Abstract

Chain-of-Thought (CoT) prompting has en-
hanced the performance of Large Language
Models (LLMs) across various reasoning tasks.
However, CoT still falls short in dealing with
complex math word problems, as it usually
suffers from three pitfalls: semantic misunder-
standing errors, calculation errors, and step-
missing errors. Prior studies involve addressing
the calculation errors and step-missing errors,
but neglect the semantic misunderstanding er-
rors, which is the major factor limiting the rea-
soning performance of LLMs. To this end, we
propose a simple-yet-effective method, namely
Deeply Understanding the Problems (DUP), to
improve the LLMs’ math problem-solving abil-
ity by addressing semantic misunderstanding
errors. The core of our method is to encourage
the LLMs to deeply understand the problems
and extract the key problem-solving informa-
tion used for better reasoning. Extensive ex-
periments on 11 diverse reasoning benchmarks
show that our DUP method consistently out-
performs the other counterparts by a large mar-
gin. More encouragingly, DUP achieves a new
SOTA result on the GSM8K benchmark, with
a zero-shot accuracy of 97.1%.

1 Introduction

Despite the impressive performance of Large Lan-
guage Models (LLMs) in diverse natural language
understanding and generation tasks (Brown et al.,
2020; Touvron et al., 2023; OpenAl, 2023; Bai
et al., 2023), they often suffer from sub-optimal rea-
soning abilities, which cannot be overcome solely
by simply scaling up the model size (Rae et al.,
2021; Wang et al., 2023b). To tackle this limitation,
Wei et al. (2022b) propose a few-shot Chain-of-
Thought (CoT) prompting strategy, which prompts
the LLMs to mimic the given step-by-step thought
process a person might employ in solving a task.
Such a simple strategy can significantly improve
the reasoning ability of LLMs, and thus has at-
tracted widespread attention in recent years.
Along this research line, many works focus on
designing prompting strategies to enhance LLM’s
reasoning ability, such as Zero-shot CoT (Kojima
et al., 2022), Tree of Thought (Gao et al., 2023)
and Plan-and-Solve (PS) prompting (Wang et al.,
2023a). Although achieving remarkable progress,
they still fall short in dealing with complex reason-
ing tasks, e.g., math word problems (Cobbe et al.,
2021). As stated by Wei et al. (2022b), there are
three main error types in the CoT-based reason-
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Figure 1: Error analysis of GSM8K problems with
incorrect answers returned by zero-shot CoT and
our DUP using GPT-3.5 LLM. We randomly sample
300 GSMB8K problems, and follow Wei et al. (2022b)
and Wang et al. (2023a) to assign the “Semantic Mis-
understanding”, “Calculation Error” and “Step-missing
Error” to each incorrect answer. The detailed prompts
for error analysis are shown in Table 9. We see that our
DUP effectively reduces the errors among all types.

ing: semantic misunderstanding errors, calcula-
tion errors, and step-missing errors. Specifically,
semantic misunderstanding denotes the misunder-
standing of the original problems or lack of com-
monsense concepts related to the problems. The
step-missing error denotes the missing step dur-
ing the calculation processes, while the calculation
error denotes the operation errors. In our prelimi-
nary experiments (as shown in Figure 1), we found
that CoT has major errors in semantic understand-
ing!, which is the main factor limiting LLMs’ rea-
soning performance. Prior studies (Wang et al.,
2023a; Chen et al., 2023a) show that the carefully-
designed prompting strategies can achieve much
fewer calculation errors and step-missing errors,
but still struggle to address the major semantic
misunderstanding. Hence, there raises a question:
whether we can enhance the reasoning abilities of
LILMs by reducing the semantic misunderstand-
ing errors?

Intuitively, since complex math word problems
usually contain content irrelevant to solving the
task, LLMs might fail to identify the core question
and extract the relevant problem-solving informa-
tion, thus leading to semantic misunderstanding
and poor performance. This can be also proved by
the findings in psychology, as prior studies (Hoyer
et al., 1979; Pasolunghi et al., 1999) show that the
irrelevant information may significantly decrease

The discussion of the error analysis method can be found in
Section 4.5.



some children’s and even adults’ problem-solving
accuracy. Hence, this inspires us that, it is crucial
to enforce the LLMs to pay more attention to the
core information and reduce the negative effects of
irrelevant information.

Motivated by this, we propose a simple-yet-
effective method, namely Deeply Understanding
the Problems (DUP), to improve the LLMs’ math
problem-solving ability. The principle of our
method is akin to the human learning process, i.e.,
for human students who receive a complex math
word problem, they will read and comprehend the
text of the problem, identify the core question that
needs to be answered, and finally solve it with rel-
evant problem-solving information. Specifically,
DUP consists of three stages: @ Revealing the core
question of the input problem; @ Extracting the
problem-solving information relevant to solving
the core question; ® Generating and extracting the
final answer by combining the core question with
problem-solving information. By doing so, LLMs
can filter out irrelevant information and achieve
better math reasoning performance.

We conduct a series of experiments on 11 reason-
ing datasets across math, commonsense, and sym-
bolic reasoning. The experimental results of GPT-
3.5-Turbo (Ouyang et al., 2022) and GPT-4 (Ope-
nAl, 2023) show that: 1) DUP consistently outper-
forms the other counterparts across all datasets by
a large margin; 2) Zero-shot DUP can even out-
perform the few-shot methods on most reasoning
datasets; 3) More encouragingly, DUP achieves
new SOTA results on the popular GSM8K (97.1%)
and SVAMP (94.2%). To summarize, our contribu-
tions are three-fold: (1) We reveal the underlying
causes of semantic misunderstanding errors, and
propose a simple yet effective approach (DUP) to
effectively address the semantic misunderstanding
and boost LLMs’ math reasoning ability. (2) DUP
is easy-to-implement and plug-and-play. It can be
easily applied to various LLMs. (3) Extensive ex-
periments show that DUP outperforms the other
counterparts by a large margin, and achieves new
SOTA results on GSM8K and SVAMP.

The rest of this paper is organized as follows. In
Section 2, we briefly review the related works. In
Section 3, we introduce our proposed DUP method
in detail. Section 4 reports and analyzes our exper-
imental results. Lastly, we conclude our study in
Section 5.

2 Related Works
2.1 Reasoning with Large Language Models

Recently, we have witnessed numerous LLMs (De-
vlin et al., 2019; Brown et al., 2020; Chowdhery
etal., 2022; Zhong et al., 2022; OpenAl, 2023; Tou-
vron et al., 2023) that achieved tremendous success
in the NLP community. Due to their emergent abil-
ities (Wei et al., 2022a), these LLMs can achieve
impressive few-shot and zero-shot performance in
a variety of NLP tasks (Hendrycks et al.; Srivastava
et al., 2023; Zhong et al., 2023). Specifically, as
stated in (Wei et al., 2022a), with the scaling of
model sizes, LLMs tend to show some emergent
abilities, such as instruction-following (Wei et al.;
Sanh et al.), program execution (Nye et al.), and
model calibration (Kadavath et al., 2022). How-
ever, LLMs still struggle to provide stable and accu-
rate answers when dealing with complex reasoning
tasks (Zhang et al., 2023a), such as math reason-
ing (Cobbe et al., 2021; Patel et al., 2021; Ling
et al., 2017; Hosseini et al., 2014), commonsense
reasoning (Talmor et al., 2019; Geva et al., 2021)
and symbolic reasoning (Wei et al., 2022b). Recent
works (Yuan et al., 2023; Luo et al., 2023; Yu et al.,
2023; Ho et al., 2023; Liu et al., 2023) have shown
that reasoning-augmented LLMs tuning with math-
ematical data can relatively improve reasoning abil-
ity. However, even with such progress, these mod-
els still perform poorly in complex reasoning prob-
lems. This indicates that there is still significant
room for improving the LLMs’ performance in
complex reasoning tasks.

2.2 Prompting Methods

Despite the remarkable performance, the aforemen-
tioned training-based approaches usually require
collecting large amounts of data and expensive
computational costs, and may cause LLMs’ uni-
versal ability to decrease. Hence, some works (Wei
et al.,, 2022b; Kojima et al., 2022) attempt to
use cheaper prompting methods to strengthen the
LLMs’ reasoning abilities without additional train-
ing. Wei et al. (2022b) are the first to propose
the few-shot CoT prompting, which elicits a se-
ries of intermediate natural language reasoning
steps before giving the final answer. So far, CoT
prompting has been proven to significantly improve
the reasoning capability of LLMs. Along this re-
search line, numerous works (Zhou et al., 2023;
Wang et al., 2023a; Yao et al., 2023; Zhang et al.,
2023b; Chen et al., 2023b; Xu et al., 2023; Tian



the age of 23.
Stage3: Generate and Extract the Answer

at the age of 23.

show the answer.

@ Q: Raymond and Samantha are cousins. Raymond was born 6 years before Samantha. Raymond had
a son at the age of 23. If Samantha is now 31, how many years ago was Raymond's son born?
Please extract the core question, only the most comprehensive and detailed one!

nu A: How many years ago was Raymond's son born?

(@

Stage2: Extract the Problem-solving Information
@ Q: Raymond and Samantha are cousins ...how many years ago was Raymond's son born?
Note: Please extract the question-solving information related to the problem (How many years ago
was Raymond’s son born?), only extract the most useful information, and list them one by one!

Dﬂ A: 1. Raymond was born 6 years before Samantha. 2. Samantha is now 31. 3. Raymond had a son at

Q Q: Raymond and Samantha are cousins ...how many years ago was Raymond's son born?
Hint: 1. Raymond was born 6 years before Samantha. 2. Samantha is now 31. 3. Raymond had a son

How many years ago was Raymond's son born?
Please understand the Hint and question information, then solve the question step by step and

gﬂ A: Raymond is 6 years older than Samantha, so he is now 31 + 6 = 37 years old. Raymond had a son
when he was 23, so his son was born 37 - 23 = 14 years ago. The answer is : 14

— — — — — — — — — — — — — — — — e e e

Figure 2: Illustration of our DUP method, containing three-stage processes: @ revealing the core question from
the original input; @ extracting the problem-solving information based on the core question; ® generating and
extracting the final answer via understanding the core question and problem-solving information.

et al., 2023; Zheng et al., 2023) attempt to care-
fully design more effective prompting strategies to
improve the reasoning ability of LLMs. Unfortu-
nately, these prompt methods achieve remarkable
performance, but still fail to deal with complex rea-
soning tasks, e.g., math word problems. As stated
by Wei et al. (2022b), the reasoning mistakes of
LLMs can be classified into three categories: se-
mantic misunderstanding errors, calculation errors,
and step-missing errors. Some prior works (Wang
et al., 2023a; Chen et al., 2023a) attempt to reduce
these errors, and achieve some performance im-
provements. However, they mainly focus on the
calculation errors and step-missing errors, but ne-
glect the major semantic misunderstanding errors.
That is, it is critical but under-explored to study
how to address the semantic misunderstanding.

Novelty of our work. Our main contribution lies
in discovering that CoT has major errors in seman-
tic understanding, which is the main factor limiting
LLMs’ reasoning performance. To address this is-
sue, we are inspired by the human learning process
and propose to enforce the LLMs to deeply under-
stand the problems and pay more attention to the
core information relevant to solving the problems.
Although the method itself might not introduce

too many new technologies, we believe that our
findings and approach will promote more related
research in the future, which will help the develop-
ment of this community. Additionally, our method
can be easily applied to various LLMs to enhance
their reasoning capabilities without introducing any
training cost, demonstrating the practical applica-
tion potential of our approach.

3 DUP Prompting

3.1 Overview

As mentioned in Section 1, semantic misunder-
standing is the major error for limiting LLMs’ rea-
soning performance, which has not been well stud-
ied in prior works. To this end, we introduce a new
zero-shot CoT prompting approach, called DUP
prompting, which aims to improve the LLMs’ rea-
soning abilities by enforcing the LLMs to fully
understand the problem. Figure 2 illustrates the
process of our DUP method, which contains three-
stage processes. Specifically, in stage 1, DUP
reveals the core question from a complex and
lengthy problem description. In stage 2, DUP fur-
ther extracts the problem-solving information that
is crucial for solving the core question from the
same description. In stage 3, given the core ques-



tion and problem-solving information, DUP incor-
porates them into the original question to generate
the detailed response, and then extracts the final
answer from the generated text.

3.2 Stage 1: Reveal the Core Question

Understanding the goal of the question is the first
step to solving it, even for humans. Unfortunately,
LLMs might be confused by lengthy descriptions of
complex reasoning questions, leading to inaccurate
understanding and poor performance. In response
to this problem, we encourage LLMs to explicitly
extract the core question from the original input
before reasoning. Specifically, we design a core
question extraction prompt “Please extract core
question, only extract the most comprehensive
and detailed one!”, which is appended to the end
of question. We then use GPT-3.5-turbo (Ouyang
et al., 2022) to extract the core question from the
input. As a result, the output of this step will be
a shorter and clearer question that will be used to
help LLMs focus on the goal of input questions in
subsequent steps.

3.3 Stage 2: Extract the Problem-solving
Information

In addition to clarifying the goal, it is also im-
portant to find the information required to solve
the problem. Without fully understanding and uti-
lizing the information provided by the question,
reasoning cannot be correctly proceeded. More-
over, it is difficult for LLMs to take full advan-
tage of this information. Therefore, we design a
problem-solving information extraction prompt to
help solve this problem, i.e., “Note: Please extract
the problem-solving information related to the
core question [Core Question infol, only ex-
tract the most useful information, list them one by
one!”. The slot [Core Question info] contains
the core question extracted in Stage 1. The output
of this step is a list of information, which is useful
in reasoning.

3.4 Stage 3: Generate and Extract the Answer

Given the extracted core question and problem-
solving information extracted in previous stages,
we incorporate them into the original input
by the template “Hint: [Problem-Solving
Infol\n[Core Question]l\n Please understand
the Hint and question information, then solve
the problem step by step and show the answer.”,
where the input slots refer to the corresponding

outputs in previous steps. This prompt is beneficial
to improve LLMs’ understanding of the question
by explicitly pointing out the goal and necessary
information to solve the question. Lastly, following
the prior work (Wang et al., 2023a), we enforce the
LLMs to extract the final numerical answer from
the generated long reasoning text. Compared with
rule-based matching methods, using LLMs to ex-
tract the final answer is more robust and accurate
in practice.

4 Experiments

4.1 Experimental Setup

Tasks and Datasets As stated in Section 1,
the core of our DUP is to address the seman-
tic misunderstanding errors in the math word
problems. Thus, we mainly evaluate our DUP
method on some arithmetic benchmarks. Specifi-
cally, we conduct extensive experiments on seven
Arithmetic Reasoning benchmarks, including
GSMS8K (Cobbe et al., 2021), SVAMP (Patel
et al., 2021), MultiArith (Roy and Roth, 2015),
AddSub (Hosseini et al., 2014), AQuA (Ling et al.,
2017), SingleEq (Koncel-Kedziorski et al., 2015)
and MathQA (Amini et al., 2019). Moreover, to in-
vestigate the universality of DUP, we also evaluate
it on several reasoning tasks in the other domains,
i.e., two Commonsense Reasoning benchmarks
(CommonsenseQA (Talmor et al., 2019), Strate-
gyQA (Geva et al., 2021)) and two Symbolic Rea-
soning benchmarks (Last Letter (Wei et al., 2022b),
Coin Flip (Wei et al., 2022b)). The details of all
evaluated datasets are shown in Table 2.

Compared Methods Since our DUP is a zero-
shot prompting method, we mainly compare it with
other zero-shot methods. For references, two typ-
ical few-shot prompting methods are also used as
the baselines.

* Zero-shot CoT (Kojima et al., 2022) simply
adds a prompt “Let’s think step by step” be-
fore each answer.

e Least-to-Most (Zhou et al., 2023) aims to
break down a complex problem into a series
of simpler sub-problems and then solve them
in sequence.

* Plan-and-Solve (Wang et al., 2023a) devises
a plan to divide the entire task into smaller
sub-tasks, and then carries out the sub-tasks
according to the plan. Specifically, we adopt



No. Template

Reasoning tasks

Extract core question: Please extract core question, only the most comprehensive

and detailed one!

Extract problem-solving information : Note: Please extract the problem-solving
information related to the core question [Core Question], only extract the most

useful information, list them one by one!

Generate the answer: Hint: [Problem-solving Info], \n[Core Question]. \n Please

GSMB8K, AddSub,
SVAMP, MultiArith,
SingleEq, AQuA, MathQA
StrategyQA, Coin Flip,

. — - : A
understand the Hint and question information, then solve the question step by step CommonsenseQ
and show the answer.

Prompt: Please accurately understand the question useful information and solve the
2 P trately o qu usetu v Last Letter

question step by step.

Table 1: Reasoning prompt templates of DUP for all reasoning tasks. Notably, [Core Question] indicates the
extracted core question, and [Problem-solving Info] indicates the extracted problem-solving information.

Dataset Domain # Samples Answer Type
GSMS8K Math 1,319 Number
MultiArith Math 600 Number
AddSub Math 395 Number
SVAMP Math 1,000 Number
SingleEq Math 508 Number
AQuA Math 254 Option
MathQA Math 2,985 Option
Last Letters Symbolic 500 String
Coin Flip Symbolic 500 Yes / No
StrategyQA  Commonsense 2,290 Yes / No
CSQA Commonsense 1,221 Option

Table 2: Details of all evaluated datasets. “Math”,
“Symbolic” and “Commonsense” denote the arithmetic,
symbolic and commonsense reasoning, respectively.
CSQA refers to the CommonensenseQA benchmark.

the more sophisticated Plan-and-Solve (PS+)
prompting method in this work.

* R3 prompting (Tian et al., 2023) instructs
LLMs to perform key sentence extraction,
variable declaration and answer prediction,
i.e., a thought process of reviewing, rephras-
ing and resolving?.

e Manual-CoT (Wei et al., 2022b) is the first
CoT method that proposes to use a few CoT
demonstrations as exemplars in prompting.

* Auto-CoT (Zhang et al., 2023b) improves the
vanilla CoT via sampling questions with diver-
sity and generating reasoning chains to con-
struct demonstrations.

Implementation Details In the main experi-
ments, we use the API-based GPT-3.5-Turbo

2 Notably, since the R® prompting (Tian et al., 2023) is mainly
designed for the math word problems, i.e., involving trans-
lating the sentences into equations, we only evaluate it on
Arithmetic Reasoning benchmarks.

(0613) (Ouyang et al., 2022) and GPT-4
(0613) (OpenAl, 2023) as the test LLMs. Further-
more, to verify the universality of DUP, we addi-
tionally evaluate DUP on more LLMs, covering
two proprietary LLMs (i.e., GPT-40-mini (Hurst
et al., 2024) and Gemini-1.5-pro (Team et al.,
2024)) and two open-source LLMs (i.e., LLaMA2-
Chat-70B (Touvron et al., 2023) and CodeLLaMA-
Instruct-34B (Roziere et al., 2023)). To implement
our DUP, we show the reasoning prompt templates
for all reasoning tasks in Table 1. Notably, since the
Last Letter (Wei et al., 2022b) is a simple symbolic
reasoning task that does not rely on the problem-
solving information, we skip the stage-2 process
of DUP and use a simplified prompt. In this work,
all GPT models are employed via OpenAl’s API,
and we adopt the greedy decoding strategy with
the temperature setting of 0 across all experiments.
For the few-shot prompting baselines, we keep the
recommended number of demonstration examples
specified in their original papers.

4.2 Main Results

Arithmetic Reasoning Table 3 presents the main
results of Arithmetic Reasoning benchmarks. As
seen, compared to the vanilla zero-shot CoT, our
DUP method brings consistent and significant per-
formance gains across all reasoning benchmarks.
Specifically, in GPT-3.5-turbo settings, DUP im-
proves the accuracy by an average of 4% over
Zero-shot CoT. When using GPT-4, our DUP even
achieves new state-of-the-art results on GSM8K
(97.1%) and SVAMP (94.2%), indicating its su-
periority. Moreover, we also report the results of
few-shot counterparts. Due to the high cost of GPT-
4 API, we use the more affordable GPT-3.5-turbo
as the responder for few-shot methods. Generally,
the performance of zero-shot methods tends to be



Arithmetic Reasoning

Score

Model Method

SVAMP GSMSK AddSub MultiArith AQuA SingleEq MathQA Avg. A

Performance of Zero-shot Methods

Zero-shot CoT 79.3 78.9 85.8 95.3 53.0 93.5 63.7 8.5 -
Least-to-Most 80.9 71.5 91.3 95.5 57.4 93.5 66.0 80.3 +1.8
GPT-3.5-Turbo ~ Zero-shot PS+ 80.7 79.3 86.5 92.0 55.9 93.0 66.8 792  +0.7
R? prompting 81.6 79.4 92.0 95.5 59.4 94.6 64.4 81.0 +2.5
DUP (Ours) 82.5 82.3 92.1 97.8 60.2 94.9 68.1 82.6 +4.1
Zero-shot CoT 90.4 94.6 92.4 97.8 72.8 95.0 82.1 89.3 -
Least-to-Most 90.3 92.1 92.1 97.1 71.6 95.0 82.4 88.7
GPT-4 Zero-shot PS+ 92.6 94.3 93.1 98.1 755 95.3 83.4 90.3  +1.0
R? prompting 93.4 92.1 94.5 98.1 75.1 94.8 81.7 90.0 +0.7
DUP (Ours) 94.2 97.1 95.1 98.1 771 96.0 84.1 91.7 +24
Performance of Few-shot Methods
GPT-3.5-Turbo Manual-CoT 78.5 81.6 90.6 95.6 55.9 94.2 64.2 80.1 +1.6
’ Auto-CoT 82.9 80.2 89.9 99.0 54.3 94.6 64.8 80.8 423

Table 3: Results on Arithmetic Reasoning benchmarks. The best results in the zero-shot setting are in bold. “A ”

denotes the average performance improvement or

of various methods compared to Zero-shot CoT.

Method CSQA StrategyQA Avg. A Model Method GSMS8K AddSub Avg
Zero-shot CoT 72.3 66.1 69.2 - L Zero-shot CoT 924 944 934
=== GPT-40-mini
Least-to-Most 71.9 61.5 66.7 DUP (Ours) 93.8 95.7 94.8
Zero-shot PS+ 68.8 62.8 65.8 L. Zero-shot CoT 94.3 95.6 95.0

Gemini-1.5-pro s

DUP (Ours) 74.5 68.5 715 +2.3 DUP (Ours) 95.6 98.0 96.8
Few-shot Manual-CoT  76.5 64.8 70.8 +1.6 LLaMA2-70B* Zero-shot CoT 539 75.6 64.7
Few-shot Auto-CoT 74.2 62.5 68.3 DUP (Ours) 56.4 878 721
Zero-shot CoT 39.1 81.2 60.1

CodeLLaMA-34B* -

Table 4: Results of GPT-3.5-Turbo on Commonsense DUP (Ours) 435 860  64.7

Reasoning benchmarks.

Method Last Letter Coin Flip Avg. A

Zero-shot CoT 60.8 94.4 77.6 -

Least-to-Most 83.2 82.8 83.0 +24
Zero-shot PS+ 60.6 95.4 78.0 +0.4
DUP (Ours) 81.2 97.6 894 +11.8
Few-shot Manual-CoT 74.4 98.2 86.3 +8.7
Few-shot Auto-CoT 81.2 98.6 89.9 +12.3

Table 5: Results of GPT-3.5-Turbo on Symbolic Rea-
soning benchmarks.

lower than that of few-shot methods. However,
with the help of DUP, GPT-3.5 can even achieve
remarkable zero-shot performance that is higher
than few-shot methods. These results prove the
effectiveness of DUP.

Commonsense and Symbolic Reasoning Ta-
ble 4 shows the performance on Commonsense
Reasoning datasets. Considering the experimental
cost, we only used GPT-3.5-turbo as the test LLM.
Compared to zero-shot methods, DUP consistently
outperforms all counterparts. In comparison with
few-shot methods, DUP also achieves comparable
or even better performance. Table 5 lists the results
on Symbolic Reasoning datasets. On Last Letters,

Table 6: Results of more LLMs using different
prompting methods on GSM8K and Addsub. “*”
refers to the chat version of open-source LLMs.

zero-shot DUP (81.2%) is marginally worse than
Zero-shot Least-to-Most (83.2%), on par with few-
shot Auto-CoT (81.2%), but significantly exceeds
other zero-shot methods and few-shot Manual-CoT
(74.4%). On Coin Flip, zero-shot DUP (97.6%) is
slightly worse than few-shot Manual-CoT (98.2%)
and few-shot Auto-CoT (98.6%), but significantly
outperforms other zero-shot baseline methods. In
general, we can basically conclude that DUP out-
performs other zero-shot methods, and has great
potential to beat the few-shot methods.

Results of More Proprietary and Open-source
LLMs To verify the universality of DUP, we fur-
ther evaluate our method on 4 cutting-edge LLMs,
covering two proprietary LLMs (i.e., GPT-4o-
mini (Hurst et al., 2024) and Gemini-1.5-pro (Team
et al., 2024)) and two open-source LLMs (i.e.,
LLaMAZ2-Chat-70B (Touvron et al., 2023) and
CodeLLaMA-Instruct-34B (Roziere et al., 2023)).
As seen in Table 6, in both cases of proprietary
and open-source LLMs, our DUP can still outper-



Stage1 Stage2 Stage3 GSMS8K AQuA Avg.

X X X 76.5 512  63.8
"4 X X 78.9 53.1  66.0
X v X 80.6 55.1  67.8
X X v 80.3 5477  671.5
v 4 X 79.9 57.0 684
v X v 80.8 56.2  68.5
X v 4 81.7 582 699
v 4 v 82.3 60.2 712

Table 7: Ablation study for different variations
of DUP. We report the results of GPT-3.5-turbo on
GSMB8K and AQuA. Notably, Stage 1 involves ex-
tracting core questions, Stage 2 focuses on extracting
problem-solving information, and Stage 3 entails solv-
ing the problem step by step.

Zero-shot CoT Zero-shot DUP

% 22/ A g36 25 ggg
- % 86.4 o 86.3
< 8 82.3 82.5
€ g0l 789 79.3
g
< 75

70

w/o SC w/ SC w/o SC w/ SC

(a) GSM8K (b) SVAMP

Figure 3: Results of DUP Prompting with and with-
out self-consistency(SC) using GPT-3.5-turbo LLM on
GSMB8K and SVAMP.

form the baseline zero-shot CoT by a large margin
on GSMS8K and AddSub benchmarks. This also
proves the DUP can work well in the other model
scenarios.

4.3 Ablation Study

In this part, we conduct a series of ablation exper-
iments to investigate the impact of each stage in
our DUP, where Stage 1 of DUP involves extract-
ing core questions, Stage 2 focuses on extracting
problem-solving information, and Stage 3 entails
solving the problem step by step. In Table 7, we
report the results of various combinations of the
three stages in our DUP. Specifically, we conduct
the ablation experiments on GPT-3.5-turbo and
present the results of GSM8K and AQuA bench-
marks. As seen, removing each stage results in
performance degradation, and the combination of
all stages achieves the best performance on both
benchmarks. These results demonstrate the impor-
tance of each stage in our DUP.

Template

Perform the following processes:

1. Extract core question from following question delimited by
triple backticks with 1 sentence, only the most comprehensive and
detailed one!

2. Extract the the most useful information related to the core
question from the same question delimited by triple backticks and
list them one by one!

3. Answer the question delimited by triple backticks with fully
and comprehensively considering the core question and useful
information.

4. Output a json object that contains the following keys:
“final_answer: <intlfloat>"

Use the following format:

Text: <question to answer>

Core Question: <extracted core question>

Hints: <extracted useful information, listed one by one>

Reason Steps: <the reasoning steps to get the final answer>

Output Json: <json with the final answer>

Text: [Input Question]

Table 8: Details of our simplified DUP-s Prompts.
The slot [Input Question] denotes the original problem.

4.4 Discussion

Compatibility with Self-consistency We em-
ploy an innovative decoding strategy with self-
consistency (SC) (Wang et al., 2023b) as a sub-
stitute for the conventional greedy decoding ap-
proach, which initially samples N reasoning paths
rather than only opting for the greedy approach.
Subsequently, choosing the most consistent an-
swer as the answer. Existing works (Wang et al.,
2023a; Xu et al., 2023) indicate that adopted SC
notably enhances the performance of chain-of-
thought prompting. Here, to verify whether using
SC can further enhance the performance of DUP,
we conduct experiments on GSM8K and SVAMP
using GPT-3.5-Turbo, setting the temperature to
0.7 and N to 10. The results are illustrated in Fig-
ure 3, where the SC strategy brings remarkable
performance improvements. Notably, DUP with
SC (88.6% and 88.8%) consistently outperforms
Zero-shot CoT with SC (86.4% and 86.3%), con-
tinuing to prove its superiority.

More Accurate Core Questions and Problem-
solving Information Lead to Better Performance
As stated in Section 1, the core of our DUP is to
guide LLMs to deeply understand the problems,
i.e., extracting the core question and key problem-
solving information. To verify it, we conduct
contrastive experiments on AQuA, GSMS8K, and
SVAMP datasets. Specifically, using the GPT-3.5-
Turbo as the final responder, we leverage different
LLMs (i.e., LLaMA2-Chat-70B, GPT-3.5, GPT-
4) to extract the core question in Stage 1 and the
key problem-solving information in Stage 2, re-
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Figure 4: Analysis of different information extractors used in our DUP. We use the GPT-4, GPT-3.5-turbo,
and Llama-2-Chat 70b to extract core question (Stagel) and problem-solving information (Stage2) extractor, and
leverage the extracted contents to guide the responses of GPT-3.5-turbo (Stage3). We see that more accurate core
questions and problem-solving information lead to better performance.
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Figure 5: Performance of DUP and DUP-s across
various reasoning tasks on GPT-3.5-Turbo, where
DUP-s merges the three-stage prompts into one prompt.

and dashlines represent the average accu-
racy of DUP and DUP-s, respectively. We see that our
simplified DUP-s also achieves remarkable performance
with less inference budget.

spectively. The contrastive results are illustrated
in Figure 4. As seen, when using the GPT-4 as
the extractor, GPT-3.5 responder can achieve better
performance than that using GPT-3.5 as the ex-
tractor. Conversely, using the LLaMA?2-Chat-70B
as the extractor leads to worse results. These re-
sults demonstrate that better core questions and key
problem-solving information can result in better
reasoning performance, confirming our statement.

Reduce inference cost without much perfor-
mance degradation Some readers may be con-
cerned that the three-stage processes in DUP will
cause too much inference cost. Hence, we fur-
ther propose the simplified DUP method, namely

Template

Question: [Input Question].
Wrong Response: [Wrong Answer].
Correct Response: [Correct Answer].
Please judge which type of error it belongs to based on the above
information:

1. Semantic Misunderstanding: semantic misunderstanding or
lack of commonsense concepts.

2. Calculation error: errors occurred while performing a basic
operation.

3. Step-missing errors: missing step and hallucination.
Finally, please explain why this error falls into the category.

Table 9: Prompts for error analysis. The slot [Input
Question] denotes the original problem, where [Wrong
Question] and [Correct Question] denote the incorrect
text generated by the LLMs and the original label.

DUP-s, which merges the three-stage prompts into
one prompt. The details of our DUP-s method
can be found in Table 8. We conduct contrastive
experiments on all 11 reasoning benchmarks, and
illustrate the results in Figure 5. As seen, DUP-
s achieves comparable performance to DUP, and
even achieves better performance on two tasks of
Addsub and SingleEQ. Therefore, in the case of
a limited inference budget, using our simplified
DUP-s method is also a good choice.

4.5 Error Analysis

Here, to verify whether DUP indeed reduces the
semantic misunderstanding, we randomly select
300 samples for each reasoning dataset, and per-
form error analysis for the questions with incorrect
answers by prompting the GPT-3.5 LLM. The de-
tailed prompt used to categorize the failure exam-
ples is shown in Table 9 and the quantitative results
are illustrated in Figure 6. As seen, compared with
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Figure 6: Quantitative error analyses of different prompting methods. Notably, “SM”, “CE” and “SE” denote
the “Semantic Misunderstanding”, “Calculation Error” and “Step-missing Error”. We randomly select 300 examples
for each reasoning dataset (except AQuA which only contains 254 examples), and use GPT-3.5-Turbo LLM to
generate responses and count failed answers. We can see that our method reduces the frequency of various error

types compared with Zero-shot CoT.

the baseline zero-shot CoT, our DUP reduces se-
mantic misunderstanding effectively. Additionally,
we can also find that DUP reduces the calculation
and step-missing error as well. One possible reason
is that learning more problem-solving information
can lead to more accurate reasoning steps. To have
a close look, we present a case study on SVAMP, as
shown in Figure 7. It can be seen that the zero-shot
CoT fails to generate the correct answer, but with
the help of DUP, LLMs can better understand the
problems and generate an accurate answer.

Moreover, some readers may concern whether
the above LLM-based error analyses are reliable
and trustworthy. Regarding this concern, we would
like to state that, although LLMs may not have
the ability to directly solve the difficult reasoning
problems, LLMs can be instructed to reflect on their
own CoT, which allows them to identify errors and
explain the cause of these errors (Madaan et al.,
2024). Such a self-reflect ability of LLMs has been
explored by many prior studies (Yao et al., 2023;
Pan et al., 2024). Specifically, we show some cases
of incorrect model predictions on GSM8k and the
corresponding error analysis results in Table 11. It
can be found that LLM-based analysis method can
indeed identify the cause of errors and make the
correct classification of errors.

Furthermore, to verify the credibility of this
LLM-based analysis method, we manually classify

the error types for several benchmarks. The con-
trastive results are listed in Table 10. As seen, there
is a significant correlation between the manual anal-
ysis results and the LLM-based results, validating
the reliability of our analyses.

5 Conclusion

In this work, we reveal that deeply understanding
the whole problem is crucial for tackling complex
reasoning tasks. Consequently, we introduce the
DUP method to improve the LLMs’ reasoning abil-
ities by encouraging them to deeply understand the
problem. A series of experiments on arithmetic,
commonsense, and symbolic reasoning tasks prove
that DUP brings consistent and significant perfor-
mance gains across all benchmarks and LLMs. Ad-
ditionally, DUP outperforms the other zero-shot
counterparts by a large margin, and achieves new
SOTA results in two popular benchmarks, i.e.,
GSMS8K and SVAMP. More in-depth discussions
and systematic analyses further reveal when and
where our DUP works well. Moreover, considering
that fully understanding the whole problem may
also be beneficial to non-reasoning tasks, we will
attempt to expand our method to more fields in
future work.
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I They decided to hold the party in their backyard. They have 10 sets of tables and each set has 6 chairs. If there are
:\ 11 people sitting on chairs. How many chairs are left unoccupied? i
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:‘ chairs, how many chairs are empty?

I Stage2. Problem-Solving info: 1. 10 sets of tables. 2. Each set has 6 chairs. 3. 11 people sitting on chairs. I
I" Stage3. Generate the Answer:We can follow these steps: 1. Total chairs = 10 sets of tables * 6 chairs per set = 60 I
I chairs. 2. Number of chairs occupied = 11 people sitting on chairs. 3. Number of chairs left unoccupied = Total I
I chairs - Number of chairs occupied = 49 chairs, Therefore, 49 chairs are left unoccupied at the party. /S 1

I Sure! First, let's calculate the total number of chairs available. There are 10 sets of tables, and each set has 6 chairs, |
I so the total number of chairs is 10 sets * 6 chairs/set = 60 chairs.x I

| Stagel. Core Question: If there are 11 people sitting on chairs at a party with 10 sets of tables, each set having 6 i
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Figure 7: Case study on SVAMP. Zero-shot CoT fails to generate the correct answer, but our DUP can extract more
related problem-solving information and make the correct prediction via deeply understanding the problems.

GSMSK MultiArith Coin Filp
Error type
LLM-based Manual LLM-based Manual LLM-based Manual
Semantic Misunderstanding 54733 64 /39 20/5 2417 30/5 3175
Calculation Error 18/9 6/2 5/3 0/0 0/0 0/0
Step-missing Error 10/2 12/3 3/1 4/2 1/0 0/0

Table 10: Comparison between LLM-based and manual error analysis methods. Notably, we report the analysis
results on GPT-3.5’s responses (as mentioned in Figure 6). For each result, we list the number of errors prompting

with zero-shot CoT and our DUP, respectively.
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O Semantic misunderstanding error

Question: Last night Rick killed ten wolves and 15 cougars while hunting. Today Rick killed three times as many wolves as
cougars and three fewer cougars than the previous night. How many animals did Rick kill?

Answer: 73

Model Output: Let’s break down the information provided in the hint and the question to solve for the total number of animals
Rick killed. 1. Last night, Rick killed 10 wolves and 15 cougars. 2. Today, Rick killed three times as many wolves as cougars. 3.
Today, Rick killed three fewer cougars than the previous night. First, let’s calculate the number of animals Rick killed today: -
Since Rick killed three times as many wolves as cougars today, the number of wolves he killed is 3 times the number of cougars
he killed last night, which is 15 * 3 = 45 wolves. - Today, Rick killed three fewer cougars than the previous night, so the number
of cougars he killed today is 15 - 3 = 12 cougars. Now, we can calculate the total number of animals Rick killed: - Last night,
Rick killed 10 wolves and 15 cougars, which is a total of 10 + 15 = 25 animals. - Today, Rick killed 45 wolves and 12 cougars,
which is a total of 45 + 12 = 57 animals. Therefore, the total number of animals Rick killed in both nights is 25 + 57 = 82
animals.

Error Analysis: The main problem in incorrect response lies in the misunderstanding of the problem conditions. The incorrect
response is that Rick killed three times the number of cougars killed yesterday, which is 15 * 3=45 wolves. This is incorrect.
According to the problem, Rick killed three times as many wolves today as he killed cougars today, not yesterday’s. Due to Rick
killing 3 fewer cougars today than yesterday, which is 12 (15-3=12), he killed 36 wolves today. Therefore, the total number of
animals Rick killed in both nights should be 10 + 15 + 12 + 36 = 73.

@ Calculation error

Question: Mary has 6 jars of sprinkles in her pantry. Each jar of sprinkles can decorate 8 cupcakes. Mary wants to bake enough
cupcakes to use up all of her sprinkles. If each pan holds 12 cupcakes, how many pans worth of cupcakes should she bake?

Answer: 4

Model Output: To find out how many pans worth of cupcakes Mary should bake in order to use up all 6 jars of sprinkles, we can
use the following steps: 1. Calculate the total number of cupcakes that can be decorated with 6 jars of sprinkles: Total cupcakes
= 6 jars * 8 cupcakes per jar = 288 cupcakes. 2. Determine the number of pans needed to bake 288 cupcakes: Number of pans =
Total cupcakes / cupcakes per pan = 288 cupcakes / 12 cupcakes per pan = 24 pans. Therefore, Mary should bake 24 pans.

Error Analysis: This calculation error mistakenly calculated “6 * 8 as 288 when calculating the total number of cupcakes,
which is a clear multiplication error. The correct calculation should be 6 * 8=48 cupcakes. Then, to determine how many pans

are needed, the total number of pans should be divided by the number of cupcakes each pan can hold, which is 48/12=4 pans.
Therefore, the correct answer is that Mary should bake 4 pans.

® Step-missing error

Question: A team of 4 painters worked on a mansion for 3/8ths of a day every day for 3 weeks. How many hours of work did
each painter put in?

Answer: 189

Model Output: To calculate the total hours of work each painter put in over the course of 3 weeks, we can follow these steps: 1.
Calculate the total number of days worked: 3 weeks = 3 * 7 days/week = 21 days. 2. Calculate the total hours worked by the
team each day: 3/8ths of a day = 3/8 * 24 hours = 9 hours. 3. Calculate the total hours worked by the team over 3 weeks: Total
hours = 9 * 3 = 27 hours. So, each painter put in approximately 27 hours of work over the course of 3 weeks.

Error Analysis: The error is due to the missing of critical calculation steps during the calculation process. During the problem-

solving process, the total number of working days was calculated as “3 * 7 =217, but this step was ignored when calculating the
final hours. The correct calculation process should be 9 * 21 = 189 hours. Therefore, the correct answer should be 189 hours.

Table 11: Cases of error analysis. Notably, we present some incorrect predictions of GPT-3.5-Turbo equipped with
our DUP on the GSM8K. The key information is highlighted in orange and red.
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