
Proceedings of the 2025 Conference of the Nations of the Americas Chapter of the Association for Computational Linguistics: Human Language Technologies
(Volume 1: Long Papers), pages 11679–11698

April 29 - May 4, 2025 ©2025 Association for Computational Linguistics

On the Impact of Fine-Tuning on Chain-of-Thought Reasoning

Elita Lobo
University of Massachusetts

Amherst
elobo@umass.edu

Chirag Agarwal
University of Virginia

chiragagarwal@virginia.edu

Himabindu Lakkaraju
Harvard University
hlakkaraju@hbs.edu

Abstract

Large language models have emerged as pow-
erful tools for general intelligence, showcasing
advanced natural language processing capabil-
ities that find applications across diverse do-
mains. Despite their impressive performance,
recent studies have highlighted the potential
for significant enhancements in LLMs’ task-
specific performance through fine-tuning strate-
gies like Reinforcement Learning with Hu-
man Feedback (RLHF), supervised fine-tuning
(SFT), and Direct Preference Optimization
(DPO) method. However, previous works have
shown that while fine-tuning offers significant
performance gains, it also leads to challenges
such as catastrophic forgetting and privacy and
safety risks. To this end, there has been little
to no work in understanding the impact of fine-
tuning on the reasoning capabilities of LLMs.
Our research investigates this impact by ad-
dressing critical questions: how task-specific
fine-tuning affects overall reasoning capabili-
ties, its influence on Chain-of-Thought (CoT)
reasoning performance, and the implications
for the faithfulness of CoT reasoning generated
by the fine-tuned models. Through this explo-
ration, our study reveals that fine-tuning leads
to an average decrease in the faithfulness of
CoT reasoning across four datasets, highlight-
ing potential shifts in the internal mechanisms
of LLMs as a result of fine-tuning.

1 Introduction

Large Language Models (LLMs) have emerged as
powerful tools with significant potential in various
domains, such as finance (Lee et al., 2024), med-
ical diagnostics (Karabacak and Margetis, 2023),
personalized education (Ling et al., 2023), content
creation (Leiker et al., 2023), and storytelling (Xie
et al., 2023). Built on transformer-based archi-
tectures with billions of parameters, these models
undergo extensive training on large-scale datasets,
which equip them with capabilities for handling

complex natural language processing tasks. How-
ever, these pre-trained models often face chal-
lenges in domains that demand specialized knowl-
edge, such as medical fields (Jin et al., 2021;
Pal et al., 2022) and legal services (Yue et al.,
2023). To address these limitations, recent research
has focused on fine-tuning pre-trained LLMs to
adapt them to specialized tasks. This process in-
volves training a pre-trained model on a smaller
task-specific dataset while retaining most of its
learned parameters. Common fine-tuning meth-
ods such as Reinforcement Learning with Human
Feedback (RLHF) (Ouyang et al., 2024), super-
vised fine-tuning (Mecklenburg et al., 2024), and
DPO (Rafailov et al., 2023) have been widely
adopted for efficiently adapting LLMs to special-
ized tasks. Studies have demonstrated that fine-
tuning LLMs in domain-specific tasks, especially
those not observed during the pre-training phase,
significantly improves their performance in those
areas (Zhang et al., 2024; Jeong, 2024).

Despite these advantages, fine-tuning LLMs also
introduces several challenges. Notably, prior re-
search has demonstrated that fine-tuning can lead
to i) catastrophic forgetting, where performance
on tasks outside the target domain degrades (Kala-
jdzievski, 2024), ii) deactivation of safety filters
initially embedded in LLMs (Kumar et al., 2024),
making the models vulnerable to generating harm-
ful content, and iii) increased risk of privacy
breaches due to the higher extraction rate of fine-
tuning data (Singh et al., 2024; Zeng et al., 2024).
Although considerable efforts have been made to
explore the privacy and safety implications of fine-
tuning, there has been little to no investigation into
how fine-tuning affects the reasoning capabilities
of LLMs. If fine-tuning LLMs diminishes their rea-
soning abilities, LLMs may lose their core appeal
to users (Brown et al., 2020; Wei et al., 2022b)
A key method for eliciting reasoning in LLMs

is the Chain-of-Thought reasoning approach Wei
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et al. (2022b). CoT is a prompting technique that
encourages the models to generate step-by-step rea-
soning paths when solving multi-step problems.
This method has been pivotal in enhancing LLM
performance on complex reasoning tasks, and vari-
ous adaptations of CoT have since been developed
to further improve accuracy and reliability. In light
of its effectiveness, we evaluate the impact of fine-
tuning on LLMs’ reasoning abilities by assessing
the quality of Chain-of-Thought reasoning gener-
ated after fine-tuning.
Our work. In this work, we investigate the effects
of fine-tuning on the reasoning abilities of large
language models (LLMs), focusing on three key
questions: a) How does fine-tuning impact LLM
performance when utilizing Chain-of-Thought rea-
soning? b) Does fine-tuning affect the faithfulness
of CoT reasoning? c) Does fine-tuning on spe-
cialized tasks compromise LLMs’ general reason-
ing capabilities? Our results show that fine-tuning,
whether on reasoning or non-reasoning tasks, gen-
erally reduces the CoT reasoning performance of
LLMs, with this effect being more pronounced in
smaller models. Additionally, fine-tuning smaller
LLMs on non-reasoning datasets or those requiring
minimal reasoning tends to further decrease the
faithfulness of the CoT reasonings they generate.

1.1 Related Work
We begin by discussing the prior works that study
fine-tuning methods in LLMs.
Fine-Tuning LLMs and limitations: Various

fine-tuning techniques have been proposed to more
effectively adapt LLMs to new tasks. Among these
techniques, the most widely used are LoRA and
QLoRA, which improve efficiency by decompos-
ing gradient matrices into low-rank matrices during
fine-tuning. In this work, we use the QLoRA fine-
tuning technique in conjunction with the supervised
fine-tuning method (SFT) to efficiently fine-tune
LLMs. Although fine-tuning is crucial for improv-
ing LLM performance in specific tasks, it can also
lead to unintended side effects. For instance, Kala-
jdzievski (2024) and Liu et al. (2024) have shown
that fine-tuning can cause catastrophic forgetting,
reducing the LLM’s performance on previously
learned tasks. Similarly, Singh et al. (2024) and
Zeng et al. (2024) find that fine-tuning increases
the risk of privacy leakage and memorization
in LLMs. Moreover, fine-tuning can sometimes
reverse previously established safety mechanisms,
such as undoing learned toxicity filters (Kumar

et al., 2024). Other studies, such as Navigli et al.
(2023), have shown that fine-tuning can exacerbate
bias or lead to a loss of general knowledge. Despite
these potential drawbacks, little research has
explored how fine-tuning affects CoT reasoning
in LLMs, which is the main focus of our work. We
provide a detailed discussion of relevant research
on CoT reasoning techniques in appendix A.

2 Preliminaries

We provide an overview of CoT reasoning which
we use to analyze the impact of fine-tuning on the
reasoning capabilities of LLMs.
Chain-of-Thought Reasoning: CoT is an

emergent capability in LLMs that enables them
to reason through complex problem-solving
tasks(Wei et al., 2022a,b). This capability is par-
ticularly valuable in high-stakes domains, where
minimizing bias and ensuring the reliability of the
model’s responses are critical. Research shows that
simply adding the phrase Let’s think step by step, at
the end of a task prompt encourages large language
models like GPT-3.5 and GPT-4 to generate
intermediate reasoning steps before arriving at a
final answer, thus improving the performance of
LLMs on several reasoning tasks (Kojima et al.,
2024; Wei et al., 2022b). Our study examines
the impact of fine-tuning on the CoT reasoning
abilities of the model, focusing on two key aspects:
the accuracy of the answer generated after the
CoT reasoning steps and the faithfulness of the
CoT reasoning steps. Faithfulness, in this context,
refers to the degree to which the CoT reasoning
steps influence the final answer, rather than being
post-hoc or unrelated. Prior research suggests that,
despite generating reasoning steps before the final
answer, LLMs may produce reasoning that don’t
align with their internal decision-making processes,
as these operate in different representational
spaces (Tanneru et al., 2024; Agarwal et al., 2024;
Rafailov et al., 2023). To evaluate the faithfulness
of the CoT reasoning, we adapt the metrics
proposed by (Lanham et al., 2023), modifying
them to assess the faithfulness at the instance level
rather than just the dataset level, allowing for a
more granular analysis of how much of the CoT
reasoning contributes to the final output.
We introduce some basic notation. An LLM

is represented as L : Q → A, where L maps
a task prompt Q = [q1, q2, . . . , qm] ∈ Q to a
response A = [a1, a2, . . . , ak] ∈ A, with both
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Instructions: Read the question and give your answer by analyzing step by step. The output format is as follows:
Step 1: [Your reasoning here]
. . .
Step N: [Your reasoning here]
Final Answer: (Your answer as a single numeric here).
Question: A boy has 5 cards. His brother has 3 fewer cards than he has. How many cards do they have together?

Let’s think step by step.
Response:
Step 1: If the boy has 5 cards, and his brother has 3 fewer cards, then the brother has 5 - 3 = 2 cards.
Step 2: To find out how many cards they have together, we add the number of cards the boy has (5) to the number of cards his
brother has (2).
Final Answer: 5 (boy’s cards) 2 (brother’s cards) = 7 cards together.

Figure 1: An example of Chain-of-Thought reasoning generated by GPT-3.5-TURBO-0125.

the task prompt and the response consisting of
token sequences drawn from the LLM’s vocabu-
lary. To elicit CoT reasoning, we either append
additional instructions like “Let’s think step by
step” to the task prompt or provide a more CoT
structured prompts, as shown in fig. 1, resulting in
the model generating intermediate reasoning steps
[c1, c2, . . . , cn] before producing the final answer.

3 Methods

Several techniques (Dettmers et al., 2023; Hu et al.,
2022; Zhao et al., 2024) have been developed to
efficiently fine-tune LLMs. Among these, QLoRA
has recently gained attention for its reduced mem-
ory footprint compared to other methods. Instead
of updating all of the model’s parameters, QLoRA
backpropagates the gradients through a frozen,
4-bit quantized version of the pre-trained LLM and
into low-rank adapters. These adapters store the
net changes to the model weights due to fine-tuning
that improve efficiency while retaining the predic-
tive performance of traditional 16-bit fine-tuning.

In this study, we focus on supervised fine-tuning
using the QLoRA technique to investigate their im-
pact on the CoT reasoning abilities of LLMs. Our
exploration involves two main experiments. First,
we fine-tune the models on both reasoning and
non-reasoning question-answering tasks without
intermediate reasoning steps (except in the case of
GSM8K (Cobbe et al., 2021)) while ensuring their
performance remains consistent post-fine-tuning.
Next, we evaluate the difference in task perfor-
mance between pre-trained and fine-tuned models.

3.1 Accuracy of Chain-of-Thought Reasoning

We investigate how fine-tuning LLMs on various
datasets – such as mathematical, common-sense
reasoning, and medical datasets – affects the accu-

racy of their CoT reasoning abilities. Specifically,
we prompt the LLM to generate CoT reasoning in
a predefined format (see Fig. 1). After generating
the CoT reasoning, we prompt the LLM to provide
a final answer based on this reasoning and com-
pare the final answers produced by the pre-trained
model with those of the fine-tuned model.

3.2 Faithfulness of Chain-of-Thought
Reasoning

Following Lanham et al. (2023), we consider a CoT
as faithful if the reasoning steps logically leads to
the LLM’s final response, rather than the conclu-
sion being predetermined before the reasoning. To
evaluate the faithfulness of LLM-generated CoT re-
sponses, we use Early Termination, Paraphrasing,
and Filler Substitution, which are faithfulness tests
proposed by (Lanham et al., 2023) and modified to
quantify faithfulness per instance rather than across
an entire dataset.
Early Termination: It measures the percent-

age of CoT reasoning that influences the final
answer. For a N -step CoT reasoning chain
[x1, x2, . . . , xN ], we generate partial chains by pro-
gressively terminating the reasoning at step 1, 2,
and so on, up to step N . After each partial rea-
soning, we prompt the LLM to generate the final
answer. If there is a step i where the final an-
swer matches the full CoT’s answer, and no earlier
steps produce this answer, we conclude that the
i
N fraction of the CoT reasoning is faithful. Ta-
ble 3 presents a sample prompt used in the Early
Termination faithfulness test.

Paraphrasing: It evaluates whether the final
answer is determined by the logical argument pre-
sented in the reasoning or influenced by specific
wording and token choices. Given a CoT reasoning
chain with N steps, we generate N new reasoning
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chains, where, in each chain, the last i steps are
paraphrased (these can be generated by prompting
an LLM like GPT-4, as shown in table 6), while the
preceding steps remain unchanged. If paraphras-
ing does not significantly alter the final answer
in many cases, it suggests that the accuracy gains
from CoT reasoning likely stem from underlying
logical reasoning rather than specific token choices
or phrasing. Consequently, the CoT reasoning is
considered faithful. Table 5 provides an example of
a prompt utilized in the Paraphrasing faithfulness
test.

Filler Substitution: It checks if a CoT’s content
truly affects an LLM’s final answer, or if Filler Sub-
stitution tokens can replace part of the reasoning
without changing the outcome, which would sug-
gest that the reasoning is unfaithful. For a CoT rea-
soning chain with N steps, we create N new CoT
reasoning chains by replacing the steps after each
step with Filler Substitution tokens such as “(. . . )”.
Similar to the Early Termination test, if there is a
step i such that substituting with Filler Substitution
tokens results in no change in the LLM’s final an-
swer, we conclude that the reasoning after step i is
not faithful. Table 4 shows an example of a prompt
used in the Filler Substitution faithfulness test.

4 Experimental Setup

First, we outline our experimental setup to evaluate
the impact of fine-tuning on the reasoning abilities
of LLMs and then present our results.

Datasets. To assess the impact of fine-tuning on
the reasoning capabilities of LLM, we used two
medical data sets (MedQA and MedMCQA), one
common sense reasoning data set (CosmosQA) and
one math reasoning data set (GSM8K). We use
one dataset from each of these categories for fine-
tuning the LLM and we use all the datasets to eval-
uate the effect of fine-tuning on the given dataset.
With slight abuse of notation, we will denote any
test dataset as in-distribution (IID) if the dataset
belongs to the same category as the fine-tuning
dataset and out-of-distribution (OOD) otherwise.
Next, we describe each of the four datasets. i)
MedQA (Jin et al., 2021): Multiple choice question
answers from the United States Medical License
Exams (USMLE), ii) MedMCQA (Pal et al., 2022):
Multiple choice question answers from the All In-
dia Institute of Medical Sciences (AIIMS) and Na-
tional Eligibility cum Entrance Exam (NEET), iii)
CosmosQA (Huang et al., 2019): Multiple choice

questions formulated from commonsense-based
reading comprehensions, and iv) GSM8K (Cobbe
et al., 2021): Math word problems from diverse
grades.

Models. We work with three LLMs: a 4-
bit quantized Llama-3-8b-Instruct model (Abhi-
manyu Dubey, 2024) provided by Unsloth library,
GPT-3.5-0125, and GPT-4 known for their excep-
tional reasoning capabilities on various tasks.

Implementation details. The primary goal of
this paper is to explore the effects of vanilla fine-
tuning, i.e., fine-tuning without incorporating rea-
soning steps in the responses, on the CoT reasoning
capabilities of the model. However, achieving accu-
racy improvements on the GSM8K dataset proved
challenging when fine-tuning the model using only
question-answer pairs from the GSM8K training
set. To overcome this limitation, we fine-tuned the
model using the reasoning steps provided in the
GSM8K dataset (Cobbe et al., 2021). Notably, for
the remaining datasets, the models were fine-tuned
without incorporating any reasoning steps.

Each task dataset is divided into training, test-
ing and validation sets, with the number of data
points for each split provided in appendix A. The
models undergo fine-tuning on the training sets,
with hyperparameters tuned on the validation set.
All models are fine-tuned over two epochs to pre-
vent overfitting. We use specific CoT prompt tem-
plates for the GPT and Llama-3-8b-Instruct mod-
els, as shown in fig. 1. The OpenAI API is used
to fine-tune the GPT family models, and the TRL
library (von Werra et al., 2020) is used to fine-tune
4-bit quantized Llama-3-8b-Instruct models using
the QLoRA method with rank 16 unless otherwise
specified. In all the main experiments, we fine-tune
the Llama-3-8b-Instruct models (Unsloth) using
QLoRA with adapter ranks set to 16. We note
that across all faithfulness experiments1, we com-
pute CoT Pred Match - the fraction of data points
for which the final answer obtained by prompting
the LLM with a perturbed CoT is the same as the
answer obtained by prompting the LLM with the
original CoT. In the case of Early Termination and
Filler Substitution tests, higher values of CoT Pred
Match generally indicate that a greater number of
points are likely to have CoT reasonings that are
not faithful. In contrast, in the Paraphrasing test,

1Code available at https://github.com/elitalobo/Effects-of-
Finetuning-on-COT-Reasoning-in-LLMs.git
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Figure 2: Compares the zero-shot accuracy of the Llama, GPT3.5, and GPT4 models fine-tuned on common-sense
reasoning, math, and medical datasets. The y-axis represents the datasets on which the models were fine-tuned and
the x-axis represents the test datasets. The text in the grid cells represents the accuracy and the text in the brackets
represents the difference between the fine-tuned and pre-trained model. The cells are colored green if the accuracy
difference w.r.t. the pre-trained model is positive and red if the difference is negative. On average, fine-tuning
appears to decrease the CoT performance of the LLM and this effect is more pronounced in smaller language models.
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(c) MedQA dataset
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(d) MedMCQA dataset

Figure 3: Compares the early termination CoT Pred Match percentages at (α = 25, 50, 75) of the pre-trained
LLama-3-8B-Instruct, GPT4, GPT-3.5-turbo-0125 models with the corresponding fine-tuned models on GSM8K,
MedQA, CosmosQA, and MedMCQA datasets. Each label in the legend represents either the pretrained model or a
fine-tuned model. The x-axis represents the % of CoT steps after which the CoT was terminated and the y-axis
represents the percentage of times the final answer matched the final answer corresponding to the full CoT. Higher
values of CoT Pred Match indicate that a larger number of points are likely to have CoT reasonings that are not
faithful.
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(d) MedMCQA dataset

Figure 4: Compares the Filler Substitution CoT Pred Match percentages at (α = 25, 50, 75) of the pre-trained
LLama-3-8B-Instruct, GPT4, GPT-3.5-turbo-0125 models with the corresponding fine-tuned models on GSM8K,
MedQA, CosmosQA, and MedMCQA datasets. Each label in the legend represents either the pre-trained model or a
fine-tuned model. The x-axis represents the % of CoT steps after which the CoT was substituted by fillers and the
y-axis represents the percentage of times the final answer matched the final answer corresponding to the full CoT.
Higher values of CoT Pred Match indicate that larger a number of points are likely to have CoT reasonings that are
not faithful.

higher CoT Pred Match values suggest that a larger
number of points are likely to have CoT reasonings
that are faithful to the logic.

5 Results

We address the main research questions in this
paper through our empirical findings.

RQ1: How does fine-tuning affect the CoT rea-
soning abilities of LLMs? Figure 2b illustrates
the difference between the CoT accuracy of the
fine-tuned Llama-3-8b-Instruct and GPT models
and their pre-trained counterparts on the GSM8K,
MedQA, MedMCQA, and CosmosQA test datasets.
CoT accuracy is computed by prompting the model
for CoT reasoning followed by a final answer, as
outlined in Section 3.

Our results demonstrate that all three fine-tuned
models show lower CoT accuracy compared to
their pre-trained versions on the math-reasoning
dataset (GSM8K). Moreover, we find that fine-
tuning in many cases leads to a decrease in CoT ac-
curacy, with this reduction being more pronounced
in smaller LLMs, such as the Llama-3-8b-Instruct
models, compared to larger models like GPT-4.
We conjecture that this is because larger models
possess better generalization capabilities and, thus,

require less significant weight adjustments to adapt
to new tasks. Further inspection of the CoT reason-
ing generated by fine-tuned Llama-3-8B-Instruct
models revealed that, unlike their pre-trained coun-
terparts, these models often fail to produce high-
quality CoT reasoning for a significant number of
data points. Table 1 and Table 2 present exam-
ples of CoT reasoning generated by the pre-trained
and fine-tuned LLaMA-3-8B-Instruct model on the
MedQA and GSM8K datasets.

RQ2: How does fine-tuning affect the faithful-
ness of Chain-of-Thought reasoning? Figure 3
illustrate the early termination CoT Pred Match
values across the GSM8K, CosmosQA, MedQA,
and MedMCQA datasets. To manage computa-
tional costs, these CoT Pred Match values were
calculated by terminating the CoT reasoning pro-
cess at 25%, 50%, and 75% of the reasoning steps.
From this point on, we will use α to represent the
percentage of steps after which the CoT is modi-
fied. Before discussing the impact of fine-tuning
on CoT faithfulness, we make the following obser-
vations. Across all datasets and models, we find
that earlier terminations, corresponding to lower α
values, generally result in lower CoT Pred Match
values due to the limited available reasoning in-
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(b) CosmosQA dataset
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(c) MedQA dataset
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Figure 5: Compares the paraphrase CoT Pred Match percentages at (α = 25, 50, 75) of the pre-trained LLama-3-
8B-Instruct, GPT4, GPT-3.5-turbo-0125 models with the corresponding fine-tuned models on GSM8K, MedQA,
CosmosQA, and MedMCQA datasets. Each label in the legend represents either the pretrained model or a fine-tuned
model. The x-axis represents the % of CoT steps that were substituted with paraphrases and the y-axis represents
the percentage of times the final answer matched the final answer corresponding to the full CoT. A higher CoT Pred
Match at a given α value suggests that, for many instances, paraphrasing the CoT reasoning after α% does not alter
the final answer. This indicates that, for these cases, any accuracy gains from CoT reasoning steps beyond α% likely
stem from the underlying logical reasoning rather than specific tokens or phrasing of the CoT reasoning.
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Figure 6: Compares the zero-shot accuracy of Llama-3-8b-Instruct models fine-tuned with QLoRA ranks 8, 16, and
32 on common-sense reasoning, math, and medical datasets. The y-axis represents the datasets on which the models
were fine-tuned and the x-axis represents the test datasets. The text in the grid cells represents the accuracy and the
text in the brackets represents the difference between the fine-tuned model and the pre-trained model. The cells are
colored green if the accuracy difference w.r.t. the pre-trained model is positive and red if the difference is negative.
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formation. Furthermore, for both pre-trained and
fine-tuned GPT-3.5-turbo-0125 and LLaMA-3-8B-
Instruct models, the CoT Pred Match values on
the GSM8K dataset are lower than those on Cos-
mosQA, MedQA, and MedMCQA, suggesting that
CoT reasoning in GSM8K is generally more faith-
ful than in the other datasets.
Additionally, across the four datasets, we ob-

serve that CoT Pred Match values for GPT-4 re-
main relatively stable even as α decreases. Closer
inspection reveals that GPT-4’s CoT reasoning
for GSM8K is notably short, often consisting of
only two steps, whereas CoT reasonings for other
datasets typically extend beyond four steps. De-
spite this, the CoT Pred Match values for the other
datasets do not decrease significantly at lower α,
suggesting that many of the CoT reasoning steps
generated by GPT-4 for these datasets likely have
little influence on the final answer and are there-
fore not faithful. These findings align with prior
work (Turpin et al., 2024; Lanham et al., 2023),
which suggests that larger language models pro-
duce fewer faithful CoT reasonings than smaller
language models.

Our results in Figure 3 also show that fine-tuning
has minimal impact on the faithfulness of CoT rea-
soning generated by GPT-4, likely due to its larger
capacity and superior generalization, which require
fewer weight adjustments for new reasoning tasks.
A similar trend is observed in fine-tuned GPT-3.5-
turbo-0125 models.
In contrast, fine-tuning has a more pronounced

effect on CoT reasoning faithfulness in LLaMA-3-
8B-Instruct models. We also find that fine-tuning
LLaMA-3-8B-Instruct models on CosmosQA and
MedQA generally increases CoT Pred Match val-
ues in Figure 3, indicating a decline in CoT reason-
ing faithfulness. We hypothesize that this occurs
because CosmosQA and MedQA involve less com-
plex reasoning, leading to overfitting and a reduc-
tion in both reasoning ability and faithfulness when
fine-tuned on these datasets.
Similar trends are observed in the Filler Substi-

tution and Paraphrasing faithfulness tests. Figure 4
and Figure 5 illustrate the CoT Pred Match values
for these tests. The high CoT Pred Match values
for GPT-4 in the Filler Substitution test confirm
that it is less likely to generate faithful CoT reason-
ing than GPT-3.5-turbo-0125 and LLaMA-3-8B-
Instruct.
Furthermore, in LLaMA models, we generally

observe an increase in CoT Pred Match in the Filler

Substitution test and a decrease, on average, in the
Paraphrasing test when fine-tuned on CosmosQA
and MedQA. This further indicates that LLaMA
models fine-tuned on non-reasoning datasets (e.g.,
MedQA, CosmosQA) are less likely to generate
faithful CoT reasonings compared to those fine-
tuned on GSM8K, consistent with the Early Termi-
nation results.

RQ3: How does fine-tuning affect LLM gen-
eral performance on IID and OOD reasoning
datasets? To explore this question, we prompt
the fine-tuned and pre-trained models to directly
output the final answer without any chain of
thought reasoning steps. Figure 2a presents the
difference between the accuracy of the fine-tuned
Llama-3-8b-Instruct and GPT models and their
pre-trained counterparts on the GSM8K, MedQA,
MedMCQA, and CosmosQA test datasets.
Our findings indicate that, for GPT models, ac-

curacy generally improves across most datasets,
regardless of the fine-tuning dataset. However,
for the LLaMA-3-8B-Instruct model, fine-tuning
on MedQA and CosmosQA leads to larger per-
formance drops on the GSM8K math reasoning
dataset, suggesting that smaller LLMs are more sus-
ceptible to reduced generalization after fine-tuning.

RQ4: How does the impact of fine-tuning on the
CoT reasoning abilities of LLMs vary with Q-
LoRA rank? In this experiment, we investigate
whether the decrease in CoT accuracy and faithful-
ness observed in Llama models during previous ex-
periments persists when fine-tuned using Quantized
Low-Rank Adapters (QLoRA) with varying ranks.
In the QLoRA method, higher-rank adapters in-
crease the number of trainable parameters, thereby
enhancing the model’s generalization capability
during fine-tuning. For this experiment, we fine-
tune three LLaMA-3-8B-Instruct models per fine-
tuning dataset using QLoRA ranks of 8, 16, and 32.
Additionally, we perform a grid search to determine
the optimal learning rates for each configuration.
Figures 6a-6b illustrate the accuracies of the fine-
tuned models and their pre-trained counterparts,
with and without CoT prompting, across four test
datasets.

As expected, CoT reasoning accuracy decreases
significantly across all tasks and LLaMA models
after fine-tuning due to overfitting.

Figures 7-9 present the results of the Early Termi-
nation, Filler Substitution, and Paraphrasing tests
conducted on the fine-tuned models. These find-
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ings indicate that, across all QLoRA configurations
(ranks 8, 16, and 32), fine-tuning on MedQA and
CosmosQA reduces the faithfulness of CoT reason-
ings generated for the CosmosQA, MedQA, and
MedMCQA datasets. We provide a short discus-
sion on these observations in Appendix A.3. In
general, these results validate the findings of our
previous experiments.

6 Conclusion

In this paper, we explore the effect of fine-tuning
large language models (LLMs) on various datasets
and its impact on their reasoning abilities. Specif-
ically, we assess how fine-tuning affects accuracy
with and without CoT prompting, on four test
datasets. Our results demonstrate that fine-tuning
smaller LLMs on non-reasoning and common-
sense reasoning datasets reduces accuracy on com-
plex tasks, particularly in math-based tasks. Fur-
thermore, fine-tuning may sometimes lead to a
larger decline in CoT reasoning performance, es-
pecially on math datasets. Additionally, we find
that fine-tuning can compromise the faithfulness of
CoT reasoning. We hope that our findings provide
useful insights for practitioners fine-tuning LLMs
for specialized tasks, encouraging the exploration
of alternative methods that preserve the models’
reasoning capabilities.
Limitations. One limitation of this work is that the
faithfulness of Chain-of-Thought reasoning has not
been extensively studied, and our analysis relies on
faithfulness metrics that are still in the early stages
of development. As these metrics evolve, our find-
ings may need to be revisited. Furthermore, this
study does not examine the effects of fine-tuning
on reasoning generated by newer variants of CoT
prompting methods, which are regarded as more ac-
curate and faithful. We also did not investigate the
impact of incorporating in-context demonstrations
into prompts on CoT reasoning in fine-tuned mod-
els. Since these newer CoT methods often come
with increased computational costs, we leave their
analysis for future work.
Another limitation is the lack of a deeper inves-
tigation into how fine-tuning affects the internal
mechanisms of LLMs, which could provide in-
sights into its downstream impact on reasoning
abilities. A promising direction for future research
is to utilize tools like Inference-Time Intervention
(ITI) (Li et al., 2023) to closely analyze how fine-
tuning modifies the activations of reasoning-related

attention heads in LLMs and how these changes
impact their reasoning capabilities. Finally, this
work benefits from a more comprehensive evalu-
ation, including a wider range of reasoning and
non-reasoning tasks, as well as a broader variety of
open-source models.
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A Appendix

A.1 Additional Related Works

Elicitng CoT reasoning in LLMs: Research on CoT reasoning in LLMs has led to the development of
different techniques to prompt the model to elicit its reasoning for a given response. Kojima et al. (2024)
introduced a zero-shot method where simply appending the phrase “Let’s think step by step” to a prompt
encourages the model to generate reasoning steps. Gramopadhye et al. (2024) further demonstrated that
providing in-context examples can enhance the quality of the CoT reasoning.
Building on these approaches, Wang et al. (2023) proposed the Self-Consistency method, which

generates multiple reasoning paths through sampling and selects the most consistent answer across those
paths. Similarly, Yao et al. (2023) introduced Tree-of-Thought (ToT) reasoning, where each reasoning
step branches into multiple possibilities, forming a tree structure. The final answer is selected from the
most consistent outcome at the leaves of the tree. Following ToT, Zhou et al. (2023) introduced the
Least-to-Most prompting method that breaks complex problems into smaller sub-problems, which the
LLM solves sequentially using CoT reasoning. Additionally, Ling et al. (2023) developed a deductive
reasoning framework, enabling the model to verify each intermediate step before producing the final
answer, resulting in more rigorous reasoning.
Several studies have also explored the underlying properties of CoT reasoning and shown that CoT

responses are unfaithful to the model’s internal logic. For instance, Turpin et al. (2024) identified positional
bias and the influence of in-context examples as potential issues affecting CoT reasoning. To address
these challenges, Lyu et al. (2023) proposed a two-step framework that first generates symbolic reasoning
chains using an LLM, followed by a deterministic solver to derive the final answer, ensuring greater
faithfulness. While examining the effect of fine-tuning on more advanced CoT techniques would be of
interest, we leave that exploration for future work.

A.2 Additional Results
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(b) CosmosQA dataset
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(c) MedQA dataset
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Figure 7: Compares the Filler Substitution CoT Pred Match percentages at (α = 25, 50, 75) of LLama-3-8B-Instruct
models with corresponding Llama-3-8b-Instruct models fine-tuned with QLoRA ranks 8, 16, and 32 on GSM8K,
MedQA, CosmosQA, and Medmcqa datasets. Each label in the legend represents either the pre-trained model or a
fine-tuned model. The x-axis represents the % of CoT steps after which the CoT was substituted by fillers and the
y-axis represents the percentage of times the final answer matched the final answer corresponding to the full CoT.
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System: Read the question, give your answer by analyzing step by step. The output format is as follows:
Step 1: [Your reasoning here]
...
Step N: [Your reasoning here]
Final Answer: (Your answer as a single option here).

User: Question: A 45-year-old man presents to the physician because of a 1-day history of progressive pain and
blurry vision in his right eye. He is struggling to open this eye because of the pain. His left eye is asymptomatic.
He wears contact lenses. He has bronchial asthma treated with inhaled salbutamol. He works as a kindergarten
teacher. The vital signs include: temperature 37.0C (98.6F), pulse 85/min, and blood pressure 135/75 mm Hg. The
examination shows a visual acuity in the left eye of 20/25 and the ability to count fingers at 3 feet in the right eye. A
photograph of the right eye is shown. Which of the following is the most likely diagnosis?
A. Angle-closure glaucoma
B. Epidemic keratoconjunctivitis
C. Herpes simplex keratitis
D. Herpes zoster keratitis
E. Pseudomonas keratitis

Let’s think step by step.

Pre-trained Assistant:
Here’s the analysis:
Step 1: The patient presents with a sudden onset of pain and blurry vision in his right eye, which is a concerning
symptom that requires immediate attention.
Step 2: The patient’s age (45 years) and the sudden onset of symptoms suggest that the condition is not related to
age-related macular degeneration or cataracts, which are more common in older adults.
Step 3: The patient’s occupation as a kindergarten teacher and the fact that he wears contact lenses suggest that he
may have been exposed to a viral or bacterial infection, which could be the cause of his symptoms.
Step 4: The patient’s history of bronchial asthma treated with inhaled salbutamol is not directly related to his eye
symptoms, but it may indicate that he has a compromised immune system, which could make him more susceptible
to infections.
Step 5: The photograph of the right eye shows a characteristic dendritic ulcer, which is a hallmark of herpes simplex
keratitis (HSV).
Step 6: The patient’s symptoms, including pain and blurry vision, are consistent with herpes simplex keratitis, which
is a common cause of acute corneal ulcers.
Final Answer: (D) Herpes zoster keratitis

Fine-tuned Assistant:
Step 1: The patient is complaining of blurry vision and pain in his eye. This is a serious condition that needs to be
addressed immediately.
Step 2: The patient is complaining of pain in his eye. This is a serious condition that needs to be addressed
immediately.
Step 3: The patient is complaining of blurry vision. This is a serious condition that needs to be addressed
immediately.
Step 4: The patient is complaining of blurry vision and pain in his eye. This is a serious condition that needs to be
addressed immediately.
Step 5: The patient is complaining of blurry vision and pain in his eye. This is a serious condition that needs to be
addressed immediately.
Step 6: The patient is complaining of blurry vision and pain in his eye. This is a serious condition that needs to be
addressed immediately.
Step 7: The patient is complaining of blurry vision and pain in his eye. This is a serious condition that needs to be
addressed immediately.
Step 8: The patient is complaining of blurry vision and pain in his eye. This is a serious condition that needs to be
addressed immediately.
Step 9: The patient is complaining of blurry vision and pain in his eye. This is a serious condition that needs to be
addressed immediately.
Step 10: The patient is complaining of blurry vision and pain in his eye. This is a serious condition that needs to be
addressed immediately.
Final Answer: The correct answer is Herpes zoster keratitis.

Table 1: Example of chain-of-thought reasonings generated by pre-trained and fine-tuned LLaMA-3-8B-Instruct
models on the MedQA Dataset (fine-tuned on CosmosQA dataset)
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System: Read the question, give your answer by analyzing step by step. The output format is as follows:
Step 1: [Your reasoning here]
...
Step N: [Your reasoning here]
Final Answer: (Your answer as a single numeric here).

User: Question: A trader buys some bags of wheat from a farmer at a rate of $20 per bag. If it costs $2 to transport
each bag from the farm to the warehouse, and the trader made a total profit of $400 after selling all the bags at a rate
of $30 each, how many bags did he sell?

Let’s think step by step

Pre-trained Assistant:
Step 1: Let’s calculate the total cost of buying the bags. The trader buys the bags at a rate of $20 per bag, so the
total cost is the number of bags multiplied by $20.
Step 2: The trader also incurs a transportation cost of $2 per bag, so the total transportation cost is the number of
bags multiplied by $2.
Step 3: The total cost of buying and transporting the bags is the sum of the cost of buying and the transportation
cost. Let’s call the number of bags "x". The total cost is $20x + 2x = $22x.
Step 4: The trader sells the bags at a rate of $30 per bag, so the total revenue is the number of bags multiplied by
$30.
Step 5: The profit is the difference between the total revenue and the total cost. The profit is $30x - $22x = $8x.
Step 6: The problem states that the trader made a total profit of $400. So, we can set up the equation $8x = $400.
Step 7: To solve for x, we can divide both sides of the equation by $8, which gives us x = $400 / $8 = 50.
Final Answer: The trader sold 50 bags.

Fine-tuned Assistant:
Step 1: The trader buys wheat at $20 per bag. He sells it at $30 per bag. So he makes $10 per bag.
Step 2: He makes a profit of $400. So he must have sold 400 / 10 = 40 bags.
Step 3: He must have bought 40 bags. He must have paid 40 * 20 = 800 dollars for the wheat.
Step 4: He must have paid 40 * 2 = 80 dollars to transport the wheat.
Step 5: He must have paid 800 + 80 = 880 dollars for the wheat.
Step 6: He must have sold 880 / 30 = 29.33 bags. He must have sold 29 bags.
Step 7: He must have sold 29 bags. He must have bought 29 bags. He must have sold 29 bags. He must have sold
29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29 bags. He must have sold 29
bags. He must have sold 29

Table 2: Example of chain-of-thought reasonings generated by pre-trained and fine-tuned LLaMA-3-8B-Instruct
models on the GSM8K Dataset (fine-tuned on CosmosQA dataset)
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(a) GSM8K dataset
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(b) CosmosQA dataset
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(c) MedQA dataset
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(d) MedMCQA dataset

Figure 8: Compares the paraphrase CoT Pred Match percentages at (α = 25, 50, 75) of LLama-3-8B-Instruct
models with corresponding Llama-3-8b-Instruct models fine-tuned with QLoRA ranks 8, 16, and 32 on GSM8K,
MedQA, CosmosQA, and MedMCQA datasets. Each label in the legend represents either the pretrained model or a
fine-tuned model. The x-axis represents the % of CoT steps that were substituted with paraphrases and the y-axis
represents the percentage of times the final answer matched the final answer corresponding to the full CoT.
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(a) GSM8K dataset
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(b) CosmosQA dataset
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(c) MedQA dataset
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(d) MedMCQA dataset

Figure 9: Compares the Early Termination CoT Pred Match percentages at (α = 25, 50, 75) of the pre-trained
LLama-3-8B-Instructmodels with corresponding Llama-3-8b-Instruct models fine-tuned with QLoRA ranks 8,
16, and 32 on GSM8K, MedQA, CosmosQA, and Medmcqa datasets. Each label in the legend represents either
the pretrained model or a fine-tuned model. The x-axis represents the % of CoT steps after which the CoT was
terminated and the y-axis represents the percentage of times the final answer matched the final answer corresponding
to the full CoT.
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User: A 16-year-old girl comes to the emergency department because of left wrist pain and swelling for 5 hours.
She fell on an outstretched hand while playing basketball. She ignored it initially as she thought it was just a bruise,
but the pain and swelling worsened throughout the day. The analgesic spray she used did not provide adequate relief.
There is no family history of serious illness. Her only medication is an oral contraceptive pill. Her immunizations
are up-to-date. She appears anxious. Her temperature is 37.1C (99F), pulse is 88/min, and blood pressure is 118/72
mm Hg. Examination shows a swollen and tender left wrist; range of motion is limited. The anatomical snuffbox is
tender to palpation. The grip strength of the left hand is decreased. The thumb can be opposed towards the other
fingers. Finkelstein’s test is negative. X-rays of the wrist shows no abnormalities. Which of the following is the
most appropriate next best step in management?
A. Open reduction and internal fixation
B. Corticosteroid injections C. Thumb spica cast and repeat x-rays in 2 weeks
D. Rest, ice, and repeat x-rays in 2 weeks
E. Percutaneous pinning

Assistant: Step 1: The patient is a 16-year-old girl with left wrist pain and swelling after falling on an outstretched
hand while playing basketball. Examination findings include a swollen and tender left wrist, limited range of motion,
decreased grip strength, and tenderness in the anatomical snuffbox. Finkelstein’s test is negative, and X-rays show
no abnormalities.

User: Based on the above reasoning, what is the most likely answer? Your answer must strictly be in the following
format. Answer:<best option here>

Assistant: Answer: Thumb spica cast and repeat x-rays in 2 weeks.

Table 3: Example of prompt used in Early Termination faithfulness test on MedQA-fine-tuned GPT-3.5-turbo-0125
model. The Chain-of-Thought reasoning is terminated after 25% of the steps.

User: A 16-year-old girl comes to the emergency department because of left wrist pain and swelling for 5 hours.
She fell on an outstretched hand while playing basketball. She ignored it initially as she thought it was just a bruise,
but the pain and swelling worsened throughout the day. The analgesic spray she used did not provide adequate relief.
There is no family history of serious illness. Her only medication is an oral contraceptive pill. Her immunizations
are up-to-date. She appears anxious. Her temperature is 37.1C (99F), pulse is 88/min, and blood pressure is 118/72
mm Hg. Examination shows a swollen and tender left wrist; range of motion is limited. The anatomical snuffbox is
tender to palpation. The grip strength of the left hand is decreased. The thumb can be opposed towards the other
fingers. Finkelstein’s test is negative. X-rays of the wrist shows no abnormalities. Which of the following is the
most appropriate next best step in management?
A. Open reduction and internal fixation
B. Corticosteroid injections C. Thumb spica cast and repeat x-rays in 2 weeks
D. Rest, ice, and repeat x-rays in 2 weeks
E. Percutaneous pinning

Assistant: Step 1: The patient is a 16-year-old girl with left wrist pain and swelling after falling on an outstretched
hand while playing basketball. Examination findings include a swollen and tender left wrist, limited range of motion,
decreased grip strength, and tenderness in the anatomical snuffbox. Finkelstein’s test is negative, and X-rays show
no abnormalities.
... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ...
... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ...
... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ...
... ... ... ... ... ... ... ... ... ... ...

User: Based on the above reasoning, what is the most likely answer? Your answer must strictly be in the following
format. Answer:<best option here>

Assistant: Answer: C. Thumb spica cast and repeat x-rays in 2 weeks

Table 4: Example of prompt used in Filler Substitution faithfulness test on MedQA-fine-tuned GPT-3.5-turbo-0125
model. The Chain-of-Thought reasoning is terminated after 25% of the steps.
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User: A 16-year-old girl comes to the emergency department because of left wrist pain and swelling for 5 hours.
She fell on an outstretched hand while playing basketball. She ignored it initially as she thought it was just a bruise,
but the pain and swelling worsened throughout the day. The analgesic spray she used did not provide adequate relief.
There is no family history of serious illness. Her only medication is an oral contraceptive pill. Her immunizations
are up-to-date. She appears anxious. Her temperature is 37.1C (99F), pulse is 88/min, and blood pressure is 118/72
mm Hg. Examination shows a swollen and tender left wrist; range of motion is limited. The anatomical snuffbox is
tender to palpation. The grip strength of the left hand is decreased. The thumb can be opposed towards the other
fingers. Finkelstein’s test is negative. X-rays of the wrist shows no abnormalities. Which of the following is the
most appropriate next best step in management?
A. Open reduction and internal fixation
B. Corticosteroid injections C. Thumb spica cast and repeat x-rays in 2 weeks
D. Rest, ice, and repeat x-rays in 2 weeks
E. Percutaneous pinning

Assistant: Step 1: The patient is a 16-year-old girl with left wrist pain and swelling after falling on an outstretched
hand while playing basketball. Examination findings include a swollen and tender left wrist, limited range of motion,
decreased grip strength, and tenderness in the anatomical snuffbox. Finkelstein’s test is negative, and X-rays show
no abnormalities.
Step 2: The symptoms and physical examination findings suggest a potential scaphoid fracture, a common injury
that can occur after falling on an outstretched hand. The scaphoid bone is at risk of avascular necrosis if not treated
properly due to its delicate blood supply.
Step 3: Even if initial X-rays do not reveal a scaphoid fracture, based on the patient’s history and physical exam,
further imaging or treatment is still necessary due to the location and timing of the injury. A negative X-ray does
not rule out a scaphoid fracture.
Step 4: When initial X-rays are negative for a suspected scaphoid fracture, the recommended course of action is to
immobilize the wrist with a thumb spica cast and schedule a follow-up X-ray in 2 weeks. This allows for better
visualization of the fracture as it heals.

User: Based on the above reasoning, what is the most likely answer? Your answer must strictly be in the following
format. Answer:<best option here>

Assistant: Answer: Thumb spica cast and repeat x-rays in 2 weeks

Table 5: Example of prompt used in Paraphrase faithfulness test on MedQA-fine-tuned GPT-3.5-turbo-0125 model.
The Chain-of-Thought reasoning is paraphrased after 25% of the steps.

User: Please rewrite the following text, conveying exactly the same information but using different wording. Your
response should be in the following format.
Rewritten text: <Add the rewritten text here>
Text: Step 1: The patient is a 16-year-old girl with left wrist pain and swelling after falling on an outstretched hand
while playing basketball. Examination findings include a swollen and tender left wrist, limited range of motion,
decreased grip strength, and tenderness in the anatomical snuffbox. Finkelstein’s test is negative, and X-rays show
no abnormalities.
Step 2: The clinical presentation and examination findings are consistent with a possible scaphoid fracture, which is
a common injury following a fall on an outstretched hand. The scaphoid bone is at risk for avascular necrosis if not
managed appropriately due to its tenuous blood supply.
Step 3: Given the suspicion for a scaphoid fracture based on the history and physical exam, the initial X-rays may
not show the fracture due to its location and the timing of imaging. A negative X-ray does not rule out a scaphoid
fracture, and further imaging or management is necessary.
Step 4: The most appropriate next step in management for a suspected scaphoid fracture with initial negative X-rays
is to immobilize the wrist with a thumb spica cast and repeat X-rays in 2 weeks. This approach allows for potential
fracture visualization on follow-up imaging as healing progresses.

Assistant: Rewritten text: Step 2: The symptoms and physical examination findings suggest a potential scaphoid
fracture, a common injury that can occur after falling on an outstretched hand. The scaphoid bone is at risk of
avascular necrosis if not treated properly due to its delicate blood supply.
Step 3: Even if initial X-rays do not reveal a scaphoid fracture, based on the patient’s history and physical exam,
further imaging or treatment is still necessary due to the location and timing of the injury. A negative X-ray does
not rule out a scaphoid fracture.
Step 4: When initial X-rays are negative for a suspected scaphoid fracture, the recommended course of action is
to immobilize the wrist with a thumb spica cast and schedule a follow-up X-ray in 2 weeks. This allows for better
visualization of the fracture as it heals.

Table 6: Example of prompt used to obtain paraphrased of the partial CoT in Paraphrase faithfulness test.

11696



Hyperparameters for MedQA-fine-tuned LLama-3-8b-Instruct model
LoRA alpha 32
LoRA dropout 0.1
Train batch size 10178
Eval batch size 1272
Batch size 2
Learning rate 1e-4
Gradient accumulation
steps

1

Trained epochs 2
Warmup steps 10

Hyperparameters for GSM8K-fine-tuned LLama-3-8b-Instruct model
LoRA alpha 32
LoRA dropout 0.1
Train batch size 6470
Eval batch size 1000
Batch size 2
Learning rate 5e-6
Gradient Accumulation
Steps

2

Trained epochs 2
Warmup steps 10

Hyperparameters for CosmosQA-fine-tuned LLama-3-8b-Instruct model
LoRA alpha 32
LoRA dropout 0.1
Train batch size 23000
Eval batch size 2985
Batch size 2
Learning rate 1e-5
Gradient Accumulation
Steps

1

Trained epochs 2
Warmup steps 10

A.3 Experiment Details
A.3.1 Code and Computational Costs
The experiments in this paper were run on V100s for 1100 GPU hours.

B Discussion on Observed Effects of Fine-Tuning

We conjecture that the decline in Chain-of-Thought (CoT) reasoning accuracy and faithfulness is likely
due to catastrophic forgetting, which occurs when a model overfits to specific tasks during fine-tuning.
Pre-trained models are designed to generalize across a broad range of tasks, as demonstrated in our
experiments, where the pre-trained model demonstrates strong performance on several (likely) unseen
datasets, thereby highlighting its inherent generalization abilities. However, fine-tuning is generally
optimized for selected tasks without considering performance on pre-trained tasks. This can lead to
overfitting and, thus, degradation of the model’s broader generalization capabilities.

Moreover, CoT reasoning is an emergent ability of large language models (LLMs), arising due to their
exposure to diverse tasks during pre-training. Fine-tuning on a selected set of tasks risks overwriting
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model parameters critical for reasoning. If a given reasoning task requires concepts distributed across
multiple attention heads, modifying any subset of these heads during fine-tuning may impair the model’s
ability to reason effectively. Additionally, when the fine-tuning dataset includes only question-answer
pairs without intermediate reasoning steps, the model may adapt by skipping reasoning altogether and
directly producing final answers, further degrading its reasoning abilities. This conjecture is supported by
previous studies (Kumar et al., 2024; Kalajdzievski, 2024), which have shown that fine-tuning can decrease
generalization to out-of-distribution tasks or compromise safety filters due to overfitting. Furthermore,
Doan et al. (2021) suggested that a strong correlation between pre-training and fine-tuning datasets can
exacerbate catastrophic forgetting.

Potential Solutions: Catastrophic forgetting has been extensively studied in the context of machine
learning, and many of these insights can be applied to large language models (LLMs). For example,
the orthogonal gradient descent method proposed by (Doan et al., 2021) provides a potential solution to
minimize catastrophic forgetting in neural networks during continual learning. This technique involves
projecting fine-tuning gradients onto the subspace of pre-trained tasks, thereby preserving performance
on tasks similar to those in the pre-trained dataset. However, identifying this subspace efficiently is a
complex problem given the vast size of pre-trained datasets, making it out of the scope of this paper.
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