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Abstract

Multi-step reasoning through Chain-of-
Thought (CoT) prompting has been extensively
explored, highlighting the abilities of Large
Language Models (LLMs) to generate answers
derived from step-by-step reasoning. These
studies focus the attention on LLMs’ forward
reasoning abilities manifested in a series of
general premises leading to a final solution.
In this paper, we take the reverse perspective
by analyzing the backward reasoning abilities
of LLMs, namely the inference that leads to
the causal hypothesis. We conduct a study
on Question Answering (QA) tasks, aimed at
analyzing whether LLMs are able to reason
about the conclusions and deliver the original
question that leads to the final answer. We
use three Multiple Choice Questions and six
Math Word Problems QA tasks: (i) we observe
a performance gap between standard and
proposed approaches; hence (ii) we propose
several methods to elicit the LLMs to generate
the answer by considering the backward
direction.

1 Introduction

Several techniques for in-context learning through
prompting approaches (Brown et al., 2020; Min
et al., 2022) enable pre-trained Large Language
Models (LLMs) (Chowdhery et al., 2022; Touvron
et al., 2023; OpenAl, 2023) to generalize well on
out-domain tasks, demonstrating versatility in a va-
riety of tasks such as sentence completion, multiple
choices text comprehension, and mathematical rea-
soning, by providing multi-step forward responses.
Earlier works have extensively studied these prob-
lems, adopting previous (Cobbe et al., 2021; Roy
and Roth, 2015; Patel et al., 2022) and new (Gao
etal., 2023; Zheng et al., 2023b) datasets to observe
the performance of powerful LLMs comparatively.

Recently, Wei et al. (2022) have proposed the
Chain-of-Thought (CoT) prompt for LLMs, which
generates necessary explicit intermediate steps to

reach the final answer. Specifically, each exam-
ple in-context is complemented by several steps
described in natural language. In inference, the
verification question is added to the prompt and
fed to an LLM, mimicking the in-context examples
and delivering reasoning steps before the final re-
sult. Many works have recently been proposed to
improve its effectiveness (Yu et al., 2023; Wang
et al., 2023) and efficiency (Wu et al., 2023). Later,
Qiao et al. (2023); Zhou et al. (2023) proposed an
advancement through Self-Verification techniques.
Different outputs delivered to CoT are sampled
using temperature sampling (Ficler and Goldberg,
2017). Behind this passage, the one that receives
the most votes is selected as the final response.
Although these techniques show the reasoning abil-
ities of LLMs, they are based on observations of
generating forward, leaving unexplored the ability
to infer a rule given the consequences.

This leads to the target research questions, which
are the focus of this paper:

(RQ1) Can the well-known Question-answering
benchmarks be employed to observe the reasoning
abilities of LLMs with the purpose of studying the
effect in the backward direction?

(RQ2) Do the different complexities of forward
and backward reasoning observed in human minds
also reflected in LLMs??

(RQ3) Could LLMs’ reasoning abilities be em-
powered by using the structure of the prompt and
the generated answers?

In this paper, we investigate whether LLMs
are able to deliver answers by performing back-
ward reasoning steps, which consist of develop-
ing hypotheses for a set of facts and deducing the
most probable cause or the most plausible explana-
tion. We propose to use Question-answering (QA)
tasks, in particular, six Math Word Problem (MPW)
and three Multiple Choice Question (MCQ), tra-
ditionally used to study forward generative abili-
ties. Hence, we propose two different approaches



Context: Henry made two stops during
his 60-mile bike trip. He first
stopped after 20 miles. His second
stop was 15 miles before the end of
the trip.

Question: How many miles did he travel
between his first and second stops?
Answer:

Q 4

Henry traveled 25 miles

Henry traveled 25 miles

(o]

Acor

To solve this we neeed
Qcor

Henry traveled 25 miles

Context: Henry made two stops during his
60-nile bike trip. He first stopped after

20 miles. His second stop was 15 miles

before the end of the trip

Question: How many miles did he travel

between his first and second stops?

Answer: Let's think step-by-step. [5:\)

Henry traveled 25 miles

77'11
Qu An
Eill in the blank value given the following
TeETaT The value is 20
Context: Henry made two stops during his 60-
mile bike trip. He first stopped after x miles.
His second stop was 15 miles before the end of (0:X)
the trip
Question: How many miles did he travel between U3 ool 1 2
his First and second stops?
Answer :25
To
Qp
Ap
Eill in the blank given the following answer
find the question that generates it
Context: Henry made two stops during his 60- 100 Qe S
mile bike trip. He first stopped after 20 (B Ly oD (I
miles. His second stop was 15 miles before the CETTRY Gl oo
Gt 617 G0 G- his first and second
Question: X S
Answer
Henry made two stops during his-..
He traveled 25 miles between his first and o
Secona scons (4:\)

Question: What is
vy the distance between
iS) Henry's fist and

To find the distance between the Henry's second stops on his
T 60-mile bike trip?
Threfare, the distance 1s 25 miles.

Figure 1: Overview of our proposed approaches.

(i.e., Blanking and Hiding) that revisit the stan-
dard prompts in order to elicit the LLMs to con-
sider the initial question. In particular, in our ap-
proaches, we propose opposite versions of tasks by
prompting the final answers as facts and eliciting
the LLMs to reason about reconstructing the origi-
nal question. We analyze whether different families
of LLMs (GPT (OpenAl, 2023), Llama-2 (Touvron
et al., 2023), Mistral (Jiang et al., 2023), and Orca2
(Mitra et al., 2023)) are able to deduce the orig-
inal questions by proposing different prompting
approaches.

Downstream of extensive analysis, we show a
discrepancy regarding the performances obtained
from forward and backward input-prompting.
Therefore, we propose a series of approaches to
stimulate LLLMs to rephrase the problem by con-
sidering different shapes and achieving noticeable
improvements.

Our contributions can be summarized as follows:

* Formalization of backward reasoning prob-
lem by proposing two different kinds of in-
tervention in nine different benchmarks com-
monly used to test forward generative abilities
of LLMs (Yuan et al., 2023; Ling et al., 2023).

* In-depth study of the divergences between
forward reasoning obtained through standard
prompting and backward reasoning obtained
via our Hiding and Blanking approaches on
different LLM families.

» Performance improvement via prompt-based
approaches that elicit LLMs to reason about

the input structures for the input problems.

2 Problem Formulation

A reasoning-based question-answering (QA) task
is defined as a tuple 7y = (Q, O, A), where Q) is
the question, that could contain context C', such
as the necessary background for answering a ques-
tion; O = (01, 02, .., ¢;,) are answer choices if @
is a multiple choice (n) problem (C' and O could
be optional depending from the task); and A is the
target answer. Given () as input-prompt, Large Lan-
guage Models (LLMs) generate the answer (output)
that is a sequence of tokens Tp,r = (t1,t2, ..., tn).
The generated answer is correct if and only if the
(tiy ..y tm) C T matches the ground truth A. Re-
cent works like Chain-of-Thought (CoT) (Wei et al.,
2023) leverage prompt engineering in the context
C to elicit LLMs to generate the intermediate rea-
soning process in 1y,, which benefits their perfor-
mance across diverse reasoning tasks. In this case,
Tyt consists of a set of m intermediate reasoning
steps, which we denote as S = (81,52, ..., Sm) -
Each step s; can be represented by a subsequence
of the generated tokens s; = (t1,t2, ...tn) C Tout.
The generated solution is correct if the predicted fi-
nal answer in s; matches the ground truth A. Given
the forward generative nature, the premise of C' and
@, and the conclusion generated in the sequence 7',
it is possible to describe this as a deductive process
(Huang and Chang, 2023; Ling et al., 2023).

In our work, we introduce 7 that is the opposite
of Ty. Starting from a QA task, given the answer
A as evidence, we want to infer the rule (or, in our



Prompt: Multiple Choices Question 7T

Prompt: Math Word Problem 7

Question: <Question>
Choices:

a) <Optionl>

b)...

Answer:

+ Let’s think step by step (CoT Prompt)
generated answer A or Acor

Question: <Question>

+ Let’s think step by step (CoT Prompt)

generated answer A or Acor

Table 1: Example of prompt for MCQs (left) and MWPs (right) Question Answering tasks.

Prompt: Hiding Approach Ty,

Prompt: Blanking Approach Ty,

Fill in the blank value given the
following problem.

Context: t1,%2,..., X,...,th—1,1n
Question: <final question>

Answer: A

+Let’s think step by step (CoT Prompt)

Fill in the blank given the following

answer. Find the question that
generates it.
Context: tq, tg, 000 ,tnfl, tn

Question: x
Answer: A or Acor

+ Let’s think step by step (CoT Prompt)

Table 2: Example of prompt for Hiding Approach 7;,, and Blanking Approach T, .

case, the question Q) that generated A. In partic-
ular, as described in Section 3, we propose two
different versions of 7p: in Tp,, = (Qw, O, An),
the relaxed version, we contextualize the gener-
ation of () using Qs, that is () with a strategic
hide part with a placeholder x and in a strict ver-
sion T, = (@B, 0, Ap) we do not use @ or its
derivates. Hence, in the first version, the final goal
is to find out the = omitted from the prompt, and
in the second one, the goal is to generate () g, as in
the abductive reasoning process (Huang and Chang,
2023; Qiao et al., 2023).

In this scenario, we prompt the LLMs, as shown
in Figure 1, in order to elicit them to reconstruct
or generate the rule using the final evidence that
is exemplified respectively by the question () and
answer A.

3 Method

In order to observe the backward abilities of LLMs,
we propose a prompting intervention based on us-
ing the target answer A and the context provided
by task C' in order to deduce the original Q).

Hence, behind defined problem 7y, in Section 2,
we describe the construction of 73, (Section 3.2)
and 7, (Section 3.1).

3.1 Hiding Approach

In order to elicit LLMs to retrieve the original () by
reasoning in a backward way, we propose 7;,, =

(Qu, 0, Ap). In particular, we contextualize the
generation of () using Q, i.e., () with an hide
strategic part with a placeholder x. Consequently,
we replace the target answer Ay with . However,
the hiding approach differs according to the nature
of the question-answering task.

Math Word Problem The MWP tasks are char-
acterized by a tuple (@), A) where numerical values
represent the strategic information. Following the
approaches from the previous work (Deb et al.,
2023), we mask the numerical value in the prompt
with z (placeholder value). Hence, we produce the
input-prompts using @z and A. Where Q7 is very
close to (), with the numerical value replaced by
an z (detailed in Appendix B.1). Then, we evalu-
ate the accuracy by performing a string matching
between the generated answer and = (x used as a
placeholder in the prompt).

Multiple Choices Question In the MCQ setting,
it is more challenging to determine which strategic
part to blank. The datasets introduced in Section
4.1 are characterized by tuples (Q, O, A). In each
Q, a strategic concept S is presented that is gen-
erally provided in the dataset but is not used for
the evaluation. We replace S € () with x deriving
Q) (detailed in Appendix B.1). We evaluate the
accuracy by performing a string matching between
the generated answer and .
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Figure 2: Accuracies (%) on Math Word Problem and Multiple Choices Questions proposed in Section 4.1 using
Standard prompting approach (as shown in Table 8) and Hiding approach (Section 3.1).

3.2 Blanking Approach

Furthermore, we propose a stricter version of
the tasks. Starting from 7, we propose Ty,
(@B,0,Ap). We do not alter ) using the hiding
approach, but blank entire @, i.e., g, reply with z.
Consequently, the final target A, in our formulation
Ap, is the original ) blanked with z. Then, we
construct the input prompt, as shown in Figure 1
and in Table 2.

However, it is not possible to apply the Blank-
ing approach directly to all tasks, for example, on
MWPs that have only a numerical A target, and it
is impossible to generate () (or A ) without having
context. In order to solve this problem, we intro-
duce A described in Section 3.3 for the Math Word
Problem and the Multiple Choices Question tasks.
Finally, we estimate the correctness of generated
answers using BERTScore (Zhang et al., 2020) be-
tween the blanked question () and the generated
answer 1 ;.

3.3 Backward Answer

Behind proposing the 7y, approach for construct-
ing altered prompts to evaluate the abilities of
LLMs, we introduce a Blanking approach, 7.
However, LLMs need more context that targets A
alone cannot supply. Therefore, we introduce A

by constructing it by prompting the LLMs with
input-prompts (as in Figure 1, Table 1, and Table
2). Moreover, we use the multi-step reasoning abil-
ities by also proposing Ac,r that is based on the
Chain-of-Thought prompt technique (Wei et al.,
2023). Then, we use the generated answers, A and
Acor, as a component to produce 7, as Figure 1
(all passages are detailed in Appendix B.2).

4 Experiments

In order to analyze the abductive reasoning abilities
of Large Language Models (LLMs), we propose
two backward reasoning approaches in Math Word
Problem (MWP) and Multiple Choices Question
(MCQ) tasks introduced in Section 4.1. Then, we
systematically prompt different LLMs as described
in Section 4.2 by evaluating the answers generated
using Section 4.3’s evaluation methods.

4.1 Data

We propose our experimental setup by adapting the
method proposed in Section 3 to two typologies of
Question-answering (QA) tasks:

QA Math Word Problem MPW tasks are char-
acterized by a question (a mathematical problem) in
natural language and a target answer, which in most
cases is a number. We select five different datasets



Strategy Model GSMS8Ky SVAMPy  MultiArithy  AQua-RATy  AddSuby  GAIAg
Hiding (0-shot) GPT-3.5 33.8+.4 36.3+.2 18.4+.1 69.4+.3 20.3+.1 16.5+.2
Hiding (5-shot) GPT-3.5 35.4+.3 38.4+.4 20.5+.3 70.6+.4 22.1+.3 18.6+.3
CoT (5-shot) GPT-3.5 34.5+.4 353+.4 19.5+.1 70.2+.3 19.4+ 5 15.9+.1
Complex-CoT (0-shot) | GPT-3.5 40.5+.1 39.9+.1 21.7+.2 73.7+.3 24.5+.6 21.2+.4
Complex-CoT (5-shot) | GPT-3.5 43.5+.2 41.3+.2 26.4+.2 76.6+.3 24.8+.2 26.3+.4
GPT-3.5 50.2+.3 458+.4 36.8+.3 79.2+.4 26.7+.2 29.8+.2
Paraphrasing (2-shot) | Llama-2-70 29.3+.2 37.2+.3 25.6+.2 76.3+.1 29.2+.2 29.2+.1
Mixtral 28.9+.2 31.5+.1 30.1+.2 69.9+.1 29.0+.0 30.0+.1
GPT-3.5 56.7+.1 50.3+.1 41.9+.4 83.8+.2 32.1+1 33.9+ .4
Paraphrasing (5-shot) | Llama-2-70 34.1+.1 44.1+.2 31.7+.3 80.1+.1 33.1+.3 35.0+.3
Mixtral 33.9+.1 38.9+.2 333+ 73.8+.4 33. 7+ 36.2+.5
GPT-3.5 53.8+.2 49.1+.3 40.1+.4 80.1+.3 30.4+.2 30.1+.4
Self-Refine (2-shot) Llama-2-70 34.1+.4 40.1+.1 31.7+.3 78.2+.3 30.1+.3 33.2+.3
Mixtral 32.1+.2 36.1+.1 30.1+.5 72.5+.2 33.1+.6 32.1+.3
GPT-3.5 66.2+.3 58.8+.1 45.9+ .3 82.6+.4 39.3+.1 32.9+.2
Paraphrasing Llama-2-70@ 33.9+.1 42.3+.1 359+.3 78.7+.1 36.5+.5 36.1+.1
+Self-Refine (2-shot) Mixtral 39.1+5 443+ 31.6+.4 75.1+.2 351+5 31.3+.2

Table 3: Improvements in accuracy with various prompting strategies in the Hiding approach. In Table 9 the results

of other models.

with this type of structure: GSM8K (Cobbe et al.,
2021), SVAMP (Patel et al., 2021), MultiArith (Roy
and Roth, 2015), AddSub (Hosseini et al., 2014)
AQuA (Ling et al., 2017), GAIA (Mialon et al.,
2023).

QA Multiple Choices Question MCQ tasks, un-
like MWPs, have different structure. This type of
task consists of a question, a context that is op-
tional, and multiple choices. In our work, we select
four resources: CommonSenseQA (Talmor et al.,
2019) (CSQA) and OpenBookQA (Mihaylov et al.,
2018) (OBQA) regarding commonsense reason-
ing, Physical Interaction Question Answering (Seo
et al., 2018) (PIQA) regarding physical reasoning.

Finally, we systematically construct 75, and Ty,
(see Table 2), as described in Section 3 and detailed
in Appendix B.

4.2 Models

In order to test the LLMSs’ abilities, we select differ-
ent models by attempting to get at least two models
from the same families, but differing in the num-
ber of parameters. In particular, we select: two
GPT models (OpenAl, 2023) (GPT-4 and GPT-3.5-
turbo), two Llama-2 models (Touvron et al., 2023)
(Llama-2-70 and Llama-2-13), two Mistral mod-
els (Jiang et al., 2023) (Mixtral and Mistral-7b)
and finally two Orca2 models (Mitra et al., 2023)
(Orca2-7b and Orca2-13b). For more details on the
parameters, see Appendix A.

4.3 Evaluation

We evaluate the performance of the LLMs intro-
duced in Section 4.1 on the tasks defined in Section

4.2. The evaluation is conducted using the accu-
racy for the Hiding approach 7, and (F1-score) of
BERTScore (Zhang et al., 2020) for the Blanking
approach 7p,. We use BERTScore because the gen-
eration of the entire question could be correct, even
if delivered with different terminology. In addition,
in Appendix X we discuss an additional analysis
performed with an LLM (GPT-4) as a judge.

5 Results & Discussion

Large Language Models (LLMs) are able to seek
hypotheses that best approximate the explanation
of a set of observations. In fact, LLMs generate
answers when they are elicited to consider the fact
that caused the final evidence. This statement can
be demonstrated by the results shown in Figure 3.
The proposed LLMs (Section 4.2) have inferred the
initial question that generated the final answers in
both Multiple Choices Questions and Math Word
Problem tasks in the Blanking approach (proposed
in Section 3.2).

However, although most LLMs perform well in
the Blanking approach, we observe a different phe-
nomenon in the Hiding approach. Figure 2 shows
the accuracies obtained following standard zero-
shot prompts and our Hiding Approach presented
in Section 3.1. Although the task is quite different,
there is a substantial gap between the performances.
The nature of the differences between the final re-
sults in the Blanking approach (Section 5.1) and
Hiding approach (Section 5.2) can be traced back
to the structure of the prompt. Therefore, in Sec-
tion 5.3 we propose techniques that improve the
performance of the Hiding approach.
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Finally, if the prompt techniques proposed in
Section 5.3 allow for improving the LLMs’ abil-
ities in the Hiding approach, in Section 5.4 we
reconsider the Blanking approach by proposing
the Cross-Blanking Test that stresses the LLMs’
abilities by breaking the data contamination phe-
nomenon.

5.1 Blanking Results

LLMs are able to reason about the evidence deliv-
ered in a multi-step way by reconstructing initial
assumptions. As shown in Figure 3, the correctness
of the Blanking approach (described in Section
3.2) is, on average, high when the input-prompts
are formed with Ac,7, i.e., answers generated via
CoT prompts (Wei et al., 2023). In order to have
a term of comparison, we have reported the same
evaluations, F1 BERTScore (Zhang et al., 2020),
as well as the forward prompting approaches (de-
scribed in Figure 1 and Table 2). Weak note for the
Blanking approach that takes the answer A as evi-
dence. Indeed, A alone is too context-poor to allow
LLMs to reason about the prior blanked questions.
Although the scores are, on average, high, motiva-
tion could lie in the presence of critical parts of the
question in the evidence we provide in the input
prompts. Consequently, this could be mistaken as
a data contamination problem. In order to observe
whether LLLMs are able to reason in the opposite

direction, we propose Cross-Blanking experiment
in Section 5.4. Specifically, in this experiment, we
provide as Ac,r the responses generated by other
LLMs to perform the Cross-Blank evaluation (see
Table 6).

5.2 Hiding Approach Results

LLMs fail to retrieve the hidden information in
prompts. Table 8 shows the accuracies of different
LLMs presented in Section 4.2. A clear differ-
ence can be seen between the standard prompts,
where the models are prompted with a problem
they should generate an answer, and the Hiding ap-
proach, where the models are asked to reconstruct
the hidden part of the question. However, a sig-
nificant difference can be observed because there
is a smaller average gap in the MCQ tasks than in
MWP (see Table 8 in the Appendix H). This phe-
nomenon leads us to study the input composition,
as we hypothesize that these average differences
can be traced back to the present content. In fact,
in the MCQ tasks, there is more context (e.g., the
various choices) than in MWP, where the answer is
entirely coincident.

5.3 Prompting Approaches

Manipulating the structure of the prompt leads
LLM:s to better reasoning in a backward direction.
Table 3 shows the performance of the different tech-



niques, in zero-shot and few-shot (In-context Learn-
ing (ICL) (Brown et al., 2020; Shin et al., 2022)),
that made final improvements over those discussed
in Section 5.2. Hence, we discuss the different ap-
proaches tested using GPT-3.5 and Llama-2-70 as
base models.

CoT vs Complex-CoT CoT approaches in both
zero-shot and few-shot scenarios do not contribute
to substantially increasing baseline performances
by highlighting the limitation of the input structure
(Table 3 and Table 9). Moreover, we observe the
same tendency for Complex-CoT (Fu et al., 2023).
We hypothesize that these are the consequences of
the LLLMs’ difficulty processing the input-prompt
proposed in the Hiding approach (Section 3.1).

Paraphrasing Rephrasing the prompt helps
LLMs understand the problem to be addressed. We
detected a noticeable increase in downstream per-
formances of the Paraphrasing technique (perfor-
mances in Table 3). The method is described in
Appendix C.

Self-Refine Although  paraphrasing input
prompts support LLMs in understanding the
problem better, iteratively reconsidering the feed-
back until a predetermined condition is reached
(Self-Refine) has overpowered all approaches.
We notice conspicuous improvements in our
experiments adapting the original Self-Refine
to our Hiding approach (detailed description in
Appendix E) (see Table 3 and Table 9).

5.4 Cross-Blanking Test

LLMs are able to reconstruct the initial problem
and perform the reasoning in a backward direction
by understanding the answers delivered by other
LLMs. This is shown in Table 4. In particular, we
have revisited the Blanking Approach from a Cross-
perspective. More in detail, we construct the input-
prompts as described in Section 3.2, but, instead of
providing Ac,r generated by the evaluating LLM,
we cross-reference the demonstrations (see Table
6 in Appendix G). We reproduce the experiments
using one mathematical and one multiple-choice
question task. From the results in Table 4, it is
possible to observe an in-family phenomenon. The
models of the same family seem to achieve simi-
lar performances, which is not observable in the
out-family models. However, the models obtain
sustainable performances.

5.5 Metrics Error Analysis & Limitations

The results discussed in Sections 5.1 demonstrate
LLMs’ ability to provide answers while consider-
ing backward-facing problems. Following the vari-
ous techniques used to elicit generation in different
scenarios, we qualitatively analyze the results ob-
tained and the metrics behind them, highlighting
limitations and strengths.

BERTScore vs LLMs-judge In the Blanking
Task (Section 3.2), the evaluation metric used was
BERTScore. However, this metric may have limita-
tions, as there could be multiple valid questions for
a given context and response, and it is not clear if
BERTScore can distinguish between two semanti-
cally different questions with the same answer. For
this reason, in Table 11, we discuss using GPT-4 as
an evaluator judge, revealing that the results do not
differ dramatically.

The Numerical Limitation On the side of the
Hiding approach, we further consider the responses
generated by different LLMs in the MWP tasks.
Here, a potential limitation is associated with eval-
uating the generated placeholders. The placehold-
ers generated could be numerical values but not
in numeric format, rather nominal. To avoid this
phenomenon, we (i) include the keyword [num] in
the input prompts and (ii) implement a secondary
check using a conversion function discussed in the
Appendix.

Error Analysis Paraphrasing the prompt has its
benefits. As shown in Appendix C, the approach
proposed in Section 3.1 appears to work in the case
of a few-shot scenario reinforced with a self-refined
approach, while it seems to lead to misleading and
incorrect responses when the approaches are em-
ployed alone (see Table 3).

6 Related Work

Question Answering Problem Question-
answering tasks are generally characterized by a
natural language description that can be a question
in the case of Multiple Choice Questions (MCQ)
tasks or a mathematical problem in the case of
Math Word Problems (MWP) tasks (Lu et al.,
2023). The description expresses the relations
between various entities or quantities followed by
a query for an unknown quantity in the case of
MWP, and a known quantity in the case of MCQ.
One must represent the relationship between



entities and quantities to respond to the query.
The resolution of MWP, but especially that of
MCQ, requires a semantic understanding of the
natural language description. The initial works
(Koncel-Kedziorski et al., 2015; Roy and Roth,
2018) for solving these tasks propose to parse the
description using statistical learning techniques to
identify suitable models for generating answers.
Behind the advent of sequence-to-sequence
(Seq2Seq) models (Sutskever et al., 2014) for
automatic translation, the approaches for solving
MCQ and MWP tasks diverge. For MWP (Wang
etal., 2017; Shen et al., 2021; Jie et al., 2022), they
propose encoder-decoder frameworks to translate
the natural language description of MWPs into
equations directly. In MCQ (Multiple Choice
Questions), many studies have proposed methods
for retrieving answers from Knowledge bases
(Banerjee et al., 2019) or generating the answer
using prior knowledge (Abujabal et al., 2018).

Large Language Models Recently, Large Lan-
guage Models (LLMs) such as GPTs (Brown et al.,
2020; OpenAl, 2023), Llamas (Touvron et al.,
2023), PaLLM (Chowdhery et al., 2022) have been
achieving outstanding performance in both MWPs
and MCQs tasks without the use of external knowl-
edge bases or further analysis methods. These mod-
els use the ability of context-based instances via a
few-shot iteration and use prompting methods such
as CoT (Wei et al., 2023), all without demanding
any parameter modifications. Several approaches
(Welleck et al., 2022; Madaan et al., 2023) that
use LLMs involve verifying the response provided
by the Language Model, either using the model
itself or external verifiers like compilers or proof
checkers. If the response is incorrect, the model
is re-prompted, potentially with suggestions to im-
prove its output. This querying process continues
until the model generates the correct output. Differ-
ent techniques, such as Progressive Hint Prompting
(Zheng et al., 2023a), iteratively pass the model’s
previous responses to itself as hints. Iterative query-
ing techniques like those in (Weng et al., 2023) do
not use a verifier; instead, they sample multiple
hypotheses from the model and select the answer
via majority voting.

Reasoning Direction As described in the intro-
duction to our paper, we focus on a precise case
of abductive reasoning with a single answer. Ab-
ductive reasoning (Qin et al., 2020; Thayaparan
et al., 2021; Zhao et al., 2023) consists of inferring

which of several explanations is the most plausible.
Previous work on abductive reasoning has mainly
focused on textual reasoning under constraints. In
arithmetic reasoning tasks, Weng et al. (2023) used
abductive reasoning to improve the accuracy of
forward reasoning. Our work, on the other hand,
addresses backward reasoning as an independent
problem. We are inspired by what Deb et al. (2023)
proposed and take it further by extending us to
more tasks and scaling the tests to different models
with softer and stricter formalization. Our primary
interest lies in analyzing the inherent complexities
of reasoning and creating more effective solutions
to deal with it.

7 Conclusion

This paper explores the abilities of Large Language
Models (LLMs) in forward and backward gener-
ative ways. We introduce two novel approaches,
namely Hiding and Blanking, to challenge LLMs to
infer the original question from the answers given.
Our experiments reveal interesting insights into the
LLMs’ abilities. While LLMs show proficiency
in forward reasoning, their performances in back-
ward reasoning vary significantly. The Hiding ap-
proach, which partially obscures the original ques-
tion, demonstrates that LLMs could, to some extent,
reconstruct missing elements. Moreover, the Blank-
ing approach, which presents a more challenging
scenario by completely removing the original ques-
tion, highlights the effective abilities. Our research
also delves into various prompting techniques to
empower the LLMs’ performance in these tasks to
elicit the LLM to understand and approach the prob-
lems better. Our study opens new avenues for un-
derstanding and improving the reasoning abilities
of LLMs. It also raises important questions about
the future directions of LLMs development, partic-
ularly in areas requiring complex, multi-directional
reasoning abilities.



Limitations

In our work, we analyzed the abilities of Large Lan-
guage Models (LLMs) in solving reverse question-
answering and math word problems. Specifically,
starting from the original settings where a question
is provided and the LLM is required to generate
an answer, we examined the reverse task. This
analysis reveals the strengths and weaknesses of
LLMs in generating reverse reasoning. Potentially,
reverse reasoning could be useful when faced with
evidence and one wishes to trace back to the phe-
nomenon that caused them by reasoning backward.
In this work, we used the BERTScore and the
judgment-based assessment of GPT-4 as judgment
metrics. In future work, we will study the effect of
additional metrics in order to improve the evalua-
tive aspect.

Ethics Statement

In our work, ethical topics were not addressed.
The data comes from open-source benchmarks,
and statistics on language differences in commonly
used pre-training data were obtained from official
sources without touching on gender, sex, or race
differences.
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A Model and Hyperparameters
As introduced in Section 4.2, we used:

* two models from the GPT family (OpenAl,
2023): GPT-4 and GPT-3.5-turbo (GPT-3.5)
used via APL.

* two models from the Llama-2 family (Tou-
vron et al., 2023): Llama-2-70b and Llama-
2-13b using versions of the quantized to 4-bit
models using GPTQ (TheBloke, a,b).

* two models of the Orca2 family (Mitra et al.,
2023): Orca2-7b (TheBloke, e) and Orca2-
13b (TheBloke, d).

* two models of the Mistral Al family: Mistral-
7b and Mixtral using official version on huff-
ingface (MistralAl) versions of the quantized
to 4-bit models using GPTQ (TheBloke, c).

We use closed-source API or the 4-bit GPTQ
quantized version of the model on two 48GB
NVIDIA RTXA600 GPUs for all experiments per-
formed only in inference. All experiments use a
generation temperature of [0, 0.5] for (mostly) de-
terministic outputs, with a maximum token length
of 256. The other parameters are left unchanged
as recommended by the official resources. We will
release the code and the dataset upon acceptance
of the paper.

B Dataset Construction

We use six different Math Word Problem datasets:
GSMBSK (Cobbe et al., 2021), SVAMP (Patel et al.,
2021), MultiArith (Roy and Roth, 2015), AddSub
(Hosseini et al., 2014), AQuA (Ling et al., 2017),
MathQA (Amini et al., 2019). We describe the gen-
eration methodology of the final composition of
Ty, in Section B.1 and 7j,, in Section B.2. Down-
stream of the generation methodologies, we filtered
the original datasets by removing the examples we
could not parse optimally (see Table 10).

B.1 Generation for Hiding Approach

Math Word Problems As introduced in Section
3.1,in Ty, = (Qu,An) (in MWP there are not
0), we construct Q7 from (. For each question
of Dataset:

{(Qi, Ai)}iq]Qi € %, A; € R}
We propose a method to create Dataset;g:

{(Q, Aiy (H?, ..., HI) Y1 |Qf € 2%, HY € R}

.y 4
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Generator Task Evaluator
GPT-4 GPT-3.5 Llama-2-70 Llama-2-13b Mixtral Mistral-7b
GPT-4 GCSSMQT
GPT-3.5 GCSSMQiK
Llama-2-70 GCSSMQ%AK
Llama-2-13 GCSSMQiK
Mixtral GCSSMQT
Mistral-7b GCSSMQ%AK

Table 4: Performances Cross-Blanking test. In this test, we elicit the models to generate the Blanked question
(Section 3.2) using the A delivered from other LLMs. "Generator" refers to the model that generates the A.
"Evaluator" refers to the model that is prompted to generate the initial question (example shown in Appendix G).

To convert () in Qg and extract the numerical
subparts HY, ..., Bf, we split Qg into its con-
stituent tokens. Hence, we consider all numeric
tokens as tokens that encode a number. Numeric
tokens may be alphanumeric, such as 150 or 2.23,
or alphabetic, such as three, twice, or half. Us-
ing this heuristic for numeric tokens, we ignore
the first numeric token and extract the following
k tokens sequentially. We skip that question-and-
answer pair if we cannot extract k tokens. It is
worth noting that for the datasets we use, k£ = 1,
we only consider the problem of backwardly infer-
ring one missing number in the question, given the
answer. To simplify the process and better adapt it
to the subsequent Blanking approach as well, when
possible, we differentiate the main question of the
problem (structurally defined by the "?" character
that ends the sentence or sub-sentence) by splitting
the Question and the C'oncept as shown in Figure
1.

Multiple Choice Question As introduced in Sec-
tion 3.1, MCQ tasks do not always have eas-
ily maskable symbols, such as numerical values.
Here, our contribution is different. Given 7 -
(Qm, Apm), we construct Qg from Q. For each
question of Dataset:

{(Qi, A} 1Qi € B, 4; € €}

where C represents the set of choice options in
MCQs. We propose a method to create Dataset):

{(Q;7A17 (Piov B ?sz)) ?:1|Q; € Z*?Pz] € E*}
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To convert () in Qg and extract the noun sub-
parts P, ..., PF, we split Qp into its constituent
tokens and perform part-of-speech (POS) tagging.
We specifically identify nouns, which may be sub-
jects or objects, as our primary tokens of interest.
These tokens are processed and tagged using a POS
tagging algorithm. We sequentially extract the first
k identified noun tokens for each question. We skip
that question-and-answer pair if we cannot extract
k noun tokens. Again, we use k = 1, meaning we
focus on the challenge of inferring a single missing
noun in the question, given the answer.

B.2 Generation for Blanking Approach

As introduced in the section 3.1, in T,
(Ap, O, @p), we replicate () with = as shown in
Table 2. However, to contextualize the generation,
we substitute the A with A or A, for the target
generated via the CoT prompt. We propose this
approach for both task types.

C Paraphrasing Prompting

To test if prompting approaches could infer the final
answer, our initial strategy concerns transforming
the problem through paraphrasing, as also proposed
by (Deb et al., 2023). This method simplifies the
complex reasoning challenge into a more suitable
forward reasoning task. As a result, we apply the
LLM to this more manageable, rephrased forward
reasoning problem rather than grappling with the
more arduous backward reasoning task.



In the case of a Tp,, = (Am, O, Qp), we prompt
the language model to generate a different prompt
P. This rephrased prompt integrates the forward
answer A into the original question (7, altering
the goal from discovering the answer Ay to deter-
mining the value of the blank. We then direct the
language model to address this rephrased problem
P, bypassing the initial problem.

The results, as illustrated in Table 3 and Table 9,
reveal that changing the problem and changing the
problem by posing the value of x and instructing
the LLM to ascertain the value of z, as illustrated in
Table 7, yields better results than classic prompting
strategies.

D Self-Refine

Moreover, we utilize the Self-Refine framework
proposed by Madaan et al. (2023). This approach
is also employed in Self-Verification prompting by
(Weng et al., 2023). This iterative prompting tech-
nique alternates between refinement and feedback
until a predefined condition is met. We have modi-
fied the technique to perform backward reasoning
on our tasks as done in (Deb et al., 2023).

E Paraphrased Self-Refine Prompting

To test whether prompting approaches can infer
the final answer, our initial strategy involves trans-
forming the problem through paraphrasing. This
method simplifies the complex challenge of abduc-
tive reasoning into a simpler deductive reasoning
task. Consequently, we apply the LLM to this more
manageable and reformulated reasoning problem
instead of tackling the more arduous abductive rea-
soning task.

Hence, we propose a further experiment by in-
cluding paraphrase and self-consistency to obtain
higher accuracy (Table 3 and Table 9).

F GPT-4 as a Judge

In Section X, we used BERTScore to evaluate the
performances achieved by different models in the
Blanking task introduced in Section Y. In this addi-
tional experiment, we replicate the Cross-Blanking
test using GPT-4 as the judge, which, given the
original question and the question generated by the
LLM under test, will produce a positive or negative
judgment that we will define as accuracy.

In Table X, where we have reported the accu-
racies obtained, we can observe no sensible dif-
ferences compared to Table Y. Therefore, even
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though the two metrics are not directly comparable,
BERTScore approximates the accuracy of a GPT-4
evaluator well.



G Prompting Approaches

Prompt: MCQ Ty to My Prompt: MCQ Ty to My
Question: <Question> Question: <Question>
Choices: Choices:
a) <Optioni> a) <Optioni>
b)... b)...
Answer: Answer
| +Let’s think step by step (CoT Prompt) | | +Let’s think step by step (CoT Prompt) |
generated answer My (A’ or Ay, 1) generated answer My (A" or A%, 1)

Table 5: Example of input-prompt for Cross-Blanking Task.

Prompt: Cross-Blanking Approach on M Prompt: Cross-Blanking Approach on Mo
Fill in the blank given the following Fill in the blank given the following
answer find the question that generates answer find the question that generates
it. it.

Context: ti,t9,...,th—1,tn Context: t1,%ta,...,th—1,tn

Question: x Question: x

Answer: A" or A7, - Answer: A’ or A

Table 6: Example of Cross-Blanking Task where we provide to M the A¢. ;. generated from My , and vice versa.

Paraphrase Prompting

Question: A grove has 15 trees. Today, grove workers will add x trees. What will be
the total number of trees after this addition? Answer: 21

Paraphrased: A grove has 15 trees. Grove workers added x trees today. The total
becomes 21 trees. Calculate the value of x.

Answer: Originally, there are 15 trees. After planting, the total is 21 trees.
Therefore, x = 21 - 15 = 6 trees. The solution is 6.

Question: he parking lot currently holds 3 cars. If x additional cars arrive, what
is the total number of cars in the parking lot? Answer: 5

Paraphrased: There are 3 cars in the parking lot initially, and x additional cars
arrive, making a total of 5 cars. Determine x.

Answer: Initially, there are 3 cars. After x cars arrive, 3 + x =5, hence x =5 - 3
= 2. The solution is 2.

Question: <Question>

Answer: <Answer>

Paraphrasis:

Table 7: Paraphrasis prompting.
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H Detailed Results

Dataset Approach GPT-4 GPT-3.5 Llama-2-70 Llama-2-13 Mixtral Minstral-7 Orca2-13 Orca2-7
Math Word Problem
GSM8k Stgn(_iard 928 +2 624 +.1 56.8 +.3 39.5 +.2 60.8 +.4 542 +.2 534 +.4 50.2 +£.1
Hiding 516 +2 33.8+.4 16.8+.3 5.5+.3 21.4+.3 74+.3 6.3+.4 5.8+.1
SVAMP Stgnsiard 92.5+.4  79.1+.3 70.3+.2 67.2+.2 71.5+.2 68.7+.1 69.9+.2 64.7+.4
Hiding 4424 .3 36.3+.2 23.7+.3 20.8+.2 242+ .2 22.1+.1 20.4+ .2 18.1+.3
MultiArith Stgnqard 96.3+.4 93.0+.4 89.2+ .2 87.3+.1 90.2+.2 88.2+.3 85.8+.2 83.1+.2
Hiding 55.6+.3 18.4+.1 17.3+.3 15.7+.4 19312 159+.1 12.8+.2 10.6+.3
AddSub Stgn(.iard 92.8+.3 89.5+.2 82.5+.2 75.6+.4 83.6+.2 78.5+.1 77.3+.2 74.5+.3
Hiding 703+.3  69.4+.3 68.2+.2 59.2+.2 65.6+.2 62.1+.1 60.7+.2 59.8+.4
AQuUA-RAT Sta.m(.iard 62.2+.3 56.5+.2 49.8+ .4 47.1+.4 544+ .2 477+ 43.2+.2 41.6+.2
Hiding 26.7+.2 20.3+.1 19.5+.2 152+.3 20.3+.2 18.2+.4 124+ .2 9.2+.3
GAIA Stgng[ard 234+2  21.3+2 18.8+.4 16.1+.2 19.3+.3 15.5+.2 14.6+.1 9.2+
Hiding 17.6+.4 16.5+.2 14.8+.3 11.3+.2 143+.4 12241 10.4+.2 8.24.4
Multiple Choices Question
CSQA Standard  86.6+.1 80.2+.2 73.8+.4 65.5+.2 81.3+.3 69.2+ .2 70.6+.3 69.4+ .2
Hiding 61.6+.2  58.5+. 56.4+.4 52.6+.4 59.6+.2 55.9+.3 45.6+.2 42.3+.2
OBQA Sta}n(_jard 86.4+.2  82.3+.2 65.6+.2 60.4+.1 83.5+.2 62.7+.4 65.8+.2 61.4+.3
Hiding 58.6+.3 54.9+.1 54.6+.4 51.3+.2 55.3+.2 532+.4 42.1+.2 40.5+.3
PIQA Stgnc.iard 88.4+2 843+ 82.6+.2 66.4+.4 83.5+.3 67.3+.2 68.8+.3 61.6+.2
Hiding 57.3+.4 55.6+.4 53.9+.3 47.7+.2 543+.1 52241 50.1+.2 48.5+.4
Table 8: Accuracies (%) on dataset proposed in Section 4.1 using Standard and Hiding approaches.
Strategy Model GSM8Ky SVAMPy  MultiArithy  AQua-RATy AddSuby GAIAg
GPT-3.5 33.8+.4 36.3+.2 18.4+.1 69.4+ .3 20.3+.1 16.5+.2
Hiding (0-shot) Llama-2-70 16.8+.3 23.7+.3 17.3+.2 68.2+.2 19.5+.3 14.8+.2
Mixtral 21.4+.3 242+ .2 19.3+.3 65.6+.2 20.3+.1 14.3+.4
GPT-3.5 35.4+.3 38.4+.4 20.5+.3 70.6+.4 22.1+.3 18.6+.3
Hiding (5-shot) Llama-2-70 20.3+.4 243+ .3 18.9+.2 70.3+.3 20.6+.3 16.5+.2
Mixtral 22.5+.2 25.6+.2 20.5+.2 66.6+.4 23.0+.1 16.3+.3
GPT-3.5 34.5+.4 35.3+.4 19.5+.1 70.2+.3 19.4+.5 159+.1
CoT (5-shot) Llama-2-70 15.9+.1 24.2+.3 14.6+.3 68.4+.2 18.2+.1 15.1+.3
Mixtral 20.8+.3 22.1+.3 20.2+.3 64.9+.1 21.4+.3 15.1+.3
GPT-3.5 40.5+.1 39.9+.1 21.7+.2 73.7+.3 24.5+.6 21.2+.4
Complex-CoT (0-shot) | Llama-2-70 20.9+.2 28.4+.1 16.9+.3 69.8+.4 22.3+.2 20.1+.4
Mixtral 21.2+.3 23.1+.3 20.6+.1 65.0+.2 24.1+.1 18.2+.1
GPT-3.5 43.5+.2 41.3+.2 26.4+ .2 76.6+.3 24,8+ .2 26.3+.4
Complex-CoT (5-shot) | Llama-2-70 22443 30.5+.1 17.2+.2 70.2+1 22.3+.2 23.0+.2
Mixtral 22341 24.5+.4 22.6+.1 65.8+.3 24.6+.1 20.2+.2
GPT-3.5 50.2+.3 45.8+.4 36.8+.3 79.2+.4 26.7+.2 29.8+.2
Paraphrasing (2-shot) | Llama-2-70 29.3+.2 37.2+.3 25.6+.2 76.3+.1 29.2+.2 29.2+.1
Mixtral 28.9+.2 31.5+.1 30.1+.2 69.9+.1 29.0+.0 30.0+.1
GPT-3.5 56.7+.1 50.3+.1 41.9+.4 83.8+.2 32,1+ 339+ .4
Paraphrasing (5-shot) | Llama-2-70 34.1+.1 44.1+.2 31.7+.3 80.1+.1 33.1+.3 35.0+3
Mixtral 339+ 38.9+.2 33.3+.1 73.8+.4 33.7+.1 36.2+.5
GPT-3.5 53.8+.2 49.1+.3 40.1+.4 80.1+.3 30.4+.2 30.1+.4
Self-Refine (2-shot) Llama-2-70 34.1+.4 40.1+.1 31.7+.3 78.2+.3 30.1+.3 33.2+.3
Mixtral 32.1+.2 36.1+.1 30.1+.5 72.5+.2 33.1+.6 32.1+3
GPT-3.5 66.2+.3 58.8+.1 45.9+ .3 82.6+.4 39.3+.1 32.9+.2
Paraphrasing Llama-2-70 33.9+.1 423+ 1 35.9+.3 78.7+.1 36.5+.5 36.1+.1
+Self-Refine (2-shot) Mixtral 39.1+.5 44.3+.1 31.6+.4 751+ .2 35.1+5 31.3+.2
(Deb et al., 2023)
custom Prompt "CW" GPT-3.5 41.8 49.7 51.1 -
Ensemble GPT-3.5 65.3 66.7 92.6 -

Table 9: Improvements in accuracy with various prompting strategies in the Hiding approach.
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Name URL total examples | used examples
GSMS8k https://huggingface.co/datasets/gsm8k 1320 1270
AddSub https://huggingface.co/datasets/allenai/lila/viewer/addsub 109 105
MultiArith https://huggingface.co/datasets/ChilleD/MultiArith 420 350
AQuA-RAT | https://huggingface.co/datasets/aqua_rat 360 316
SVAMP https://huggingface.co/datasets/MU-NLPC/Calc-svamp 1000 1000
GAIA https://huggingface.co/datasets/gaia-benchmark/GAIA 466 195
CSQA https://huggingface.co/datasets/commonsense_qga 1100 1100
OBQA https://huggingface.co/datasets/openbookqga 500 500
PIQA https://huggingface.co/datasets/piqga 3000 2000

Table 10: We report the sources where we download the datasets used in our work. For each dataset containing
many instances, we randomly composed a subset.

Generator Task Evaluator
GPT-4 GPT-3.5 Llama-2-70 Llama-2-13b Mixtral Mistral-7b
GPT-4 GCSSMq8AK
GPT-3.5 GCSSMQgAK
Llama-2-70 GCSSMQ8AK
Llama-2-13 GCSSMQSAK
Mixtral GCSSMQBAK
Mistral-7b GCSSMQSAK

Table 11: Performances Cross-Blanking test using GPT-4 as a judge. In this test, we elicit the models to generate
the Blanked question (Section 3.2) using the A delivered from other LLMs. "Generator" refers to the model that
generates the A. "Evaluator” refers to the model that is prompted to generate the initial question (example shown in
Appendix G). Unlike Table 4, we use GPT-4 as the judge (accuracy) instead of the previously used BERTScore in

this experiment.

17



https://huggingface.co/datasets/gsm8k
https://huggingface.co/datasets/allenai/lila/viewer/addsub
https://huggingface.co/datasets/ChilleD/MultiArith
https://huggingface.co/datasets/aqua_rat
https://huggingface.co/datasets/MU-NLPC/Calc-svamp
https://huggingface.co/datasets/gaia-benchmark/GAIA
https://huggingface.co/datasets/commonsense_qa
https://huggingface.co/datasets/openbookqa
https://huggingface.co/datasets/piqa

	Introduction
	Problem Formulation
	Method
	Hiding Approach
	Blanking Approach
	Backward Answer

	Experiments
	Data
	Models
	Evaluation

	Results & Discussion
	Blanking Results
	Hiding Approach Results
	Prompting Approaches
	Cross-Blanking Test
	Metrics Error Analysis & Limitations

	Related Work
	Conclusion
	Model and Hyperparameters
	Dataset Construction
	Generation for Hiding Approach
	Generation for Blanking Approach

	Paraphrasing Prompting
	Self-Refine
	Paraphrased Self-Refine Prompting
	GPT-4 as a Judge
	Prompting Approaches
	Detailed Results

