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Abstract

Mathematical reasoning ability objectively reflects a lan-
guage model’s understanding of implicit knowledge in con-
texts, with logic being a prerequisite for exploring, articu-
lating, and establishing effective reasoning. Large language
models (LLMs) have shown great potential in complex rea-
soning tasks represented by mathematical reasoning. How-
ever, existing mathematical datasets either focus on common
sense reasoning, assessing the model’s knowledge application
ability, or arithmetic problems with fixed calculation rules,
evaluating the model’s rapid learning capability. There is a
lack of datasets that require solving problems solely through
logical reasoning. As a result, the performance of LLMs in
accurately understanding the implicit logical relationships in
problems and deriving conclusions based solely on given
conditions is hindered. To address this challenge, we con-
struct a dataset specifically for multiple step reasoning tasks:
Reasoning-Math (RMath). This dataset focuses on evaluating
logical reasoning ability with mathematical reasoning prob-
lems, covering typical problem types, including direct reason-
ing problems, hypothetical reasoning problems, and nested
reasoning problems. Additionally, we design a standardized
annotation scheme that transforms natural language descrip-
tions of conditions into formal propositions. Other annotation
contents include problem categories, proposition truth values,
and proposition relationship types. This not only reduces bi-
ases caused by semantic misunderstandings during problem-
solving, but also facilitates the incorporation of theoretically
grounded logical reasoning methods to enhance reasoning
ability. Furthermore, we propose a normalization problem-
solving framework based on propositional logic for RMath
and design the problem-solving process for prompt tuning
to guide LLMs to absorb mathematical logical theories and
improving reasoning ability. Finally, we evaluate RMath on
several popular LLMs and present the corresponding results.

Introduction
With the rapid increase in parameter sizes and training data,
LLMs have gained emergent capabilities in various tasks,
among which, powerful reasoning is one of the core capa-
bilities for “intelligent emergency” of LLMs. Logical rea-
soning is a form of thinking in which premises and relations
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between premises are used in a rigorous manner to infer con-
clusions that are entailed (or implied) by the premises and
the relations (Nunes 2012). In this context, the premises re-
fer to known conditions, the relations refer to connective re-
lations, and all the premises and conclusions are presented in
the form of propositions. Mathematics is a subject in heavy
reliance on multistep logical reasoning, and the ability to
solve mathematical problems objectively reflects a model’s
logical and reasoning ability.

Figure 1: The comparison of single step reasoning of exist-
ing logical datasets and multiple step reasoning of RMath.

In recent years, there has been a significant surge in the
development of LLMS for solving mathematical problems.
Recent LLMs such as ToRA (Gou et al. 2023), DeepSeek-
Math (Shao et al. 2024), and Llama3 (Meta 2024) have
demonstrated new advancements in their ability to solve
mathematical problems. However, whether these models
truly possess powerful reasoning capabilities remains to be
studied. Current datasets for measuring a model’s reason-
ing ability can be roughly divided into two categories: one
is based on common sense reasoning, where models tend to
directly use stored world knowledge to solve problems, like
MMLU (Hendrycks et al. 2020), StrategyQA (Geva et al.
2021), COPA (Brassard et al. 2022) and so on. They mainly
focus on the model’s ability to select and integrate rele-
vant knowledge. MMLU is a benchmark designed to eval-
uate the performance of language models on multiple tasks.
Models must have extensive knowledge of the world and
problem-solving skills. The other is based on computational
reasoning, for example, for some mathematical datasets like
MATH (Hendrycks et al. 2021), GSM8K (Cobbe et al.
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2021), SVAMP (Patel, Bhattamishra, and Goyal 2021), AS-
DIV (yun Miao, Liang, and Su 2020) and so on, where the
problem statements mostly follow a fixed format, and the
model tends to imitate the training set’s procedural treat-
ment of data to calculate result. MATH (Hendrycks et al.
2021) is a dataset of 12,500 challenging math competition
problems with each problem having a complete step-by-step
solution, which can be used to teach the model to gener-
ate answer derivations and explanations. However, these two
types of datasets cannot accurately evaluate the model’s true
non-knowledge-based, non-imitation logical reasoning abil-
ity.

Currently, some research on datasets has begun to ex-
plore logical reasoning capabilities of LLMs from the per-
spective of mathematical logic. For example, LogicAsker
(Wan et al. 2024) attempts to use the axiomatic laws of
logical reasoning to generate some relatively simple single-
step reasoning example, inputting these examples into LLMs
to reveal weaknesses and improve reasoning. FOLIO (Han
et al. 2022) is equipped with first-order logical annotations,
consisting of 1430 examples, each paired with one of 487
sets of premises, which are used to deduce the validity of
each conclusion through deductive reasoning. GloRE (Yun-
peng Chen and et al. 2018) is a general logical reasoning
evaluation benchmark that covers 12 datasets with a total of
72,848 instances and assembles three types of logical rea-
soning tasks. The three tasks cover a wide range of log-
ical reasoning phenomena, which can evaluate the logical
reasoning ability of LLMs across multiple logical reason-
ing tasks. However, these datasets are either based on first-
order logical axioms to formulate simple one-step reasoning
examples, or based on the truth value to formulate simple
binary reasoning example, or integrated multiple reasoning
tasks. But ultimately, all of them rely on single-step reason-
ing tasks based on logical reasoning, as shown in Figure 1,
and have not attempted to solve some more complex multi-
step reasoning tasks with LLMs. Multistep reasoning tasks
are often more in line with real-world needs and can better
reflect the logical reasoning capabilities and the ability to
solve complex reasoning tasks of LLMs.

In this paper, we construct RMath1, a dataset specifi-
cally for multistep reasoning tasks, where each problem in
RMath requires no common sense or specialized knowledge
and only reason based on given conditions. We also design
a comprehensive and standardized annotation scheme, an-
notating each problem with propositions with truth values,
propositions’ relation, and problem categories. Thus, natu-
ral language is transformed into propositions and their re-
lation, which can be further represented by symbols. The
symbolic formulas build an foundation for propositional
logic reasoning system, and help to prevent misinterpre-
tation of the problem statement. Based on the annotation,
we develop a standardized problem-solving framework with
propositional logic reasoning theory: based on a set of pre-
specified answers, iteratively applying nested assumptions
to each answer in the set and checking for contradictions

1Our dataset and code are available at:
https://github.com/huziyi19/RMath

with known conditions. If a contradiction is found, the pre-
specified answer is deemed invalid, and the next answer
is tested. Continuing this process until the correct answer
is found. Based on RMath, we apply the problem-solving
framework to specific reasoning tasks, organize a standard-
ized problem-solving process, and train the LLMs through
prompt tuning to achieve better logic reasoning ability.

Our contributions are as follows:

• We construct a dataset called RMath specifically for
multistep reasoning tasks, containing 200 problems that
cover three types of problems. RMath can be used to
evaluate and enhance the logical reasoning ability of
LLMs.

• The dataset is meticulously annotated with problem cate-
gories, proposition truth values, and proposition relation-
ship types. The annotation transforms the natural lan-
guage to propositions with the aim of representing the
implicit logical relationships by symbols.

• Based on the annotation, we propose a proposition-based
problem-solving framework for the dataset. This frame-
work aids LLMs in solving complex reasoning problems,
thereby enhancing their logical reasoning ability with
mathematical logic theory. We also test multiple LLMs
on RMath and present the corresponding results.

Related Work

Logical Reasoning

Logical reasoning refers to argumentation and deduction
that are in accordance with logic, representing a rigorous
form of thinking. It can help to clarify thoughts, make cor-
rect judgments and decisions, and is the foundation of var-
ious fields in computer science and mathematics. There has
been a lot of research exploring neuro-symbolic methods,
which combine neural networks with symbolic reasoning
(Mao et al. 2019; Pryor et al. 2022; Tian et al. 2022). How-
ever, these methods lack generality in specialized module
designs. In contrast, LLMs show stronger generalization
capabilities in logical reasoning. Propositional logic is the
most fundamental part of logical reasoning, dealing with
statements that can be assigned truth values. In the context
of propositional logic parsing, (Tomasic1 et al. 2021) fine-
tuned off-the-shelf GPT-2 and GPT-3 language models to
simulate the propositional logic resolution of non-recursive
rules that combine conjunction, disjunction, and negation
connectives. Logical reasoning is now used in many ex-
ploratory tasks on pre-trained LLMs and applied to down-
stream tasks such as question answering and dialogue sys-
tems (Beygi et al. 2022; Shi et al. 2021). However, they
primarily focus on simple reasoning in mathematical prob-
lems, neglecting multistep reasoning based on mathematical
logic. They are limited to situations such as determining the
truth of unknown propositions based on given propositions,
or directly drawing conclusions based on reasoning formu-
las, without deeply exploring the relationships between con-
ditions and the truth values of propositions.
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Mathematical Dataset
In recent years, the ability to solve mathematical problems
has been considered an important indicator for measuring
the logical reasoning ability of language models (Romera-
Paredes et al. 2023; Liu et al. 2020). At present, there are
four types of mathematical problems that researchers are
more focused on:
Arithmetic. This category of problems entails pure math-
ematical operations and numerical manipulation, devoid of
the need for the model to interpret contextual elements (Ahn
et al. 2024). MATH-140 (Yuan et al. 2023) contains 401
arithmetic expressions to test large language models. It fo-
cuses on the use of various operators in equations but not on
reasoning.
Math Word Problems. These problems are arithmetic prob-
lems solved in conjunction with real-world application sce-
narios, which requires models to recognize the mathemati-
cal information contained in problems and formulate equa-
tions or expressions to address problems. The representa-
tive datasets are MATH (Hendrycks et al. 2021), GSM8K
(Cobbe et al. 2021) and et al. While some complex prob-
lems in these datasets may involve reasoning, the focus is
generally on single-step reasoning.
Automated Theorem Proving. These problems primarily
assess a model’s ability to perform deduction based on hy-
potheses, its mastery and use of formal languages, and its
capacity to access and utilize extensive knowledge bases.
Minif2f (Zheng, Han, and Polu 2021) is intended to pro-
vide a unified cross-system benchmark for neural theorem
proving. But these problems do not focus on reasoning.
Math in Vision-language Context. These problems primar-
ily assess a model’s ability to solve mathematical problems
in multimodal scenarios. MATHVISTA (Lu et al. 2023) is
a benchmark designed to combine challenges from diverse
mathematical and visual tasks. But these problems do not
focus on reasoning.

The datasets about this four types of math problems cover
various areas of mathematics, assessing the model’s ability
to integrate knowledge, apply formal languages and theo-
rems, and master the rules of data procedural processing.
While our dataset aims to evaluate the multistep reseaning
ablitiy of LLMs without the assistance of external knowl-
edge.

Data Collection and Analysis
In this work, we focus on mathematical reasoning tasks and
construct a dataset about mathematical reasoning problems
to enhance the long-chain reasoning ability of LLMs. As
shown in Figure 2, each problem consists of a piece of de-
scription noted as D and a question noted as Q. The main
sources of data collection are the internet and relevant books,
but the vast internet-sourced data often suffers from poor
quality. To ensure the quality of the dataset, we assemble
several undergraduate students majoring in mathematics to
systematically review the collected data. During this pro-
cess, we intentionally skip reasoning problems about com-
mon sense to prevent errors caused by models when analyz-
ing or understanding some common sense knowledge. Ad-

Figure 2: Examples of three types of reasoning problems.

ditionally, we exclude complex reasoning problems that are
challenging even for humans. We focus on assisting mod-
els first with problem-solving of simple multi-step reasoning
and will introduce more complex problems in future work.

The dataset includes three types of reasoning problems:
direct reasoning problems, hypothetical reasoning problems,
and nested reasoning problems. These three types of prob-
lems effectively assess the model’s understanding of implicit
logical relationships in the problems and ability to draw con-
clusions based on given conditions. The examples are shown
in Figure 2.

• Direct reasoning Problems. These problems refer to
reasoning problems where the given conditions in the
problem are known to be true or false, and the solution
can be directly inferred based on these conditions.

• Hypothetical Reasoning Problems. These problems re-
fer to reasoning problems where some of the conditions
given in the problem are true and some are false with the
numbers of true and false conditions being certain. When
solving these problems, the truth values of the given con-
ditions should be hypothesized first based on the certain
number of true and false conditions for further reasoning.

• Nested Reasoning Problems. These problems refer to
reasoning problems where each condition given in the
problem implies a simple reasoning relationship in the
form of“If . . . , then . . . ”. When solving these problems,
the truth value of the “if” part in each condition should
be hypothesized and judged firstly. Then based on this,
the truth value of the“the” part can be deduced.

In mathematics, many reasoning problems have multiple
answers. To simplify the problem-solving process, we pre-
process the dataset to ensure each problem with only one an-
swer. This helps LLMs to avoid errors in judgment caused
by the failure to accurately understand the logical relation-
ship between conditions when solving problems.
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Proposition-based Problem Solving
Framework

To assist LLMs to solve mathematical reasoning problems
and understand the logical relationships in problems, we de-
sign a problem-solving framework based on propositional
logic. Propositional logic is the most fundamental and sim-
plest part of mathematical logic and focuses on reason-
ing mainly based on the relationships between propositions
without the need to decompose them into their constituent
non-propositional components. Importing the problem solv-
ing process from the framework by prompt tuning can help
LLMs clarify and process the logical relationships implied
between propositions during reasoning, thereby improving
LLMs’ ability to derive conclusions based on given condi-
tions without auxiliary knowledge. The framework consists
of three processes:

• Proposition Transformation. Proposition transforma-
tion first converts known conditions into propositions
that can be judged as true or false, and then preliminarily
distinguishes the implicit logical between propositions,
deepening the model’s understanding of the logical rela-
tionships in the problem during problem-solving.

• Proposition Expansion. Proposition expansion adds ba-
sis and conditions for reasoning and judgment, akin to
data augmentation.

• Proposition Connection and Judgment. Proposition
transformation and proposition expansion are prepared
for proposition connection and judgment. The purpose of
proposition connection and judgment is to assess whether
the hypotheses about uncertain propositions are consis-
tent with the requirements in problems by using the
known propositions and then reason the truth value of
the uncertain propositions.

Proposition Transformation
Proposition transformation transforms all the conditions of
the problem into atomic propositions. Propositions are judg-
mental or declarative sentences with true or false meanings,
divided into atomic propositions and compound proposi-
tions. The truth value of a proposition is its meaning of be-
ing true or false. Atomic propositions, also known as sim-
ple propositions, are propositions without any logical con-
nectives and cannot be decomposed into other simple state-
ments. Within the problem-solving framework, the subjects
of our connection and judgment are all atomic propositions.

Generally, reasoning problems are described in natural
language and the conditions in the problem are not neces-
sarily in the form of atomic propositions. Therefore, before
solving the problem, we transform all conditions into atomic
propositions, which are unambiguous and easy for the large
model to understand. During the transformation, as can be
seen from the previous analysis, different types of problem
imply different logical relationships. Thus, we categorize the
transformed propositions into three classes: Class A, Class
B, and Class C.

• Class A: Class A is the proposition from the problem
description D whose truth values are determined. These

propositions can be directly used as evidence to deter-
mine the truth values of other propositions.

• Class B: Class B is the proposition from the problem de-
scription D whose values are uncertain and should be de-
termined by inference.

• Class C: Class C is the proposition derived from assump-
tions in the problem Q and does not exist in the descrip-
tion D. They are also uncertain and should be determined
by inference. In Class C, there is only one true proposi-
tion with the other false.

Proposition Expansion
Proposition expansion expands propositions based on their
truth values. Specifically, based on propositions in Class A
and their truth values, start with the set of propositional
objects and expand conditions by adding some additional
propositions as “known condition”. For example, for the
Class A proposition “Xiao Hong is not from Beijing” (a true
proposition), knowing that the locations in the propositional
object set include Beijing, Shanghai, and Hangzhou, we can
expand the initial condition as: Xiao Hong is from Shanghai
or Xiao Hong is from Hangzhou. And this compound propo-
sition is true. Further processing should be breaking down
the compound proposition into two atomic propositions and
classifying the propositions into the three categories based
on the connection relationships and truth values between the
two propositions.

Proposition Connection and Judgment
Initially, it should be known that the basis for judging the
true answer is that when the assumption based on the answer
is consistent with the requirements in problems, it can be de-
termined as the true answer. What does“consistent” mean?
First, the proposition describing the answer is true. And it
does not contradict the propositions obtained from the prob-
lem transformation; it does not contradict the proposition
deduced from the transformed propositions. What is “con-
tradiction”? Contradiction refers to the situation where the
semantics expressed by the combination of the two propo-
sitions and their truth values are contradictory and in con-
flict with each other when the truth values of them are deter-
mined.

The flow chart of proposition connection and judgment is
shown in Figure 3, and the process is divided into nine steps.
Initially, input the three types of propositions(step 1). Then
starting with propositions in Class C, assume their truth val-
ues and connect them with propositions in Class A to check
for contradictions. If there is a contradiction, revise the as-
sumption for the propositions in Class C; if not, based on
this assumption and according to the requirements in prob-
lems about the numbers of true or false propositions, hy-
pothesize the truth values for all Class B propositions one
by one. Check if the hypotheses of propositions in Class B
contradict with each other. Connect them respectively with
propositions in Class A (Loop-A-Contradict-B : step 4-6)
and Class C and check for contradictions. If there is a con-
tradiction, check if all the hypothesis combinations of truth
values of propositions in Class B are cycled;if not, re-assume
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Figure 3: The flowchart for proposition connection and judg-
ment.

for propositions in Class B; otherwise, re-assume for propo-
sitions in Class C (Loop-C-Tra-B:step 4-8), output the cor-
rect answer, the proposition in Class C that is true and con-
sistent with the requirements in problems.
• Step 1: Input propositions in Class A, B, and C.
• Step 2: Assume truth or false value for propositions in

Class C. Based on the sample space of the possible an-
swer, make assumptions cyclically for the truth values
of the propositions in Class C. Specifically, for each as-
sumption (a total of n propositions), assume that the i-th
proposition is true, and the remaining n− 1 propositions
are false.

• Step 3: Based on the assumption in Step 2, connect all
propositions in Class C with propositions in Class A and
check for contradictions. Specifically, connect all propo-
sitions with assumed truth values in Class C and proposi-
tions in Class A, and determine if there is any proposition
in Class C that conflicts with propositions in Class A. If
there is, then the assumption in Step 2 does not consistent
with the requirements in problems, return to Step 2 and
re-assume. Otherwise, proceed to Step 4.

• Step 4: Based on the assumptions in steps 2 and 3, fur-
ther assume the truth values of all propositions in Class
B according to the requirements in the problem for the
numbers of true or false propositions. Generate the sam-
ple space of all possible combinations of truth values for
propositions in Class B, and then iterate through these
combinations.

• Step 5: Based on the assumptions in Step 4, check if the
hypothesises of propositions in Class B contradict with
each others. If there is, then the assumption in Step 4 does
not consistent with the requirements in problems, return
to Step 4 and re-assume. Otherwise, proceed to Step 6.

• Step 6: Check whether the assumptions in Step 4 are con-
sistent with the requirements in problems. Based on the

assumptions in Step 4, connect all propositions in Class B
with propositions in Class A and determine if there is any
proposition in Class B that conflicts with propositions in
Class A. If there is, then the assumption in Step 4 does
not consistent with the requirements in problems, return
to Step 4 and re-assume. Otherwise, proceed to Step 7.

• Step 7: Check for contradictions between the assump-
tions for propositions in Class B in Step 4 and propo-
sitions in Class C in Step 2. Based on the assumptions in
previous steps, connect all propositions in Class B with
propositions in Class C and determine if there is any con-
tradiction between propositions in Class B and C . If
there is, proceed to Step 8. Otherwise, proceed to Step
9.

• Step 8: Check whether all possible combinations of truth
values for propositions in Class B have been traversed.
If they have all been traversed, then in this cycle, the as-
sumptions for the truth values of propositions in Class C
in Step 2 are contradictory to all combinations of truth
values of propositions in Class B. That means the as-
sumption for propositions in Class C in Step 2 does not
consistent with the requirements in problems, then return
to Step 2 and re-assume. Otherwise, return to Step 4.

• Step 9: Output the true propositions in Class C as the
correct answer.

It is worth noted that for different problems, Class A and
Class B may sometimes be empty. For example, for many
direct reasoning problems, the set of Class B is empty, and
in this case, the step of proposition connection and judg-
ment for Class B is directly omitted, that is, Steps 4 to 7.
Therefore, when the assumption for propositions in Class C
is consistent with propositions in Class A and no contradic-
tion occurs, it can be determined as the correct answer. For
some hypothetical reasoning problems, the set of Class A is
often empty. At this time, after the assumption for proposi-
tions in Class C, there is no need for the proposition con-
nection and judgment between Class C and A. Then directly
assume for Class B and connect propositions in Class B and
Class C. As shown in the Figure 3 that is, skip the step three
and step six.

Annotation
After data collection, we designed a standardized annotation
scheme to annotate the problems. The annotation content in-
cludes problem categories, propositions, proposition object
sets.
Problem Categories Annotation. Based on the different
characteristics of the problems in the dataset, problems are
classified and annotated to distinguish different types of
problems: direct reasoning problems, hypothetical reason-
ing problems and nested reasoning problems.
Proposition Annotation. The annotation of propositions is
divided into two parts: propositions’ truth values and propo-
sitions’ relationship. To label the true or false states of
each proposition, we design three states: “true”, “uncertain”,
“false”. Proposition classification annotation means dividing
the propositions into the three categories (Class A, Class B,
Class C) based on the connectives contained in the problems
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Figure 4: One example of annotation.

Problem category Amount
Direct reasoning 34

Hypothetical Reasoning 137
Nested Reasoning 29

All 200
Proposition category Amount

Class A 151
Class B 1179
Class C 642
Average 9.86

Table 1: Dataset Statistics

or the implied logical relationships. Propositional connec-
tives refer to words that can link simple propositions to form
compound propositions, which is the focus for this work.
Proposition Object Set Annotation. Proposition object set
annotation refers to the extraction of key objects involved in
each problem, such as people, places, actions, etc. These ob-
jects are extracted for proposition expansion, which is help-
ful for the hypothesis construction of propositions and sub-
sequent reasoning and judgment.

One example of annotation is shown in Figure 4. Table 1
is a statistical table of the dataset after annotations and lists
the number of each types of problems and the number of
propositions for each category.

Prompt Tuning with the Framework on RMath
Based on RMath, we apply the problem-solving framework
to specific reasoning tasks, organize a standardized problem-
solving process and train the LLMs through prompt tuning.
This can enhance the model’s ability to handle logical re-
lationships between propositions and standardize problem-
solving, thereby improving the model’s reasoning ability.

Experiments
LLMs on RMath
Experimental setting. We use RMath to train and test a
range of large models with parameter sizes ranging from 7
billion, 8 billion, 13 billion, to 70 billion. We also demon-
strate the performance of these LLMs on various datasets re-

lated to mathematical problems, including GSM8K (Cobbe
et al. 2021), MATH (Hendrycks et al. 2021), SVAMP (Patel,
Bhattamishra, and Goyal 2021), ASDIV (yun Miao, Liang,
and Su 2020), MAWPS (Koncel-Kedziorski et al. 2016) and
TabMWP (Lu et al. 2022). We use accuracy for the evalu-
ation of logical reasoning performance. In the experiments,
to ensure the accuracy of the results, we conduct repeated
experiments and average the results.

Results. Table 2 shows the performance of various LLMs
on our dataset RMath and other datasets related to mathe-
matical problems, which assess the abilities of LLMs from
different perspectives.

The reasoning ability of large models need improvement.
As can be seen in the table, the accuracy of LLMs on RMath
is generally not high. Even for models that perform excep-
tionally well on other math datasets, such as DeepSeekMath,
the accuracy on RMath does not exceed 50%, despite main-
taining a leading position. For some powerful LLMs, such as
the recently released Llama3 8b and Llama3 70b, the perfor-
mance on RMath is also unsatisfactory—with accuracy rates
not even reaching 40%. Surprisingly, Llama2 7b and Llama2
13b have an accuracy rate of 0 on RMath. Even though there
is a certain element of chance in how LLMs solve math rea-
soning problems, sometimes getting them right and some-
times wrong, their performance should not be that poor. The
contrasting performance of some LLMs on RMath and other
math datasets reflects that the reasoning ability of current
LLMs to deduce conclusions based on known conditions
need to be enhanced.

Existing datasets cannot comprehensively evaluate the
reasoning ability of LLMs. It is obvious from the table that
the ToRA models perform very well on other datasets, es-
pecially ToRA 70b, which has an accuracy rate higher than
80% on the GSM8K, SVAMP and ASDIV datasets, and even
reaches 93.8% on MAWPS. Even on the Math dataset, one
of the most challenging math datasets, ToRA has a good
performance and demonstrates strong comprehensive abili-
ties in solving problems. However, the performance of the
ToRA models on RMath is unsatisfactory. Among them,
ToRA 70b, which performs well on other datasets, has only
31% accuracy. From this phenomenon, we can see that ex-
isting datasets cannot comprehensively evaluate the reason-
ing ability of LLMs, and the construction of RMath has also
made contributions to the comprehensive evaluation of the
reasoning ability of LLMs.

Prompt Tuning on RMath
Experimental setting. Based on the proposed standard-
ized problem-solving framework, we construct a training
dataset, RMath-train, from RMath. Specifically, we develop
detailed problem-solving processes according to the pro-
posed framework to build RMath-train for LLM’s training.
Our baseline models include the base LLMs llama2 (7b, 13b,
70b) (Touvron et al. 2023), llama3 (8b, 70b) (Meta 2024),
and LLMs oriented to solving mathematical problems with
SFT or RLHF, WizardMath (7b, 13b, 70b) (Luo et al. 2023),
MetaMath (7b, 13b, 70b) (Yu et al. 2023) and ToRA (7b,
13b, 70b) (Gou et al. 2023).
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Model Size GSM8K MATH SVAMP ASDIV MAWPS TabMWP RMath (our)
Llama2 7b 13.3 4.1 38.0 50.7 60.9 31.1 0
Llama3 8b 79.6 30.0 – – – – 23.0

WizardMath 7b 54.9 10.7 57.3 59.1 73.7 38.1 19.5
MetaMath 7b 66.6 20.7 68.8 72.5 86.9 43.8 17.0

ToRA 7b 68.8 40.1 68.2 73.9 88.8 42.4 15.5
DeepSeekMath 7b 63.3 32.3 73.2 82.9 92.4 68.6 45.0

Llama2 13b 24.3 6.3 43.1 56.3 70.4 39.5 0
WizardMath 13b 63.9 14.0 64.3 65.8 79.7 46.7 47.5
MetaMath 13b 71.0 23.2 71.9 75.7 87.0 52.8 32.5

ToRA 13b 72.7 43.0 72.9 77.2 91.3 47.2 26.0
Llama2 70b 57.8 14.4 73.6 76.0 92.4 57.5 39.5
Llama3 70b 93.0 50.4 – – – – 33.0

WizardMath 70b 81.6 22.7 80.0 76.2 86.2 49.8 54.5
MetaMath 70b 82.0 27.2 85.8 84.0 95.4 63.4 64.0

ToRA 70b 84.3 49.7 82.7 86.8 93.8 74.0 31.0

Table 2: Results of several LLMs on datasets

Model Size RMath (our) Model Size RMath (our)
Llama2 7b 0 MetaMath 13b 32.0

Llama2-RMath 7b 18.5 MetaMath-RMath 13b 54.0
WizardMath 7b 19.5 ToRA 13b 26.0

WizardMath-RMath 7b 24.0 ToRA-RMath 13b 30.5
MetaMath 7b 17.0 Llama2 70b 39.5

MetaMath-RMath 7b 20.0 Llama2-RMath 70b 43.5
ToRA 7b 15.5 Llama3 70b 33.0

ToRA-RMath 7b 21.0 Llama3-RMath 70b 64.0
Llama3 8b 23.0 WizardMath 70b 54.5

Llama3-RMath 8b 41.0 WizardMath-RMath 70b 28.5
Llama2 13b 0 MetaMath 70b 64.0

Llama2-RMath 13b 23.0 MetaMath-RMath 70b 42.0
WizardMath 13b 47.5 ToRA 70b 31.0

WizardMath-RMath 13b 31.0 ToRA-RMath 70b 35.5

Table 3: The comparison of LLMs on RMath before and after prompt tuning

Results. Table 3 shows the performance of the models
on the RMath before and after prompt tuning. We conduct
prompt tuning on multiple LLMs based on RMath-train and
compared the performance of the models before and after
training on RMath. It can be found from the table that the
accuracy of the models after prompt tuning on RMath has
generally improved, with an average increase of about 5.3%,
among which the accuracy of llama3 70b improved the most,
up to 31%. This indicates that the problem-solving frame-
work we proposed helps to enhance the logical reasoning
ability of LLMs when solving mathematical reasoning prob-
lems.

At the same time, some discordant numbers appear in the
table. The accuracy of WizardMath 13b and MetaMath 70b
on RMath after training is not as good as that of the orig-
inal models. Why some LLMs after prompt tuning do not
perform as well on RMath as the original models? We con-
duct a preliminary analysis and speculation: it may be that
for some LLMs with better comprehensive performance, us-
ing prompt tuning to improve performance on a specific task
might have less noticeable effects.

Conclusions
In this paper, we construct a dataset specifically for mul-
tiple step reasoning tasks called RMath. It is a mathe-
matical reasoning dataset focused on assessing logical rea-
soning ability, containing 200 problems that include direct
reasoning problems, true-or-false reasoning problems, and
nested reasoning problems. Additionally, we design an an-
notation scheme to reduce semantic bias during problem-
solving with LLMs and introduce theoretically grounded
logical reasoning methods to enhance the reasoning ability
of LLMs. Furthermore, we develop a standardized problem-
solving framework for RMath based on propositional logic
and use the problem-solving process formed with the frame-
work in the prompt tuning for LLMs to guide them to as-
similate mathematical logic theory and improve their rea-
soning ability. We evaluate multiple LLMs with RMath
and present the corresponding results. Finally, we train the
LLMs with RMath through prompt tuning. From the results,
the problem-solving framework we proposed does help to
enhance the logical reasoning ability of LLMs when solving
mathematical reasoning problems.
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