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Abstract

The IndirectQA task aims to understand
responses to naturally occurring boolean
questions which do not contain direct cue
words. Building models that perform well on
this task can be instrumental in improving
performance of conversational chatbots, as
well as interactions with robots or other Al
agents. In this paper, we explore the recently
developed Circa dataset of indirect question-
answer pairs, attempting to replicate and
then improve upon its classification results.
We first implement the same BERT-based
models fine-tuned on other datasets reported
in the original paper, and then run similar
experiments on other model architectures
using T5, RoBERTa, and UnifiedQA. The
RoBERTa model fine-tuned on MNLI and
Circa achieved the highest accuracy on the
test set, in both the strict (87.5%) and relaxed
settings (89.6%), as well as the highest F-1
scores on both the strict (86.4%) and relaxed
(89.3%) settings.

1 Introduction

Indirect Question-Answering is a natural language
understanding task that aims to explore the im-
plicit meaning behind answers to boolean ques-
tions. In real world scenarios, not all questions
have answers that are easy to interpret, let alone
contain direct cue words. Some answers require
an understanding of linguistic features or general
knowledge in order to be understood, as seen in
Example 1. However, not all questions expect a
boolean response so some answers, as in Example
2, can be harder to interpret, requiring more than a
simple binary classification. This becomes a prob-
lem when designing a language model that can be
used in applications such as chatbots and voice as-
sistants, with the need to anticipate all types of an-
swers. Researchers at Google published the Circa

dataset in October 2020, explained in more detail
in Section 3, that explores the IndirectQA task by
utilizing pre-trained models and other QA tasks
through transfer learning.

The use of various transfer learning techniques
consists of making use of a model that was trained
on a large-scale dataset, such as BERT, to then
fine-tune on a smaller, labeled text dataset, result-
ing in a much better performance than training
on only the latter (Zhang et al., 2020). However,
with the abundance of such comprehensive mod-
els, it is also costly and time-consuming to train
and test all of them for a language task (Dodge
etal., 2020). Thus, within the scope of this project,
we aim to aid the research in the space of Indirec-
tQA tasks by training on state-of-the-art (SoTA)
models to potentially achieve better results. We do
this by first replicating the methods from the orig-
inal paper (Louis et al., 2020) to check for incon-
sistencies in Section 4.1. Then, we conduct exper-
iments using various pre-trained language mod-
els and compare their performance in Section 4.2.
The results are shown in Section 5 where we re-
port that the ROBERTa model that was fine-tuned
on MNLI and the Circa dataset performed the best
across the board.

Q: Want to get some dinner together?
A: I’d rather just go to bed.
Label: No

Example 1: Binary Answer Example from Circa

Q: How was your day?
A: Just a typical Friday.
Label: In the middle, neither yes nor no

Example 2: Non-Binary Answer Example from Circa
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2 Relevant Work

Question Answering can be considered to be a
form of Information Retrieval (Cao et al., 2010) in
which a key task is recognition of answer patterns
(Yao, 2014). One type of question is a boolean
question, for which the answer is ‘Yes’ or ‘No’.
However, early research has found that very of-
ten, the answer to such questions does not explic-
itly contain the words ‘yes’ or ‘no’, and is often
accompanied by additional speech (Rossen-Knill
et al., 1997). With this aim of understanding re-
sponses without direct cue words, the recent Circa
dataset was created to focus on boolean questions
having indirect answers (Louis et al., 2020). In
this task, the answers to a question need interpre-
tation and cannot be derived from context alone.
Earlier work has attempted to solve this Indirec-
tQA task using Markov Logic Networks (de Marn-
effe et al., 2009). Green and Carberry (1994), in
accordance with Levinson (1983), postulated that
a speaker’s response provides their evaluation of
the propositioned question. This allowed them to
use coherence rules as constraints on indirect an-
swers, when building a model to interpret indirect
answers. They found the relation between a direct
question and an indirect answer to be similar to
the relations of “Condition, Elaboration, and Voli-
tional Cause”, used in Rhetorical Structure Theory
(Mann and Thompson, 1987). In a similar vein,
this IndirectQA task is similar to the Natural Lan-
guage Inference (NLI) task in which a hypothe-
sis is classified as an entailment, contradiction, or
neutral response given a premise (Williams et al.,
2018), as both the question and answer first need
to be interpreted, and then the relation between
them must be determined. With this in mind, we
believe that we can achieve good performance on
this task using models which perform well on NLI
tasks, a hypothesis reflected by Louis et al. (2020)
as well, in their use of BERT-based models fine-
tuned on BoolQ (Clark et al., 2019) and MNLI
(Williams et al., 2018) datasets as a baseline perfo-
mance for the dataset. Models such as T5 (Raffel
et al., 2020), RoBERTa (Ott et al., 2019), and Uni-
fiedQA (Khashabi et al., 2020) in particular are
current frontrunners on these NLI tasks!-2. Im-
proved performance on this topic can be advan-
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tageous for use in conversational chatbots or other
Al agents, in order to both improve their under-
standing of human language, and also to produce
human-like natural responses. To our knowledge,
there are currently no other published works that
implement this IndirectQA task using the Circa
dataset.

3 Data

The Circa corpus was created from a four-step
crowd-sourcing task, with the goal of classifying
natural responses as indirect answers. The cor-
pus consists of 3,431 unique questions with up
to 10 indirect answers each, for a total of 34,268
question-answer pairs, and is publicly available
through Google Research’s Github repository?.
Each question-answer pair has two gold standard
labels, one for the ‘strict” scheme and one for the
‘relaxed’ scheme. These labels indicate whether
the answer implies Yes, No, or an in-between
classification such as Probably no or Yes, with
some conditions. Upon disregarding labels such
as Other and N/A, the strict scheme has a total of
6 possible classes, while the relaxed scheme has
4 classes (Louis et al., 2020). Sample question-
answer-label instances from the dataset are shown
in Examples 1 and 2, and the distribution of labels
can be seen in Table 3 in the Appendix.

4 Methodology

In the original paper, the IndirectQA task was
tested using a BERT model as a baseline, fine-
tuned on the Circa dataset, as well as on a com-
bination of BoolQ+Circa and MNLI+Circa. The
best performance resulted from the model fine-
tuned first on the MNLI corpus, and then on the
Circa dataset. Performance was measured in terms
of accuracy, and this model achieved 84.8% on the
strict setting and 88.2% on the relaxed.

To validate the results of the paper and to test
the performance of the Circa dataset, we used the
same model and analysis methods for replication.
We then try to improve these results by utilizing
other models in place of standard BERT. Models
will be evaluated using overall accuracy and F-1
score, as well as class-wise F-1 scores on a test
split of the Circa dataset, following the same setup
as the original paper.

*https://github.com/
google—research-datasets/circa
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T5 RoBERTa UnifiedQA

Relaxed
Overall Accuracy 74.7 89.6 89.6
F-1 Score 76.8 89.3 89.2
Yes 79.7 90.9 91.2
Yes, subject to some conditions 87.3 91.0 89.2
In the middle, neither yes norno 27.2 26.3 414
No 71.7 92.7 90.1
Strict

Overall Accuracy 79.7 87.5 74.7
F-1 Score 84.6 86.4 71.7
Yes 86.6 93.0 80.4
Yes, subject to some conditions 87.9 91.6 86.3
Probably yes / sometimes yes 43.1 36.9 26.9
In the middle, neither yes norno  27.7 453 3.1

Probably no 23.3 22.8 4.8

No 80.3 91.4 73.3

Table 1: Results from experiments using different baseline models

4.1 Replication of Original Results

We replicated the experiments from the matched
settings from the original paper, in which the
response scenarios are assumed to be seen and
the dataset is randomly divided into 60% train-
ing, 20% development and 20% testing sets using
the following model set-ups: BERT-YN (BERT
model fine-tuned on Circa), BERT-BOOLQ-YN
(BERT fine-tuned on BoolQ, then on Circa), and
BERT-MNLI-YN (BERT fine-tuned on MNLI,
then on Circa). All three experiments closely fol-
lowed the same pre-processing steps and hyperpa-
rameters specified in the original paper. The re-
sults on the test split of the data are presented in
Table 2 in the Appendix.

4.2 Experiments
4.2.1 RoBERTa

Replicating these aforementioned BERT-based
models, we achieved similar performance to those
obtained by the researchers. Naturally, our hy-
pothesis was that an extension of BERT such
as RoBERTa (A Robustly optimized BERT pre-
training approach) would perform well on the
Circa dataset. RoBERTa (Ott et al., 2019) op-
timizes for BERT’s hyperparameters and train-
ing size, and it generally achieves SoTA perfor-
mance on GLUE, RACE, and SQUAD. Specifi-

cally, RoBERTa* used a novel dataset, CCNEWS
for training, and demonstrated that the use of
more data during the pretraining step improves
performance on downstream tasks. In addition
to pretraining the BERT model on a new dataset,
RoBERTa also trains the model longer, with big-
ger batches, and with more data. Additionally, the
RoBERTa model achieves SoTA results on 4/9 of
the GLUE tasks, including MNLI. This result en-
couraged us to test this model and finetune it first
on the MNLI dataset, then on Circa.

In both the strict and relaxed settings, the
RoBERTa model outperformed the baseline BERT
model, achieving an 87% test accuracy on the
strict setting and a 91% test accuracy on the re-
laxed setting. From the class-wise F-1 scores, we
see that ROBERTa pretrained on MNLI and Circa
performs well on the relaxed classes, with particu-
larly high F-1 scores on the No class, achieving
91.0%. However, the model seems to perform
poorly on uncertain classes, such as In the middle,
neither yes nor no with an F-1 score of 26.3%. A
potential reason why we achieve a higher perfor-
mance on certain classes versus uncertain classes
could be because the model has not seen enough
training data, or because the interpretation of those
IndirectQA answers are more vague when scored
by human annotators.

*nttps://github.com/pytorch/fairseq
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Although BERT is a popular choice for pre-
training on a large-scale dataset, since its creation,
there have been numerous transfer learning frame-
works produced that achieve SoTA results on var-
ious NLP tasks. One of such frameworks is the
“Text-to-Text Transfer Transformer”, also known
as T5 (Raffel et al., 2020). In this model®, the
creators adopted a unified approach where the in-
puts and outputs are texts, allowing for a general-
ized model to be used in different linguistic tasks.
The model is trained on the giant Colossal Clean
Crawled Corpus (C4) created by the authors, con-
sisting of 800GB of English text. This model was
adapted for our QA task, as the question-answer
pair can be passed in as an input, with the label
returned directly as a text output. However, this
model did not perform as well as the others, as re-
ported in Table 1, possibly due to the ambiguity in
the relations between the questions and answers.

4.2.3 UnifiedQA

The UnifiedQA model introduced by Khashabi
et al. (2020) aims to learn linguistic reasoning abil-
ities that generalize across input formats. It is
trained on eight different datasets used for four
different QA task formats. Fine-tuning this model
also resulted in SoTA results on 10 QA datasets,
so we were interested to see how it would perform
on the Circa dataset. We hypothesized that the
model’s focus on learning generalizable linguis-
tic reasoning abilities, regardless of input format,
would help it to have better performance in under-
standing implicit meaning.

For our experiments, we used the UnifiedQA-T5-
small model checkpoint released by Allen AI.
Similar to the baseline experiments, the model was
fine-tuned for three epochs on a training set of
the Circa dataset, and finally evaluated on the test
split. For this model, we did not use any inter-
mediate datasets to fine-tune the model, as Uni-
fiedQA is already pre-trained on eight datasets,
including BoolQ which was used in the baseline
Circa experiments (Khashabi et al., 2020). The
data was pre-processed to fit the UnifiedQA input
format requirements. The results of these exper-
iments for both the strict and relaxed settings are
shown in Table 1, along with the class-wise F-1
scores.

‘https://github.com/google-research/

text-to-text-transfer-transformer
®https://github.com/allenai/unifiedqa

The model achieved an overall accuracy of 89.6%
on the relaxed setting and 74.7% on the strict set-
ting, thus beating the baseline for the relaxed set-
ting, but not for the strict. A closer analysis of
the model’s performance using the class-wise F-1
scores shows that the model does not perform well
on the classes which have a lower proportion in
the data, namely In the middle, neither yes nor no
for both the strict and relaxed settings, as well as
Probably no in the strict setting. It is possible that
the model did not have enough training instances
of these types to learn the linguistic features or in-
dicators for these classes.

5 Results & Conclusion

In order to match the evaluation methods of the
original paper, the performance of the transfer
learning experiments were evaluated using Over-
all Accuracy, as well as Total and Class-wise F-
1 Scores. The accuracy score measures the rate
at which the predicted labels match the original
values, and from our experiments the RoOBERTa
model finetuned on MNLI and Circa had the high-
est value at 89.6%. As there is an uneven class dis-
tribution, we additionally calculated the F-1 score,
which is a weighted average of precision and re-
call. The best performance for F-1 score was
achieved by the RoBERTa model in the strict case
with 87.5%. Finally, due to the class imbalance
within both the strict and relaxed settings, we also
calculated the class-wise F-1 scores to gain more
insight. The classes with lower frequency scored
lower, similar to the original findings on Circa,
and require “models to deeply connect the ques-
tion and answer” (Louis et al., 2020). These re-
sults are shown in Table 1, and the class distribu-
tion is shown in Table 3 in the Appendix.

The results from our experiments show that al-
though some SoTA models show significant im-
provement in performance compared to the origi-
nal baseline of BERT, the dataset is not extensive
enough to achieve desired results. Particularly, the
class imbalance and the ambiguity of in-between
labels pose a challenge to every model. Thus,
further development in the corpus is required to
achieve advancement in IndirectQA tasks.

6 Collaboration Statement

All team members participated in brainstorming,
background research, and writing the report. Each
member conducted one of the replication mod-
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els and the experiments: Anu-Ujin worked on
the BERT-YN and T5 models, Angela worked
on BERT-MNLI-YN and RoBERTa-MNLI, and
Lakshmi worked on BERT-BOOLQ-YN and Uni-
fiedQA.

7 Ethical Considerations

Li et al. (2020) created the UNQOVER frame-
work to study bias through underspecifed ques-
tions. In their research, they found that QA models
make decisions based on a mixture of reasoning
and other stereotypical associations, which they
learn from the data they are trained on. Through
their experiments using BERT-based models, like
RoBERTa and BERT, they found that larger mod-
els show more bias and are also prone to positional
dependence. Positional dependence implies that
model prediction changes based on the order of the
subjects, even if the context remains unchanged.
Thus, the use of these large language models can
itself introduce different classes of stereotypes,
such as gender and nationality. Additionally, it is
not clear whether the creators of the Circa dataset
took any steps to remove biased or stereotypical
instances during their data collection process, or
if there are cases of underspecified questions with
biased labels.

Furthermore, some samples in this dataset re-
quire not only linguistic comprehension, but also
an understanding of Western culture or practices.
For example, one instance in the dataset is as fol-
lows:

Question: Do you like to drink?
Answer: I'm in AA.
Label: No

Interpretation of this answer involves not only an
understanding of what ‘AA’ is (Alcoholics Anony-
mous), but also what that entails about the re-
sponder’s preference for drinking. Optimizing our
models to this data may cause it to have a Western-
specific view.
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Appendix

Model Accuracy for relaxed  Accuracy for strict

Original Replicated Original Replicated

BERT-YN 87.8 83.3 84.0 87.3
BERT-BOOLQ-YN 87.1 85.6 83.4 82.1
BERT-MNLI-YN 88.2 86.4 84.8 82.6
Table 2: Replication results in comparison to original
values
Class Count Proportion

Relaxed

Yes 16628 0.496
No 12833 0.383
Yes, subject to some conditions 2583 0.077
In the middle, neither yes nor no 949 0.028
Other 504 0.015
Strict

Yes 14504 0.460
No 10829 0.344
Yes, subject to some conditions 2583 0.082
Probably yes / sometimes yes 1244 0.039
Probably no 1160 0.037
In the middle, neither yes nor no 638 0.020
Other 504 0.016
I am not sure how X will interpret Y’s answer 63 0.002

Table 3: Distribution of Classes in the Full Dataset



