes around 30 minutes for training one
epoch.

In MATRES, each data entry is composed of
a passage and the corresponding positions of the
two event triggers. The model consists of a one-
layer perceptron to aggregate the embeddings of
the two event triggers provided by the transform-
ers. We use pre-trained Big Bird (Zaheer et al.,


https://doi.org/10.1007/s11263-017-1033-7
https://doi.org/10.1007/s11263-017-1033-7
https://doi.org/10.1007/s11263-017-1033-7

Conflict Non-Conflict

EM F1 EM F1
RoBERTa-large
Rel.Prior 29.5) 7330 407 745
Rel.Prior (warm-up) | 50.04 75.1}) 75.0 76.2
Narrative 3141 69.04 484 752
Tense 335} 7294 507 75.0
Tense (warm-up) 484 724 773 78.6
Dependency 4171 78.6) 375 812
GPT-3.5
Rel.Prior 4.82] 5991 487 5l1.1
Rel.Prior (warm-up) | 4.62) 47.01 250 304
Narrative 2.13) 507t 721 444
Tense 446 53517 727 426
Tense (warm-up) 5714 4591 253  30.0
Dependency 2941 57771 272 567

Table 5: Experimental results on the model perfor-
mance on knowledge conflict and non-conflict data in
TORQUE. The RoBERTa-Large model suffers from per-
formance drop when tested on the conflict subsets. On
the contrary, GPT-3.5, when not fine-tuned on the biased
training set, suffer less from the knowledge conflict in
general. However, there is still a large performance gap
on warm-up questions for GPT-3.5, dropping from an
EM of around 25% to 5%.

2020), a RoBERTa variation that deals with longer
documents, following Wang et al. (2023). The
experiments are conducted on NVIDIA A5000
GPUs, which takes around 2 minutes for training
one epoch.

We then introduce the bias-agnostic baselines
that we adopt.

PoE (Hinton, 2002) and Learned-mixin (Clark
et al., 2019). In this line of approaches, a biased
model is trained to specifically target biased fea-
tures in the data. The output of the biased model is
then combined with the output of the robust model
using product of predicted probabilities. This en-
ables the robust model to focus less on the biased
features and improve its overall performance. De-
note the probabilities predicted by the biased model
for element ¢ as b;, and the probabilities by the ro-
bust model as p;, the ensemble to predict the final
label by PoE is:

pi = softmax(log(p;) + log(b;))

As PoE assumes conditional independence be-
tween the bias in the data and all the features ex-
cept for bias in the data, which may be too strong,
learned-mixin is thus proposed to make the rela-
tions between p; and b; learnable. A function g(z)
of the input z is learned to dynamically adjust how
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| TORQUE MATRES

‘Whole Dev Set 1,483 1,000
Rel. Prior (relation) 88 148
Rel. Prior (warm-up) 66 -
Narrative 140 477
Tense (relation) 243 210
Tense (warm-up) 71 -
Dependency 68 42

Table 6: Statistics of each knowledge-conflict subset in
TORQUE and MATRES.

much to trust the biased model, leading to the final
estimation as:

pi = softmax(log(p;) + g(x;) log(b;))

However, a model could learn to set g(z;) to O
to ignore the effect of biased model, learned-mixin
+ H is thus proposed by adding an entropy penalty:

R = wH (softmax(g(x;)log(b;))

Here the entropy function takes the form
H(z) = —>_; zjlog(z;). The entropy term can
help encourage the biased term to be non-uniform,
providing more biased information.

To train the biased model for all these three base-
lines, we mask all context except for the event
triggers. Other hyperparameters are the same as
training a RoBERTa baseline.

Counterfactual Inference (Wang et al., 2022,
2023). Counterfactual inference focus on event
trigger bias and frequent label bias that leads to
spurious correlations. A causal graph is established
to analyze the causal relations between the effect
of event triggers, the whole context, and the fi-
nal prediction. To mitigate event trigger bias and
label bias, element-wise subtraction operation is
conducted to get the final prediction:

Y=Yz — Aly:f,e — XYz

where ¥, is the prediction given by the model
trained on the original data without any masking,
Yz.e 1s the prediction of the model trained on the
data where context except for event triggers are
masked, and yz is the prediction where the model
sees nothing as input, which reflects label bias.
A1 and A9 are tuned by conducting 5-fold cross-
validations on the training set. The parameters that
yield the best cross validation are selected. The



search space is [—1, 1] with an interval of 0.1. For
TORQUE, \; = —0.8, \s = —0.1. For MATRES,
A =—-0.1,22=0.3.

AFLite (Sakaguchi et al., 2021; Le Bras et al.,
2020). AFLITE, which stands for Lightweight
Adversarial Filtering, is an alternative bottom-up
approach to algorithmic bias reduction proposed
by (Sakaguchi et al., 2021). AFLITE trains an en-
semble of linear classifiers on random subsets of
the training data and filters other instances in the
training data that linear classifiers can correctly
classify. The rationale of this baseline is that in-
stances that can be classified correctly by a shallow
linear model wound contain artifacts.

In this paper, we use logistic regression as the
linear classifier. We repeat training the logistic re-
gression model 20 times on randomly sampled sub-
sets of the training data. Then, we used the trained
logistic regression model to predict the labels of
the rest of the training instances. We compute a
score for every instance e based on the following
equation:

_ the times of e is predicted correctly

score(e _ ; .
() the times of e is predicted

After repeating, we filter instances that owns
a score higher than 0.8. Following previouse
work (Sakaguchi et al., 2021), we use dense rep-
resentations produced by frozen robert-large
and bigbird-roberta-large, instead of manu-
ally identified lexical features, to train logistic re-
gression classifiers on TORQUE and MATRES,
respectively.

C.2 Large Language Models

Prompts for the Tasks. For TORQUE, the
prompt template we use is “Q: {question}, select
none or several from {all_events} \n {context} \n
A:”. Here, question, context are provided in each
data entry in TORQUE. all_events indicates all the
annotated event triggers in the context. GPT3 is
expected to generate none or several events that are
the answers to the question given the context. We
also check another prompt as an additional analysis,
which is “Given the context {context}, {question},
select none or several from all_events} \n A:”. The
performance analysis are introduced in Tab. 10.
For MATRES, we formulate the problem as a
multi-choice question answering (MCQA) task for-
mat, as it’s inherently a four-way classification task.
The prompt takes the form “Given the context:\n
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TORQUE

Rel.Prior b(kill, arrest, before)=0.69,

b(bombing, condemn, before)=0.67

b(incident, happened)=1,b(host, future)=0.91,
b(progress, happening)=1

b(VBN, VB, before)=0.64,b(VBN, VBD, before)=0.48,
b(VBD, VB, before)=0.55

b(VBD, happened)=0.95,b(VB, future)=0.60,
b(VBZ, happening)=0.62

b(pl<p2, before)=0.50,b(pl<p2, after)=0.32,
b(pl<p2, equal)=0.03,b(pl<p2, vague)=0.13
b(xcomp, before)=0.81,b(ccomp, after)=0.70

Tense

Narrative

Dependency

MATRES

Rel.Prior b(say, have, after)=1,b(rise, close, before)=1,
b(have, close, before)=0.83

b(VBN, VB, before)=0.80,b(VBN, VBP, before)=0.78,
b(VBD, VB, before)=0.70

b(pl<p2, before)=0.50,b(p1l<p2, after)=0.32,
b(pl<p2, equal)=0.03,b(pl<p2, vague)=0.13
b(xcomp, before)=0.61,b(ccomp, after)=0.60

Tense

Narrative

Dependency

Table 7: Selected top biased event features in TORQUE
and MATRES.

{context} \n\n Q: What’s the temporal relation be-
tween the event {el} and {e2}? \n Choice A: {el}
happens before {e2}. \n Choice B: {el} happens
after {€2}. \n Choice C: {el} happens during {e2}.
\n Choice D: unknown. \n Answer only with A, B,
C, or D. \n\n A: Choice”. Here, el and e2 are the
target event triggers to be studied. The expected
output is either A, B, C, or D. In addition, we com-
pare our MCQA template with other templates that
have been used in previous works, denoted as tem-
plate 2 (Chan et al., 2023) and template 3 (Yuan
et al., 2023). A comparison of different templates
are presented in Tab. 11. We also present the ef-
fect of the three prompt templates in Tab. 13, and
find that our MCQA template achieves the best
performance.

Baselines We use In-Context Learning (ICL) and
Generative Data Augmentation (GDA) as two in-
tuitive baseline that can be directly comparable to
our CDA method. For ICL, specifically, we re-
trieve one passage-question pair in TORQUE, and
retrieve one example per relation from before, af-
ter, equal, and unknown as as set of exemplars
for MATRES (denoted as 1-shot), to form the ICL
demonstration. Note that ICL is considered few-
shot learning while our method is purely zero-shot.
We study the variability of different sets of exem-
plars as well as the effect of 1-shot and 3-shot ICL
in Tab. 13. We can find that the performance of
ICL is quite stable across different sets of random
exemplars, and 3-shot exemplars help on template
1 but not the other two templates.



In addition, we add an additional baseline named
Generative Data Augmentation (GDA) that per-
forms exemplar generation without a counterfac-
tual guidance. That is to say, we ask LLMs to gen-
erate exemplars under all relations from R, instead
of only the counterfactual relations.

Counterfactual Data Augmentation We intro-
duce how to do Counterfactual Data Augmentation
(CDA) for both PLMs and LLMs.

In CDA for PLM, we generate augmented data
at scale. For TORQUE, we first retrieve all event
pairs that are identified as biased in the training
set. For an event-relation triple (e, ea, ), where r
is identified as knowledge-conflict, which appears
less frequently in the training set, we ask Flan-T5 to
generate some context where e, es happens under
relation 7, to augment the undervalued distribution
of these two events under the conflict relation 7.
The prompt is: “Write a story where e; happens
r’ e9:”. We set temperature as 1 and use greedy
decoding to get the results. After generating the
context, the question associated with the context is
thus Q=What happened r' e and the correspond-
ing answer is e;. We do similar generations for
warm-up questions that asks what events have hap-
pened / is happening / will happen. We first acquire
events that are knowledge-conflict with regard to a
relation r € {happened, will happen, happening},
and randomly sample two or events that are conflict
with regard to 7. We ask Flan-T5 “Write a story
where e; and eo r”. The corresponding question as-
sociate with the generated context is then Q=What
have happened/will happen in the future/is happen-
ing?, based on what r is. After such augmentations,
we conduct an additional filtering step by select-
ing only knowledge-conflict augmented data. We
keep a proportion of augmented data that is scored
with low loss by a fine-tuned PLM on TORQUE to
boost the initial learning process when trained on
augmented data. For MATRES, the prompt given
to Flan-T5 is “Write a story where e; happens 7’
e2”. Then r is used as the final label.

In CDA for LLM, we generate demonstrations
to perform in-context learning. In MATRES, for
an example (c, eq, e, 1), we first ask the LLM to
predict the temporal relation rr 1 5s. Then we use
the same prompt as in CDA for PLM to generate
counterfactual examples dedicated to the event pair
(e1, e2), under relations other than r1,7,57. The gen-
erated examples are thus served as exemplars. In
TORQUE, the pipeline is more complicated. An
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Figure 3: Effect of varying proportions of Counterfac-
tual Data Augmentation (CDA) on MATRES. Models

benefit from increased amounts of CDA data.

02

entry is composed of context ¢, the set of event
triggers F in ¢, the question ¢, and the answers a,
which is a subset of E/. We first ask an LLM to pre-
dict the answers ay 7, Which is also expected to
be a subset of E/. We then ask the LLM itself to gen-
erate some context where the ground answers are
sampled from E — arr s, using the same prompt
as in CDA for PLM. Examples on MATRES are
presented in Tab. 12.

D Additional Ablations

In this section, we compare our Counterfactual
Data Augmentation method with other popular data
augmentation methods to show the effectiveness
of CDA with regard to knowledge conflict mitiga-
tion. Specifically, we adopt EDA and Synonym re-
placement as representative text-editing-based data
augmentation baselines, and we use a Generative
Data Augmentation (GDA) baseline to automati-
cally generate task data using the same backbone
language model, Flan-T5-11B, to generate training
data without counterfactual constraints. The only
difference between GDA and CDA is that GDA
does not use counterfactual constraints, and GDA
can serve as an ablation to study the effect of coun-
terfactual constraints. The results for TORQUE are
presented in Tab. 8 and the results for MATRES
are presented in Tab. 9



Rel.Prior  Rel.Prior Narrative Tense Tense Dep. Confl.Av
(relation)  (warm-up)  (relation) (relation)  (warm-up)  (relation) -AVE:
EM FI |EM F1 EM FI EM Fl EM Fl EM Fl EM Fl | EM Fl

all

RoBERTa-L | 50.4 75.7| 29.5 733 50.0 75.1 314 69.0 335 729 484 724 417 78.6| 39.1 73.6

+EDA 502 75.5| 335 742 50.7 717 307 679 339 71.8 500 694 41.1 79.6| 400 724
+Synonym | 49.7 76.1| 28.0 71.8 49.5 723 295 687 335 720 474 69.7 358 759|373 71.7
+GDA 499 75.8| 30.3 738 50.5 740 317 69.1 344 726 344 72.6 493 715| 384 723
+CDA 51.0 76.1| 33.7 754 50.0 759 307 68.6 355 731 48.8 732 44.1 79.1| 40.5 74.2

Table 8: Experimental results on the TORQUE dataset using different data augmentation techniques. Exact-Match
(EM) rate and Macro-F1 (F1) scores are reported. Best-performed results are bold-faced and the second-best are
underlined.

all Rel. Prior Narrative Tense Dependency Confl.Avg.
Micro Macro| Micro Macro Micro Macro Micro Macro Micro Macro| Micro Macro

RoBERTa-large | 70.8 449 | 59.7 285 592 271 548 332 585 383 | 58.0 318

+EDA 705 46.0 | 609 298 587 274 551 338 600 384 | 587 324
+Synonym 704 450 | 59.6 283 595 269 555 337 619 413 | 57.8 325
+GDA 722 436 | 620 272 575 253 540 314 581 360 | 579 300

+CDA (Ours) 722 455 | 61.5 293 588 273 572 351 622 399 | 599 329

Table 9: Experimental results on MATRES using different data augmentation techniques. We use two evaluation
metrics, Micro-F1 (denoted as Micro) and Macro F1 (denoted as Macro). Best-performed results are bold-faced
and the second-best are underlined.

EM F1
CDA (1-shot) 5.16 44.6
CDA (3-shot) 145 50.1

template 1 (zero-shot) 836 455
template 2 (zero-shot) 8.16 459

template 1 (1-shot)-1 452 434
template 1 (1-shot)-2 6.00 44.7
template 1 (1-shot)-3 13.1 469
template 1 (1-shot)-avg | 7.87 45.0
template 2 (1-shot)-1 9.51 505
template 2 (1-shot)-2 126 51.2
template 2 (1-shot)-3 10.5 48.8
template 2 (1-shot)-avg | 10.9 50.2
template 1 (3-shot)-1 13.0 46.7
template 1 (3-shot)-2 16.4 485
template 1 (3-shot)-3 11.2 482
template 1 (3-shot)-avg | 13.5 47.8
template 2 (3-shot)-1 19.3  56.1
template 2 (3-shot)-2 18.6 554
template 2 (3-shot)-3 233  54.0
template 2 (3-shot)-avg | 20.4 552

Table 10: Experimental results on TORQUE using dif-
ferent prompt templates.
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MATRES

Strategies

Template input

| GPT35 |

Gold

| T/F

Prompt 1
MCQA)

Given the context:\n Jim Unruh, Unisys’s president, said he is
approaching next year with caution. He said the strength of the world-
wide economy is suspect, and doesn’t see much revenue growth in
the cards. He also said that the price wars flaring up in parts of the
computer industry will continue through next year. He said the move
toward standard operating systems means customers aren’t locked
into buying from their traditional computer supplier and can force
prices down. \n\nQ: What’s the temporal relation between
the event "suspect” and "flaring”? \n Choice A: suspect
happens before flaring. \n Choice B: suspect happens
after flaring. \n Choice C: suspect happens during
flaring. \n Choice D: unknown. \Answer only with A, B,
C, or D. \n\nA: Choice

Prompt 2
(Chan et al., 2023)

Determine the temporal order from "suspect” to "flaring”
in the following sentence: ""Jim Unruh, Unisys’s president,
said he is approaching next year with caution. He said the strength of
the world-wide economy is suspect, and doesn’t see much revenue
growth in the cards. He also said that the price wars flaring up in
parts of the computer industry will continue through next year. He
said the move toward standard operating systems means customers
aren’t locked into buying from their traditional computer supplier
and can force prices down. "". Only answer one word from
AFTER, BEFORE, EQUAL, VAGUE. Answer:

BEFORE

BEFORE

Prompt 3
(Yuan et al., 2023)

Given the document Jim Unruh, Unisys’s president, said he is
approaching next year with caution. He said the strength of the world-
wide economy is suspect, and doesn’t see much revenue growth in
the cards. He also said that the price wars flaring up in parts of
the computer industry will continue through next year. He said the
move toward standard operating systems means customers aren’t
locked into buying from their traditional computer supplier and
can force prices down. and a list of temporal relations
[before, after, vague, equall] and event triggers suspect
and flaring. what is the temporal relation between suspect
and flaring? Answer vague if unsure. Keep the answer
short and concise.

before

before

Table 11: Prompt templates for MATRES.
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MATRES

Strategies | Template input | GPT3.5 | Gold | T/F

Given the context:\n [Context] \n\nQ: What’s the temporal relation
between the event "ei” and "e2”? \n Choice A: e; happens before
Zero-shot e2. \n Choice B: e; happens after ez. \n Choice C: e; happens A B F
during es. \n Choice D: unknown. \Answer only with A, B, C, or
D. \n\nA: Choice

Generate a paragraph where event e; happens before es:
Generate a paragraph where event e; happens after es:
Counterfactual Generate a paragraph where event e; happens in the same time as | ca,c¢B, / /
generation es: cc, CD
Generate a paragraph where the temporal relation of e; and es
cannot be determined based on the context:

Given the context:\n cg \n\nQ: What’s the temporal relation
between the event " --- A: Choice B
Given the context:\n cc \n\nQ: What’s the temporal relation

between the event " ... A: Choice C
Given the context:\n ¢p \n\nQ: What’s the temporal relation
CDA prompting | between the event " --- A: Choice D B B T

Given the context:\n [Context] \n\nQ: What’s the temporal relation
between the event "e;" and "e2”? \n Choice A: e; happens before
e2. \n Choice B: e; happens after ez. \n Choice C: e; happens
during ez. \n Choice D: unknown. \Answer only with A, B, C, or
D. \n\nA: Choice

Table 12: A running example of CDA in MATRES. The LLM itself first predict the label of the example, where
the prediction is denoted as 77 as. Then, the LLM is asked to generate four context given e; and e, under four
different temporal relations, using the prompts in the second columns, where the corresponding generated context
are then c4, cp, cc, cp. Then, the generated contexts other than under the predicted relation 11 5s are used as
demonstrations for in-context learning.
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Micro F1 ~ Macro F1

CDA (1-shot) 51.3 30.0
CDA (3-shot)* 51.5 26.3
template 1 zero-shot (MCQA) 533 19.7
template 2 (Chan et al., 2023) 52.1 17.1
template 3 (Yuan et al., 2023) 13.4 13.0
template 1 (1-shot)-1 52.3 18.5
template 1 (1-shot)-2 53.1 204
template 1 (1-shot)-3 51.6 18.4
template 1 (1-shot)-avg 52.3 19.1
template 1 (1-shot)-MV 52.1 19.0
template 2 (1-shot)-1 49.9 22.0
template 2 (1-shot)-2 493 22.1
template 2 (1-shot)-3 50.1 19.8
template 2 (1-shot)-avg 49.8 21.3
template 2 (1-shot)-MV 50.0 20.6
template 3 (1-shot)-1 32.7 18.6
template 3 (1-shot)-2 344 20.7
template 3 (1-shot)-3 28.8 17.8
template 2 (1-shot)-avg 32.0 19.0
template 3 (1-shot)-MV 31.9 18.5
template 1 (3-shot)-1* 57.5 24.1
template 1 (3-shot)-2* 57.0 28.0
template 1 (3-shot)-3* 50.0 234
template 1 (3-shot)-avg™ 54.8 25.2
template 1 (3-shot)-MV™* 57.0 24.4
template 2 (3-shot)-1* 46.5 18.2
template 2 (3-shot)-2* 47.0 18.1
template 2 (3-shot)-3* 47.5 24.9
template 2 (3-shot)-avg”* 47.0 20.4
template 2 (3-shot)-MV* 48.0 19.2
template 3 (3-shot)-1* 35.5 21.3
template 3 (3-shot)-2* 29.0 15.7
template 3 (3-shot)-3* 34.0 20.2
template 2 (3-shot)-avg™ 32.8 19.1
template 3 (3-shot)-MV* 33.0 19.2

Table 13: Experimental results on MATRES using dif-
ferent prompt templates. * indicates we test the perfor-
mance on the same 200 randomly down-sampled exam-
ples from MATRES. We run 3 different random seeds
per few-shot in-context learning experiments. ‘avg’ in-
dicates the average between the three runs, and ‘MV’
indicates the majority voting across the three runs.
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