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Abstract

Large Language Models (LLMs) demonstrate remarkable ca-
pabilities in various reasoning tasks. However, they encounter
significant challenges when it comes to scientific reasoning,
particularly in physics, which requires not only mathemati-
cal reasoning but also factual and conceptual understanding.
When addressing complex physics problems, LLMs typically
face three key issues: problem miscomprehension, incorrect
concept application, and computational errors. While each
of these problems can be addressed individually, there is a
need for a generalized approach that can tackle all three is-
sues simultaneously. To address this, we introduce Mixture
of Refinement Agents (MoRA), a novel agentic refinement
framework that iteratively refines the LLM generated base
solution by correcting the aforementioned errors, resulting
in a significant performance improvement for open-source
LLMs. Our approach aims to bridge the gap between open-
source LLMs and GPT-40 by utilizing the latter as error iden-
tifier to guide these refinement agents. We evaluate our ap-
proach on the SciEval and MMLU subsets along with our
own physics dataset (PhysicsQA). MoRA significantly im-
proves the performance of Llama-3-70B and Gemma-2-27B
on these datasets, achieving up to a 16% increase in final an-
SWer accuracy.

Code — https://github.com/maximus-21/MoRA
PhysicsQA —
https://huggingface.co/datasets/maximus-21/PhysicsQA

Introduction

Scientific reasoning, particularly in field of physics, requires
a deep understanding that spans multiple disciplines. It de-
mands not only domain-specific knowledge but also the in-
tegration of mathematical reasoning with theoretical con-
cepts, applying abstract principles and formulae across var-
ious contexts and scenario. Successfully solving these chal-
lenges is a fundamental aspect of human intelligence, as it
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entails not just recalling information but adapting knowl-
edge to solve diverse complex problems.

Solving complex physics problems still remains a chal-
lenge for open source LLMs. The difficulty stems from the
need to integrate both mathematical and domain-specific
knowledge while engaging in multi-hop, step-by-step rea-
soning. One approach to address this challenge can be col-
lecting question and solution trajectory annotations and fine-
tune LLMs to enhance these capabilities, similar to recent
mathematical reasoning works (Luo et al. 2023; Yuan et al.
2024). However, the process of such annotations and fine-
tuning is time-consuming and costly. On the other hand, so-
lutions generated by LLMs for physics problems using CoT
prompting (Wei et al. 2022) often contain errors, such as
objective misalignment, incorrect formula application, and
computational mistakes, as illustrated in Figure 1. More-
over, solutions to multihop physics problems contain mul-
tiple such errors together.

Open source LLMs struggles to accurately directly iden-
tify reasoning mistakes in their own solutions (Li et al. 2024;
Tyen et al. 2024), making them unreliable for error detection
and self-refinement. While objective alignment errors can be
corrected once identified, refining computational and con-
ceptual errors requires strong mathematical reasoning and
contextual understanding of the specific question. Address-
ing all these different errors simultaneously remains a sig-
nificant challenge for open-source LLMs.

This motivated us to develop the Mixture of Refinement
Agents (MoRA) framework. MoRA iteratively refines LLM
responses through a two-step process in each iteration. First,
the framework leverages a advanced model to identify var-
ious errors within the solution using appropriate flags and
scores. In the next step, based on the identified errors, prior-
itized agent routing is conducted, in which the appropriate
agents are activated to address and mitigate the specific er-
rors. This process results in a progressively refined solution.

In the domain of physics, evaluation benchmarks are es-
sential for assessing the conceptual and mathematical rea-
soning of LLMs. Benchmarks like MMLU, SciEval (Sun
et al. 2024), and ScienceQA (Lu et al. 2022) focus on



foundational knowledge and general reasoning, while more
challenging ones like OlympiadBench (He et al. 2024)
and JEEBench (Arora, Singh et al. 2023) require advanced
reasoning skills. To bridge the gap, we curated our own
dataset PhysicsQA, containing set of diverse, intermediate-
level high school physics problems that provide a balanced
challenge, allowing a exhaustive evaluation and analysis of
open-source LLMs on physics problems.

We perform exhaustive experimentation of MoRA across
four datasets including PhysicsQA as shown in Table 3.
MOoRA improves accuracy on the PhysicsQA benchmark
over CoT-generated solutions by 13.38% for Llama-3-70B
and by 16.03% for Gemma-2-27B. This significant enhance-
ment highlights MoRA’s effectiveness in refining solutions,
particularly in complex and diverse physics problems as in
PhysicsQA. Our further analysis offers insights into the er-
ror distribution across different models and evaluates the ef-
fectiveness of individual refinement agents based on their
refinement rates.

Related Works

LLM Reasoning LLMs have been successfully applied
to address multi-step reasoning tasks by generating inter-
mediate reasoning steps, referred to as Chain-of-Thought
(CoT) (Wei et al. 2022), Auto-CoT (Zhang et al. 2022), and
Complex-CoT (Fu et al. 2022), among others. Advanced
techniques like Iter-CoT (Sun et al. 2023a) and ToT (Yao
et al. 2024) extend these capabilities but remain constrained
by the knowledge in training data and the specific structures
they were designed with. While In-Context Learning (ICL)
(Brown et al. 2020) has significantly improved LLM per-
formance, challenges like hallucinations and limitations in
reasoning flexibility persist.

LLMs for Scientific Reasoning LLMs face significant
limitations in complex knowledge reasoning tasks (Petroni
et al. 2020). (Ouyang et al. 2023) introduced a structured
reasoning strategy to guide LLMs in solving complex chem-
istry problems, enabling them to generate high-quality rea-
soning. Solving these problems requires not only domain
knowledge, like formulae and calculations, but also a step-
by-step reasoning process. (Ma et al. 2024) proposed a
method where agents generate a high-level plan based on the
question, retrieve relevant functions from a toolset, and ex-
ecute low-level actions by integrating natural language and
Python code.

Self Verification with LLMs Recent works (Cobbe et al.
2021; Ling et al. 2024) have attempted to address the chal-
lenge of error detection in step-by-step reasoning. How-
ever, these methods often require additional training data
or domain-specific exemplars, making them less practical.
(Miao, Teh, and Rainforth 2023) proposes using the LLM
itself to verify the conditional correctness of each step in
the reasoning chain, similar to how a human reviews their
work. Accurate error recognition and correction are crucial
for enhancing problem-solving capabilities, as demonstrated
by (Li et al. 2024), which defines tasks to assess LLMs’
mathematical reasoning abilities in error identification and
correction.

LLMs for Mathematical Reasoning LLMs tends to
struggle with arithmetic calculations when solving math
problems (Cobbe et al. 2021; Gao et al. 2023). However,
incorporating code generation and execution has shown
promise in enhancing the accuracy of mathematical rea-
soning. Leveraging these strengths, the GPT-4 Code Inter-
preter (Zhou et al. 2023) has been integral to frameworks
like MathCoder (Wang et al. 2023), which is designed to
improve the mathematical reasoning capabilities of open-
source models. Findings from (Zhou et al. 2023) indicate
that GPT-4 Code’s impressive proficiency in solving mathe-
matical problems is largely due to its step-by-step code gen-
eration and the dynamic refinement of solutions based on
code execution outcomes.

LLM Reasoning with external database (Lewis et al.
2020) proposed RAG framework, which incorporates a
retrieval component to fetch relevant information from
a given knowledge base. Integrating LLMs with knowl-
edge representation tools, such as knowledge graphs (KGs)
(Mruthyunjaya et al. 2023), has further enhanced reasoning
capabilities. (Yao et al. 2024) demonstrated that augment-
ing LLMs with comprehensive external knowledge from
KGs can significantly improve their performance and facili-
tate more robust reasoning processes. A notable example is
GraphRAG (Edge et al. 2024), a retrieval enhancement tech-
nique that leverages knowledge graphs to map relationships
between entities, thereby enhancing the retrieval process us-
ing large language models (LLMs).

Dataset: PhysicsQA

Our dataset comprises 370 carefully selected high school
physics questions sourced from online resources. These
questions are notably complex, often requiring the applica-
tion of multiple concepts, intricate computations, and multi-
hop reasoning. Each question is paired with a comprehen-
sive, step-by-step solution, to support the evaluation and
fine-tuning of LLMs for physics reasoning. Table 1 illus-
trates the topic-wise distribution of the questions, providing
a clear overview of the areas covered. PhysicsQA offers a
more robust evaluation and analysis of LLM performance
by encompassing a diverse range of questions, both in terms
of complexity and the topics covered.

Chapter Name Percentage
Electromagnetism 29.8%
Mechanics and Kinematics 21.8%
Thermodynamics and Heat 15.7%
Waves and Optics 15.4%
Nuclear and Modern Physics 8.9%
Material Properties and Elasticity 8.3%

Table 1: Topic-wise Distribution in PhysicsQA

Mixture of Refinement Agents

This section introduces our mixture of refinement agents
(MoRA) framework. We first discuss our motivation behind



Q: From a uniform circular disc of
radius R and mass M, a small disc

of radius R/3 is removed. The moment
of inertia of the remaining . . . . .

R: Let's break it down step by step:

1. The original disc has a uniform
mass density, so its moment of
inertia bout an axis perpendicular
to the plane and passing through
the center:

I=(1/2)MR"2, where M is the

of the cylinder.
total mass of the disc.

Incorrect Concept Application

Q: The moment of inertia of a

uniform cylinder of length L and radius
R about its perpendicular bisector is I.
What is the ratio L / R such that the
moment of inertia is minimum?

R: A nice physics question!

The moment of inertia of a uniform
cylinder about its perpendicular
bisector is given by:

I =(1/2)MR~2, where M is the mass

Since the cylinder is uniform, its mass

Computational Error

Q: A magnetic needle of magnetic
moment 6.710~-2 Am~2 and moment
of inertia 7.5%10-6 kgm~2 is
performing simple harmonic oscillations
in @ magnetic field of 0.01T. Time for 10
oscillations

R: Let's break it down step by step:

Step 4: Calculate the time period
Substituting the values, we get, T =

2\pi * \sqrt{7.5*10~-6 / 6.7*10~-2%0.01}

=0.698s

Step 5: Time for the 10 oscillations

Figure 1: The illustration of three key error observations in the CoT solution of open source LLMs for physics problems. (a)
showcases problem miscomprehension, where the LLM response uses the incorrect value of variables given in the question
here, M instead of 9M, (b) showcases incorrect concept application in the LLM response, here incorrect moment of inertia
formula for uniform cylinder, (c) demonstrate computational error within LLM response here, incorrect calculation of time

period.

MOoRA; then, we introduce the error identification stage and
refinement agents. Finally, we discuss how these agents are
routed iteratively to correct different errors in the solutions
generated by the LLM.

Motivation

While analyzing physics problems and their CoT solutions
generated with LLMs (Llama-3-70B & Gemma-2-27B), we
observed three key errors made by them:

Observation 1: LLMs in few cases struggle to fully grasp
the objective of the question, along with misinterpreting the
values of variables and constants provided in the question.

Although this issue has been identified in only a few
cases, it is significant one because it leads to solutions that
fails to address the correct interpretation of a given question
resulting in problem miscomprehension.

Observation 2: LLMs struggle to apply the correct con-
cepts or formulae with respect to the context of the given
problem.

This issue is a more recurring one in LLMs, especially for
problems requiring considering a specific case rather than
relying on a generic formula. For instance, the formula for
calculating the moment of inertia varies depending on the
distribution of mass.

Observation 3: Many physics problems involve mathe-
matical reasoning and algebraic computation, areas where
LLMs tend to struggle.

Computational errors account for the majority of errors
in solutions generated by LLMs. LLMs struggles with ac-
curate algebraic and arithmetic computations resulting in er-
rors within the reasoning and final answer.

While these three issues can be addressed individually,
solutions often exhibit multiple errors together. Therefore, a
single framework is required to rectify all three issues effec-
tively, which motivated us to develop the MoRA. We first
perform error identification on a given solution; then these
errors are mitigated iteratively using specialized refinement

agents, resulting in accurate solutions.

Error Identification

The errors in the solutions are classified into three cate-
gories: 1) problem miscomprehension, 2) incorrect concept
application, and 3) computational errors as showed in Fig-
ure 1.

For error identification, we choose to rely on GPT-4o.
Our experiments and analysis shows that GPT-40 showcases
superior performance compared to other models, particu-
larly in problem comprehension and correct physics concept
application required. Thus, it is adequate for locating
errors within solutions generated by other models. Given
a question and it’s LLM response, we prompt GPT-40 to
identify and locate different errors in the solution using the
combination of following flags and scores:

Problem Comprehension Flags: We prompt GPT-40 to
check for the problem miscomprehension using the follow-
ing two flags: (i) Objective Alignment Flag, Fy;, verifies
whether the solution is focused on solving the correct objec-
tive of the given question. (ii) Variables Application Flag,
F.1, verifies whether the solution uses the correct values for
all variables and constants provided in the question, ensuring
their correct values are applied in formulae and reasoning.

Concept Verification Score: We instruct GPT-40 to
check the given solution against the relevant concept and
formulae required to solve the given problem, based on its
own understanding of the question. A score (Scoreconcept)
is assigned to each solution to quantify the correctness of
the applied physics concepts and formulae. The score is de-
signed to identify the stage at which any conceptual or for-
mulae error first occurs, if at all. Scoreconcept ranges from 0
to 1, where a lower score indicates an earlier-stage error and
a higher score indicates a later-stage error in the solution



Response:
A nice physics question!

The moment of inertia of a uniform cylinder about its
perpendicular bisector is given by:

I=(12)MR*2

where m is the mass of the cylinder.

Since the cylinder is uniform, its mass is proportional to its

volume, LL M

Concept Verification Score: 0.2
Since the mistake occurs at Ist step out of total of 5 steps,
the concept verification score is 1/5 = 0.2

Thought ‘——————————1
Generation

inertia of a uniform cylinder about ‘
‘ its perpendicular bisector ? _w
| Retrieval Thought ‘

What is formula of moment of

/ |
| Using |
‘ Sl Physics Knowledge
‘ Bgse

| Observation \

2 neriia of a uniform
v about its perpendicular bisector ‘
v I=m{@2/12+R*2/4)

Figure 2: The illustration of thought generation and concept retrieval for conceptual error refinement in LLM response. Given
the response and concept verification score, LLM generates a retrieval thought, which acts as a query to retrieve the correct
conceptual context from an physics knowledge base using GraphRAG.

Response:

Let's broak dovn the problam step by step: /

Step 4: Calculate the time period ol
Substituting the values, we get:

T=2\pi *sqre{7.5 = 10°{-6}/6.7 = 10~{-2} * 0.01}
:0.£9E;q {7 -6/ =2 &

-

Step 5: Calculate the time for 10 oscillations

The time for 10 complete oscillations: L LM
©=10T = 10 ltimes 0.698 = 6.98s

Computation Verification Score: 0.8
Since mistake occurs at 4th step out of totat of 5 steps,
computation verification score is 4/5 = 0.8

Generation

—_—

import math @ 5
-

def solve():

Code

.7e-2 # magnetic moment in A mA2
.5e-6 # moment of inertia in kg mA2

6

0.01 # magnetic field strength in T
ime period in s
2 (M * B))
1

e

#* math.pi * math.sqrr(z
0 * T # time for 10 oscillations in s

A=

return f"The time taken for 10 complete
oscillations is {r:.2f} s."

Code
Execution

print(solve())

Code Response: The time taken for 10 complete oscillations is
6.655

Figure 3: The illustration of code generation and execution for computation error refinement in LLM response. Given the
response and computation verification score, LLM generates a code to perform the correct required computation; the code is

then executed to obtain the response.

process. The score is calculated as follows:

n if 1 <n < N (error at step n)

N
Scoreconcept = NLH if n = N (error at last step)

1 if no errors occur

where n is the step at which the first error occurs, and N is
the total number of steps in the solution process.

Computation Verification Score: We employ GPT-40
with OpenAl Code Interpreter for generation and execution
of python code to evaluate the correctness of all arithmetic
and algebraic operations in the given solution. Similar to
the Scoreconcept, We assign Scorecomp to each solution. This
score quantifies the accuracy of the mathematical computa-
tion performed, ranges from O to 1, and is calculated similar
to Scoreconcep- All the computations are evaluated with an
error tolerance of 0.1. Using Code Interpreter enables us to
leverage the code generation capabilities of GPT-40 rather
than solely relying on its mathematical reasoning, which
sometimes can lead to erroneous scores. Recent works, such
as (Zhou et al. 2023) and (Wang et al. 2023), highlights the
remarkable capability of OpenAl Code Interpreter in solving
challenging math problems and self-verification.

We utilize GPT-40 solely for error identification, which

guides the routing to the appropriate refinement agent. The
scores are used as the feedback to help refinement agents
understand the first stage of the mistake from where the re-
finement needs to be initiated.

Refinement Agents

To address the three key errors in LLM generated solutions,
we introduce a set of specialized refinement agents. Each
agent is designed to rectify a specific type of error within
the solution, ensuring targeted and effective corrections. The
refinement agents use the same LLLM with which the original
solutions are generated.

Miscomprehension Refinement Although there are very
few cases of problem miscomprehension in LLM generated
solutions, once identified these mistakes can easily be cor-
rected with simple instruction prompting:

You are tasked with solving a physics problem. Here is the
question: [question], The following is your generated solu-
tion: [solution], In the generated solution, the correct ob-
Jective of the question is not being addressed. The solutions
contains mistakes which leads to misalignment with the ob-
Jjective of the question. Please carefully review the question



& understand the objective in detail and regenerate the so-
lution accordingly.

The above prompt assists in refining the solution to align
with the correct objective of the given question. This may
involve regenerating the entire solution or correcting an in-
termediate mistake to ensure the solution addressed the cor-
rect objective. Similarly, any incorrect variable values used
within the solution is corrected using instruction prompting.

Concept Refinement To address the incorrect concepts
and formulae applied in the LLM’s solutions, we utilize an
external physics knowledge base. This is necessary because
LLMs may not always have access to or accurately retrieve
the correct formulae, as this information may not be embed-
ded in their internal knowledge. The conceptual refinement
occurs in two steps:

1. Error Identification & Thought Generation: Given
a solution Sy and a concept score Scoreconcept, the LLM
systematically reviews the solution to identify the earliest
stage where an incorrect concept or formula has been ap-
plied. Scoreconcept pinpoints this stage of error within the so-
lution. LLM then generates a retrieval thought 7y for the the
concept or formula required at the failure stage. The thought
is structured to be simple and sequential query.

2. Concept Retrieval & Solution Refinement: Given the
retrieval thought T and physics knowledge base Kp, we use
GraphRAG (Edge et al., 2024) to query the Kp to retrieve
an observation Or, based on Tg as demonstrated in Figure
2. Or contains the correct context for concept and formulae
required at the stage of failure. The LLM then initiates the
refinement from this stage using the information present in
Or, resulting in the refined solution Spefineq With corrected
physics concepts and reasoning.

Computational Refinement Inspired by recent works
such as PAL (Gao et al. 2023), PoT (Chen et al. 2022),
CSV (Zhou et al. 2023), MathCoder (Wang et al. 2023),
we use code generation for the refinement of computational
and mathematical errors within a solution. The computation
score Scorecomp allows the LLM to locate the first step of
error and then initiate the refinement of the failure stage and
subsequent computations. The process occurs in two steps:

1. Code Generation & Execution: Given the original so-
lution Sy and computation score Scorecomp, the LLM first
locates the error step and then generates a Python code C;,
designed to accurately perform the necessary computation
at the identified failure stage and produce the correct result.
The generated code Cj, is then executed to obtain the re-
sponse R, as shown in Figure 3.

2. Solution Refinement: The LLM is then instructed to
refine Sorg using the correct response 1. generated by the
code. This involves pinpointing the exact step where the er-
ror occurred, guided by the computation score Scorecomp,
and integrating the correct computation from R, into the so-
lution. The refined solution Siefineq is then presented with the
corrected computations.

Agent Routing and Iterative Refinement

After the error identification, the respective refinement
agents are activated to mitigate these errors. The agent rout-

Algorithm 1: Error Identification and Iterative Refinement

Require: Question @, Initial Solution So, GPT-40 £, Refinement
Agents R, Maximum Iterations /N, Threshold €
Ensure: Final refined solution to @
1: 1= 0, Sl = So
2: while 7 < N do v _
( olij F\}alv Scoreéoncepn SCOTeéomp) — E(Q: Sl)
4:  if Fjy; == —1or F; == —1 then
5: SiJrl — Rmiscomprehensiun(Q, Sz)
6:  elseif Scoregoneey < 1 — € then
7.
8
9

(98]

Si+1 — Rconcepl(Q7 SL)
else if Scoreiomp, < 1 — € then
: S’L+1 — chmpulalion(@, Sz)
10:  else

11: return S;
12: end if

13: i<+ i+1
14: end while
15: return Sy

ing follows a prioritized sequence: 1.) miscomprehension
refinement, 2.) concept refinement, 3.) computational re-
finement. This prioritization mirrors the human approach to
solving physics problems: first, understanding the objectives
and variables; next, identifying relevant concepts and for-
mulae; and finally, applying them to perform the necessary
computations.

The activated refinement agent then acts upon the solution
to mitigate the error. The solution undergoes iterative cy-
cles of error identification and refinement until all flags and
scores are resolved or a maximum iteration limit is reached.
This process ensures that all errors are corrected without in-
troducing new ones in final refined solution. The complete
process is illustrated in Algorithm 1.

Experiments
Setup

Datasets In our experiments, we use four datasets:
SciEval-Static, PhysicsQA, MMLU High School and
MMLU College. SciEval-Static is a subset of SciEVal (Sun
et al. 2023b), consisting 164 questions from physics divided
into multiple sub-topics. MMLU (Hendrycks et al. 2021),
consists of a 118 College level and 173 high school multiple-
choice questions from various disciplines.

LLMs We utilize the API of a range of models with vary-
ing parameters and capabilities including LLaMa-3-70B,
LLaMa 3.1-405B, Gemma-2-27B, Gemini-1.5-Flash, GPT-
3.5 Turbo and GPT-4 as our LLMs for the evaluation. We
use same prompts for all the datasets and LLMs during our
evaluation.

Baselines We employ an Answer-only approach (AO),
where the model is given a question with four options and
asked to select the correct answer without any explanation
relying solely on its pre-existing knowledge . In contrast,
few-shot prompting (Xu et al. 2023; Yasunaga et al. 2023)
uses a few examples to help the model learn and apply
that knowledge to similar tasks. Chain-of-Thought (CoT)



\ SciEval-Static PhysicsQA MMLU - High MMLU - College
Model
\ AO CoT  3-Shot \ AO CoT  3-Shot \ AO CoT  3-Shot \ AO CoT  3-Shot
LLaMa-3-70B 70.07% 82.23% 63.41% | 38.37% 56.76% 59.29% |60.16% 72.88% 73.66% |59.41% 71.76% 71.76%
LLaMa 3.1 405B | 79.87% 89.63% 82.92% |50.81% 76.75% 78.37% | 72% 91.52% 88.98% |75.29% 88.23% 85.29%
Gemma-2-27B 60.36% 79.26% 53.04% | 39.18% 54.59% 59.45% |55.93% T7.11% 74.45% |51.11% 73.52% 67.64%
Gemini 1.5 Flash | 68.29% 85.97% 81.70% | 44.86% 62.97% 69.72% |58.47% 79.66% 80.05% | 60.58% 72.35% 72.94%
GPT 3.5 Turbo 41.46% 66.46% 48.78% |28.10% 42.70% 42.70% |47.45% 58.47% 33.89% | 35.29% 50.58% 42.35%
GPT40 64.02% 92.68% 81.09% |49.45% 79.45% 78.37% |62.71% 94.06% 87.28% | 70% 84.70% 84.17%
Table 2: Experimentation of Answer-Only (AO) , COT and Few-Shot (3-shot) on different Datasets
Model  |Dataset | AO | COT |3-Shot MORA  enhancing reasoning in academic settings.
Gemma 2|MMLU College 51.11% 173.52% | 67.64% | 82.20% As shown in Table 3, MoRA framework delivers marked
27B MMLU High School |55.93% | 77.11%|74.45% | 75.88% improvements across all benchmarks for both LLaMA-
PhysicsQA 39.18% |54.59% | 59.45% | 70.62 % 3-70B and Gemma-2-27B models. In SciEval-Static, the
SciEval-Static 60.36% |79.26% | 53.04% | 88.76 % introduction of MoRA enhances LLaMA-3-70B’s accu-
LLaMa 3 |[MMLU College  |59.41%|71.76%|71.76%|78.82% 'Y ffo‘];‘ 82‘23% (C;’T% 6tf; 86(55%%’ a“%g;é?yma'lz‘le
70B MMLU High School |60.16% | 72.88% | 73.66% | 78.81%  S¢€s @ boost from 79.26% (CoT) to 88.76%. In the
PhysicsQA 38.37% |56.76% 1 59.29% |70.14%  PhysicsQA dataset, MoRA significantly improves LLaMA-
SciEval-Static 70.07%|82.23%| 63.41% |86.58%  3-70B’s performance from 59.29% (3-shot) to 70.14%,

Table 3: Comparison of baseline approaches with MoRA
across four datasets: SciEval-Static, PhysicsQA, MMLU
High School and College based on final answer accuracy.

prompting (Wei et al. 2022) guides the model to generate
intermediate reasoning steps, improving its performance on
complex tasks by breaking them down into smaller, more
manageable parts. These three approaches form our primary
baselines.

Evaluation Most of the existing works (Luo et al. 2023) ,
(Chern et al. 2023) , (Yu et al. 2023) measure the mathemat-
ical reasoning quality of LLMs by directly comparing the
final answer and calculating the overall accuracy on a given
dataset. We choose to follow the same evaluation for physics
reasoning as well.

Results

In Table 2 we present results from our experiments reveal
compelling insights into the strengths and challenges of vari-
ous models across diverse benchmarks. In the SciEval-Static
benchmark, LLLaMa-3-70B and Gemini 1.5 Flash stand out,
with LLaMa-3-70B achieving an accuracy of 82.23% using
(CoT), and Gemini 1.5 Flash not far behind at 85.97%. In
the PhysicsQA domain, which demands intricate reasoning
skills, the models face more significant challenges. LLaMa-
3-70B and Gemma 2-27B both show improved performance
with CoT, reaching 56.76% and 54.59%, respectively. On
the MMLU-High benchmark, LLaMa-3-70B continues to
perform solidly, achieving 72.88% with CoT, while Gemini
1.5 Flash pushes ahead to 79.66%. Interestingly, in MMLU-
College, a benchmark with a mix of academic and reason-
ing tasks, Gemma 2-27B shows a significant leap in perfor-
mance with CoT, reaching 73.52%, which surpasses its base
score by over 22%, indicating the effectiveness of CoT in

and Gemma-2-27B’s from 59.45% (3-shot)to 70.62%. In
MMLU High School, LLaMA-3-70B accuracy reaches from
73.66% (3-Shot) to 78.81% and in Gemma-2-27B, accu-
racy reaches from 77.11% (CoT) to 75.88%. In MMLU
College, LLaMA-3-70B accuracy reaches from 71.76% (3-
Shot) to 78.82% and in Gemma-2-27B, accuracy reaches
from 73.52% (CoT) to 82.20%. The results show that even
without extensive fine-tuning, these models can achieve
competitive performance. These improvements demonstrate
MoRA’s ability to elevate smaller models to compete ef-
fectively with much larger ones across a range of complex
tasks.

Analysis

In this section, we first conduct an in-depth error analysis of
physics CoT solutions across various models and datasets,
highlighting the error distribution that inspired the develop-
ment of MoRA. We then present ablation studies, analyzing
the effectiveness of each refinement agent in our framework.

Error Analysis

We perform manual analysis of the incorrect CoT solutions
of GPT-40, Llama-3-70B, and Gemma-2-27B on the fol-
lowing datasets: SciEval-Static, PhysicsQA, MMLU High
School and College as shown in Table 4. Based on this anal-
ysis here are our observations:

(i) LLMs demonstrate good problem comprehension
ability for physics question. All models demonstrate strong
problem comprehension across the datasets. GPT-4o excels,
achieving near-perfect accuracy on SciEval-Static, MMLU
College, and High School, with only minor errors in Physic-
sQA. This suggests a deep understanding of physics prob-
lem structure. Llama-3-70B and Gemma-2-27B also per-
form well but show slightly higher error rates, particularly in
PhysicsQA and SciEval-Static, indicating occasional missed
details that need attention.



(ii)) Open source LLMs sometimes struggles to re-
trieve correct physics concept and formulae while rea-
soning. On average, 18.11% of questions in the PhysicsQA
dataset are answered with conceptual errors by Gemma-
2-27B and Llama-3-70B, highlighting the difficulty open-
source LLMs face in applying correct concepts to physics
problems. In contrast, GPT-40 excels with an average ac-
curacy of 96.4% across all four datasets. Notably, Gemma-
2-27B outperforms Llama-3-70B on SciEval-Static, Physic-
sQA, and MMLU High School. The high error rates of both
Llama-3-70B and Gemma-2-27B on PhysicsQA suggest
that medium-parameter open-source LLMs may still need
external knowledge bases for complex physics problem-
solving.

(iii) Open-source LLMs struggles with algebraic and
arithmetic computation required while solving physics
questions. On average, 21.62% of questions in the Physic-
sQA dataset are answered with computational mistakes by
Gemma-2-27B and Llama-3-70B, highlighting challenges in
executing correct calculations. GPT-40 excels with an aver-
age accuracy of 95.64% across four datasets. Gemma-2-27B
outperforms Llama-3-70B on SciEval Static and MMLU
(High School and College), with both performing simi-
larly on PhysicsQA. The accuracy gap between GPT-4o0
and Llama-3-70B (12.16%) and GPT-40 and Gemma-2-27B
(13.24%) on PhysicsQA suggests that open-source LLMs
could benefit from further refinement in handling complex
calculations.

Error Type Dataset GPT-40|Gemma |LLaMa
2-27B | 3-70B
Computational | MMLU College 2.54% | 5.08% | 9.32%
Error MMLU High School| 2.35% | 3.53% | 6.47%
PhysicsQA 8.92% |22.16% | 21.08%
SciEval-Static 3.06% | 10.37% | 10.98%
Problem MMLU College 0.00% | 0.85% | 1.69%
Miscomprehe- | MMLU High School| 0.59% | 0.59% | 1.18%
nsion PhysicsQA 0.54% | 2.16% | 1.62%
SciEval-Static 0.00% | 1.22% | 1.83%
Wrong MMLU College 0.85% | 12.71% | 10.17%
Concept MMLU High School| 3.53% | 8.24% |11.76%
PhysicsQA 7.57% | 17.11% | 18.92%
SciEval-Static 1.22% | 7.36% | 9.15%

Table 4: Error Analysis of incorrect physics CoT solutions
of different models across four datasets.

Ablation

To understand the effectiveness of each refinement agent,
we conduct ablation of each of the refinement agents with
Llama-3-70B and Gemma-2-70B in terms of their refine-
ment rate across different datasets as shown in Table 5. Here
are our observations:

(i) Problem miscomprhension errors are mitigated
with simple instruction prompting and error feedback.
Llama-3-70B and Gemma-2-27B demonstrate good mis-
comprehension error refinement with instruction prompting,

Error Type Dataset Gemma | LLaMa
2-27B | 3-70B
Computational MMLU College 100% | 81.8%
Refinement MMLU High School | 33.3% | 75.0%
PhysicsQA 733% | 72.6%
SciEval-Static 57.1% | 60.0%
Miscomprehension | MMLU College 37.5% | 33.3%
Refinement MMLU High School | 16.7% | 37.5%
PhysicsQA 48.7% | 46.9%
SciEval-Static 62.5% | 57.1%
Concept MMLU College 100% 100%
Refinement MMLU High School | 100% 100%
PhysicsQA 62.5% | 66.7%
SciEval-Static 100% | 66.7%

Table 5: Ablation studies for different refinement agent in
MoRA using Gemma-2-27B and Llama-3-70B across four
datasets, evaluated by refinement rate.

particularly in the MMLU datasets (High School and Col-
lege), where both models achieve a perfect 100% refinement
rate. Llama-3-70B outperforms Gemma-2-27B slightly on
PhysicsQA, with a refinement rate of 66.7% compared to
Gemma-2-27B’s 62.5%. However, Gemma-2-27B excels in
SciEval Static and MMLU (College and High School). The
decent accuracy on PhysicsQA suggests that open-source
LLMs sometimes fail to rectify their misinterpretations in
complex physics problems.

(i1) Open-source LLLM performers moderately in iden-
tifying the conceptual mistake and retrieval thought gen-
eration. Llama-3-70B shows a 46.9% refinement rate in
PhysicsQA and slightly improves in SciEval Static at 57.1%,
but struggles with MMLU datasets, achieving 37.5% and
33.3% refinement in High School and College, respec-
tively. Gemma-2-27B has a similar 48.7% refinement rate in
PhysicsQA and performs better in SciEval Static at 62.5%,
but underperforms significantly on MMLU High School
with a 16.7% refinement rate, improving modestly to 37.5%
on MMLU College. These results suggest that open-source
LLMs have difficulty generating relevant retrieval thoughts
at the initial stage of failure.

(iii) Using code-driven refinement significantly cor-
rects the computational errors. Llama-3-70B and Gemma-
2-27B excel in refining computational errors, demonstrating
the effectiveness of code generation and execution. Llama-3-
70B shows consistent performance with a 72.6% refinement
rate on PhysicsQA and strong results across SciEval Static
(60%), MMLU High School (75%), and MMLU College
(81.8%). Gemma-2-27B slightly outperforms in PhysicsQA
at 73.3% and achieves a 100% refinement rate in MMLU
College. However, Gemma-2-27B’s performance is more
variable, particularly in MMLU High School (33.3%), indi-
cating potential challenges in specific code generation sce-
narios.



Conclusion

In this work, we introduce MoRA, a novel agentic refine-
ment framework designed to mitigate three critical errors
commonly made by LLMs when solving complex physics
problems. MoRA first leverages GPT-4o0 for error identifi-
cation and score assignment, which are then subsequently
used to guide the refinement agents. This process is done
iteratively until all the errors in the solution are mitigated
successfully. To ensure a comprehensive evaluation, we also
curate our own dataset, PhysicsQA, which includes a di-
verse set of high school-level physics problems. Our experi-
ments and in-depth analysis across multiple datasets demon-
strate that MoRA significantly enhances the performance of
Llama-3-70B and Gemma-2-27B across multiple datasets.
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