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Abstract—Modern instruction-tuned large language models
(LLMs) have made remarkable progress in code generation.
However, these LLMs fine-tuned with standard supervised fine-
tuning (SFT) sometimes generate plausible-looking but func-
tionally incorrect code variants. This issue likely stems from
the limitation of standard SFT, which treats all tokens equally
during optimization and fails to emphasize the error-sensitive
segments—specific code differences between correct implemen-
tations and similar incorrect variants. To address this problem,
we propose Fault-Guided Fine-Tuning (FGIT), a novel fine-
tuning technique that enhances LLMs’ code generation by (1) ex-
tracting multi-granularity (line/token-level) differences between
correct and incorrect yet similar implementations to identify
error-sensitive segments, and (2) dynamically prioritizing those
segments during training via dynamic loss weighting. Through
extensive experiments on seven LLMs across three widely-used
benchmarks, our method achieves an average relative improve-
ment of 6.9% on pass@1, with some enhanced 6.7B LLMs outper-
forming closed-source models, e.g., GPT-3.5-Turbo. Furthermore,
our fine-tuning technique demonstrates strong generalization
with performance improvements ranging from 3.8% to 19.1%
across diverse instruction-tuned LLMs, and our ablation studies
confirm the contributions of different granularities of differences
and hyperparameters.

Index Terms—Large Language Model, Code Generation, Soft-
ware Engineering

I. INTRODUCTION

Recently, fine-tuning LLMs using synthetic datasets gener-
ated by teacher models has emerged as a popular paradigm for
improving code generation capabilities [1]–[3]. This paradigm
uses teacher models to generate high-quality instruction-
response pairs and construct a dataset. These datasets are then
used to fine-tune student models with standard SFT method,
which uses instructions to guide LLMs to generate outputs
matching reference responses by minimizing cross-entropy
loss uniformly across all tokens.

Although these LLMs fine-tuned with standard SFT achieve
impressive performance on code generation benchmarks [4]–
[7], such as HumanEval [8], they sometimes generate
plausible-looking but incorrect code variants [9], [10]. For
example, Llama-3.1-70B-Instruct [11], a model fine-tuned
from Llama-3.1-70B using standard SFT, is capable of solving
82.3% of the problems in HumanEval. However, our analysis
shows that 34.5% of its failed cases are largely correct and
require modifications in only three or fewer locations to be
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def is_palindrome(text: str):
  text = text.strip()
  return text == text[::-1]

def is_palindrome(text: str):
  text = text.strip().lower()
  return text == text[::-1]

×

Checks if given string is a palindrome
>>> is_palindrome('aba')
TrueQuestion

Response

def get_closest_vowel(word):
  vowels = 'aeiouAEIOU'
  for i in range(len(word) - 2, 0, -1):
    if word[i] in vowels and word[i - 1] not 
in vowels and word[i + 1] not in vowels:
      return word[i]
  return ""

def get_closest_vowel(word):
  vowels = 'aeiouAEIOU'
  for i in range(len(word) - 1, 0, -1):
    if word[i] in vowels and word[i-1] not in 
vowels and word[i+1] not in vowels:
      return word[i]
  return ""

"""You are given a word. Your task is to find the 
closest vowel that stands between two consonants 
from the right side of the word (case sensitive). 
Vowels in the beginning and ending doesn't count. 
Return empty string if you didn't find any vowel 
met the above condition. You may assume that the 
given string contains English letter only."""

LLM With 
Standard SFT

Problem

Answer

×

def prod_signs(arr):
  sign_product, magnitude_sum = 1, 0
  for num in arr:
    if num == 0:
      sign_product = 0
      break 
    elif num < 0:
      sign_product *= -1
    magnitude_sum += abs(num)
  return sign_product * magnitude_sum

def prod_signs(arr):
  sign_product, magnitude_sum = 1, 0
  for num in arr:
    if num < 0:
      sign_product *= -1
    magnitude_sum += abs(num)
  return sign_product * magnitude_sum

Returns sum of magnitudes multiplied by product 
of signs. Signs are represented as: positive -> 1, 
negative -> -1, zero -> 0.

LLM With 
Standard SFT

Problem

Answer

Fig. 1: Llama-3.1-70B-Instruct sometimes makes mistakes in
error-sensitive segments in the outputs.

fixed. We conservatively classify these specific instances as
failures attributable to deviations in error-prone segments,
highlighting the prevalence of such errors in code generation.
As shown in Figure 1, in a task to calculate the product of signs
and the sum of magnitudes, although the LLM successfully
implements logic similar to the correct version—by correctly
handling negative numbers and summing magnitudes-it fails
to account for zero. We refer to such crucial differences
between correct implementations and similar incorrect variants
as error-sensitive segments. These error-sensitive segments act
as critical decision points in code generation, where even slight
deviations can determine the correctness of the output.

It is crucial to address these errors for code generation.
However, standard SFT [12] often overlooks this issue as it
does not specifically focus on these segments essential for cor-
rectness. Drawing inspiration from curriculum learning [13],
which involves training models by progressively moving from
easier to more challenging samples to build learning capa-
bilities, we propose Fault-Guided Fine-Tuning (FGIT). FGIT
is a supplementary fine-tuning technique designed to guide
instruction-tuned models to further focus their learning on
these error-sensitive segments, treating these segments as more
challenging samples in a targeted curriculum.

Implementing this approach involves two main challenges.
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The first challenge is to identify these error-sensitive seg-
ments. Systematically collecting large-scale datasets of fine-
grained coding errors from real-world scenarios, along with
their corresponding correct versions, is difficult. Furthermore,
existing instruction-tuning dataset construction methods pri-
marily focus on generating instruction-response pairs without
specifically considering these critical segments [14]. Consid-
ering traditional code mutation techniques [15], [16] are often
constrained by a limited set of predefined transformation rules
and may not generate diverse and semantically plausible incor-
rect variants, we develop a two-phase segment identification
component. First, we leverage a teacher model, which can
capture a wide range of diverse and semantically plausible
error patterns from its extensive code training data, with a
carefully designed prompt to generate multiple functionally
incorrect yet similar variants of the correct implementations
from the existing instruction tuning dataset. From these gener-
ated variants, we select the one with the most similarity to the
correct implementation and highlight the differences as error-
sensitive segments in this paper. We then annotate the tokens in
the segments through a multi-granularity method at both line
and token levels. Notably, this annotation is applied to both
the correct implementations and the selected incorrect variant.
The second challenge lies in guiding LLMs to focus on these
labeled segments during fine-tuning, as standard SFT treats all
tokens with equal importance regardless of their criticality. To
address this challenge, we adjust the loss of SFT to prioritize
the annotated error-sensitive tokens within correct implemen-
tations. Specifically, FGIT processes both correct and incorrect
implementations to discriminate the error-sensitive segments,
and computes loss based on correct code implementations.
Unlike standard SFT, which uniformly weights all tokens
during loss computation, we dynamically assign relatively
higher weights to those tokens in the correct implementation
that correspond to the error-sensitive segments. This methodol-
ogy enhances LLMs’ capability to discriminate error-sensitive
segments when solving programming tasks, thereby increasing
the likelihood of generating correct implementation details
while suppressing error-prone alternatives.

To implement our method, we construct a refined dataset de-
rived from the original instruction-tuning data. Each data point
consists of an instruction, its correct implementation from
the original dataset, and an LLM-generated similar incorrect
variant. We then develop a multi-granularity error-sensitive
segment extraction method and combine it with the refined
loss function to enhance LLM’s code generation capabilities.

We validate the effectiveness of the FGIT through exten-
sive experiments. Notably, through FGIT, the selected LLMs
achieve an average relative improvement of 6.9% on pass@1
across three representative code generation benchmarks (Hu-
manEval(+), MBPP(+), and BigCodeBench) [8], [17]–[19].
Among these LLMs, SemCoder-S [20] with 6.7B parameters
outperforms closed-source models like GPT-3.5-Turbo [21] on
HumanEval(+) and MBPP(+) benchmarks, and MagiCoderS-
DS with 6.7B parameters outperforms GPT-3.5-Turbo on
HumanEval(+). Our method also demonstrates strong gen-

eralization capabilities, showing performance improvements
ranging from 3.8% to 19.1% across multiple instruction-tuned
LLMs, including those trained on closed-source instruction
datasets. Moreover, our ablation experiments on FGIT confirm
the contributions of different granularities of differences and
hyperparameters.
We summarize our contributions as follows.

• To the best of our knowledge, we are the first to in-
vestigate how to enhance LLMs’ understanding of error-
sensitive segments by refining the SFT process to improve
LLMs’ code generation capabilities.

• We propose a novel framework, Fault-Guided Fine-
Tuning (FGIT), to effectively guide LLMs to focus on
error-prone parts in code. This is achieved by (1) extract-
ing multi-granularity code differences (token-/line-level)
to identify error-sensitive segments, and (2) refining SFT
to dynamically assign higher weights to these parts during
the training process.

• Through extensive experiments across seven LLMs
and three widely-used code generation benchmarks, we
demonstrate the effectiveness and generalizability of our
approach in effectively boosting LLMs’ code generation
performance compared to baseline methods.

II. APPROACH

Figure 2 illustrates the overview of FGIT. This approach
takes as input an instruction-tuned LLM and its corresponding
instruction-tuning dataset, and outputs an enhanced LLM with
improved code generation capabilities that can better discrim-
inate error-sensitive segments. It first augments the dataset
by generating similar yet incorrect implementations for each
correct response. Then, it identifies error-sensitive segments
between the paired implementations and calculates weights
for tokens in the correct implementations that differ from the
incorrect variants. During fine-tuning, it only computes loss
on the correct implementations, with higher weights assigned
to tokens in error-sensitive segments, producing an LLM that
can better discriminate these error-sensitive segments. The
methodology consists of two key components:

1) Error-Sensitive Segments Identification: This component
creates a refined dataset of paired correct and similar
yet wrong code samples from the original dataset, and
processes code differences at multiple granularities to
identify error-sensitive segments.

2) Dynamic Importance Reweighting: This component
strategically reweights token weights in the loss function
to prioritize discriminative elements in correct imple-
mentations, building upon the identified error-sensitive
segments. This dynamic weighting method enhances the
LLM’s attention to the key implementation details in
correct code, effectively teaching it to distinguish between
valid solutions and their similar yet incorrect counter-
parts, ultimately improving code generation capabilities.

The two components work together to fine-tune LLMs to
distinguish between correct implementations and similar yet
incorrect alternatives, thereby improving performance.
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…

Output every individual component from the 
subsequent numerical array, putting them in 
a sequence from maximum to minimum.[4, 2, 
6, 8, 5, 9]

array = [4, 2, 6, 8, 5, 9]

sorted_array = sorted(array, reverse=True)

for elem in sorted_array:

  print(elem)

Instruction

Response

Teacher 
LLM

Prompt

array = [4, 2, 6, 8, 5, 9]

sorted_array = sorted(array)

for elem in sorted_array:

  print(elem)

Bad Response

Line Level Information

Content: "sorted_array = sorted(array)"
Line number: 2
Type: Removed
Content: "sorted_array = sorted(array,"
reverse=True)
Line number: 2
Type: Added

Token Level Information

Content:", reverse=True)"
Corret_Index_Range: 55-69
Bad_Index_Range: None
Type: Insert

Post-change

Pre-change Tokenizer

Instruction

Probabilities of 
Hybrid Level Vector 

Probabilities of Bad 
Response Tokens

Student 
LLM

… …

…

Hybrid Level Vector 
Of Response

Hybrid Level Vector Of 
Bad Response

Probabilities of 
Hybrid Level Vector 

…
… …

Probabilities of 
Response Tokens

1) Error-Sensitive Segment Identification 2) Dynamic Importance Reweighting

Instruction Tuning Dataset

Importance 
Weight

Parameter
Update

Most-Similar

Fig. 2: The overview of FGIT, taking one sample for explanation.

Generate an incorrect response based on the provided 
question and original answer. Your response should be 
similar to the original answer while introducing subtle but 
meaningful errors. Do not explicitly state, explain the errors 
introduced. Present your output in markdown format. 
Question:
```text
{Instruction}
```
Original answer:
{Response}

Fig. 3: The prompt for generating similar yet incorrect re-
sponse.

A. Error-Sensitive Segments Identification

The input to this component is the instruction-tuning
dataset D = (ccorrect

i , ptarget
i )

N

i=1, where ptarget
i represents the

target problem description and ccorrect
i denotes the correct

implementation. The output is an enhanced dataset D =

(ccorrect
i , cincorrect

i , ptarget
i )

N

i=1 with error-sensitive segment infor-
mation, where cincorrect

i represents the corresponding similar but
incorrect implementation. To generate incorrect code variants,
we utilize a teacher LLM with a carefully designed prompt. We
choose an LLM-based approach over code mutation techniques
because teacher models, by leveraging error commonalities
learned from their extensive code corpora, offer better flexi-
bility in producing a diverse range of incorrect variants. The
prompt template is shown in Figure 3, which consists of two
parts. The first part defines the task for producing incorrect
responses corresponding to the target problem and answer,
specifying that outputs should be similar to correct solutions,
with responses constrained to markdown formatting for con-
sistent post-processing. The second part provides contextual
references to the target problem description and solution.

We generate multiple incorrect variants for each correct
implementation and select the one that is most similar to
the correct solution. To identify the most similar one, we
employ an embedding-based approach because embeddings

can capture semantic similarities that purely lexical compar-
isons might overlook. Specifically, we generate embeddings
with UnixCoder [22] for its deep understanding of code
structures and semantics derived from its diverse, large-scale
code corpora. We then extract the differences to identify error-
sensitive segments and process them at different granularity
levels to capture both line-level and token-level information.
Specifically, we designate cincorrect as the pre-change version
and ccorrect as the post-change version.

Line-Level Differences. We align ccorrect
i and cincorrect

i line-by-
line using Python’s difflib library. For each line, it assigns
a flag indicating whether it should be deleted (-), added (+),
or remain unchanged. We extract the lines marked for deletion
from cincorrect and those marked for addition from ccorrect.

Let Lc and La denote the number of code lines in the correct
code ccorrect and incorrect code cincorrect, respectively. Based on
these extracted lines, we construct the line-level boolean mask
vectors V c

line and V a
line for ccorrect and cincorrect as follows:

V c
line = [vc1, v

c
2, . . . , v

c
Lc

],where vci = I(lineci is added)
V a

line = [va1 , v
a
2 , . . . , v

a
La

],where vaj = I(lineaj is deleted)

where I(·) is the indicator function that outputs 1 if the
condition is true and 0 otherwise.

Token-Level Differences. We utilize the Levenshtein distance
algorithm [23] to identify character-level change information
between cincorrect and ccorrect. The Levenshtein distance algo-
rithm, also known as the edit distance algorithm, quantifies the
minimum number of single-character operations (insertions,
deletions, or substitutions) required to transform one string
into another. We identify the characters that need to be edited
to transform the original string (cincorrect

i ) into the modified
version (ccorrect), and record their positions accordingly. For
instance, if a character operation is an insertion, we record its
position in ccorrect, as shown in Figure 2. Given that the LLM’s
embedding layer is tightly coupled with the LLM’s tokenizer
vocabulary, we map these character-level differences to tokens
using the LLM’s tokenizer. When character modifications span
multiple tokens, all affected tokens are marked.
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Let Tc and Ta denote the number of tokens in ccorrect and
cincorrect. We construct token-level boolean mask vectors V c

token
and V a

token for ccorrect and cincorrect as follows:

V c
token = [wc

1, . . . , w
c
Tc
], wc

k = I(tokenc
k is added)

V a
token = [wa

1 , . . . , w
a
Ta

], wa
ℓ = I(tokena

ℓ is deleted)

Hybrid Level Vectors. To create comprehensive representa-
tions of error-sensitive segments, we combine line-level and
token-level masks. However, these two types of masks operate
at different granularities and cannot be directly combined.
To get line-level masks with token-level granularity, we first
initialize a new token-level mask vector with all zeros, corre-
sponding to the total number of tokens in the code. Then,
for each line in the original code, all tokens belonging to
that line are assigned the line’s mask value (1 if the line is
marked, 0 if it is unmarked) in this new token-level mask. This
process yields the token-level representations V c

line-to-token and
V a

line-to-token when applied to V c
line and V a

line respectively. We then
use an element-wise addition operation to combine Vline-to-token
and Vtoken, as follows:

V c
hybrid = V c

line-to-token + V c
token

V a
hybrid = V a

line-to-token + V a
token

These hybrid vectors precisely identify error-sensitive seg-
ments at multiple granularities, highlighting critical differences
between correct and incorrect implementations. Noted that
changed tokens must appear in changed lines, our hybrid
representation naturally creates a priority system: 1) tokens
that are both in changed lines and are themselves changed
will have a value of 2 in the hybrid vector; 2) tokens that
are only in changed lines but not directly changed will have
a value of 1. This provides a more comprehensive view than
either granularity alone, with higher values indicating more
critical tokens.

B. Dynamic Importance Reweighting

With the identified error-sensitive segments, we now refine
the SFT process to prioritize these critical differences. Based
on the constructed dataset D = {(ccorrect

i , cincorrect
i , ptargeti )}Ni=1,

the standard SFT loss is computed as:

LSFT = − 1

n

N∑
i=1

Tc∑
j=1

logP (ccorrect
i,j |ptargeti , ccorrect

i,1:j−1) (1)

where N denotes the number of samples in a batch. Notably,
the standard SFT loss function treats all tokens equally.

In contrast, FGIT introduces dynamic token-level weights
W = w1, w2, ..., wj emphasize error-sensitive segments:

LFault = − 1

n

N∑
i=1

Tc∑
j=1

wj · logP (ccorrect
i,j |ptargeti , ccorrect

i,1:j−1) (2)

The weight W is computed as follows: Given input x = ptarget,
outputs yc = ccorrect and ya = cincorrect, we first obtain the
LLM’s prediction probabilities for both correct and incorrect
implementations given the same instruction:

P c = fθ(y
c
k | yc1:k−1, x) (3)

P a = fθ(y
a
l | ya1:l−1, x) (4)

where fθ represents the conditional probability function of the
LLM that computes the probability of the next token given the
input x and previous tokens. We then apply the hybrid-level
vectors to isolate probabilities for error-sensitive segments:

Hc = P c ⊙ V c
hybrid (5)

Ha = P a ⊙ V a
hybrid (6)

Where ⊙ denotes element-wise multiplication. Inspired by the
Bradley–Terry model [24], a pairwise comparison framework
widely used in ranking systems [25]–[27], we compute dy-
namic token weights W for differentiating tokens in error-
sensitive segments:

W = α − |H
c −Ha

Hc +Ha
|

where α is a hyperparameter controlling the weight range,
Hc denotes the mean probability of tokens in error-sensitive
segments in ccorrect

i , and Ha represents the corresponding value
for cincorrect. This formulation ensures that: (1) When the
mean probabilities Hc and Ha are close (indicating the LLM
struggles to distinguish the tokens between ccorrect and cincorrect),
the weights for differentiating tokens in ccorrect approach α,
thereby maximizing emphasis on error-sensitive segments. (2)
Conversely, when Hc and Ha diverge significantly (demon-
strating the LLM can discriminate the differentiating tokens
in ccorrect and cincorrect), the weights diminish toward α − 1,
reducing emphasis. For tokens shared between ccorrect and
cincorrect, we assign fixed weights α − 1, ensuring the LLM
maintains baseline attention to shared elements while priori-
tizing discriminative features. To be noted that this dynamic
weight W is differentiable, as Hc and Ha are derived from
the model’s output probabilities for ccorrect and cincorrect within
the error-sensitive segments. Consequently, through gradient
updates, the optimization process reinforces ccorrect, also im-
plicitly steering the model away from generating cincorrect.

This dynamic weighting mechanism guides the LLM to
focus on challenging discriminative aspects of correct imple-
mentations, which can improve its code generation capability.

III. EXPERIMENTS SETUP

A. Benchmarks and Metrics

We conduct experiments on three widely used code genera-
tion benchmarks to demonstrate the superiority and generality
of FGIT. We use HumanEval(+), MBPP(+) [8], [17], [18] and
Bigcodebench [19]. Specifically, our study uses both the full
set and hard set with complete configuration of Bigcodebench,
namely, BigCodeBench-Full and BigCodeBench-Hard.

To evaluate performance, we use the Pass@K metric, which
is widely used in prior studies [8], [28], [29]. Following
prior studies [30]–[32], our experimental design adopts K=1,
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focusing exclusively on first-attempt success rates. This metric
also aligns with real-world scenarios where developers aim to
produce accurate code on the first attempt [31].

B. Implementation Detail

1) Data generation: We use Qwen2.5-Coder-32B-
Instruct [33] as the teacher model with temperature=0.8
to generate three incorrect code implementations for each
sample. Our rationale for selecting this model is threefold.
First, generating an incorrect solution by referencing a correct
one is comparatively less demanding on a model’s capabilities
than generating a correct solution from scratch. Secondly,
our task benefits from a model with strong coding abilities,
and Qwen2.5-Coder-32B-Instruct possesses high coding
proficiency; for instance, its performance on HumanEval(+)
and MBPP(+) even surpasses that of GPT-4o. Lastly, using
open-source models also facilitates reproducibility.

To investigate whether the teacher model can generate
implementations that are incorrect and similar to the correct
solutions, we employ both manual inspection and automated
quantitative validation. First, two authors independently ex-
amine a sample of 50 generated outputs, which are ran-
domly sampled from the Evol-instruct dataset, assessing them
based on two criteria: functional correctness and similarity
to the original correct code. A discussion is held to resolve
the disagreements. We do not invite others because all the
disagreements are resolved during discussion. The Cohen’s
Kappa coefficient [34] is 0.78. Our analysis shows that the
LLM could produce similar yet incorrect samples as expected:
94% of the generated samples are similar to the correct
ones yet incorrect, while the remaining 6% introduce changes
that do not affect correctness. To quantitatively analyze the
correctness and similarity of the generated responses, we select
benchmarks with test cases for further validation. Specifically,
we choose HumanEval and MBPP to generate incorrect yet
similar responses and use Unixcoder [22] to calculate cosine
similarity. We find that 94.1% of generated responses are
incorrect using the test cases in benchmarks, and the average
similarity score is 0.95, aligning with our needs. Due to
space limitations, the manually checked samples and generated
responses are in our replication package.

2) Settings: All experiments are conducted on a machine
with eight Tesla A800 GPUs, each with 80 GB of memory. α
is set to 2, which means the weight range of W is (1,2). Given
that FGIT is designed for already instruction-tuned LLMs,
where the objective is not to train them extensively from a
base state but rather to refine their existing capabilities to
better handle error-sensitive segments present, we train all
models for one epoch with a relatively low learning rate of 5e-
6, aiming to gently adapt the model and prevent catastrophic
forgetting of previously learned knowledge, while efficiently
instilling the new focus on these critical segments [35], [36].
The max sequence length is 1024. For inference evaluation,
we use greedy decoding to ensure deterministic outputs, which
also aligns with prior studies [8], [28].

IV. RESULTS

In this section, we report and analyze the experimental
results to answer the following research questions (RQs):
• RQ1: How effective is our approach in improving code

generation across different benchmarks?
• RQ2: How do different components of the FGIT method

contribute to LLMs’ performance?
• RQ3: Does FGIT demonstrate generalizability across dif-

ferent LLMs and their corresponding instruction-tuning
datasets?

• RQ4: Does FGIT work for instruction-tuned LLMs whose
instruction-tuning dataset is closed-source?

A. RQ1: Overall Effectiveness

In this RQ, we evaluate the effectiveness of our approach
by applying it to several Instruction-tuned LLMs using their
corresponding instruction-tuning datasets and assess their per-
formance against four baselines:
Base Models: We use the original instruction-tuned LLMs
without any additional FGIT as our base models. This compar-
ison demonstrates the absolute improvement achieved through
FGIT. Specifically, we select three representative instruction-
tuned LLMs: MagiCoderS-CL [7], MagiCoderS-DS [7] and
SemCoder-S [20] as our base models.
Closed-Source Model: We include GPT-3.5-Turbo [21] as
the closed-source baseline to illustrate the performance gap
between our fault-guided fine-tuned LLMs and the advanced
closed-source LLM.
Standard-SFT Models: We apply standard SFT on the same
base models to create this baseline. This comparison serves
two purposes: (1) to examine whether further fine-tuning on
coarse-grained instruction-response mappings on their existing
dataset can improve performance over the original models, and
(2) to highlight the superior performance of our approach in
learning fine-grained error-sensitive segments.
Other Open Source Instruction-Tuned Code LLMs: We include
other instruction-tuned versions of the same base models,
which are trained on additional data generated by stronger
LLMs (e.g., GPT-4) in addition to Evol-Instruct. Specifically,
we include WaveCoder-Ultra [3], OpenCodeInterpreter [2],
and AlchemistCoder [37]. This comparison aims to illustrate
how the performance of the selected LLMs with FGIT com-
pares to that of current popular instruction-tuned models based
on the same foundational model.

We choose Evol-instruct [7], a decontaminated version
of evol-codealpaca-v1 [38], which contains numerous high-
quality instruction-following data, as our training dataset. This
dataset is decontaminated by removing data that contain doc-
strings or solutions from multiple benchmarks [8], [17], [39],
[40]. We conduct an additional decontamination of this dataset
for docstrings or solutions from BigCodeBench following [7],
and find no overlap. For MagiCoderS-CL and MagiCoderS-
DS, this dataset is their original instruction-tuning dataset. For
SemCoder-S, this dataset is a subset of its original instruction-
tuned dataset, which is not fully open-sourced.
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TABLE I: Performance of different LLMs using FGIT method
compared with Standard-SFT on HumanEval(+), MBPP(+)
and BigCodeBench, where BCB stands for BigCodeBench.

Model HumanEval(+) MBPP(+) BCB
Full

BCB
Hard

Closed-Source Models
GPT-3.5-Turbo (Nov 2023) 76.8 (70.7) 82.5 (69.7) 50.6 21.6

Base Model: CodeLlama-Python-7B
OpenCodeInterpreter-CL 72.6 (67.7) 66.4 (55.4) 33.2 6.1
AlchemistCoder-CL-7B 74.4 (68.3) 68.5 (55.1) 33.1 6.7
MagiCoderS-CL 70.7 (66.5) 68.4 (56.6) 39.7 12.8
+Standard-SFT 69.5 (64.0) 69.3 (58.7) 39.3 13.5
+FGIT 73.2 (68.9) 71.7 (59.5) 42.2 15.5

Base Model: DeepseekCoder-6.7B-Base
WaveCoder-Ultra-DS-6.7B 75.0 (69.5) 74.9 (63.5) 43.7 16.9
OpenCodeInterpreter-DS 76.2 (72.0) 76.2 (72.0) 44.6 16.9
AlchemistCoder-DS-6.7B 79.9 (75.6) 77.0 (60.2) 42.5 12.2
MagiCoderS-DS 76.8 (71.3) 75.7 (64.4) 47.6 12.8
+Standard-SFT 75.6 (70.7) 79.1 (66.4) 46.9 10.8
+FGIT 77.4 (74.3) 79.6 (69.0) 48.2 15.5
SemCoder-S 79.3 (74.4) 79.6 (68.5) 48.5 16.9
+Standard-SFT 79.9 (75.0) 80.7 (67.2) 47.1 16.2
+FGIT 83.5 (78.7) 83.1 (70.6) 48.9 20.3

We report results consistently from the EvalPlus leader-
board1 and BigCodeBench leaderboard2. Table I presents
the performance of LLMs with FGIT and the baselines
across HumanEval(+), MBPP(+), and BigCodeBench. Over-
all, LLMs with FGIT demonstrate substantial improvements
in code generation. We observe that LLMs with FGIT
show average relative performance improvements of 4.8%
over the base model and 4.9% over LLMs with Standard-
SFT on HumanEval(+), MBPP(+), and BigCodeBench. No-
tably, with FGIT, SemCoder-S with only 7B parameters
outperforms GPT-3.5-Turbo on HumanEval(+) and MBPP(+),
and MagiCoderS-DS outperforms GPT-3.5-Turbo on Hu-
manEval(+). Both LLMs achieve comparable performance to
GPT-3.5-Turbo on BigCodeBench, further validating the ex-
ceptional effectiveness of FGIT in enhancing code generation
capabilities. While the improvement on BigCodeBench-Full
is modest, our approach shows more gains on BigCodeBench-
Hard (e.g., 20.8% relative improvement for SemCoder-S). This
is likely because more challenging problems contain more
error-sensitive segments, and FGIT is designed to guide LLMs
to handle these error-sensitive segments, thus showing greater
effectiveness on difficult programming tasks.

When comparing the effects of FGIT versus Standard-
SFT on base models, we observe that Standard-SFT pro-
vides limited improvements and sometimes even weakens
the base models. For example, SemCoder-S with Standard-
SFT achieves only 0.8% relative performance improvement on
HumanEval(+) and suffers 1.9% relative performance decline
on MBPP+. This suggests that simply reinforcing the coarse-
grained instruction-response mappings on their existing dataset
provides minimal benefits, as these models have already
captured these general mappings well during their initial

1https://evalplus.github.io/leaderboard.html
2https://bigcode-bench.github.io

def can_arrange(arr):
 for i in range(len(arr) - 1, 0, -1):

 if arr[i] < arr[i - 1]:
  return i 

 return -1

def can_arrange(arr):
 for i in range(len(arr) - 1, 0, -1):

 if arr[i] < arr[i - 1]:
  return i - 1

 return -1

def can_arrange(arr):
  """Create a function which returns the 
largest index of an element which is not 
greater than or equal to the element 
immediately preceding it. If no such element 
exists then return -1. The given array will 
not contain duplicate values.

 Examples:
 can_arrange([1,2,4,3,5]) = 3
 can_arrange([1,2,3]) = -1"""

Original LLM 
And SFT LLM

Fault-Guided 
FineTuned LLM

Problem
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def reverse_words(s):
words = s.split(' ')
words = words[::-1]
reversed_string = ' '.join(words)
return reversed_string

Write a function to reverse words 
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def reverse_words(s):
words = s.split()
words = words[::-1]
reversed_string = ' '.join(words)
return reversed_string

SFT LLM

def exchange(lst1, lst2):
odd_count_lst1 = sum(1 for num in lst1 if num % 

2 != 0)
even_count_lst2 = sum(1 for num in lst2 if num % 

2 == 0)
if odd_count_lst1 > even_count_lst2:

return "NO"
else:

return "YES"

def exchange(lst1, lst2):
odd_lst1 = sum(1 for num in lst1 if num % 2 != 0)
odd_lst2 = sum(1 for num in lst2 if num % 2 != 0)
if odd_lst1 == 0:

return "YES"
if odd_lst2 > 0:

return "YES"
return "NO"

def exchange(lst1, lst2):
"""In this problem, you will implement a 

function that takes two lists of numbers, and 
determines whether it is possible to perform an 
exchange of elements between them to make lst1 a 
list of only even numbers. There is no limit on the 
number of exchanged elements between lst1 and lst2.

If it is possible to exchange elements between 
the lst1 and lst2 to make all the elements of lst1 
to be even, return "YES". Otherwise, return "NO"."""

Original LLM 
And SFT LLM

Fault-Guided 
FineTuned LLM

Problem

Fig. 4: A case demonstrating how LLMs after FGIT can
better focus on error-sensitive segments to generate the correct
solution.

instruction tuning. When compared with other instruction-
tuned models, we observe that by enabling models to further
learn the error-sensitive segments within the original dataset
through FGIT, their performance can achieve comparable or
even superior results.

To further figure out the reasons for FGIT improving LLMs’
ability to generate functionally correct code, we manually
inspect the results. Based on our analysis, FGIT demon-
strates two main advantages over both the original model and
Standard-SFT:

First, FGIT can learn diverse error-sensitive segments to
better recognize and focus on implementation details that are
prone to errors, while the original model and Standard-SFT
only learn the overall mapping from problem to solution. This
method improves the LLM’s attention to key implementation
choices. We manually examine the tasks from HumanEval(+)
that are correctly solved by applying FGIT but are incorrect
when applying Standard-SFT. We find that for SemCoder-S,
FGIT correct 11 tasks where Standard-SFT failed. In 81.8% of
these instances, Standard-SFT’s failure stemmed from incor-
rectly handling error-sensitive segments; these errors typically
required modifications of three lines of code or fewer to be
rectified. FGIT, in contrast, provides a correct implementation,
with similar rates observed in MagiCoderS-DS (71.4%) and
MagiCoderS-CL (66.7%). For example, Figure 4 presents a
comparison of the results of three versions of SemCoder-S on
the HumanEval/135 task. In this example, an error-sensitive
segment involves deciding whether to return the index of the
target element itself i or the index of its previous element i-
1. This distinction directly impacts the functional correctness
of the implementation. Both the original model and the model
with Standard-SFT incorrectly return the index of the previous
element, while the model with FGIT correctly returns the
index of the target element. These results further confirm our
method’s effectiveness in guiding LLMs to recognize error-
sensitive segments.

Second, by developing a deeper understanding of critical
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def can_arrange(arr):
  for i in range(len(arr) - 1, 0, -1):
    if arr[i] < arr[i - 1]:
      return i   
  return -1

def can_arrange(arr):
  for i in range(len(arr) - 1, 0, -1):
    if arr[i] < arr[i - 1]:
      return i - 1
  return -1

def can_arrange(arr):
  """Create a function which returns the 
largest index of an element which is not 
greater than or equal to the element 
immediately preceding it. If no such element 
exists then return -1. The given array will 
not contain duplicate values.
  Examples:
  can_arrange([1,2,4,3,5]) = 3
  can_arrange([1,2,3]) = -1"""

Original LLM 
And SFT LLM

Fault-Aware 
FineTuned LLM

Problem

def reverse_words(s):
  words = s.split(' ')
  words = words[::-1]
  s = ' '.join(words)
  return s

def reverse_words(s):
  words = s.split(' ')
  words = words[::-1]
  reversed_string = ' '.join(words)
  return reversed_string

Write a function to reverse words 
seperated by spaces in a given string.

Original 
LLM

Fault-Aware 
FineTuned LLM

Problem

def reverse_words(s):
  words = s.split()
  words = words[::-1]
  reversed_string = ' '.join(words)
  return reversed_string

SFT LLM

def exchange(lst1, lst2):
  odd_count_lst1 = sum(1 for num in lst1 if num % 
2 != 0)
  even_count_lst2 = sum(1 for num in lst2 if num % 
2 == 0)
  if odd_count_lst1 > even_count_lst2:
    return "NO"
  else:
    return "YES"

def exchange(lst1, lst2):
  odd_lst1 = sum(1 for num in lst1 if num % 2 != 0)
  odd_lst2 = sum(1 for num in lst2 if num % 2 != 0)
  if odd_lst1 == 0:
    return "YES"
  if odd_lst2 > 0:
    return "YES"
  return "NO"

def exchange(lst1, lst2):
  """In this problem, you will implement a 
function that takes two lists of numbers, and 
determines whether it is possible to perform an 
exchange of elements between them to make lst1 a 
list of only even numbers. There is no limit on the 
number of exchanged elements between lst1 and lst2.
  If it is possible to exchange elements between 
the lst1 and lst2 to make all the elements of lst1 
to be even, return "YES". Otherwise, return "NO"."""

Original LLM 
And SFT LLM

Fault-Guided 
FineTuned LLM

Problem

Fig. 5: A case demonstrating how FGIT can improve overall
code generation performance.

code segments, FGIT also enhances overall code generation
capabilities. By strategically emphasizing error-sensitive seg-
ments while maintaining appropriate weight for contextual
elements, the LLM learns to identify and handle the crucial
parts of implementations that determine correctness. Figure 5
demonstrates this using an example from SemCoder-S on Hu-
manEval/110, which requires determining whether swapping
elements between two lists can make all elements in lst1 even.
This case highlights improvements that go beyond addressing
specific error-sensitive segments. Both the original model and
Standard-SFT fail to implement the correct verification logic
to determine whether lst2 contains enough even numbers to
replace odd numbers in lst1. In contrast, the Fault-Guided
Fine-Tuned model correctly implements this logic, demonstrat-
ing enhanced general coding abilities rather than just handling
error-sensitive parts.

RQ1 Summary: FGIT delivers consistent and substantial
performance improvements across all three benchmarks,
with enhanced LLMs even outperforming GPT-3.5-Turbo
on certain benchmarks. The results confirm that explicitly
learning fine-grained error-sensitive segment mappings is
more effective than simply retraining on coarse-grained
instruction-response pairs.

B. RQ2: Component Analysis

To understand how different components contribute to the
effectiveness of FGIT, we conduct ablation studies focusing
on the impacts of multi-granularity and the loss function.

Impact of Difference Granularity. We explore the impact
of code difference granularity, which involves synthesizing
line-level and token-level code differences to identify error-
sensitive segments. Specifically, we conduct ablation experi-
ments using MagiCoderS-DS and SemCoder-S as base models
and perform evaluation on three selected benchmarks. Table II

TABLE II: Performance ablation of different granularities of
differences on HumanEval(+), MBPP(+) and BigCodeBench
based on MagiCoderS-DS and SemCoder-S, where BCB
stands for BigCodeBench.

Model HumanEval(+) MBPP(+) BCB
Full

BCB
Hard

MagiCoderS-DS 76.8 (71.3) 75.7 (64.4) 47.6 12.8

+FGIT (Line Level) 75.6 (72.0) 78.8 (68.3) 47.1 14.2
+FGIT (Token Level) 76.2 (72.6) 79.1 (68.5) 47.3 14.2
+FGIT 77.4 (74.3) 79.6 (69.0) 48.2 15.5

SemCoder-S 79.3 (74.4) 79.6 (68.5) 48.5 16.9

+FGIT (Line Level) 80.5 (76.8) 83.1 (70.1) 49.1 18.2
+FGIT (Token Level) 81.1 (76.8) 82.8 (70.1) 48.3 16.9
+FGIT 83.5 (78.7) 83.1 (70.6) 48.9 20.3

Fig. 6: Performance of different weights based on SemCoder-
S on HumanEval(+)

shows the impact of different granularities of differences
on FGIT. We can observe that the combination of line-
level granularity and token-level granularity yields maximum
performance gains. For example, when applied to SemCoder-
S, this approach achieves a relative average improvement of
4.9% across all benchmarks compared to the base model,
compared to just 2.9% for line-level only and 2.4% for token-
level only.

We further investigate models’ ability to handle error-
sensitive segments after combining both granularities, com-
pared to the base models. We select the tasks from Hu-
manEval(+) that are correctly solved after applying FGIT but
initially incorrect with the base models. We find that among
these tasks, 63.6% of SemCoder-S’s improvements result
from properly handling error-sensitive segments, with these
specific error-sensitive segments-related corrections involving
modifications of three lines or fewer. Similar rates are observed
in MagiCoderS-DS (71.4%). This demonstrates that multi-
granularity differences enable better error-sensitive segments,
thereby enhancing LLMs’ code generation capabilities.

Impact of the Loss Function. To validate the effectiveness of
our dynamic loss weighting design, we compare our dynamic
weighting approach against a fixed weighting strategy where
all error-sensitive tokens receive the same constant weight
during training. We experiment with fixed weights in the range
of [0, 1, 2, 3, 5] on HumanEval(+). Due to the evaluation time
constraints, we select SemCoder-S as the representative LLM
for this ablation study, as it demonstrates the best overall per-
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TABLE III: Performance of FGIT on other instruction-tuned
LLMs with their corresponding datasets on HumanEval(+),
MBPP(+) and BigCodeBench, where BCB stands for Big-
CodeBench.

Model HumanEval(+) MBPP(+) BCB
Full

BCB
Hard

(Corresponding Dataset OSS-INSTRUCT)
MagiCoder-DS 66.5 (60.4) 75.4 (61.9) 43.4 12.2
+Standard-SFT 64.6 (58.5) 79.1 (66.1) 43.9 12.2
+FGIT 67.1 (62.2) 79.4 (66.4) 46.2 15.5

(Corresponding Dataset PYX)
SemCoder 73.2 (68.9) 79.9 (65.3) 43.5 16.9
+Standard-SFT 71.3 (65.2) 79.9 (66.4) 43.4 14.2
+FGIT 73.7 (69.5) 81.0 (67.2) 47.9 21.6

formance with FGIT. Notably, when the fixed weight equals
1, this configuration is equivalent to standard SFT. Figure 6
shows the performance of SemCoder-S with different fixed
weights compared to our dynamic weighting approach. Our
experimental results reveal two important findings: (1) A fixed
weight of 2 yields better performance than other fixed weight
values, suggesting that an appropriate constant weight can help
the LLM recognize error-sensitive segments and enhance code
generation capabilities. (2) Our dynamic weighting approach
still outperforms the best fixed weighting configuration. This
confirms that dynamically adjusting weights based on the
LLM’s current discrimination ability provides better guidance
for the LLM to focus on critical implementation details that
differentiate correct solutions from their erroneous variants.

RQ2 Summary: All components in FGIT contribute to
the performance. Combining different levels of granular-
ity of code differences (line + token level) is critical to
performance. The loss function with dynamic weighting
strategies outperforms that with fixed weighting strategies,
highlighting the effectiveness of our weighting method.

C. RQ3: The Generalization Capabilities

In this RQ, we aim to explore the generalizability of
FGIT across different instruction-tuned LLMs when using
their own instruction-tuning datasets. Specifically, we select
two representative LLMs and their corresponding instruction
datasets. 1) We select MagiCoder-DS and its corresponding
dataset OSS-Instruct. This dataset is generated from open-
sourced code by GPT-3.5-Turbo, and contains 75K samples.
2) SemCoder and its corresponding dataset PYX. This dataset
consists of 95K samples, including comprehensive reasoning
texts with executable code samples. The dataset is constructed
with problem descriptions generated by GPT-3.5-Turbo and
corresponding responses generated by GPT-4o-mini [41], cre-
ating high-quality instruction-response pairs with detailed rea-
soning. For each LLM, we process its corresponding dataset
through our pipeline and evaluate performance on the same
benchmarks used in RQ1. To be noted, we also decontaminate
the datasets, adhering to [7], and find no data overlap with
our selected evaluation benchmarks. We select Base Models
and Standard-SFT Models as our baselines. By using LLMs

TABLE IV: Performance of LLMs trained on closed-source
instruction-tuning datasets after using FGIT on HumanEval(+),
MBPP(+) and BigCodeBench, where BCB stands for Big-
CodeBench.

Model HumanEval(+) MBPP(+) BCB
Full

BCB
Hard

Base Model: CodeLlama-Python-7B
CodeLlama-Instruct 36.0 (31.1) 56.1 (46.6) 25.7 4.1
+Standard-SFT 39.0 (34.1) 61.1 (49.7) 26.5 4.1
+FGIT 47.0 (43.9) 61.9 (51.3) 29.0 4.7

Base Model: DeepseekCoder-6.7B-Base
DeepseekCoder-Instruct 73.8 (70.7) 74.9 (65.6) 43.8 15.5
+Standard-SFT 75.6 (70.1) 77.8 (66.9) 42.0 13.5
+FGIT 81.7 (76.2) 78.6 (66.9) 44.3 16.9

with different training paradigms and datasets with varying
characteristics (open-sourced code versus detailed reasoning
with executable samples), we can verify that our approach is
not tied to specific LLM series or dataset properties, but rather
provides universal benefits.

Table III shows the performance of LLMs on Hu-
manEval(+), MBPP(+), and BigCodeBench after FGIT and
Standard-SFT. We can observe that FGIT demonstrates ro-
bust generalization capabilities to different instruction-tuning
LLMs and their corresponding datasets. For MagiCoder-DS
and SemCoder, after FGIT, the average performances across
all benchmarks show relative improvements of 5.3% and
3.8% compared to the base models. In contrast, standard SFT
yielded modest relative improvements of 1.4% for MagiCoder-
DS and decreased performance by 2.1% for SemCoder. These
results show that FGIT’s benefits are not tied to specific dataset
characteristics or model series. Instead, the approach effec-
tively enhances diverse instruction-tuned LLMs by teaching
them to focus on error-sensitive segments in correct solutions.

RQ3 Summary: FGIT exhibits strong generalizability
across different instruction-tuned LLMs and their corre-
sponding datasets, consistently outperforming standard SFT.

D. RQ4: Effectiveness on LLMs with Closed-Source Instruc-
tion Data

A key question for the broader adoption is whether FGIT
can enhance LLMs whose original instruction-tuning datasets
are not publicly available. To investigate this, we applied
our method to two widely-used LLMs with closed-source
training data in this RQ. Specifically, we choose CodeLlama-
7B-Instruct [42] and DeepSeek-
Coder-6.7B-Instruct [43] as base models. These LLMs are
instruction-tuned on substantial but proprietary datasets
- CodeLlama-7B-Instruct underwent instruction tuning
on approximately 5B tokens of instruction data, while
DeepSeekCoder-6.7B-Instruct is tuned on around 2B tokens.
To test our approach without access to these original datasets,
we select Evol-Instruct, used in the main experiment, as
the training dataset. We select Base Models, and Base
Models with Standard SFT as our baselines and evaluate on
HumanEval(+), MBPP(+) and BigCodeBench(+).
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Table IV shows the performance of these two LLMs
using Standard-SFT and fault-fine-tuning on HumanEval(+),
MBPP(+), and BigCodeBench. We can find that FGIT is
also applicable to LLMs with closed-source datasets. For
CodeLlama-Instruct and DeepseekCoder-Instruct, after FGIT,
the average relative improvements across all benchmarks are
19.1% and 5.9%. By comparison, the standard SFT yield gains
of 7.5% and 0.5%, respectively. This further demonstrates that
fault-fine-tuning is also applicable to LLMs with closed-source
datasets, showing strong applicability.

RQ4 Summary: FGIT demonstrates strong applicability to
instruction-tuned LLMs with closed-source datasets, deliver-
ing particularly dramatic improvements for initially weaker
models. This expands the method’s application scope to
broader scenarios where original training datasets are inac-
cessible, offering a path to enhance LLMs without requiring
access to their proprietary training data.

V. DISCUSSION

(a) Performance of different values of α based on
SemCoder-S on HumanEval(+).

(b) Performance of different epochs based on
SemCoder-S on HumanEval(+).

Fig. 7: Performance analysis of SemCoder-S on Hu-
manEval(+): varying hyperparameter α (top), and varying
training epochs (bottom).

Impact of hyperparameters. We first analyse the impact
of the parameter α in our loss function, which controls the
emphasis placed on error-sensitive tokens, by changing α.
Specifically, we conduct experiments with α ∈ [1, 1.5, 2, 3, 5]
on HumanEval(+) and observe the performance changes of
LLMs. Due to the evaluation time constraints, we select
SemCoder-S as the representative LLM for this ablation study,

TABLE V: Performance of different LLMs using FGIT
method compared with DPO on HumanEval(+), MBPP(+) and
BigCodeBench, where BCB stands for BigCodeBench.

Model HumanEval(+) MBPP(+) BCB
Full

BCB
Hard

Base Model: CodeLlama-Python-7B
MagiCoderS-CL 70.7 (66.5) 68.4 (56.6) 39.7 12.8
+DPO 66.5 (61.6) 68.8 (58.7) 39.8 14.2
+FGIT 73.2 (68.9) 71.7 (59.5) 42.2 15.5

Base Model: DeepseekCoder-6.7B-Base
MagiCoderS-DS 76.8 (71.3) 75.7 (64.4) 47.6 12.8
+DPO 76.2 (71.9) 79.1 (68.3) 47.8 13.5
+FGIT 77.4 (74.3) 79.6 (69.0) 48.2 15.5
SemCoder-S 79.3 (74.4) 79.6 (68.5) 48.5 16.9
+DPO 81.7 (76.2) 81.0 (67.7) 47.9 16.2
+FGIT 82.9 (79.3) 83.1 (70.6) 48.9 20.3

as it demonstrates the best overall performance with FGIT.
Figure 7a illustrates the performance trends as α varies. We
can observe that α = 2 provides an optimal balance between
emphasizing error-sensitive tokens and maintaining attention
to shared tokens. Additionally, it can be observed that in
all cases, after FGIT, the LLM’s performance matches or
exceeds that of Standard-SFT, demonstrating the robustness
to hyperparameter choices.

Then we investigate the impact of the number of training
epochs, which also influences the learning emphasis on error-
sensitive segments. Specifically, we conduct experiments with
epochs in [1, 2, 3, 5] using SemCoder-S and observe the per-
formance changes on HumanEval(+). Figure 7b illustrates the
performance trends as the number of training epochs varies.
We find that an excessive number of training epochs can
lead to a decline in performance. This might be because the
model over-focuses on error-sensitive segments, neglecting the
importance of surrounding tokens.

Compared to Reinforcement Learning Method. Given the
increasing popularity of reinforcement learning (RL) methods
for improving code generation [44], [45], we believe it’s
important to compare our approach with these established
techniques. As RL methods in code generation typically aim to
align model outputs with desired code solutions by increasing
the probability of correct implementations while reducing the
likelihood of erroneous ones, they share similarities with our
work principle of enhancing LLMs’ ability to identify error-
sensitive segments to improve code generation capabilities.
Specifically, we compare our approach with the representative
DPO method [46], which is widely used and has demonstrated
significant advantages in code generation [47]–[51]. This
method works by training models to directly maximize the
likelihood of preferred outputs over non-preferred ones with-
out requiring explicit reward modeling, learning from paired
examples of more and less desirable code implementations.

To ensure a fair comparison, we select the same LLMs
and use identical experimental settings as stated in RQ1 for
DPO training. The training dataset remains consistent across
both DPO and FGIT, and we evaluate and compare the
performance of DPO and FGIT on HumanEval(+), MBPP(+),
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(a) (b) (c)

Fig. 8: Learning curves for SemCoder-S with FGIT on Evol-
Instruct. (a) training loss, (b) validation loss, and (c) training
loss categorized by token type.

and BigCodeBench. Table V shows the performance of LLMs
trained with different methods. Overall, LLMs with FGIT con-
sistently outperform those trained with DPO. We can observe
that FGIT outperforms DPO by a relative average of 4.2%,
across three selected benchmarks. This advantage stems from
fundamental methodological differences: while DPO relies
on coarse-grained preference signals that cannot precisely
target error-sensitive segments, FGIT specifically maintains
learning across all tokens while strategically emphasizing
error-sensitive segments within code implementations. This
approach ensures the LLM retains general coding knowledge
while becoming more attentive to critical details that often
determine functional correctness.

Additionally, we note that DPO’s ability to differentially
reward correct implementations and penalize incorrect ones
could be leveraged to enhance the learning of error-sensitive
segments. Specifically, a tailored reward function could be
designed to strengthen the model’s focus on these critical seg-
ments, potentially combining the strengths of both approaches.
We leave this promising direction for future exploration.

Analysis of Overfitting Dynamics. To investigate the pos-
sibility of potential overfitting, we analyze the learning dy-
namics. Specifically, we randomly partition Evol-Instruct into
a 9:1 training-validation split and reduce the batch size to
obtain a finer-grained view of the loss curves. Figure 8a and
Figure 8b illustrate the learning curves for the SemCoder-
S model. Notably, the validation loss for FGIT shows a
consistent decrease, suggesting FGIT mitigates the overfitting
issue. We hypothesise that by assigning higher weights to
more challenging, error-sensitive tokens, FGIT guides the
model to focus on harder-to-learn patterns, thus mitigating
overfitting. Furthermore, to ensure comprehensive learning
across the entire code structure, we assign a non-zero base
weight (α−1) to non-sensitive tokens. Figure 8c confirms that
the loss for both sensitive and non-sensitive tokens decreases
during training.

Comparison with Mutation-Based Method. Traditional
mutation-based approaches provide a natural baseline for our
method, as they are also designed to introduce errors into
code. We replace the LLM-based method with the rule-based
universalmutator [52] to generate faulty versions of the code
in Evol-Instruct. It is a state-of-the-art, language-agnostic
mutation tool. We train SemCoder-S using these mutated
samples, keeping all hyperparameters consistent. As shown
in Table VI, FGIT outperforms the mutation-based approach.

TABLE VI: Performance comparison between FGIT and
the traditional mutation-based method on HumanEval(+),
MBPP(+) and BigCodeBench, where BCB stands for Big-
CodeBench.

Method Humaneval (+) MBPP(+) BCB
Full

BCB
Hard Avg

Original 79.3 (74.4) 79.6 (68.5) 48.5 16.9 61.2
Mutation-Based 81.1 (77.4) 80.9 (67.7) 49.2 17.5 62.3
FGIT 83.5 (78.7) 83.1 (70.6) 48.9 20.3 64.2

TABLE VII: Performance Impact of Standard-SFT on seen
and unseen datasets on HumanEval(+), MBPP(+) and Big-
CodeBench, where BCB stands for BigCodeBench.

Model Dataset Humaneval (+) MBPP (+) BCB
Full

BCB
Hard Avg

MagiCoder-DS

None 66.5 (60.4) 75.4 (61.9) 43.4 12.2 53.3
OSS-Instruct (Original) 64.6 (58.5) 79.1 (66.1) 43.9 12.2 54.1
PYX (New) 66.5 (60.9) 77.5 (65.8) 45.7 15.5 55.3
Evol-Instruct (New) 64.6 (60.9) 77.2 (65.6) 47.3 15.5 55.2

SemCoder

None 73.2 (68.9) 79.9 (65.3) 43.5 16.9 58
PYX (Original) 71.3 (65.2) 79.9 (66.5) 43.4 14.2 56.8
OSS-Instruct (New) 73.2 (69.5) 78.0 (64.3) 46.4 18.9 58.4
Evol-Instruct (New) 71.3 (67.6) 78.6 (65.6) 47.6 19.6 58.4

We attribute this to the fact that LLMs, trained on vast code
corpora, generate a more diverse and realistic spectrum of
plausible errors than a fixed set of mutation rules, leading to
more effective learning.

Potential Overfitting of Standard-SFT. We observe that
Standard-SFT occasionally lead to performance degradation
compared to the base model. For instance, as detailed in
Table III, SemCoder exhibit a decline in performance across
multiple benchmarks after undergoing Standard-SFT. We hy-
pothesize that this can be attributable to potential overfitting.
The model is trained on PYX whose data distribution is
already familiar from its initial fine-tuning phase. To validate
this, we fine-tune models on datasets they have not previously
been exposed to. Specifically, we fine-tune MagiCoder-DS on
PYX and Evol-Instruct, and SemCoder on OSS-Instruct and
Evol-Instruct. As shown in Table VII, the models achieve
more gains when trained on unseen datasets. For example,
SemCoder, when fine-tuned on either OSS-Instruct or Evol-
Instruct, outperforms the version trained on its original dataset,
PYX.

VI. THREATS TO VALIDITY

Threats to external validity relate to the generalizabil-
ity of our approach. While we evaluate our approach on
multiple instruction-tuned models, there may be concerns
about generalization to other LLMs. However, this threat is
mitigated by our diverse selection of models with different
series. Furthermore, the cross-dataset experiments (RQ3) and
closed-source dataset experiments (RQ4) demonstrate robust
generalization capabilities across different settings. In addition,
due to computational resource constraints, our experiments
primarily focus on 7B parameter LLMs rather than larger
LLMs. In future work, we plan to explore a broader range of
model series to further validate our approach’s generalizability.
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Threats to internal validity involve the impact of the quality
of incorrect code and choices of hyperparameters. The effec-
tiveness of our approach depends on the quality of incorrect
code variants, the weighting factor α and training epochs.
To mitigate threats related to code quality, we prompt a
strong teacher model to generate plausible incorrect variants.
Subsequently, we manually and quantitatively analyze the
portion of generated data which is incorrect yet similar to the
correct solutions. While a small portion of noise data remains
present, we argue these instances may actually enhance model
robustness by preventing overfitting to specific error-sensitive
segments [53], [54]. For hyperparameter-related threats, we
conduct an extensive sensitivity analysis as shown in Figure 7.
In future work, we intend to investigate the use of stronger
teacher models, such as GPT-4-Turbo, to generate similar
incorrect code and examine their impact.

VII. RELATED WORK

A. LLMs for Code Generation

LLMs are increasingly being leveraged to automate various
tasks in software engineering [55]–[59]. Among these, code
generation has emerged as a particularly prominent area of
research and application [58], [60]–[62]. As a momentous
milestone, Codex [8] boasting a 12-billion-parameter model
demonstrates the extraordinary capability to tackle up to
72% of Python programming problems. After that, a new
wave of code generation models, such as AlphaCode [60],
CodeGen [58], InCoder [61] and StarCoder [62] are proposed
and have shown promising results in the code generation
task. Building upon these foundations, more code-focused
LLMs emerged, such as Magicoder [7], SemCoder [20], Wave-
Coder [3] and WizardCoder [1]. These specialized LLMs are
typically based on general LLMs in solving domain-specific
coding tasks through instruction tuning.

B. Fine-tuning on Code LLM

Fine-tuning pre-trained language models has emerged as
a dominant paradigm for optimizing performance in code
generation. Instruction tuning [63], [64], as a form of su-
pervised fine-tuning, aims to align LLMs with instruction
through high-quality instruction corpora. For instance, Magi-
coder [7] introduce OSS-Instruct, a dataset generated by a
teacher LLM drawing inspiration from open-source code snip-
pets, which effectively enhances code generation capabilities.
Similarly, SemCoder [20] propose PYX, a dataset created
by a teacher LLM simulating human debugging processes.
By incorporating data that simulates execution reasoning and
captures code execution nuances, LLMs finetuned with PYX
understand and articulate the execution process step-by-step,
enhancing their reasoning capabilities. To address limitations
in preventing untruthful and unexpected outputs, researchers
explore reinforcement learning [63]. To address limitations
in undesired outputs, researchers have explored reinforcement
learning approaches using preference optimization [47], [65],
like DPO [46], to refine outputs. However, these often treat
tokens uniformly in their loss calculations, making it difficult

for models to distinguish semantically correct implementations
from syntactically similar but incorrect ones. In this paper, we
aim to address this challenge in code LLMs.

We find recent work Focused-DPO [66] enhances code
generation capability by concentrating preference optimiza-
tion on error-prone points through an improved DPO [46]
methodology. Our method is complementary to this approach
- while Focused-DPO operates during post-training reinforce-
ment learning stages, our approach operates during the super-
vised fine-tuning stage. However, as Focused-DPO is under
peer review and its implementation is not yet publicly avail-
able, we are unable to experimentally validate the potential
synergies between our approaches in this work.

VIII. CONCLUSION

In this paper, we introduce Fault-Guided Fine-Tuning
(FGIT), a novel fine-tuning technique that enhances code
generation capabilities in instruction-tuned LLMs by refining
their ability to distinguish between correct implementations
and subtly incorrect variants. Through extensive experiments
across seven LLMs and three widely-used benchmarks, we
demonstrate that our method achieves an average relative
improvement of 6.9% on pass@1, with certain enhanced
6.7B LLMs even outperforming GPT-3.5-Turbo on selected
benchmarks. The technique also exhibits strong generalization
capabilities across diverse instruction-tuned LLMs and main-
tains effectiveness even when applied to LLMs with closed-
source instruction datasets.
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