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What is a CodeLLM?

CodeLLM refers to an LLM that can support coding tasks.
- Code Generation
- Code Review
- Code Vulnerability Detection 

…
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How to build a CodeLLM?

Data
Foundation 

Model
General 

CodeLLM
Task-specific 

CodeLLM
Data

Code Data Task-specific Data
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What are the keys in a CodeLLM?

Architecture Data
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What are the keys in a CodeLLM?

Data
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What can be the Data for a CodeLLM?

Code Generation <Query, Code>

Code Review

Code Completion
Code Search

Vulnerability Detection

Code Summarization

<Review, Code>

<pre-Code, post-Code>

<Query, Code>

<Summary, Code>

<Code, Y/N>
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What is the  
high-quality data?
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Nobody reveals because…
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Let’s discover  
the recipe ourselves
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The ingredients?

Target Task Datasets Models
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What task do we target?
Code Generation

Data format: <Query, Code>
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Do we have data?
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by randomly pairing code snippets with unrelated intents. Table 2
presents the semantic correlation scores for each dataset as mea-
sured by our !ne-tuned model. The scores range from 0 to 100.

Our exploration cannot identify a signi!cant relationship with se-
mantic correlationwith respect tomodel performance. The CoNaLa𝐿𝑀𝑁𝑂𝑃
and ODEX𝐿𝑀𝑁𝑂𝑃 datasets exhibit relatively high scores of 91.74 and
91.08, respectively, compared to the scores of 83.94 for MBPP𝐿𝑀𝑁𝑂𝑃 ,
81.74 for CodeAlpaca𝐿𝑀𝑁𝑂𝑃 , and 79.92 for DS-1000𝐿𝑀𝑁𝑂𝑃 . However,
the higher numbers directly have an impact on the model perfor-
mance; ODEX𝐿𝑀𝑁𝑂𝑃 can improve the performance after !ne-tuning
but CoNaLa𝐿𝑀𝑁𝑂𝑃 cannot.

3.6.3 Dataset Design Choice. Dataset design refers to the struc-
tured relationship and alignment between NL intents and their
corresponding code within datasets [87], which varies across dif-
ferent datasets. Each dataset adopts a unique design based on the
speci!c requirements of the coding tasks it aims to support and
di"erent organizations have distinct design preferences [4]. It may
in#uence how e"ectively a model can learn and generalize from
the training data to benchmarks or even to real-world applications.

We manually check the design di"erences of our target datasets.
MBPP𝐿𝑀𝑁𝑂𝑃 features speci!c one-line natural language intent like,
Write a Python program that does ..., followed by complete Python
methods, enhancing the model’s ability to parse and execute de-
tailed programming instructions. CodeAlpaca𝐿𝑀𝑁𝑂𝑃 introduces a
wide variety of designs. For example, comprehensive API usage,
simple tasks like !nding ASCII values, or constructing dictionar-
ies. DS-1000𝐿𝑀𝑁𝑂𝑃 features detailed intents involving complex sce-
narios, paired with relatively simpler, method-level Python solu-
tions. CoNaLa𝐿𝑀𝑁𝑂𝑃 o"ers succinct one-line natural language de-
scriptions paired with equivalent one-line code snippets, sharp-
ening the model’s capacity for direct translation of brief queries
into executable code. ODEX𝐿𝑀𝑁𝑂𝑃 also has simple descriptive intents
and corresponding snippet-based Python solutions, such as adding
speci!c arguments to a parser while providing multiple options.
Figure 2 presents actual examples of di"erent designs across all the
target datasets.

Characteristic Exploration: The datasets selected for this
study havewide ranges of attribute values.While some statistical
attributes are slightly correlated with the model performance,
semantic correlations have no signi!cant contributions to the
performance. Dataset design choices can also have an impact on
the performance. Our exploration results motivate the research
questions.

3.7 Research Questions
In this study, we focus on the following research questions:
– RQ1: Can automating code-level refactoring on dataset en-
hance model performance? Source code refactoring, as high-
lighted in studies [49, 57, 58], reduces errors, complexity, and
dataset bias, enhancing code quality and maintainability for more

1https://huggingface.co/datasets/mbpp/viewer/full/train?row=2
2https://huggingface.co/datasets/neulab/conala/viewer?row=61
3https://huggingface.co/datasets/antolin/codealpaca-!ltered/viewer?row=61
4https://huggingface.co/datasets/xlangai/DS-1000/viewer/default/test?p=3&row=
320
5https://huggingface.co/datasets/mbpp/viewer/full/train?row=2

Write a function to !nd the median of two sorted arrays of the same size.

def get_ludic(n):
ludics = []
for i in range(1, n + 1):

ludics.append(i)
...
return ludics

(a) A design example of MBPP1.

get a list of items form nested list ‘li’ where third element of each item contains
string ‘ar’.

[x for x in li if 'ar' in x[2]]

(b) A design example of CoNaLa2.

Create an API using Django Rest Framework to retrieve data from a PostgreSQL
database table.
import viewsets , routers from myapp.models
import MyModel
class MyModelViewSet(viewsets.ModelViewSet ):

...
router = routers.DefaultRouter ()
router.register(r'mymodel ', MyModelViewSet)

(c) A design example of CodeAlpaca3.

Problem: How can I know the (row, column) index of the minimum of a numpy
array/matrix? For example, if A = array([[1, 2], [3, 0]]), I want to get (1, 1) Thanks!
A: <code> import numpy as np a = np.array([[1, 2], [3, 0]]) </code> result = ... # put
solution in this variable BEGIN SOLUTION <code>.

import numpy as np
def generate_test_case(test_case_id ):

...
def exec_test(result , ans):

...
def test_execution(solution: str):

...
assert exec_test(test_env [! result!], expected_result)

(d) A design example of DS-10004.

convert items in ‘T1’ to integers.

def f_642154(T1):
return tuple(map(int , T1))

...
def f_642154(T1):

return (T1 * 1). astype(int)

(e) A design example of ODEX5.

Figure 2: Design examples taken from the target datasets.
The gray boxes represent the intent of each corresponding
code snippet.
e$cient machine learning [42, 65]. We aim to leverage automated
refactoring techniques at the code level to improve language
model performance by investigating its impact on e"ectiveness.

– RQ2:How does re!ning pair-level semantic correlations on
dataset impact model performance? Previous studies [61, 82,
83, 88] investigated correlations across various data types, includ-
ing text-text, image-text, or video-text pairs, underscoring the
signi!cance of accuracy. We hypothesize that re!ning semantic
correlations at the intent-code pair level could enrich contex-
tual information and enhance understanding, thereby potentially
improving code generation performance.

– RQ3: Does aligning dataset-level design on dataset amplify
model performance? While considerable attention has been
given to the importance of datasets’ design [13, 37, 44, 69], the de-
sign alignment for training CodeLLM remains underexplored. We
aim to explore the e"ect of aligning dataset design choices on lan-
guage model performance. Speci!cally, we investigate whether
harmonizing formatting conventions across diverse datasets can
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by randomly pairing code snippets with unrelated intents. Table 2
presents the semantic correlation scores for each dataset as mea-
sured by our !ne-tuned model. The scores range from 0 to 100.

Our exploration cannot identify a signi!cant relationship with se-
mantic correlationwith respect tomodel performance. The CoNaLa𝐿𝑀𝑁𝑂𝑃
and ODEX𝐿𝑀𝑁𝑂𝑃 datasets exhibit relatively high scores of 91.74 and
91.08, respectively, compared to the scores of 83.94 for MBPP𝐿𝑀𝑁𝑂𝑃 ,
81.74 for CodeAlpaca𝐿𝑀𝑁𝑂𝑃 , and 79.92 for DS-1000𝐿𝑀𝑁𝑂𝑃 . However,
the higher numbers directly have an impact on the model perfor-
mance; ODEX𝐿𝑀𝑁𝑂𝑃 can improve the performance after !ne-tuning
but CoNaLa𝐿𝑀𝑁𝑂𝑃 cannot.

3.6.3 Dataset Design Choice. Dataset design refers to the struc-
tured relationship and alignment between NL intents and their
corresponding code within datasets [87], which varies across dif-
ferent datasets. Each dataset adopts a unique design based on the
speci!c requirements of the coding tasks it aims to support and
di"erent organizations have distinct design preferences [4]. It may
in#uence how e"ectively a model can learn and generalize from
the training data to benchmarks or even to real-world applications.

We manually check the design di"erences of our target datasets.
MBPP𝐿𝑀𝑁𝑂𝑃 features speci!c one-line natural language intent like,
Write a Python program that does ..., followed by complete Python
methods, enhancing the model’s ability to parse and execute de-
tailed programming instructions. CodeAlpaca𝐿𝑀𝑁𝑂𝑃 introduces a
wide variety of designs. For example, comprehensive API usage,
simple tasks like !nding ASCII values, or constructing dictionar-
ies. DS-1000𝐿𝑀𝑁𝑂𝑃 features detailed intents involving complex sce-
narios, paired with relatively simpler, method-level Python solu-
tions. CoNaLa𝐿𝑀𝑁𝑂𝑃 o"ers succinct one-line natural language de-
scriptions paired with equivalent one-line code snippets, sharp-
ening the model’s capacity for direct translation of brief queries
into executable code. ODEX𝐿𝑀𝑁𝑂𝑃 also has simple descriptive intents
and corresponding snippet-based Python solutions, such as adding
speci!c arguments to a parser while providing multiple options.
Figure 2 presents actual examples of di"erent designs across all the
target datasets.

Characteristic Exploration: The datasets selected for this
study havewide ranges of attribute values.While some statistical
attributes are slightly correlated with the model performance,
semantic correlations have no signi!cant contributions to the
performance. Dataset design choices can also have an impact on
the performance. Our exploration results motivate the research
questions.

3.7 Research Questions
In this study, we focus on the following research questions:
– RQ1: Can automating code-level refactoring on dataset en-
hance model performance? Source code refactoring, as high-
lighted in studies [49, 57, 58], reduces errors, complexity, and
dataset bias, enhancing code quality and maintainability for more

1https://huggingface.co/datasets/mbpp/viewer/full/train?row=2
2https://huggingface.co/datasets/neulab/conala/viewer?row=61
3https://huggingface.co/datasets/antolin/codealpaca-!ltered/viewer?row=61
4https://huggingface.co/datasets/xlangai/DS-1000/viewer/default/test?p=3&row=
320
5https://huggingface.co/datasets/mbpp/viewer/full/train?row=2

Write a function to !nd the median of two sorted arrays of the same size.

def get_ludic(n):
ludics = []
for i in range(1, n + 1):

ludics.append(i)
...
return ludics

(a) A design example of MBPP1.

get a list of items form nested list ‘li’ where third element of each item contains
string ‘ar’.

[x for x in li if 'ar' in x[2]]

(b) A design example of CoNaLa2.

Create an API using Django Rest Framework to retrieve data from a PostgreSQL
database table.
import viewsets , routers from myapp.models
import MyModel
class MyModelViewSet(viewsets.ModelViewSet ):

...
router = routers.DefaultRouter ()
router.register(r'mymodel ', MyModelViewSet)

(c) A design example of CodeAlpaca3.

Problem: How can I know the (row, column) index of the minimum of a numpy
array/matrix? For example, if A = array([[1, 2], [3, 0]]), I want to get (1, 1) Thanks!
A: <code> import numpy as np a = np.array([[1, 2], [3, 0]]) </code> result = ... # put
solution in this variable BEGIN SOLUTION <code>.

import numpy as np
def generate_test_case(test_case_id ):

...
def exec_test(result , ans):

...
def test_execution(solution: str):

...
assert exec_test(test_env [! result!], expected_result)

(d) A design example of DS-10004.

convert items in ‘T1’ to integers.

def f_642154(T1):
return tuple(map(int , T1))

...
def f_642154(T1):

return (T1 * 1). astype(int)

(e) A design example of ODEX5.

Figure 2: Design examples taken from the target datasets.
The gray boxes represent the intent of each corresponding
code snippet.
e$cient machine learning [42, 65]. We aim to leverage automated
refactoring techniques at the code level to improve language
model performance by investigating its impact on e"ectiveness.

– RQ2:How does re!ning pair-level semantic correlations on
dataset impact model performance? Previous studies [61, 82,
83, 88] investigated correlations across various data types, includ-
ing text-text, image-text, or video-text pairs, underscoring the
signi!cance of accuracy. We hypothesize that re!ning semantic
correlations at the intent-code pair level could enrich contex-
tual information and enhance understanding, thereby potentially
improving code generation performance.

– RQ3: Does aligning dataset-level design on dataset amplify
model performance? While considerable attention has been
given to the importance of datasets’ design [13, 37, 44, 69], the de-
sign alignment for training CodeLLM remains underexplored. We
aim to explore the e"ect of aligning dataset design choices on lan-
guage model performance. Speci!cally, we investigate whether
harmonizing formatting conventions across diverse datasets can
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by randomly pairing code snippets with unrelated intents. Table 2
presents the semantic correlation scores for each dataset as mea-
sured by our !ne-tuned model. The scores range from 0 to 100.

Our exploration cannot identify a signi!cant relationship with se-
mantic correlationwith respect tomodel performance. The CoNaLa𝐿𝑀𝑁𝑂𝑃
and ODEX𝐿𝑀𝑁𝑂𝑃 datasets exhibit relatively high scores of 91.74 and
91.08, respectively, compared to the scores of 83.94 for MBPP𝐿𝑀𝑁𝑂𝑃 ,
81.74 for CodeAlpaca𝐿𝑀𝑁𝑂𝑃 , and 79.92 for DS-1000𝐿𝑀𝑁𝑂𝑃 . However,
the higher numbers directly have an impact on the model perfor-
mance; ODEX𝐿𝑀𝑁𝑂𝑃 can improve the performance after !ne-tuning
but CoNaLa𝐿𝑀𝑁𝑂𝑃 cannot.

3.6.3 Dataset Design Choice. Dataset design refers to the struc-
tured relationship and alignment between NL intents and their
corresponding code within datasets [87], which varies across dif-
ferent datasets. Each dataset adopts a unique design based on the
speci!c requirements of the coding tasks it aims to support and
di"erent organizations have distinct design preferences [4]. It may
in#uence how e"ectively a model can learn and generalize from
the training data to benchmarks or even to real-world applications.

We manually check the design di"erences of our target datasets.
MBPP𝐿𝑀𝑁𝑂𝑃 features speci!c one-line natural language intent like,
Write a Python program that does ..., followed by complete Python
methods, enhancing the model’s ability to parse and execute de-
tailed programming instructions. CodeAlpaca𝐿𝑀𝑁𝑂𝑃 introduces a
wide variety of designs. For example, comprehensive API usage,
simple tasks like !nding ASCII values, or constructing dictionar-
ies. DS-1000𝐿𝑀𝑁𝑂𝑃 features detailed intents involving complex sce-
narios, paired with relatively simpler, method-level Python solu-
tions. CoNaLa𝐿𝑀𝑁𝑂𝑃 o"ers succinct one-line natural language de-
scriptions paired with equivalent one-line code snippets, sharp-
ening the model’s capacity for direct translation of brief queries
into executable code. ODEX𝐿𝑀𝑁𝑂𝑃 also has simple descriptive intents
and corresponding snippet-based Python solutions, such as adding
speci!c arguments to a parser while providing multiple options.
Figure 2 presents actual examples of di"erent designs across all the
target datasets.

Characteristic Exploration: The datasets selected for this
study havewide ranges of attribute values.While some statistical
attributes are slightly correlated with the model performance,
semantic correlations have no signi!cant contributions to the
performance. Dataset design choices can also have an impact on
the performance. Our exploration results motivate the research
questions.

3.7 Research Questions
In this study, we focus on the following research questions:
– RQ1: Can automating code-level refactoring on dataset en-
hance model performance? Source code refactoring, as high-
lighted in studies [49, 57, 58], reduces errors, complexity, and
dataset bias, enhancing code quality and maintainability for more

1https://huggingface.co/datasets/mbpp/viewer/full/train?row=2
2https://huggingface.co/datasets/neulab/conala/viewer?row=61
3https://huggingface.co/datasets/antolin/codealpaca-!ltered/viewer?row=61
4https://huggingface.co/datasets/xlangai/DS-1000/viewer/default/test?p=3&row=
320
5https://huggingface.co/datasets/mbpp/viewer/full/train?row=2

Write a function to !nd the median of two sorted arrays of the same size.

def get_ludic(n):
ludics = []
for i in range(1, n + 1):

ludics.append(i)
...
return ludics

(a) A design example of MBPP1.

get a list of items form nested list ‘li’ where third element of each item contains
string ‘ar’.

[x for x in li if 'ar' in x[2]]

(b) A design example of CoNaLa2.

Create an API using Django Rest Framework to retrieve data from a PostgreSQL
database table.
import viewsets , routers from myapp.models
import MyModel
class MyModelViewSet(viewsets.ModelViewSet ):

...
router = routers.DefaultRouter ()
router.register(r'mymodel ', MyModelViewSet)

(c) A design example of CodeAlpaca3.

Problem: How can I know the (row, column) index of the minimum of a numpy
array/matrix? For example, if A = array([[1, 2], [3, 0]]), I want to get (1, 1) Thanks!
A: <code> import numpy as np a = np.array([[1, 2], [3, 0]]) </code> result = ... # put
solution in this variable BEGIN SOLUTION <code>.

import numpy as np
def generate_test_case(test_case_id ):

...
def exec_test(result , ans):

...
def test_execution(solution: str):

...
assert exec_test(test_env [! result!], expected_result)

(d) A design example of DS-10004.

convert items in ‘T1’ to integers.

def f_642154(T1):
return tuple(map(int , T1))

...
def f_642154(T1):

return (T1 * 1). astype(int)

(e) A design example of ODEX5.

Figure 2: Design examples taken from the target datasets.
The gray boxes represent the intent of each corresponding
code snippet.
e$cient machine learning [42, 65]. We aim to leverage automated
refactoring techniques at the code level to improve language
model performance by investigating its impact on e"ectiveness.

– RQ2:How does re!ning pair-level semantic correlations on
dataset impact model performance? Previous studies [61, 82,
83, 88] investigated correlations across various data types, includ-
ing text-text, image-text, or video-text pairs, underscoring the
signi!cance of accuracy. We hypothesize that re!ning semantic
correlations at the intent-code pair level could enrich contex-
tual information and enhance understanding, thereby potentially
improving code generation performance.

– RQ3: Does aligning dataset-level design on dataset amplify
model performance? While considerable attention has been
given to the importance of datasets’ design [13, 37, 44, 69], the de-
sign alignment for training CodeLLM remains underexplored. We
aim to explore the e"ect of aligning dataset design choices on lan-
guage model performance. Speci!cally, we investigate whether
harmonizing formatting conventions across diverse datasets can
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by randomly pairing code snippets with unrelated intents. Table 2
presents the semantic correlation scores for each dataset as mea-
sured by our !ne-tuned model. The scores range from 0 to 100.

Our exploration cannot identify a signi!cant relationship with se-
mantic correlationwith respect tomodel performance. The CoNaLa𝐿𝑀𝑁𝑂𝑃
and ODEX𝐿𝑀𝑁𝑂𝑃 datasets exhibit relatively high scores of 91.74 and
91.08, respectively, compared to the scores of 83.94 for MBPP𝐿𝑀𝑁𝑂𝑃 ,
81.74 for CodeAlpaca𝐿𝑀𝑁𝑂𝑃 , and 79.92 for DS-1000𝐿𝑀𝑁𝑂𝑃 . However,
the higher numbers directly have an impact on the model perfor-
mance; ODEX𝐿𝑀𝑁𝑂𝑃 can improve the performance after !ne-tuning
but CoNaLa𝐿𝑀𝑁𝑂𝑃 cannot.

3.6.3 Dataset Design Choice. Dataset design refers to the struc-
tured relationship and alignment between NL intents and their
corresponding code within datasets [87], which varies across dif-
ferent datasets. Each dataset adopts a unique design based on the
speci!c requirements of the coding tasks it aims to support and
di"erent organizations have distinct design preferences [4]. It may
in#uence how e"ectively a model can learn and generalize from
the training data to benchmarks or even to real-world applications.

We manually check the design di"erences of our target datasets.
MBPP𝐿𝑀𝑁𝑂𝑃 features speci!c one-line natural language intent like,
Write a Python program that does ..., followed by complete Python
methods, enhancing the model’s ability to parse and execute de-
tailed programming instructions. CodeAlpaca𝐿𝑀𝑁𝑂𝑃 introduces a
wide variety of designs. For example, comprehensive API usage,
simple tasks like !nding ASCII values, or constructing dictionar-
ies. DS-1000𝐿𝑀𝑁𝑂𝑃 features detailed intents involving complex sce-
narios, paired with relatively simpler, method-level Python solu-
tions. CoNaLa𝐿𝑀𝑁𝑂𝑃 o"ers succinct one-line natural language de-
scriptions paired with equivalent one-line code snippets, sharp-
ening the model’s capacity for direct translation of brief queries
into executable code. ODEX𝐿𝑀𝑁𝑂𝑃 also has simple descriptive intents
and corresponding snippet-based Python solutions, such as adding
speci!c arguments to a parser while providing multiple options.
Figure 2 presents actual examples of di"erent designs across all the
target datasets.

Characteristic Exploration: The datasets selected for this
study havewide ranges of attribute values.While some statistical
attributes are slightly correlated with the model performance,
semantic correlations have no signi!cant contributions to the
performance. Dataset design choices can also have an impact on
the performance. Our exploration results motivate the research
questions.

3.7 Research Questions
In this study, we focus on the following research questions:
– RQ1: Can automating code-level refactoring on dataset en-
hance model performance? Source code refactoring, as high-
lighted in studies [49, 57, 58], reduces errors, complexity, and
dataset bias, enhancing code quality and maintainability for more

1https://huggingface.co/datasets/mbpp/viewer/full/train?row=2
2https://huggingface.co/datasets/neulab/conala/viewer?row=61
3https://huggingface.co/datasets/antolin/codealpaca-!ltered/viewer?row=61
4https://huggingface.co/datasets/xlangai/DS-1000/viewer/default/test?p=3&row=
320
5https://huggingface.co/datasets/mbpp/viewer/full/train?row=2

Write a function to !nd the median of two sorted arrays of the same size.

def get_ludic(n):
ludics = []
for i in range(1, n + 1):

ludics.append(i)
...
return ludics

(a) A design example of MBPP1.

get a list of items form nested list ‘li’ where third element of each item contains
string ‘ar’.

[x for x in li if 'ar' in x[2]]

(b) A design example of CoNaLa2.

Create an API using Django Rest Framework to retrieve data from a PostgreSQL
database table.
import viewsets , routers from myapp.models
import MyModel
class MyModelViewSet(viewsets.ModelViewSet ):

...
router = routers.DefaultRouter ()
router.register(r'mymodel ', MyModelViewSet)

(c) A design example of CodeAlpaca3.

Problem: How can I know the (row, column) index of the minimum of a numpy
array/matrix? For example, if A = array([[1, 2], [3, 0]]), I want to get (1, 1) Thanks!
A: <code> import numpy as np a = np.array([[1, 2], [3, 0]]) </code> result = ... # put
solution in this variable BEGIN SOLUTION <code>.

import numpy as np
def generate_test_case(test_case_id ):

...
def exec_test(result , ans):

...
def test_execution(solution: str):

...
assert exec_test(test_env [! result!], expected_result)

(d) A design example of DS-10004.

convert items in ‘T1’ to integers.

def f_642154(T1):
return tuple(map(int , T1))

...
def f_642154(T1):

return (T1 * 1). astype(int)

(e) A design example of ODEX5.

Figure 2: Design examples taken from the target datasets.
The gray boxes represent the intent of each corresponding
code snippet.
e$cient machine learning [42, 65]. We aim to leverage automated
refactoring techniques at the code level to improve language
model performance by investigating its impact on e"ectiveness.

– RQ2:How does re!ning pair-level semantic correlations on
dataset impact model performance? Previous studies [61, 82,
83, 88] investigated correlations across various data types, includ-
ing text-text, image-text, or video-text pairs, underscoring the
signi!cance of accuracy. We hypothesize that re!ning semantic
correlations at the intent-code pair level could enrich contex-
tual information and enhance understanding, thereby potentially
improving code generation performance.

– RQ3: Does aligning dataset-level design on dataset amplify
model performance? While considerable attention has been
given to the importance of datasets’ design [13, 37, 44, 69], the de-
sign alignment for training CodeLLM remains underexplored. We
aim to explore the e"ect of aligning dataset design choices on lan-
guage model performance. Speci!cally, we investigate whether
harmonizing formatting conventions across diverse datasets can
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by randomly pairing code snippets with unrelated intents. Table 2
presents the semantic correlation scores for each dataset as mea-
sured by our !ne-tuned model. The scores range from 0 to 100.

Our exploration cannot identify a signi!cant relationship with se-
mantic correlationwith respect tomodel performance. The CoNaLa𝐿𝑀𝑁𝑂𝑃
and ODEX𝐿𝑀𝑁𝑂𝑃 datasets exhibit relatively high scores of 91.74 and
91.08, respectively, compared to the scores of 83.94 for MBPP𝐿𝑀𝑁𝑂𝑃 ,
81.74 for CodeAlpaca𝐿𝑀𝑁𝑂𝑃 , and 79.92 for DS-1000𝐿𝑀𝑁𝑂𝑃 . However,
the higher numbers directly have an impact on the model perfor-
mance; ODEX𝐿𝑀𝑁𝑂𝑃 can improve the performance after !ne-tuning
but CoNaLa𝐿𝑀𝑁𝑂𝑃 cannot.

3.6.3 Dataset Design Choice. Dataset design refers to the struc-
tured relationship and alignment between NL intents and their
corresponding code within datasets [87], which varies across dif-
ferent datasets. Each dataset adopts a unique design based on the
speci!c requirements of the coding tasks it aims to support and
di"erent organizations have distinct design preferences [4]. It may
in#uence how e"ectively a model can learn and generalize from
the training data to benchmarks or even to real-world applications.

We manually check the design di"erences of our target datasets.
MBPP𝐿𝑀𝑁𝑂𝑃 features speci!c one-line natural language intent like,
Write a Python program that does ..., followed by complete Python
methods, enhancing the model’s ability to parse and execute de-
tailed programming instructions. CodeAlpaca𝐿𝑀𝑁𝑂𝑃 introduces a
wide variety of designs. For example, comprehensive API usage,
simple tasks like !nding ASCII values, or constructing dictionar-
ies. DS-1000𝐿𝑀𝑁𝑂𝑃 features detailed intents involving complex sce-
narios, paired with relatively simpler, method-level Python solu-
tions. CoNaLa𝐿𝑀𝑁𝑂𝑃 o"ers succinct one-line natural language de-
scriptions paired with equivalent one-line code snippets, sharp-
ening the model’s capacity for direct translation of brief queries
into executable code. ODEX𝐿𝑀𝑁𝑂𝑃 also has simple descriptive intents
and corresponding snippet-based Python solutions, such as adding
speci!c arguments to a parser while providing multiple options.
Figure 2 presents actual examples of di"erent designs across all the
target datasets.

Characteristic Exploration: The datasets selected for this
study havewide ranges of attribute values.While some statistical
attributes are slightly correlated with the model performance,
semantic correlations have no signi!cant contributions to the
performance. Dataset design choices can also have an impact on
the performance. Our exploration results motivate the research
questions.

3.7 Research Questions
In this study, we focus on the following research questions:
– RQ1: Can automating code-level refactoring on dataset en-
hance model performance? Source code refactoring, as high-
lighted in studies [49, 57, 58], reduces errors, complexity, and
dataset bias, enhancing code quality and maintainability for more

1https://huggingface.co/datasets/mbpp/viewer/full/train?row=2
2https://huggingface.co/datasets/neulab/conala/viewer?row=61
3https://huggingface.co/datasets/antolin/codealpaca-!ltered/viewer?row=61
4https://huggingface.co/datasets/xlangai/DS-1000/viewer/default/test?p=3&row=
320
5https://huggingface.co/datasets/mbpp/viewer/full/train?row=2

Write a function to !nd the median of two sorted arrays of the same size.

def get_ludic(n):
ludics = []
for i in range(1, n + 1):

ludics.append(i)
...
return ludics

(a) A design example of MBPP1.

get a list of items form nested list ‘li’ where third element of each item contains
string ‘ar’.

[x for x in li if 'ar' in x[2]]

(b) A design example of CoNaLa2.

Create an API using Django Rest Framework to retrieve data from a PostgreSQL
database table.
import viewsets , routers from myapp.models
import MyModel
class MyModelViewSet(viewsets.ModelViewSet ):

...
router = routers.DefaultRouter ()
router.register(r'mymodel ', MyModelViewSet)

(c) A design example of CodeAlpaca3.

Problem: How can I know the (row, column) index of the minimum of a numpy
array/matrix? For example, if A = array([[1, 2], [3, 0]]), I want to get (1, 1) Thanks!
A: <code> import numpy as np a = np.array([[1, 2], [3, 0]]) </code> result = ... # put
solution in this variable BEGIN SOLUTION <code>.

import numpy as np
def generate_test_case(test_case_id ):

...
def exec_test(result , ans):

...
def test_execution(solution: str):

...
assert exec_test(test_env [! result!], expected_result)

(d) A design example of DS-10004.

convert items in ‘T1’ to integers.

def f_642154(T1):
return tuple(map(int , T1))

...
def f_642154(T1):

return (T1 * 1). astype(int)

(e) A design example of ODEX5.

Figure 2: Design examples taken from the target datasets.
The gray boxes represent the intent of each corresponding
code snippet.
e$cient machine learning [42, 65]. We aim to leverage automated
refactoring techniques at the code level to improve language
model performance by investigating its impact on e"ectiveness.

– RQ2:How does re!ning pair-level semantic correlations on
dataset impact model performance? Previous studies [61, 82,
83, 88] investigated correlations across various data types, includ-
ing text-text, image-text, or video-text pairs, underscoring the
signi!cance of accuracy. We hypothesize that re!ning semantic
correlations at the intent-code pair level could enrich contex-
tual information and enhance understanding, thereby potentially
improving code generation performance.

– RQ3: Does aligning dataset-level design on dataset amplify
model performance? While considerable attention has been
given to the importance of datasets’ design [13, 37, 44, 69], the de-
sign alignment for training CodeLLM remains underexplored. We
aim to explore the e"ect of aligning dataset design choices on lan-
guage model performance. Speci!cally, we investigate whether
harmonizing formatting conventions across diverse datasets can
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What are the best known models?

CodeGen - 350M

DeepSeek-Coder - 1.3B
StarCoder - 1B

DeepSeek-Coder - 6.7B

MagiCoder - 6.7B
CodeLlama - 7B

Llama-2 - 7B

General 
CodeLLM

Foundation  
Model

Normal-sized  
Language Model

Large  
Language Model
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Figure 1: Characteristic exploration of the target training datasets. There are three groups of dataset characteristics: readability,
size metrics, and quality-related. The initial values are extracted by using SonarQube, a well-known static analyzer. Such
values are calculated as frequencies such as (1+𝐿𝑀𝑁𝑂𝑃𝑄𝑅 𝑆𝑇𝑈𝐿𝑉𝑊𝑋𝑊𝑈𝐿𝑌𝑍𝑎𝑄𝑌𝐿𝑏𝑐𝑃𝑑)/𝐿𝑀𝑁𝑂𝑃𝑄𝑈 𝑆 𝑄𝑃𝑏𝑈𝑄𝑉𝑑 which is theoretically inde!nite.
Consequently, we normalize these values to !t into the range of [0.00, 10.00].

The varying impact of !ne-tuningwith diverse datasets onmodel
performance suggests the potential bene!ts of delving deeper into
dataset quality assessment. First, while most datasets contribute
to improved performance, these enhancements are speci!cally ob-
served within the MBPP+𝐿𝑀𝑁𝐿 benchmark, suggesting that their
e"cacy may be limited to certain types of code generation tasks.
A notable exception is the CoNaLa𝐿𝑂𝑃𝑄𝑅 dataset, which does not
enhance code generation performance in most cases, suggesting
a potential misalignment with the tasks or model architectures
used. Second, an unexpected outcome is that our only founda-
tional model, L!"#"$2$7B, does not outperform our smallest model,
C%&’G’($350M$M%(%, highlighting that larger model size does not
necessarily equate to better performance and may depend heavily
on speci!c model-dataset combinations.

Performance Exploration: Depending on the model size, the
impact of each dataset varies. The MBPP𝐿𝑂𝑃𝑄𝑅 and DS-1000𝐿𝑂𝑃𝑄𝑅
datasets are the most e#ective in enhancing code generation
performance for the category of normal-sized LMs and LLMs, re-
spectively. The ODEX𝐿𝑂𝑃𝑄𝑅 dataset is the most in$uential tuning
dataset for both the CoNaLa𝐿𝑀𝑁𝐿 and ODEX𝐿𝑀𝑁𝐿 (i.e., Alignment-
focused metrics).

3.6 Characteristic Exploration
This section aims to explore features of datasets that might have
an impact on a model’s code generation performance. Speci!cally,
we examine the three groups of dataset characteristics as follows:
1) statistical attributes, including features from static analysis, 2)
semantic correlation, and 3) dataset design choices.

3.6.1 Statistical A!ributes. Statistical attributes provide quantita-
tive insights into the dataset [47], highlighting its diversity and
scope. These statistics encompass basic features such as the num-
ber of samples, as well as more detailed attributes detected by a
static analyzer. Basic features include the # of Characters, Lines
(Ncloc), Tokens, Classes, Methods, Method Invocations, Variables,
and Comment Lines. These features are calculated as average-based
for each dataset. We also measure the various readability scores
on the data points as it could ensure that the content is accessible

Table 2: Semantic correlation scores (range: [0.00,100.00]) of
the target training datasets.

Dataset Semantic Correlation
MBPP𝐿𝑀𝑁𝑂𝑃 83.94
CoNaLa𝐿𝑀𝑁𝑂𝑃 91.71
CodeAlpaca𝐿𝑀𝑁𝑂𝑃 81.74
DS-1000𝐿𝑀𝑁𝑂𝑃 79.92
ODEX𝐿𝑀𝑁𝑂𝑃 91.08

and understandable to the intended LMs [31]. Additionally, fea-
tures identi!ed by a static analyzer provide deeper insights into the
source code quality essential for evaluating the practicability of the
generated code. To conduct static analysis, we utilize SonarQube [2]
to detect issues from Bugs to Reliability Issues. The values of sta-
tistical attributes are listed in Figure 1. The values are normalized,
average-based scores ranging from 0 to 10.

Dataset characteristics may correlate with model performance.
The high readability of the MBPP𝐿𝑂𝑃𝑄𝑅 dataset, as shown in Figure 1,
may contribute to achieving the best performance in Functionality-
focused tasks when models are !ne-tuned with MBPP𝐿𝑂𝑃𝑄𝑅 (See
Table 1). Attributes relevant to violations and smells have an impact
on the performance for theAlignment-focused tasks. TheODEX𝐿𝑂𝑃𝑄𝑅
dataset has a relatively lower number of violations and smells,
while its number of bugs and reliability issues are higher than other
datasets though, and it shows better performance when the models
are !ne-tuned with the datasets.

3.6.2 Semantic Correlation. Semantic correlation is the relation-
ship between the intent written in natural language and the corre-
sponding code within the dataset. To quantify these semantic cor-
relations, we constructed a classi!er by !ne-tuning the D’’)S’’*$
C%&’+$6.7B$I(,-+./-model [27], a variant of theD’’)S’’*$C%&’+
series, speci!cally responsive to instruction-based prompts. First,
we !ne-tune the model with a speci!cally curated dataset for intent-
code semantic correlation. To build such a dataset, we leveraged
GPT-4 [3], following a previous study [26]. We obtained 742 paired
data points. The !rst four authors cross-checked the GPT-generated
!ne-tuning data to ensure the semantic correlation quality and we
conducted de-duplication for data leakage against the benchmarks.
Since labeled data was not available, we created negative samples
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Figure 1: Characteristic exploration of the target training datasets. There are three groups of dataset characteristics: readability,
size metrics, and quality-related. The initial values are extracted by using SonarQube, a well-known static analyzer. Such
values are calculated as frequencies such as (1+𝐿𝑀𝑁𝑂𝑃𝑄𝑅 𝑆𝑇𝑈𝐿𝑉𝑊𝑋𝑊𝑈𝐿𝑌𝑍𝑎𝑄𝑌𝐿𝑏𝑐𝑃𝑑)/𝐿𝑀𝑁𝑂𝑃𝑄𝑈 𝑆 𝑄𝑃𝑏𝑈𝑄𝑉𝑑 which is theoretically inde!nite.
Consequently, we normalize these values to !t into the range of [0.00, 10.00].

The varying impact of !ne-tuningwith diverse datasets onmodel
performance suggests the potential bene!ts of delving deeper into
dataset quality assessment. First, while most datasets contribute
to improved performance, these enhancements are speci!cally ob-
served within the MBPP+𝐿𝑀𝑁𝐿 benchmark, suggesting that their
e"cacy may be limited to certain types of code generation tasks.
A notable exception is the CoNaLa𝐿𝑂𝑃𝑄𝑅 dataset, which does not
enhance code generation performance in most cases, suggesting
a potential misalignment with the tasks or model architectures
used. Second, an unexpected outcome is that our only founda-
tional model, L!"#"$2$7B, does not outperform our smallest model,
C%&’G’($350M$M%(%, highlighting that larger model size does not
necessarily equate to better performance and may depend heavily
on speci!c model-dataset combinations.

Performance Exploration: Depending on the model size, the
impact of each dataset varies. The MBPP𝐿𝑂𝑃𝑄𝑅 and DS-1000𝐿𝑂𝑃𝑄𝑅
datasets are the most e#ective in enhancing code generation
performance for the category of normal-sized LMs and LLMs, re-
spectively. The ODEX𝐿𝑂𝑃𝑄𝑅 dataset is the most in$uential tuning
dataset for both the CoNaLa𝐿𝑀𝑁𝐿 and ODEX𝐿𝑀𝑁𝐿 (i.e., Alignment-
focused metrics).

3.6 Characteristic Exploration
This section aims to explore features of datasets that might have
an impact on a model’s code generation performance. Speci!cally,
we examine the three groups of dataset characteristics as follows:
1) statistical attributes, including features from static analysis, 2)
semantic correlation, and 3) dataset design choices.

3.6.1 Statistical A!ributes. Statistical attributes provide quantita-
tive insights into the dataset [47], highlighting its diversity and
scope. These statistics encompass basic features such as the num-
ber of samples, as well as more detailed attributes detected by a
static analyzer. Basic features include the # of Characters, Lines
(Ncloc), Tokens, Classes, Methods, Method Invocations, Variables,
and Comment Lines. These features are calculated as average-based
for each dataset. We also measure the various readability scores
on the data points as it could ensure that the content is accessible

Table 2: Semantic correlation scores (range: [0.00,100.00]) of
the target training datasets.

Dataset Semantic Correlation
MBPP𝐿𝑀𝑁𝑂𝑃 83.94
CoNaLa𝐿𝑀𝑁𝑂𝑃 91.71
CodeAlpaca𝐿𝑀𝑁𝑂𝑃 81.74
DS-1000𝐿𝑀𝑁𝑂𝑃 79.92
ODEX𝐿𝑀𝑁𝑂𝑃 91.08

and understandable to the intended LMs [31]. Additionally, fea-
tures identi!ed by a static analyzer provide deeper insights into the
source code quality essential for evaluating the practicability of the
generated code. To conduct static analysis, we utilize SonarQube [2]
to detect issues from Bugs to Reliability Issues. The values of sta-
tistical attributes are listed in Figure 1. The values are normalized,
average-based scores ranging from 0 to 10.

Dataset characteristics may correlate with model performance.
The high readability of the MBPP𝐿𝑂𝑃𝑄𝑅 dataset, as shown in Figure 1,
may contribute to achieving the best performance in Functionality-
focused tasks when models are !ne-tuned with MBPP𝐿𝑂𝑃𝑄𝑅 (See
Table 1). Attributes relevant to violations and smells have an impact
on the performance for theAlignment-focused tasks. TheODEX𝐿𝑂𝑃𝑄𝑅
dataset has a relatively lower number of violations and smells,
while its number of bugs and reliability issues are higher than other
datasets though, and it shows better performance when the models
are !ne-tuned with the datasets.

3.6.2 Semantic Correlation. Semantic correlation is the relation-
ship between the intent written in natural language and the corre-
sponding code within the dataset. To quantify these semantic cor-
relations, we constructed a classi!er by !ne-tuning the D’’)S’’*$
C%&’+$6.7B$I(,-+./-model [27], a variant of theD’’)S’’*$C%&’+
series, speci!cally responsive to instruction-based prompts. First,
we !ne-tune the model with a speci!cally curated dataset for intent-
code semantic correlation. To build such a dataset, we leveraged
GPT-4 [3], following a previous study [26]. We obtained 742 paired
data points. The !rst four authors cross-checked the GPT-generated
!ne-tuning data to ensure the semantic correlation quality and we
conducted de-duplication for data leakage against the benchmarks.
Since labeled data was not available, we created negative samples
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THE SYNTHETIC TEXTBOOK DATASET

This dataset consists of less that 1B tokens of GPT-3.5 generated Python textbooks, synthesized to
provide a high-quality source of natural language heavy text interleaved with relevant code snippets.
We further targeted the content of these textbooks to cover topics that promote reasoning and basic
algorithmic skills. Here, diversity is obtained by providing constraints on topics and target audience
of the generated textbook. The following is an example text from the synthetic textbook:

To begin, let us define singular and nonsingular matrices. A matrix is said to be singular
if its determinant is zero. On the other hand, a matrix is said to be nonsingular if its
determinant is not zero. Now, let's explore these concepts through examples.

Example 1: Consider the matrix A = np.array([[1, 2], [2, 4]]). We can check if this matrix
is singular or nonsingular using the determinant function. We can define a Python

function, `is_singular(A)`, which returns true if the determinant of A is zero, and false
otherwise.

import numpy as np
def is_singular(A):

det = np.linalg.det(A)
if det == 0:

return True
else:

return False

A = np.array([[1, 2], [2, 4]])
print(is_singular(A)) # True

THE CODEEXERCISES DATASET

This is a small synthetic exercises dataset consisting of less than 180M tokens of Python exercises
and solutions. Each exercise is a docstring of a function that needs to be completed. The goal of this
dataset is to align the model to perform function completion tasks based on natural language instruc-
tions. This dataset was also generated by GPT-3.5, where the main means of eliciting diversity is by
constraining the function names. For this dataset in particular, we conduct explicit decontamination
and alternative evaluations in the following sections to ensure that problems similar to those from
HumanEval benchmark are not seen during finetuning. Example exercise:

def valid_guessing_letters(word: str, guesses: List[str]) -> List[str]:
"""
Returns a list of valid guessing letters, which are letters that have not been guessed
yet and

are present in the word.
Parameters:
word (str): The word to guess.
guesses (List[str]): A list of letters that have already been guessed.
Returns:
List[str]: A list of valid guessing letters.
"""
valid_letters = []
for letter in word:

if letter not in guesses and letter not in valid_letters:
valid_letters.append(letter)

return valid_letters

3 SPIKES OF MODEL CAPABILITY AFTER FINETUNING ON CODEEXERCISES

Figure 1 showed that the largest improvement in HumanEval resulted from finetuning on the small
CodeExercises dataset (<200M tokens). CodeExercises consist exclusively of short Python tasks us-
ing only basic Python libraries. In this section, we demonstrate that, quite remarkably the model af-

ter finetuning also exhibits a substantial improvement in executing tasks that are not featured

in the finetuning dataset. This includes managing intricate algorithmic tasks and using external
libraries. This suggests that our finetuning process might have helped the model in reorganizing and
consolidating the knowledge acquired during pretraining, even if such knowledge is not explicitly
present in our CodeExercises dataset. In this section we will focus on qualitatively comparing and
contrasting the capabilities of our finetuned model phi-1 and its pretrained base model phi-1-base.
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by randomly pairing code snippets with unrelated intents. Table 2
presents the semantic correlation scores for each dataset as mea-
sured by our !ne-tuned model. The scores range from 0 to 100.

Our exploration cannot identify a signi!cant relationship with se-
mantic correlationwith respect tomodel performance. The CoNaLa𝐿𝑀𝑁𝑂𝑃
and ODEX𝐿𝑀𝑁𝑂𝑃 datasets exhibit relatively high scores of 91.74 and
91.08, respectively, compared to the scores of 83.94 for MBPP𝐿𝑀𝑁𝑂𝑃 ,
81.74 for CodeAlpaca𝐿𝑀𝑁𝑂𝑃 , and 79.92 for DS-1000𝐿𝑀𝑁𝑂𝑃 . However,
the higher numbers directly have an impact on the model perfor-
mance; ODEX𝐿𝑀𝑁𝑂𝑃 can improve the performance after !ne-tuning
but CoNaLa𝐿𝑀𝑁𝑂𝑃 cannot.

3.6.3 Dataset Design Choice. Dataset design refers to the struc-
tured relationship and alignment between NL intents and their
corresponding code within datasets [87], which varies across dif-
ferent datasets. Each dataset adopts a unique design based on the
speci!c requirements of the coding tasks it aims to support and
di"erent organizations have distinct design preferences [4]. It may
in#uence how e"ectively a model can learn and generalize from
the training data to benchmarks or even to real-world applications.

We manually check the design di"erences of our target datasets.
MBPP𝐿𝑀𝑁𝑂𝑃 features speci!c one-line natural language intent like,
Write a Python program that does ..., followed by complete Python
methods, enhancing the model’s ability to parse and execute de-
tailed programming instructions. CodeAlpaca𝐿𝑀𝑁𝑂𝑃 introduces a
wide variety of designs. For example, comprehensive API usage,
simple tasks like !nding ASCII values, or constructing dictionar-
ies. DS-1000𝐿𝑀𝑁𝑂𝑃 features detailed intents involving complex sce-
narios, paired with relatively simpler, method-level Python solu-
tions. CoNaLa𝐿𝑀𝑁𝑂𝑃 o"ers succinct one-line natural language de-
scriptions paired with equivalent one-line code snippets, sharp-
ening the model’s capacity for direct translation of brief queries
into executable code. ODEX𝐿𝑀𝑁𝑂𝑃 also has simple descriptive intents
and corresponding snippet-based Python solutions, such as adding
speci!c arguments to a parser while providing multiple options.
Figure 2 presents actual examples of di"erent designs across all the
target datasets.

Characteristic Exploration: The datasets selected for this
study havewide ranges of attribute values.While some statistical
attributes are slightly correlated with the model performance,
semantic correlations have no signi!cant contributions to the
performance. Dataset design choices can also have an impact on
the performance. Our exploration results motivate the research
questions.

3.7 Research Questions
In this study, we focus on the following research questions:
– RQ1: Can automating code-level refactoring on dataset en-
hance model performance? Source code refactoring, as high-
lighted in studies [49, 57, 58], reduces errors, complexity, and
dataset bias, enhancing code quality and maintainability for more

1https://huggingface.co/datasets/mbpp/viewer/full/train?row=2
2https://huggingface.co/datasets/neulab/conala/viewer?row=61
3https://huggingface.co/datasets/antolin/codealpaca-!ltered/viewer?row=61
4https://huggingface.co/datasets/xlangai/DS-1000/viewer/default/test?p=3&row=
320
5https://huggingface.co/datasets/mbpp/viewer/full/train?row=2

Write a function to !nd the median of two sorted arrays of the same size.

def get_ludic(n):
ludics = []
for i in range(1, n + 1):

ludics.append(i)
...
return ludics

(a) A design example of MBPP1.

get a list of items form nested list ‘li’ where third element of each item contains
string ‘ar’.

[x for x in li if 'ar' in x[2]]

(b) A design example of CoNaLa2.

Create an API using Django Rest Framework to retrieve data from a PostgreSQL
database table.
import viewsets , routers from myapp.models
import MyModel
class MyModelViewSet(viewsets.ModelViewSet ):

...
router = routers.DefaultRouter ()
router.register(r'mymodel ', MyModelViewSet)

(c) A design example of CodeAlpaca3.

Problem: How can I know the (row, column) index of the minimum of a numpy
array/matrix? For example, if A = array([[1, 2], [3, 0]]), I want to get (1, 1) Thanks!
A: <code> import numpy as np a = np.array([[1, 2], [3, 0]]) </code> result = ... # put
solution in this variable BEGIN SOLUTION <code>.

import numpy as np
def generate_test_case(test_case_id ):

...
def exec_test(result , ans):

...
def test_execution(solution: str):

...
assert exec_test(test_env [! result!], expected_result)

(d) A design example of DS-10004.

convert items in ‘T1’ to integers.

def f_642154(T1):
return tuple(map(int , T1))

...
def f_642154(T1):

return (T1 * 1). astype(int)

(e) A design example of ODEX5.

Figure 2: Design examples taken from the target datasets.
The gray boxes represent the intent of each corresponding
code snippet.
e$cient machine learning [42, 65]. We aim to leverage automated
refactoring techniques at the code level to improve language
model performance by investigating its impact on e"ectiveness.

– RQ2:How does re!ning pair-level semantic correlations on
dataset impact model performance? Previous studies [61, 82,
83, 88] investigated correlations across various data types, includ-
ing text-text, image-text, or video-text pairs, underscoring the
signi!cance of accuracy. We hypothesize that re!ning semantic
correlations at the intent-code pair level could enrich contex-
tual information and enhance understanding, thereby potentially
improving code generation performance.

– RQ3: Does aligning dataset-level design on dataset amplify
model performance? While considerable attention has been
given to the importance of datasets’ design [13, 37, 44, 69], the de-
sign alignment for training CodeLLM remains underexplored. We
aim to explore the e"ect of aligning dataset design choices on lan-
guage model performance. Speci!cally, we investigate whether
harmonizing formatting conventions across diverse datasets can
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by randomly pairing code snippets with unrelated intents. Table 2
presents the semantic correlation scores for each dataset as mea-
sured by our !ne-tuned model. The scores range from 0 to 100.

Our exploration cannot identify a signi!cant relationship with se-
mantic correlationwith respect tomodel performance. The CoNaLa𝐿𝑀𝑁𝑂𝑃
and ODEX𝐿𝑀𝑁𝑂𝑃 datasets exhibit relatively high scores of 91.74 and
91.08, respectively, compared to the scores of 83.94 for MBPP𝐿𝑀𝑁𝑂𝑃 ,
81.74 for CodeAlpaca𝐿𝑀𝑁𝑂𝑃 , and 79.92 for DS-1000𝐿𝑀𝑁𝑂𝑃 . However,
the higher numbers directly have an impact on the model perfor-
mance; ODEX𝐿𝑀𝑁𝑂𝑃 can improve the performance after !ne-tuning
but CoNaLa𝐿𝑀𝑁𝑂𝑃 cannot.

3.6.3 Dataset Design Choice. Dataset design refers to the struc-
tured relationship and alignment between NL intents and their
corresponding code within datasets [87], which varies across dif-
ferent datasets. Each dataset adopts a unique design based on the
speci!c requirements of the coding tasks it aims to support and
di"erent organizations have distinct design preferences [4]. It may
in#uence how e"ectively a model can learn and generalize from
the training data to benchmarks or even to real-world applications.

We manually check the design di"erences of our target datasets.
MBPP𝐿𝑀𝑁𝑂𝑃 features speci!c one-line natural language intent like,
Write a Python program that does ..., followed by complete Python
methods, enhancing the model’s ability to parse and execute de-
tailed programming instructions. CodeAlpaca𝐿𝑀𝑁𝑂𝑃 introduces a
wide variety of designs. For example, comprehensive API usage,
simple tasks like !nding ASCII values, or constructing dictionar-
ies. DS-1000𝐿𝑀𝑁𝑂𝑃 features detailed intents involving complex sce-
narios, paired with relatively simpler, method-level Python solu-
tions. CoNaLa𝐿𝑀𝑁𝑂𝑃 o"ers succinct one-line natural language de-
scriptions paired with equivalent one-line code snippets, sharp-
ening the model’s capacity for direct translation of brief queries
into executable code. ODEX𝐿𝑀𝑁𝑂𝑃 also has simple descriptive intents
and corresponding snippet-based Python solutions, such as adding
speci!c arguments to a parser while providing multiple options.
Figure 2 presents actual examples of di"erent designs across all the
target datasets.

Characteristic Exploration: The datasets selected for this
study havewide ranges of attribute values.While some statistical
attributes are slightly correlated with the model performance,
semantic correlations have no signi!cant contributions to the
performance. Dataset design choices can also have an impact on
the performance. Our exploration results motivate the research
questions.

3.7 Research Questions
In this study, we focus on the following research questions:
– RQ1: Can automating code-level refactoring on dataset en-
hance model performance? Source code refactoring, as high-
lighted in studies [49, 57, 58], reduces errors, complexity, and
dataset bias, enhancing code quality and maintainability for more

1https://huggingface.co/datasets/mbpp/viewer/full/train?row=2
2https://huggingface.co/datasets/neulab/conala/viewer?row=61
3https://huggingface.co/datasets/antolin/codealpaca-!ltered/viewer?row=61
4https://huggingface.co/datasets/xlangai/DS-1000/viewer/default/test?p=3&row=
320
5https://huggingface.co/datasets/mbpp/viewer/full/train?row=2

Write a function to !nd the median of two sorted arrays of the same size.

def get_ludic(n):
ludics = []
for i in range(1, n + 1):

ludics.append(i)
...
return ludics

(a) A design example of MBPP1.

get a list of items form nested list ‘li’ where third element of each item contains
string ‘ar’.

[x for x in li if 'ar' in x[2]]

(b) A design example of CoNaLa2.

Create an API using Django Rest Framework to retrieve data from a PostgreSQL
database table.
import viewsets , routers from myapp.models
import MyModel
class MyModelViewSet(viewsets.ModelViewSet ):

...
router = routers.DefaultRouter ()
router.register(r'mymodel ', MyModelViewSet)

(c) A design example of CodeAlpaca3.

Problem: How can I know the (row, column) index of the minimum of a numpy
array/matrix? For example, if A = array([[1, 2], [3, 0]]), I want to get (1, 1) Thanks!
A: <code> import numpy as np a = np.array([[1, 2], [3, 0]]) </code> result = ... # put
solution in this variable BEGIN SOLUTION <code>.

import numpy as np
def generate_test_case(test_case_id ):

...
def exec_test(result , ans):

...
def test_execution(solution: str):

...
assert exec_test(test_env [! result!], expected_result)

(d) A design example of DS-10004.

convert items in ‘T1’ to integers.

def f_642154(T1):
return tuple(map(int , T1))

...
def f_642154(T1):

return (T1 * 1). astype(int)

(e) A design example of ODEX5.
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3.3 Metrics
We measure the Pass@1 [15, 34] and BLEU [55] metrics, which
provide quantitative insights into the accuracy and linguistic quality
of the generated code, respectively. Pass@1measures the percentage
of instances where the model’s !rst attempt at generating code is
correct, re"ecting its precision in understanding and implementing
user requirements. BLEU, on the other hand, originally developed
for assessing the quality of machine-translated text, is adapted
here to evaluate the syntactical and grammatical coherence of code
comments and documentation generated by the models. While
Pass@1 is valuable for evaluating the functionality of generated
code, it may not capture nuances in the quality of code generation
from natural language descriptions as e#ectively as BLEU does.

3.4 Implementation Detail
For all training and inference activities associated with our seven
target models, we utilize four NVIDIA A800 SXM4 80GB GPUs. Our
focus is solely on full !ne-tuning to precisely ascertain the impacts
attributable to di#erent datasets. Utilizing other techniques such
as in-context learning [11], few-shot learning [33], or parameter-
e$cient !ne-tuning [29] could introduce potential biases, which
we aim to avoid in this study.

Our study uses the following hyperparameters. We con!gured
the learning rate at 5 → 10↑5. The Adafactor optimizer [66] was uti-
lized with 32-bit "oating-point precision for all models. The weight
decay parameter was set to 0.01. For training con!gurations, the
maximum token length was constrained to 512, the batch size was
established at 4, gradient accumulation steps at 8, and the num-
ber of warm-up steps was 500. Additionally, we set the evaluation
interval such that 0.2% of the samples were seen between each
model evaluation step. We select the checkpoint with the lowest
evaluation loss for inference and set the number of epochs to 50 to
optimize accuracy and ensure maximum performance.

We have made our code and data publicly available [1], to facili-
tate further research and the reproduction of our results.

3.5 Baseline Performance Exploration
We aim to discover the impact of diverse datasets on model perfor-
mance by !ne-tuning them in this Section. To initiate this assess-
ment, we !rst establish each model’s Zero-shot performance as a
baseline. Then, we !ne-tune the models with each dataset, keeping
all hyper-parameters and the experimental environment constant.
This ensures that any observed performance di#erences are attrib-
utable to the datasets. Table 1 presents the comprehensive code
generation performance of all models across the target datasets. As
outlined in Section 3.3, we utilize two distinct performance metrics:
Functionality-focused (Pass@1) and Alignment-focused (BLEU).

We !ne-tune models on the target datasets under consistent
hyper-parameters and experimental conditions, followed by perfor-
mance evaluation to compare against the Zero-shot. This rigorous
approach ensures variations in performance are solely attributable
to the datasets, re"ecting their impact on model performance.

Fine-tuning models with di#erent datasets has de!nitely an im-
pact on the performance of code generation. We spotlight the best
Zero-shot performance with gray-colored cells in the table. Over-
all, D!!"S!!#$C%&!’$1.3B emerges as the top performer among

Table 1: Code generation performance of target normal-
sized (upper) and large language models (lower) with tuning
datasets. HumanEval+ includes additional code snippets and
test cases compared to HumanEval, while MBPP+ is inspired
by MBPP but contains entirely di!erent data instances.

Tuning Data Model & Size
Functionality-focused Alignment-focused

(Pass@1) (BLEU)
HumanEval HumanEval+ MBPP MBPP+ CoNaLa ODEX

Zero-shot
C%&!G!($350M$M%(% 13.41 12.80 13.80 12.80 20.69 20.32
S)*’C%&!’$1B 12.80 12.80 23.00 12.80 26.16 31.51
D!!"S!!#$C%&!’$1.3B 33.53 28.04 45.20 28.04 29.95 33.80

MBPP
C%&!G!($350M$M%(% 14.63 12.20 15.00 30.08 19.77 21.44
S)*’C%&!’$1B 14.63 13.41 22.60 36.84 15.85 17.26
D!!"S!!#$C%&!’$1.3B 40.24 32.32 38.40 55.14 23.74 25.35

CoNaLa
C%&!G!($350M$M%(% 5.49 4.88 7.20 8.52 19.06 20.99
S)*’C%&!’$1B 7.32 6.10 1.00 2.01 19.50 22.55
D!!"S!!#$C%&!’$1.3B 18.29 14.63 29.80 37.84 30.15 29.21

CodeAlpaca
C%&!G!($350M$M%(% 9.76 9.15 11.40 14.04 14.88 13.44
S)*’C%&!’$1B 14.02 12.20 12.40 16.79 13.17 13.90
D!!"S!!#$C%&!’$1.3B 28.66 23.78 33.60 47.62 18.62 20.58

DS-1000
C%&!G!($350M$M%(% 9.15 7.93 14.20 21.55 17.30 17.86
S)*’C%&!’$1B 14.02 12.20 20.00 27.32 22.25 25.79
D!!"S!!#$C%&!’$1.3B 41.46 34.15 44.80 55.39 30.63 33.13

ODEX
C%&!G!($350M$M%(% 12.20 10.98 14.00 24.81 62.08 74.85
S)*’C%&!’$1B 15.85 12.80 11.00 15.54 66.51 75.59
D!!"S!!#$C%&!’$1.3B 35.98 29.88 43.40 56.39 80.06 95.35

Zero-shot

D!!"S!!#$C%&!’$6.7B 47.56 36.58 57.60 36.58 36.73 40.11
M*+,C%&!’$DS$6.7B 59.75 53.04 60.20 53.04 32.91 37.86
C%&!L-*.*$7B 30.48 26.82 37.80 26.82 35.28 38.66
L-*.*$2$7B 12.80 10.97 19.20 10.97 27.01 29.64

MBPP

D!!"S!!#$C%&!’$6.7B 53.66 44.51 55.00 70.43 31.27 34.25
M*+,C%&!’$DS$6.7B 60.98 52.44 57.80 71.43 36.23 39.18
C%&!L-*.*$7B 32.32 27.44 38.40 52.38 33.59 36.75
L-*.*$2$7B 11.58 9.76 18.00 32.33 21.47 21.72

CoNaLa

D!!"S!!#$C%&!’$6.7B 34.15 27.44 46.00 56.89 29.88 31.75
M*+,C%&!’$DS$6.7B 23.17 28.05 33.60 45.11 29.12 33.10
C%&!L-*.*$7B 28.66 23.78 20.60 28.82 18.65 19.15
L-*.*$2$7B 0.00 0.00 0.00 0.25 16.32 16.48

CodeAlpaca

D!!"S!!#$C%&!’$6.7B 47.56 40.85 47.40 60.65 25.00 28.14
M*+,C%&!’$DS$6.7B 45.73 40.24 47.20 60.40 26.69 29.24
C%&!L-*.*$7B 28.05 23.78 29.00 38.35 17.79 21.29
L-*.*$2$7B 6.71 6.10 3.00 4.51 10.29 11.81

DS-1000

D!!"S!!#$C%&!’$6.7B 51.83 43.29 56.20 72.93 33.87 37.22
M*+,C%&!’$DS$6.7B 61.59 54.88 58.60 72.18 30.41 34.38
C%&!L-*.*$7B 33.84 29.12 38.40 53.13 31.93 35.22
L-*.*$2$7B 2.44 2.44 3.40 4.76 23.97 25.32

ODEX

D!!"S!!#$C%&!’$6.7B 47.56 40.24 57.60 70.93 80.56 95.76
M*+,C%&!’$DS$6.7B 64.02 56.71 59.00 73.93 78.64 93.74
C%&!L-*.*$7B 32.32 26.82 36.20 48.12 63.99 74.92
L-*.*$2$7B 6.71 4.88 8.00 9.27 58.58 67.87

The !rst column represents all training datasets (↓𝐿𝑀𝑁𝑂𝑃) used in this study. The second row lists
up all test datasets (↓𝐿𝑄𝑅𝐿 ) used in this study. The values in gray ( nn.nn ) denote the best Zero-
shot performance while green ( nn.nn ) and red ( nn.nn ) indicate the improved and degraded
performance scores, respectively. Color saturation represents the magnitude of the di#erences
between the best Zero-shot and the improved performance.

normal-sized LMs, while M*+,C%&!’$DS$6.7B leads in the LLM
category. Improved !ne-tuning performance of each dataset is high-
lighted with colored cells: green cells indicate enhancements, and
red cells showcase degraded performance. Clear di#erences in per-
formance between these two metrics suggest that the optimal !ne-
tuning dataset varies for each metric and is also in"uenced by
model size. Speci!cally, MBPP𝐿𝑀𝑁𝑂𝑃 is the most e#ective dataset
for !ne-tuning normal-sized LMs on the Pass@1 metric, while DS-
1000𝐿𝑀𝑁𝑂𝑃 provides the greatest performance enhancement for LLMs.
Additionally, the ODEX𝐿𝑀𝑁𝑂𝑃 dataset is the most in"uential tuning
dataset for both the CoNaLa𝐿𝑄𝑅𝐿 and ODEX𝐿𝑄𝑅𝐿 benchmarks.

4

ASE ’24, October 27-November 1, 2024, Sacramento, CA, USA K. Kim et al.

3.3 Metrics
We measure the Pass@1 [15, 34] and BLEU [55] metrics, which
provide quantitative insights into the accuracy and linguistic quality
of the generated code, respectively. Pass@1measures the percentage
of instances where the model’s !rst attempt at generating code is
correct, re"ecting its precision in understanding and implementing
user requirements. BLEU, on the other hand, originally developed
for assessing the quality of machine-translated text, is adapted
here to evaluate the syntactical and grammatical coherence of code
comments and documentation generated by the models. While
Pass@1 is valuable for evaluating the functionality of generated
code, it may not capture nuances in the quality of code generation
from natural language descriptions as e#ectively as BLEU does.

3.4 Implementation Detail
For all training and inference activities associated with our seven
target models, we utilize four NVIDIA A800 SXM4 80GB GPUs. Our
focus is solely on full !ne-tuning to precisely ascertain the impacts
attributable to di#erent datasets. Utilizing other techniques such
as in-context learning [11], few-shot learning [33], or parameter-
e$cient !ne-tuning [29] could introduce potential biases, which
we aim to avoid in this study.

Our study uses the following hyperparameters. We con!gured
the learning rate at 5 → 10↑5. The Adafactor optimizer [66] was uti-
lized with 32-bit "oating-point precision for all models. The weight
decay parameter was set to 0.01. For training con!gurations, the
maximum token length was constrained to 512, the batch size was
established at 4, gradient accumulation steps at 8, and the num-
ber of warm-up steps was 500. Additionally, we set the evaluation
interval such that 0.2% of the samples were seen between each
model evaluation step. We select the checkpoint with the lowest
evaluation loss for inference and set the number of epochs to 50 to
optimize accuracy and ensure maximum performance.

We have made our code and data publicly available [1], to facili-
tate further research and the reproduction of our results.

3.5 Baseline Performance Exploration
We aim to discover the impact of diverse datasets on model perfor-
mance by !ne-tuning them in this Section. To initiate this assess-
ment, we !rst establish each model’s Zero-shot performance as a
baseline. Then, we !ne-tune the models with each dataset, keeping
all hyper-parameters and the experimental environment constant.
This ensures that any observed performance di#erences are attrib-
utable to the datasets. Table 1 presents the comprehensive code
generation performance of all models across the target datasets. As
outlined in Section 3.3, we utilize two distinct performance metrics:
Functionality-focused (Pass@1) and Alignment-focused (BLEU).

We !ne-tune models on the target datasets under consistent
hyper-parameters and experimental conditions, followed by perfor-
mance evaluation to compare against the Zero-shot. This rigorous
approach ensures variations in performance are solely attributable
to the datasets, re"ecting their impact on model performance.

Fine-tuning models with di#erent datasets has de!nitely an im-
pact on the performance of code generation. We spotlight the best
Zero-shot performance with gray-colored cells in the table. Over-
all, D!!"S!!#$C%&!’$1.3B emerges as the top performer among

Table 1: Code generation performance of target normal-
sized (upper) and large language models (lower) with tuning
datasets. HumanEval+ includes additional code snippets and
test cases compared to HumanEval, while MBPP+ is inspired
by MBPP but contains entirely di!erent data instances.

Tuning Data Model & Size
Functionality-focused Alignment-focused

(Pass@1) (BLEU)
HumanEval HumanEval+ MBPP MBPP+ CoNaLa ODEX

Zero-shot
C%&!G!($350M$M%(% 13.41 12.80 13.80 12.80 20.69 20.32
S)*’C%&!’$1B 12.80 12.80 23.00 12.80 26.16 31.51
D!!"S!!#$C%&!’$1.3B 33.53 28.04 45.20 28.04 29.95 33.80

MBPP
C%&!G!($350M$M%(% 14.63 12.20 15.00 30.08 19.77 21.44
S)*’C%&!’$1B 14.63 13.41 22.60 36.84 15.85 17.26
D!!"S!!#$C%&!’$1.3B 40.24 32.32 38.40 55.14 23.74 25.35

CoNaLa
C%&!G!($350M$M%(% 5.49 4.88 7.20 8.52 19.06 20.99
S)*’C%&!’$1B 7.32 6.10 1.00 2.01 19.50 22.55
D!!"S!!#$C%&!’$1.3B 18.29 14.63 29.80 37.84 30.15 29.21

CodeAlpaca
C%&!G!($350M$M%(% 9.76 9.15 11.40 14.04 14.88 13.44
S)*’C%&!’$1B 14.02 12.20 12.40 16.79 13.17 13.90
D!!"S!!#$C%&!’$1.3B 28.66 23.78 33.60 47.62 18.62 20.58

DS-1000
C%&!G!($350M$M%(% 9.15 7.93 14.20 21.55 17.30 17.86
S)*’C%&!’$1B 14.02 12.20 20.00 27.32 22.25 25.79
D!!"S!!#$C%&!’$1.3B 41.46 34.15 44.80 55.39 30.63 33.13

ODEX
C%&!G!($350M$M%(% 12.20 10.98 14.00 24.81 62.08 74.85
S)*’C%&!’$1B 15.85 12.80 11.00 15.54 66.51 75.59
D!!"S!!#$C%&!’$1.3B 35.98 29.88 43.40 56.39 80.06 95.35

Zero-shot

D!!"S!!#$C%&!’$6.7B 47.56 36.58 57.60 36.58 36.73 40.11
M*+,C%&!’$DS$6.7B 59.75 53.04 60.20 53.04 32.91 37.86
C%&!L-*.*$7B 30.48 26.82 37.80 26.82 35.28 38.66
L-*.*$2$7B 12.80 10.97 19.20 10.97 27.01 29.64

MBPP

D!!"S!!#$C%&!’$6.7B 53.66 44.51 55.00 70.43 31.27 34.25
M*+,C%&!’$DS$6.7B 60.98 52.44 57.80 71.43 36.23 39.18
C%&!L-*.*$7B 32.32 27.44 38.40 52.38 33.59 36.75
L-*.*$2$7B 11.58 9.76 18.00 32.33 21.47 21.72

CoNaLa

D!!"S!!#$C%&!’$6.7B 34.15 27.44 46.00 56.89 29.88 31.75
M*+,C%&!’$DS$6.7B 23.17 28.05 33.60 45.11 29.12 33.10
C%&!L-*.*$7B 28.66 23.78 20.60 28.82 18.65 19.15
L-*.*$2$7B 0.00 0.00 0.00 0.25 16.32 16.48

CodeAlpaca

D!!"S!!#$C%&!’$6.7B 47.56 40.85 47.40 60.65 25.00 28.14
M*+,C%&!’$DS$6.7B 45.73 40.24 47.20 60.40 26.69 29.24
C%&!L-*.*$7B 28.05 23.78 29.00 38.35 17.79 21.29
L-*.*$2$7B 6.71 6.10 3.00 4.51 10.29 11.81

DS-1000

D!!"S!!#$C%&!’$6.7B 51.83 43.29 56.20 72.93 33.87 37.22
M*+,C%&!’$DS$6.7B 61.59 54.88 58.60 72.18 30.41 34.38
C%&!L-*.*$7B 33.84 29.12 38.40 53.13 31.93 35.22
L-*.*$2$7B 2.44 2.44 3.40 4.76 23.97 25.32

ODEX

D!!"S!!#$C%&!’$6.7B 47.56 40.24 57.60 70.93 80.56 95.76
M*+,C%&!’$DS$6.7B 64.02 56.71 59.00 73.93 78.64 93.74
C%&!L-*.*$7B 32.32 26.82 36.20 48.12 63.99 74.92
L-*.*$2$7B 6.71 4.88 8.00 9.27 58.58 67.87

The !rst column represents all training datasets (↓𝐿𝑀𝑁𝑂𝑃) used in this study. The second row lists
up all test datasets (↓𝐿𝑄𝑅𝐿 ) used in this study. The values in gray ( nn.nn ) denote the best Zero-
shot performance while green ( nn.nn ) and red ( nn.nn ) indicate the improved and degraded
performance scores, respectively. Color saturation represents the magnitude of the di#erences
between the best Zero-shot and the improved performance.

normal-sized LMs, while M*+,C%&!’$DS$6.7B leads in the LLM
category. Improved !ne-tuning performance of each dataset is high-
lighted with colored cells: green cells indicate enhancements, and
red cells showcase degraded performance. Clear di#erences in per-
formance between these two metrics suggest that the optimal !ne-
tuning dataset varies for each metric and is also in"uenced by
model size. Speci!cally, MBPP𝐿𝑀𝑁𝑂𝑃 is the most e#ective dataset
for !ne-tuning normal-sized LMs on the Pass@1 metric, while DS-
1000𝐿𝑀𝑁𝑂𝑃 provides the greatest performance enhancement for LLMs.
Additionally, the ODEX𝐿𝑀𝑁𝑂𝑃 dataset is the most in"uential tuning
dataset for both the CoNaLa𝐿𝑄𝑅𝐿 and ODEX𝐿𝑄𝑅𝐿 benchmarks.
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Figure 1: Characteristic exploration of the target training datasets. There are three groups of dataset characteristics: readability,
size metrics, and quality-related. The initial values are extracted by using SonarQube, a well-known static analyzer. Such
values are calculated as frequencies such as (1+𝐿𝑀𝑁𝑂𝑃𝑄𝑅 𝑆𝑇𝑈𝐿𝑉𝑊𝑋𝑊𝑈𝐿𝑌𝑍𝑎𝑄𝑌𝐿𝑏𝑐𝑃𝑑)/𝐿𝑀𝑁𝑂𝑃𝑄𝑈 𝑆 𝑄𝑃𝑏𝑈𝑄𝑉𝑑 which is theoretically inde!nite.
Consequently, we normalize these values to !t into the range of [0.00, 10.00].

The varying impact of !ne-tuningwith diverse datasets onmodel
performance suggests the potential bene!ts of delving deeper into
dataset quality assessment. First, while most datasets contribute
to improved performance, these enhancements are speci!cally ob-
served within the MBPP+𝐿𝑀𝑁𝐿 benchmark, suggesting that their
e"cacy may be limited to certain types of code generation tasks.
A notable exception is the CoNaLa𝐿𝑂𝑃𝑄𝑅 dataset, which does not
enhance code generation performance in most cases, suggesting
a potential misalignment with the tasks or model architectures
used. Second, an unexpected outcome is that our only founda-
tional model, L!"#"$2$7B, does not outperform our smallest model,
C%&’G’($350M$M%(%, highlighting that larger model size does not
necessarily equate to better performance and may depend heavily
on speci!c model-dataset combinations.

Performance Exploration: Depending on the model size, the
impact of each dataset varies. The MBPP𝐿𝑂𝑃𝑄𝑅 and DS-1000𝐿𝑂𝑃𝑄𝑅
datasets are the most e#ective in enhancing code generation
performance for the category of normal-sized LMs and LLMs, re-
spectively. The ODEX𝐿𝑂𝑃𝑄𝑅 dataset is the most in$uential tuning
dataset for both the CoNaLa𝐿𝑀𝑁𝐿 and ODEX𝐿𝑀𝑁𝐿 (i.e., Alignment-
focused metrics).

3.6 Characteristic Exploration
This section aims to explore features of datasets that might have
an impact on a model’s code generation performance. Speci!cally,
we examine the three groups of dataset characteristics as follows:
1) statistical attributes, including features from static analysis, 2)
semantic correlation, and 3) dataset design choices.

3.6.1 Statistical A!ributes. Statistical attributes provide quantita-
tive insights into the dataset [47], highlighting its diversity and
scope. These statistics encompass basic features such as the num-
ber of samples, as well as more detailed attributes detected by a
static analyzer. Basic features include the # of Characters, Lines
(Ncloc), Tokens, Classes, Methods, Method Invocations, Variables,
and Comment Lines. These features are calculated as average-based
for each dataset. We also measure the various readability scores
on the data points as it could ensure that the content is accessible

Table 2: Semantic correlation scores (range: [0.00,100.00]) of
the target training datasets.

Dataset Semantic Correlation
MBPP𝐿𝑀𝑁𝑂𝑃 83.94
CoNaLa𝐿𝑀𝑁𝑂𝑃 91.71
CodeAlpaca𝐿𝑀𝑁𝑂𝑃 81.74
DS-1000𝐿𝑀𝑁𝑂𝑃 79.92
ODEX𝐿𝑀𝑁𝑂𝑃 91.08

and understandable to the intended LMs [31]. Additionally, fea-
tures identi!ed by a static analyzer provide deeper insights into the
source code quality essential for evaluating the practicability of the
generated code. To conduct static analysis, we utilize SonarQube [2]
to detect issues from Bugs to Reliability Issues. The values of sta-
tistical attributes are listed in Figure 1. The values are normalized,
average-based scores ranging from 0 to 10.

Dataset characteristics may correlate with model performance.
The high readability of the MBPP𝐿𝑂𝑃𝑄𝑅 dataset, as shown in Figure 1,
may contribute to achieving the best performance in Functionality-
focused tasks when models are !ne-tuned with MBPP𝐿𝑂𝑃𝑄𝑅 (See
Table 1). Attributes relevant to violations and smells have an impact
on the performance for theAlignment-focused tasks. TheODEX𝐿𝑂𝑃𝑄𝑅
dataset has a relatively lower number of violations and smells,
while its number of bugs and reliability issues are higher than other
datasets though, and it shows better performance when the models
are !ne-tuned with the datasets.

3.6.2 Semantic Correlation. Semantic correlation is the relation-
ship between the intent written in natural language and the corre-
sponding code within the dataset. To quantify these semantic cor-
relations, we constructed a classi!er by !ne-tuning the D’’)S’’*$
C%&’+$6.7B$I(,-+./-model [27], a variant of theD’’)S’’*$C%&’+
series, speci!cally responsive to instruction-based prompts. First,
we !ne-tune the model with a speci!cally curated dataset for intent-
code semantic correlation. To build such a dataset, we leveraged
GPT-4 [3], following a previous study [26]. We obtained 742 paired
data points. The !rst four authors cross-checked the GPT-generated
!ne-tuning data to ensure the semantic correlation quality and we
conducted de-duplication for data leakage against the benchmarks.
Since labeled data was not available, we created negative samples
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Research Questions

RQ1: Can automating code-level refactoring on dataset enhance model performance? 

RQ2: How does refining pair-level semantic correlations on dataset impact model 
performance? 

RQ3: Does aligning dataset-level design on dataset amplify model performance? 
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enhance model e!cacy and accuracy. This hypothesis is based
on the idea that inconsistencies in dataset design may impede the
model’s generalization and pattern recognition during training.

4 ANSWERING RESEARCH QUESTIONS
This section describes the experiment settings to answer each re-
search question and analyzes the results of each experiment.

4.1 RQ1: Automated Refactoring
Setup:Motivated by the results shown in Section 3.6.1, our study
hypothesizes that code-related issues, such as bugs, code smells,
and violations of coding standards, can be correlated with the per-
formance of the code generation models.

To con"rm our hypothesis, our study inspects overall code un-
derstandability scores before and after applying code refactoring
tools to the datasets. We use the Pylint library, a well-known static
code analysis tool. Such a library identi"es programming errors
and enforces coding standards to enhance readability and maintain-
ability. We derived the dataset-level code understandability scores
by averaging the scores of all code "les within each dataset, where
scores range from 0 to 100, with higher scores indicating better
code quality. For code refactoring, we leverage six automated tools:
Results and Analyses: First, applying the six automated refactor-
ing tools can improve the understandability of the code snippets in
the datasets selected in this study, while the amount of the improve-
ments varies for each dataset as listed in Table 3. The ‘Original
Score’ and ‘Refactored Score’ represent before and after apply-
ing the refactoring tools to the datasets. Notably, the MBPP𝐿𝑀𝑁𝑂𝑃
dataset experiences the most signi"cant improvement, with code
understandability scores escalating from 42.22 to 90.81, marking
an impressive increase of 115%. In contrast, the impact of refactor-
ing on the CoNaLa𝐿𝑀𝑁𝑂𝑃 dataset is minimal, showing a negligible
increase of only 0.01%. This minimal impact can be attributed to
the structure of the CoNaLa𝐿𝑀𝑁𝑂𝑃 dataset, which consists of concise
one-line intents paired with one-line code snippets, leaving limited
scope for substantial refactoring.

Automated refactoring contributes to performance improvement
for the most of the target models this study addresses. We "ne-tune
each model with original training datasets and refactored training
datasets, respectively, and we compare the model performance
between a pair of two "ne-tuned models. Speci"cally, the testing
results on MBPP𝐿𝑄𝑅𝐿 are demonstrated in Figure 3. When training
models with the refactoredMBPP𝐿𝑀𝑁𝑂𝑃 , all models, except for L!"#"$
2$7B, consistently exhibited improved performance compared to
their "ne-tuned counterparts using the original datasets. While
automated refactoring generally improved the performance on the
MBPP𝐿𝑄𝑅𝐿 benchmark, it also involved signi"cant trade-o#s.
Table 3: Code understandability scores of original and refac-
tored datasets.

Dataset Original Score Refactored Score
MBPP𝐿𝑀𝑁𝑂𝑃 42.22 90.81 (115.09%)
CoNaLa𝐿𝑀𝑁𝑂𝑃 76.62 77.10 (0.01%)
CodeAlpaca𝐿𝑀𝑁𝑂𝑃 70.57 81.42 (15.37%)
DS1000𝐿𝑀𝑁𝑂𝑃 87.58 95.31 (8.83%)
ODEX𝐿𝑀𝑁𝑂𝑃 72.17 73.60 (1.98%)

However, the overall performance improvement is not statisti-
cally signi"cant. We apply the Wilcoxon signed-rank test [18] to
the paired test samples (before/after refactoring) as the distribution
of the samples is non-parametric. As a result, the p-value of the
statistical testing is 0.986, and thus we cannot reject the null hypoth-
esis. Speci"cally, training with the refactored CoNaLa𝐿𝑀𝑁𝑂𝑃 led to
considerable performance declines in three models S%"&C’()&$1B,
C’()L!"#"$7B, and L!"#"$2$7B, with reductions nearly reaching
zero. In contrast, M"*+C’()&$DS$6.7B experienced a substantial
increase from 33.60 to 48.80, marking an improvement of 45.24%. Fi-
nally, other datasets also demonstrated that LLMs consistently ben-
e"ted from training with automatically refactored datasets rather
than normal-sized LMs.

Autopep86, Black7, YAPF8, Auto$ake9, Docformatter10, andUnify11.
Additionally, evaluating with the other testing datasets shows sim-
ilar performance improvements. For the HumanEval𝐿𝑄𝑅𝐿 , scores
improved in 11 out of 35 (31.43%) instances, i.e., di#erent training
data and model combinations. A similar increase was observed in
HumanEval+𝐿𝑄𝑅𝐿 . In the MBPP𝐿𝑄𝑅𝐿 , improvements were noted at
65.71%, whereas MBPP+𝐿𝑄𝑅𝐿 showed a lesser improvement rate of
45.71%. The CoNaLa𝐿𝑄𝑅𝐿 and ODEX𝐿𝑄𝑅𝐿 benchmarks exhibited in-
creases of 28.57% and 34.29%, respectively. The detailed comparison
results on all testing datasets are available [1].

To further interpret, di#erent datasets exhibit varying levels of
initial code quality and structure. For instance, the MBPP dataset
had a signi"cant improvement due to its initially lower code under-
standability scores (i.e., many functions lacked proper formatting),
allowing more room for enhancement via refactoring by automated
refactoring tools like Black and YAPF. In contrast, datasets like
CoNaLa, which contained concise one-like code snippets, showed
minimal impact as there was limited scope for refactoring. Ad-
ditionally, we can also interpret the results as the simple scripts
might not bene"t as much from refactoring compared to relatively
complex code snippets such as multi-line functions that can be
further optimized. Larger models such as MagiCoder-DS-6.7B are
less sensitive to improvements in code quality because they are
already known to be adept at handling diverse code structures.
However, smaller models like CodeGen-350M-Mono showed more
signi"cant improvements, highlighting that model size and training
complexity in$uence how much they bene"t from cleaner, more
standardized code.

Answer to RQ1: Automated refactoring has an impact on the
performance of LMs on speci"c benchmarks, although the im-
pact varies according to the dataset. The MBPP𝐿𝑀𝑁𝑂𝑃 dataset, in
particular, was more sensitive to code refactoring than others,
demonstrating the largest increase in overall code understand-
ability. Such "ndings may indicate that refactoring the source
code could impact the generation performance.

6https://github.com/hhatto/autopep8
7https://github.com/psf/black
8https://github.com/google/yapf
9https://github.com/PyCQA/auto$ake
10https://github.com/PyCQA/docformatter
11https://github.com/myint/unify
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Figure 3: RQ1 — E!ectiveness of the automated refactoring on the MBPP𝐿𝑀𝑁𝐿 benchmark with the names of training datasets
listed beneath each plot. The greater the coverage of the green portion, the stronger the performance it signi"es. The detailed
results, including all the combinations of datasets and models, are provided in our Online Appendix [1].

4.2 RQ2: Semantic Correlational Correction
Setup: For this RQ, motivated by Section 3.6.2, we hypothesize that
enhancing the semantic correlation of datasets can improve code
generation performance compared to !ne-tuning with the original
dataset. Therefore, we compare the model performance between
before and after correcting the semantic correlation of datasets.
In particular, we select the MBPP𝐿𝑂𝑃𝑄𝑅 because of its high average
semantic correlation score with method-level source code. For this
task, we employ GPT-3.5-turbo to correct the semantic correlations
between intent-code pairs in the dataset. Our prompt to the GPT
was straightforward as follows: ‘Please correct the semantic corre-
lations between the following pair <NL intent> ... <Code> ...’. Upon
obtaining the corrected pairs, we achieved an improved correlation
score of 86.23%, surpassing the original 83.94% checking with our
!ne-tuned D!!"S!!#$C%&!’$6.7B$I()*’+,* model (Section 3.6.2).
Subsequently, we re-!ne-tune the original models to compare their
performances.

Figure 4: RQ2 — E!ectiveness of the semantic correlation cor-
rection. +nn% and -nn% represent the performance incre-
ment and decrement, respectively, after correcting semantic
correlation. The number details are provided as a table in
our Online Appendix [1].

Results and Analyses: Correcting semantic correlations generally
ampli!es the !ne-tuning performance, notwithstanding occasional
declines as shown in Figure 4. We apply the Wilcoxon signed-rank
test [18]

to the paired test samples (before/after semantic correlation
correction). The p-value of the statistical test is 0.129, and thus we
cannot reject the null hypothesis. We detail the results in the rest
of this section.

On the Functionality-focused. Notably, the impact on LLMs tai-
lored for code, such as D!!"S!!#$C%&!’$6.7B, M-./C%&!’$DS$
6.7B, and C%&!L0-1-$7B, predominantly yields positive outcomes
on functionality-focused benchmarks. This suggests a trend where
larger model sizes correlate with more consistent improvements.
The HumanEval+𝐿𝑀𝑁𝐿 notably experiences the most frequent en-
hancements. Speci!cally, with the exception of D!!"S!!#$C%&!’$
1.3B and L0-1-$2$7B, all models demonstrate improvements rang-
ing from 4.00% to 5.00%. Similarly, the MBPP𝐿𝑀𝑁𝐿 experiences en-
hancements with all the LLMs tailored for code as well asD!!"S!!#$
C%&!’$1.3B. Except for M-./C%&!’$DS$6.7B and C%&!L0-1-$7B,
the correlation correction negatively impacts theMBPP+𝐿𝑀𝑁𝐿 . In par-
ticular, C%&!G!($350M$M%(% faces a signi!cant decline of -29%.
The foundation model, L0-1-$2$7B, consistently exhibits negative
impacts with the correction on functionality-focused benchmarks.

The results suggest that the impact of semantic correlation cor-
rection varies across di"erent benchmarks and model con!gura-
tions. While larger model sizes tend to bene!t from the correc-
tion, as evidenced by the consistent improvements observed in
functionality-focused benchmarks such asHumanEval+𝐿𝑀𝑁𝐿 , smaller
models like D!!"S!!#$C%&!’$1.3B and L0-1-$2$7B appear less re-
silient to its e"ects. Moreover, the signi!cant performance decline
of C%&!G!($350M$M%(% on the MBPP𝐿𝑀𝑁𝐿 highlights the impor-
tance of considering the speci!c characteristics of each model when
applying correlation correction techniques. Further investigation is
warranted to elucidate the underlying factors contributing to these
disparities and to inform more nuanced strategies for optimizing
model performance through correlation correction.

On the Alignment-focused. It is interesting to observe such notable
#uctuations in the performances of various models under semantic
correlation correction. For instance, S*-’C%&!’$1B demonstrates
signi!cant improvements of 35.00% and 46.00% on the CoNaLa𝐿𝑀𝑁𝐿
and ODEX𝐿𝑀𝑁𝐿 , respectively. Conversely,M-./C%&!’$DS$6.7B, an-
other LLM for code, experiences a remarkable decline of -15.00% and
-13.00% on the same benchmarks. Notably, the foundation model,
L0-1-$2$7B, showcases exceptional positive experiences with per-
formance improvements of 26.00% and 44.00%. These observations
underscore the nuanced e"ects of correlation correction and sug-
gest that certain models may respond more positively or negatively
to the intervention depending on their speci!c characteristics and
training data. Further analysis is warranted to discern the underly-
ing factors driving such diverse outcomes and to inform tailored
strategies for optimizing model performance.
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Table 5: Detailed code generation performance with refactored dataset against the original version including increase/decrease
rate.

Tuning Data Model & Size
Functionality-focused (Pass@1) Alignment-focused (BLEU)

HumanEval HumanEval+ MBPP MBPP+ CoNaLa ODEX

MBPP𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆
C!"#G#$%350M%M!$! 14.63 12.20 15.20 29.57 17.39 18.31
S&’(C!"#(%1B 16.46 15.24 25.40 42.61 15.12 18.99
D##)S##*%C!"#(%1.3B 35.98 30.49 40.40 58.90 22.10 26.30

CoNaLa𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆
C!"#G#$%350M%M!$! 7.32 6.10 8.20 11.53 18.79 19.16
S&’(C!"#(%1B 8.54 7.32 0.00 0.00 23.69 24.62
D##)S##*%C!"#(%1.3B 16.46 12.20 29.80 42.61 26.34 28.00

CodeAlpaca𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆
C!"#G#$%350M%M!$! 11.59 9.76 10.60 13.78 9.41 9.45
S&’(C!"#(%1B 13.41 10.37 2.40 5.01 8.66 11.28
D##)S##*%C!"#(%1.3B 28.05 23.17 33.40 46.87 17.52 19.32

DS-1000𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆
C!"#G#$%350M%M!$! 12.20 10.37 15.20 20.80 18.79 20.80
S&’(C!"#(%1B 10.37 9.15 15.00 22.81 21.58 24.96
D##)S##*%C!"#(%1.3B 36.59 30.49 47.60 57.14 27.53 29.98

ODEX𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆
C!"#G#$%350M%M!$! 14.02 10.98 16.80 24.31 62.82 71.66
S&’(C!"#(%1B 14.02 12.80 8.20 11.78 64.09 71.73
D##)S##*%C!"#(%1.3B 31.71 26.83 46.60 55.39 63.92 71.20

MBPP𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆

D##)S##*%C!"#(%6.7B 51.83 43.29 56.40 69.92 33.04 37.12
M’+,C!"#(%DS%6.7B 58.54 52.44 61.40 75.19 32.42 34.71
C!"#L-’.’%7B 34.15 28.66 42.20 56.14 31.57 36.12
L-’.’%2%7B 10.98 9.15 17.6 31.08 20.14 22.72

CoNaLa𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆

D##)S##*%C!"#(%6.7B 33.54 30.49 47.20 57.39 31.70 34.68
M’+,C!"#(%DS%6.7B 42.68 37.80 48.80 61.65 32.71 35.00
C!"#L-’.’%7B 15.85 14.02 0.40 1.50 23.43 23.45
L-’.’%2%7B 0.00 0.00 0.00 0.00 15.36 15.60

CodeAlpaca𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆

D##)S##*%C!"#(%6.7B 42.07 37.80 47.60 58.90 22.61 25.50
M’+,C!"#(%DS%6.7B 42.07 34.15 47.80 58.65 23.47 26.31
C!"#L-’.’%7B 21.95 17.68 30.20 41.35 13.80 15.56
L-’.’%2%7B 7.32 6.10 6.80 10.28 7.14 8.90

DS-1000𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆

D##)S##*%C!"#(%6.7B 50.00 42.68 56.40 72.43 34.20 36.56
M’+,C!"#(%DS%6.7B 57.93 52.44 60.00 75.19 32.72 35.74
C!"#L-’.’%7B 32.32 26.83 37.80 53.38 33.67 37.92
L-’.’%2%7B 4.88 3.66 8.20 12.78 23.88 25.60

ODEX𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆

D##)S##*%C!"#(%6.7B 47.56 40.85 58.40 68.92 70.35 81.30
M’+,C!"#(%DS%6.7B 59.76 54.27 59.80 72.93 67.76 78.63
C!"#L-’.’%7B 32.32 26.83 40.40 54.89 55.08 60.78
L-’.’%2%7B 9.76 6.10 13.40 20.05 51.57 58.17

The !rst column represents all refactored training datasets (→𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆 ) used in this study. The second row lists up all test datasets
(→𝑄𝑀𝑇𝑄 ) used in this study. The values in green ( nn.nn ) and red ( nn.nn ) indicate the improved and degraded performance scores,
respectively. Color saturation represents the magnitude of the di"erences between the !ne-tuned models with the original dataset
and the ones with the curated design.
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Table 5: Detailed code generation performance with refactored dataset against the original version including increase/decrease
rate.

Tuning Data Model & Size
Functionality-focused (Pass@1) Alignment-focused (BLEU)

HumanEval HumanEval+ MBPP MBPP+ CoNaLa ODEX

MBPP𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆
C!"#G#$%350M%M!$! 14.63 12.20 15.20 29.57 17.39 18.31
S&’(C!"#(%1B 16.46 15.24 25.40 42.61 15.12 18.99
D##)S##*%C!"#(%1.3B 35.98 30.49 40.40 58.90 22.10 26.30

CoNaLa𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆
C!"#G#$%350M%M!$! 7.32 6.10 8.20 11.53 18.79 19.16
S&’(C!"#(%1B 8.54 7.32 0.00 0.00 23.69 24.62
D##)S##*%C!"#(%1.3B 16.46 12.20 29.80 42.61 26.34 28.00

CodeAlpaca𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆
C!"#G#$%350M%M!$! 11.59 9.76 10.60 13.78 9.41 9.45
S&’(C!"#(%1B 13.41 10.37 2.40 5.01 8.66 11.28
D##)S##*%C!"#(%1.3B 28.05 23.17 33.40 46.87 17.52 19.32

DS-1000𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆
C!"#G#$%350M%M!$! 12.20 10.37 15.20 20.80 18.79 20.80
S&’(C!"#(%1B 10.37 9.15 15.00 22.81 21.58 24.96
D##)S##*%C!"#(%1.3B 36.59 30.49 47.60 57.14 27.53 29.98

ODEX𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆
C!"#G#$%350M%M!$! 14.02 10.98 16.80 24.31 62.82 71.66
S&’(C!"#(%1B 14.02 12.80 8.20 11.78 64.09 71.73
D##)S##*%C!"#(%1.3B 31.71 26.83 46.60 55.39 63.92 71.20

MBPP𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆

D##)S##*%C!"#(%6.7B 51.83 43.29 56.40 69.92 33.04 37.12
M’+,C!"#(%DS%6.7B 58.54 52.44 61.40 75.19 32.42 34.71
C!"#L-’.’%7B 34.15 28.66 42.20 56.14 31.57 36.12
L-’.’%2%7B 10.98 9.15 17.6 31.08 20.14 22.72

CoNaLa𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆

D##)S##*%C!"#(%6.7B 33.54 30.49 47.20 57.39 31.70 34.68
M’+,C!"#(%DS%6.7B 42.68 37.80 48.80 61.65 32.71 35.00
C!"#L-’.’%7B 15.85 14.02 0.40 1.50 23.43 23.45
L-’.’%2%7B 0.00 0.00 0.00 0.00 15.36 15.60

CodeAlpaca𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆

D##)S##*%C!"#(%6.7B 42.07 37.80 47.60 58.90 22.61 25.50
M’+,C!"#(%DS%6.7B 42.07 34.15 47.80 58.65 23.47 26.31
C!"#L-’.’%7B 21.95 17.68 30.20 41.35 13.80 15.56
L-’.’%2%7B 7.32 6.10 6.80 10.28 7.14 8.90

DS-1000𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆

D##)S##*%C!"#(%6.7B 50.00 42.68 56.40 72.43 34.20 36.56
M’+,C!"#(%DS%6.7B 57.93 52.44 60.00 75.19 32.72 35.74
C!"#L-’.’%7B 32.32 26.83 37.80 53.38 33.67 37.92
L-’.’%2%7B 4.88 3.66 8.20 12.78 23.88 25.60

ODEX𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆

D##)S##*%C!"#(%6.7B 47.56 40.85 58.40 68.92 70.35 81.30
M’+,C!"#(%DS%6.7B 59.76 54.27 59.80 72.93 67.76 78.63
C!"#L-’.’%7B 32.32 26.83 40.40 54.89 55.08 60.78
L-’.’%2%7B 9.76 6.10 13.40 20.05 51.57 58.17

The !rst column represents all refactored training datasets (→𝐿𝑀 𝑁 𝑂𝑃𝑄𝑅𝐿𝑀𝑆 ) used in this study. The second row lists up all test datasets
(→𝑄𝑀𝑇𝑄 ) used in this study. The values in green ( nn.nn ) and red ( nn.nn ) indicate the improved and degraded performance scores,
respectively. Color saturation represents the magnitude of the di"erences between the !ne-tuned models with the original dataset
and the ones with the curated design.
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Figure 3: RQ1 — E!ectiveness of the automated refactoring on the MBPP𝐿𝑀𝑁𝐿 benchmark with the names of training datasets
listed beneath each plot. The greater the coverage of the green portion, the stronger the performance it signi"es. The detailed
results, including all the combinations of datasets and models, are provided in our Online Appendix [1].

4.2 RQ2: Semantic Correlational Correction
Setup: For this RQ, motivated by Section 3.6.2, we hypothesize that
enhancing the semantic correlation of datasets can improve code
generation performance compared to !ne-tuning with the original
dataset. Therefore, we compare the model performance between
before and after correcting the semantic correlation of datasets.
In particular, we select the MBPP𝐿𝑂𝑃𝑄𝑅 because of its high average
semantic correlation score with method-level source code. For this
task, we employ GPT-3.5-turbo to correct the semantic correlations
between intent-code pairs in the dataset. Our prompt to the GPT
was straightforward as follows: ‘Please correct the semantic corre-
lations between the following pair <NL intent> ... <Code> ...’. Upon
obtaining the corrected pairs, we achieved an improved correlation
score of 86.23%, surpassing the original 83.94% checking with our
!ne-tuned D!!"S!!#$C%&!’$6.7B$I()*’+,* model (Section 3.6.2).
Subsequently, we re-!ne-tune the original models to compare their
performances.

Figure 4: RQ2 — E!ectiveness of the semantic correlation cor-
rection. +nn% and -nn% represent the performance incre-
ment and decrement, respectively, after correcting semantic
correlation. The number details are provided as a table in
our Online Appendix [1].

Results and Analyses: Correcting semantic correlations generally
ampli!es the !ne-tuning performance, notwithstanding occasional
declines as shown in Figure 4. We apply the Wilcoxon signed-rank
test [18]

to the paired test samples (before/after semantic correlation
correction). The p-value of the statistical test is 0.129, and thus we
cannot reject the null hypothesis. We detail the results in the rest
of this section.

On the Functionality-focused. Notably, the impact on LLMs tai-
lored for code, such as D!!"S!!#$C%&!’$6.7B, M-./C%&!’$DS$
6.7B, and C%&!L0-1-$7B, predominantly yields positive outcomes
on functionality-focused benchmarks. This suggests a trend where
larger model sizes correlate with more consistent improvements.
The HumanEval+𝐿𝑀𝑁𝐿 notably experiences the most frequent en-
hancements. Speci!cally, with the exception of D!!"S!!#$C%&!’$
1.3B and L0-1-$2$7B, all models demonstrate improvements rang-
ing from 4.00% to 5.00%. Similarly, the MBPP𝐿𝑀𝑁𝐿 experiences en-
hancements with all the LLMs tailored for code as well asD!!"S!!#$
C%&!’$1.3B. Except for M-./C%&!’$DS$6.7B and C%&!L0-1-$7B,
the correlation correction negatively impacts theMBPP+𝐿𝑀𝑁𝐿 . In par-
ticular, C%&!G!($350M$M%(% faces a signi!cant decline of -29%.
The foundation model, L0-1-$2$7B, consistently exhibits negative
impacts with the correction on functionality-focused benchmarks.

The results suggest that the impact of semantic correlation cor-
rection varies across di"erent benchmarks and model con!gura-
tions. While larger model sizes tend to bene!t from the correc-
tion, as evidenced by the consistent improvements observed in
functionality-focused benchmarks such asHumanEval+𝐿𝑀𝑁𝐿 , smaller
models like D!!"S!!#$C%&!’$1.3B and L0-1-$2$7B appear less re-
silient to its e"ects. Moreover, the signi!cant performance decline
of C%&!G!($350M$M%(% on the MBPP𝐿𝑀𝑁𝐿 highlights the impor-
tance of considering the speci!c characteristics of each model when
applying correlation correction techniques. Further investigation is
warranted to elucidate the underlying factors contributing to these
disparities and to inform more nuanced strategies for optimizing
model performance through correlation correction.

On the Alignment-focused. It is interesting to observe such notable
#uctuations in the performances of various models under semantic
correlation correction. For instance, S*-’C%&!’$1B demonstrates
signi!cant improvements of 35.00% and 46.00% on the CoNaLa𝐿𝑀𝑁𝐿
and ODEX𝐿𝑀𝑁𝐿 , respectively. Conversely,M-./C%&!’$DS$6.7B, an-
other LLM for code, experiences a remarkable decline of -15.00% and
-13.00% on the same benchmarks. Notably, the foundation model,
L0-1-$2$7B, showcases exceptional positive experiences with per-
formance improvements of 26.00% and 44.00%. These observations
underscore the nuanced e"ects of correlation correction and sug-
gest that certain models may respond more positively or negatively
to the intervention depending on their speci!c characteristics and
training data. Further analysis is warranted to discern the underly-
ing factors driving such diverse outcomes and to inform tailored
strategies for optimizing model performance.
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RQ2: Semantic Correlational Correction
Similar to the previous section, this section demonstrates the detailed numbers for our RQ2. Table 6 illustrates the raw benchmark scores
after correcting the MBPP𝐿𝑀𝑁𝑂𝑃 dataset to be more semantically correlated MBPP𝑄𝑅𝑆𝑁𝑃𝐿𝑂𝑇 and Table 7 shows the increase/decrease in color
saturation.

Table 6: Detailed code generation performance with semantic dataset against the original version.

Tuning Data Model & Size
Functionality-focused (Pass@1) Alignment-focused (BLEU)

HumanEval HumanEval+ MBPP MBPP+ CoNaLa ODEX

MBPP𝑄𝑅𝑆𝑁𝑃𝐿𝑂𝑇

C!"#G#$%350M%M!$! 14.02 12.80 14.80 21.30 19.59 21.51
S&’(C!"#(%1B 15.85 14.02 19.40 33.83 21.45 25.19
D##)S##*%C!"#(%1.3B 36.59 29.27 42.40 55.14 24.78 27.41
D##)S##*%C!"#(%6.7B 53.66 45.12 60.20 69.67 36.81 40.34
M’+,C!"#(%DS%6.7B 61.59 54.88 62.20 73.93 30.70 34.17
C!"#L-’.’%7B 33.54 28.66 39.80 53.63 33.67 38.14
L-’.’%2%7B 10.37 8.54 10.60 15.79 26.98 31.22

The values in yellow ( nn.nn ) denote the improved performance against the ones without semantic correlation correction.

Table 7: Detailed code generation performance with semantic dataset against the original version including increase/decrease
rate.

Tuning Data Model & Size
Functionality-focused (Pass@1) Alignment-focused (BLEU)

HumanEval HumanEval+ MBPP MBPP+ CoNaLa ODEX

MBPP𝑄𝑅𝑆𝑁𝑃𝐿𝑂𝑇

C!"#G#$%350M%M!$! 14.02 12.80 14.80 21.30 19.59 21.51
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D##)S##*%C!"#(%6.7B 53.66 45.12 60.20 69.67 36.81 40.34
M’+,C!"#(%DS%6.7B 61.59 54.88 62.20 73.93 30.70 34.17
C!"#L-’.’%7B 33.54 28.66 39.80 53.63 33.67 38.14
L-’.’%2%7B 10.37 8.54 10.60 15.79 26.98 31.22

The !rst column represents the training dataset that is re!ned by correcting the semantic correlation (→𝑄𝑅𝑆𝑁𝑃𝐿𝑂𝑇 ). The second
row lists up all test datasets (→𝐿𝑅𝑄𝐿 ) used in this study. The values in green ( nn.nn ) and red ( nn.nn ) indicate the improved and
degraded performance scores, respectively. Color saturation represents the magnitude of the di"erences between the !ne-tuned
models with the original dataset and the ones with the curated design.

RQ3: Data Design Alignment
The detailed benchmark score of RQ3 is presented in Table 8. The result represents the benchmark scores after each model is !ne-tuned with
the curated CodeAlpaca𝑈𝑅𝑄𝑂𝑉𝑃𝑅𝑈 dataset. Table 9 displays the color saturation to indicate the detailed e"ects.

Table 8: Detailed code generation performance with designed dataset against the original version.

Tuning Data Model & Size
Functionality-focused (Pass@1) Alignment-focused (BLEU)

HumanEval HumanEval+ MBPP MBPP+ CoNaLa ODEX

CodeAlpaca𝑈𝑅𝑄𝑂𝑉𝑃𝑅𝑈

C!"#G#$%350M%M!$! 16.46 14.63 17.60 23.81 16.38 17.89
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D##)S##*%C!"#(%1.3B 39.63 33.54 45.80 59.65 26.79 29.95
D##)S##*%C!"#(%6.7B 51.22 44.51 58.80 70.43 33.15 40.02
M’+,C!"#(%DS%6.7B 64.02 56.71 60.20 74.44 31.77 35.01
C!"#L-’.’%7B 33.54 30.49 41.80 57.64 35.83 39.31
L-’.’%2%7B 16.46 14.02 14.60 23.56 29.50 32.25

The values in yellow ( nn.nn ) denote the improved performance against the ones without design curation.
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RQ2: Semantic Correlational Correction
Similar to the previous section, this section demonstrates the detailed numbers for our RQ2. Table 6 illustrates the raw benchmark scores
after correcting the MBPP𝐿𝑀𝑁𝑂𝑃 dataset to be more semantically correlated MBPP𝑄𝑅𝑆𝑁𝑃𝐿𝑂𝑇 and Table 7 shows the increase/decrease in color
saturation.
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C!"#L-’.’%7B 33.54 28.66 39.80 53.63 33.67 38.14
L-’.’%2%7B 10.37 8.54 10.60 15.79 26.98 31.22

The values in yellow ( nn.nn ) denote the improved performance against the ones without semantic correlation correction.

Table 7: Detailed code generation performance with semantic dataset against the original version including increase/decrease
rate.

Tuning Data Model & Size
Functionality-focused (Pass@1) Alignment-focused (BLEU)
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L-’.’%2%7B 10.37 8.54 10.60 15.79 26.98 31.22

The !rst column represents the training dataset that is re!ned by correcting the semantic correlation (→𝑄𝑅𝑆𝑁𝑃𝐿𝑂𝑇 ). The second
row lists up all test datasets (→𝐿𝑅𝑄𝐿 ) used in this study. The values in green ( nn.nn ) and red ( nn.nn ) indicate the improved and
degraded performance scores, respectively. Color saturation represents the magnitude of the di"erences between the !ne-tuned
models with the original dataset and the ones with the curated design.

RQ3: Data Design Alignment
The detailed benchmark score of RQ3 is presented in Table 8. The result represents the benchmark scores after each model is !ne-tuned with
the curated CodeAlpaca𝑈𝑅𝑄𝑂𝑉𝑃𝑅𝑈 dataset. Table 9 displays the color saturation to indicate the detailed e"ects.

Table 8: Detailed code generation performance with designed dataset against the original version.
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Functionality-focused (Pass@1) Alignment-focused (BLEU)
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CodeAlpaca𝑈𝑅𝑄𝑂𝑉𝑃𝑅𝑈
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The values in yellow ( nn.nn ) denote the improved performance against the ones without design curation.
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It was generally better than 
Automatic Refactoring.

However, we can also confirm 
that model’s characteristics 
needs to be reviewed for training 
a CodeLLM.
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RQ3. Data Design Alignment - Cooking

CodeAlpaca ChatGPT-4

Function-level
Function signature

Code annotations
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Figure 5: RQ3 - E!ectiveness of design alignment. The Y-axis shows the values of the metrics (Pass@1 for the left four plots
and BLEU for the right two plots). The X-axis of each subplot represents the datasets before (left-hand side: CodeAlpaca𝐿𝑀𝑁𝑂𝑃)
and after (right-hand side: CodeAlpaca𝑄𝑅𝑆𝑂𝑇𝑃𝑅𝑄 ) applying design alignment. Both datasets are applied to each target model to
"ne-tune it. Detailed values are available in [1].

Overall, these results highlight the e!ectiveness of our curated
dataset design in improving model performance across a range
of source code generation tasks. The consistently superior per-
formance of models "ne-tuned with the curated dataset suggests
that speci"c features and characteristics within the dataset are con-
ducive to better model training and performance. Furthermore, the
varying improvement rates across di!erent models and benchmarks
underscore the importance of considering model-speci"c character-
istics and task complexities when evaluating dataset e!ectiveness.

Answer to RQ3: Updating dataset design signi"cantly enhances
model performance. Notably, while normal-sized LMs demon-
strated better improvement rates in Functionality-focused bench-
marks, no such trend was observed in Alignment-focused bench-
marks. These "ndings highlight the critical role of dataset design
in enhancing model performance for code generation.

5 DISCUSSION
Performance dropping dataset. While "ne-tuning is widely used
to enhance performance in many language model tasks, it can
also lead to performance declines in certain cases. Surprisingly,
Table 1 reveals that "ne-tuning with original datasets resulted in
average increase/decrease rates of -13.37%, -15.69%, -24.59%, 49.96%,
11.17%, and 13.32% for HumanEval, HumanEval+, MBPP, MBPP+,
CoNaLa, and ODEX benchmarks, respectively. The increase rates
observed for each benchmark were 23.83% (combining S!"#C$%&#’
1B with ODEX𝐿𝑀𝑁𝑂𝑃), 21.79% (combining D&&(S&&)’C$%&#’1.3B
with DS-1000𝐿𝑀𝑁𝑂𝑃), 8.7% (combining C$%&G&*’350M’M$*$ with
MBPP𝐿𝑀𝑁𝑂𝑃), 194.71% (combining L+","’2’7Bwith MBPP𝐿𝑀𝑁𝑂𝑃), and
200.05% and 268.36% for the last two benchmarks when combining
C$%&G&*’350M’M$*$ with ODEX𝐿𝑀𝑁𝑂𝑃 . However, the decrease
rates were observed with a speci"c model, L+","’2’7B, when
"ne-tuned with the CoNaLa𝐿𝑀𝑁𝑂𝑃 for all the Functionality-focused
benchmarks and the CodeAlpaca𝐿𝑀𝑁𝑂𝑃 for all the Alignment-focused
benchmarks. The signi"cant #uctuations in performance under-
score the importance of the dataset quality and this observation
highlights the critical need for rigorous dataset curation to ensure
optimal model performance in code generation tasks. Further re-
search into dataset re"nement strategies is essential to address this

limitation and unlock the full de"nition of the high-quality dataset
for CodeLLMs.

Comparing against the Zero-shot. We intentionally excluded com-
parisons against zero-shot model performances, except for prelim-
inary analysis, as our focus is on evaluating dataset quality and
identifying potential enhancement techniques. While these compar-
isons are somewhat tangential to our primary aim, they may o!er
insights into techniques that are superior to the original dataset
quality as well. In the case of our dataset design curation, most
of the combinations show superior performances, when addition-
ally considering zero-shot performances. For Functionality-focused
benchmarks, the average increase rates against Zero-shot were
18.93%, 18.94%, 1.89%, and 97.51% for HumanEval, HumanEval+,
MBPP, and MBPP+ while the results show a slight decrease on av-
erage with Alignment-focused benchmarks (i.e., -4.27% and -3.90%
on both CoNaLa and ODEX datasets). This further emphasizes the
impact of dataset design choices. By carefully selecting and re"n-
ing datasets based on their characteristics and suitability for the
intended application, researchers and practitioners can optimize
model training and improve real-world performance outcomes.

Generalization of the Study. While we acknowledge the importance
of generalizability in studies, our research speci"cally aimed to
investigate the impact of "ne-tuning dataset quality on the perfor-
mance of CodeLLMs for natural language text-to-code generation.
This focused approach allowed us to conduct a deep and thorough
analysis of this particular application. We believe that our insights
into "ne-tuning dataset quality, andwe also believe that our insights
can easily extend to other CodeLLMs because other tasks are also
trained by the same method, "ne-tuning the pre-trained models.
Furthermore, our current study focused on Python due to its wide-
spread use in both software and machine learning communities,
and the availability of rich and diverse datasets. Di$culties that
should be considered for other programming languages like Java
and Go would be as follows: 1) collecting vast amounts of training
datasets, 2) we would also need to establish new benchmarks and
evaluation metrics tailored to these languages, and 3) the process
of "ne-tuning is computationally intensive and it requires careful
evaluation to ensure performance parity across languages.
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RQ2: Semantic Correlational Correction
Similar to the previous section, this section demonstrates the detailed numbers for our RQ2. Table 6 illustrates the raw benchmark scores
after correcting the MBPP𝐿𝑀𝑁𝑂𝑃 dataset to be more semantically correlated MBPP𝑄𝑅𝑆𝑁𝑃𝐿𝑂𝑇 and Table 7 shows the increase/decrease in color
saturation.

Table 6: Detailed code generation performance with semantic dataset against the original version.

Tuning Data Model & Size
Functionality-focused (Pass@1) Alignment-focused (BLEU)

HumanEval HumanEval+ MBPP MBPP+ CoNaLa ODEX

MBPP𝑄𝑅𝑆𝑁𝑃𝐿𝑂𝑇

C!"#G#$%350M%M!$! 14.02 12.80 14.80 21.30 19.59 21.51
S&’(C!"#(%1B 15.85 14.02 19.40 33.83 21.45 25.19
D##)S##*%C!"#(%1.3B 36.59 29.27 42.40 55.14 24.78 27.41
D##)S##*%C!"#(%6.7B 53.66 45.12 60.20 69.67 36.81 40.34
M’+,C!"#(%DS%6.7B 61.59 54.88 62.20 73.93 30.70 34.17
C!"#L-’.’%7B 33.54 28.66 39.80 53.63 33.67 38.14
L-’.’%2%7B 10.37 8.54 10.60 15.79 26.98 31.22

The values in yellow ( nn.nn ) denote the improved performance against the ones without semantic correlation correction.

Table 7: Detailed code generation performance with semantic dataset against the original version including increase/decrease
rate.

Tuning Data Model & Size
Functionality-focused (Pass@1) Alignment-focused (BLEU)

HumanEval HumanEval+ MBPP MBPP+ CoNaLa ODEX

MBPP𝑄𝑅𝑆𝑁𝑃𝐿𝑂𝑇

C!"#G#$%350M%M!$! 14.02 12.80 14.80 21.30 19.59 21.51
S&’(C!"#(%1B 15.85 14.02 19.40 33.83 21.45 25.19
D##)S##*%C!"#(%1.3B 36.59 29.27 42.40 55.14 24.78 27.41
D##)S##*%C!"#(%6.7B 53.66 45.12 60.20 69.67 36.81 40.34
M’+,C!"#(%DS%6.7B 61.59 54.88 62.20 73.93 30.70 34.17
C!"#L-’.’%7B 33.54 28.66 39.80 53.63 33.67 38.14
L-’.’%2%7B 10.37 8.54 10.60 15.79 26.98 31.22

The !rst column represents the training dataset that is re!ned by correcting the semantic correlation (→𝑄𝑅𝑆𝑁𝑃𝐿𝑂𝑇 ). The second
row lists up all test datasets (→𝐿𝑅𝑄𝐿 ) used in this study. The values in green ( nn.nn ) and red ( nn.nn ) indicate the improved and
degraded performance scores, respectively. Color saturation represents the magnitude of the di"erences between the !ne-tuned
models with the original dataset and the ones with the curated design.

RQ3: Data Design Alignment
The detailed benchmark score of RQ3 is presented in Table 8. The result represents the benchmark scores after each model is !ne-tuned with
the curated CodeAlpaca𝑈𝑅𝑄𝑂𝑉𝑃𝑅𝑈 dataset. Table 9 displays the color saturation to indicate the detailed e"ects.

Table 8: Detailed code generation performance with designed dataset against the original version.

Tuning Data Model & Size
Functionality-focused (Pass@1) Alignment-focused (BLEU)

HumanEval HumanEval+ MBPP MBPP+ CoNaLa ODEX

CodeAlpaca𝑈𝑅𝑄𝑂𝑉𝑃𝑅𝑈

C!"#G#$%350M%M!$! 16.46 14.63 17.60 23.81 16.38 17.89
S&’(C!"#(%1B 17.68 16.46 22.00 28.32 27.18 29.40
D##)S##*%C!"#(%1.3B 39.63 33.54 45.80 59.65 26.79 29.95
D##)S##*%C!"#(%6.7B 51.22 44.51 58.80 70.43 33.15 40.02
M’+,C!"#(%DS%6.7B 64.02 56.71 60.20 74.44 31.77 35.01
C!"#L-’.’%7B 33.54 30.49 41.80 57.64 35.83 39.31
L-’.’%2%7B 16.46 14.02 14.60 23.56 29.50 32.25

The values in yellow ( nn.nn ) denote the improved performance against the ones without design curation.
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Table 9: Detailed code generation performance with designed dataset against the original version including increase/decrease
rate.

Tuning Data Model & Size
Functionality-focused (Pass@1) Alignment-focused (BLEU)

HumanEval HumanEval+ MBPP MBPP+ CoNaLa ODEX

CodeAlpaca𝐿𝑀𝑁𝑂𝑃𝑄𝑀𝐿

C!"#G#$%350M%M!$! 16.46 14.63 17.60 23.81 16.38 17.89
S&’(C!"#(%1B 17.68 16.46 22.00 28.32 27.18 29.40
D##)S##*%C!"#(%1.3B 39.63 33.54 45.80 59.65 26.79 29.95
D##)S##*%C!"#(%6.7B 51.22 44.51 58.80 70.43 33.15 40.02
M’+,C!"#(%DS%6.7B 64.02 56.71 60.20 74.44 31.77 35.01
C!"#L-’.’%7B 33.54 30.49 41.80 57.64 35.83 39.31
L-’.’%2%7B 16.46 14.02 14.60 23.56 29.50 32.25

The !rst column represents the training dataset that is with the curated design (→𝐿𝑀𝑁𝑂𝑃𝑄). The second row lists up all test datasets
(→𝑅𝑀𝑁𝑅 ) used in this study. The values in green ( nn.nn ) indicate the improved performance scores. There was no performance
decrease at all with our curated design. Color saturation represents the magnitude of the di"erences between the !ne-tuned
models with the original dataset and the ones with the curated design.

Additional Experiments: Few-shot Performance
The results show that depending on a model and a benchmark, few-shot prompting may outperform the zero-shot. However, it also shows
that the performance #uctuation is limited for our target scenarios, e.g., on average, 2.63% and 0.07% increases on CoNaLa and ODEX
benchmarks have been discovered. It indicates that there are clear limitations of few-shot learning related to our research focus. One key
limitation is that few-shot learning is highly sensitive to prompt design, making it challenging to control variables compared to !ne-tuning,
as noted in previous studies. 131415 Additionally, the intent-code pair for few-shot learning can be excessively long, consuming more tokens
and time (e.g., 7.3 times longer in our supplementary experiment). Consequently, few-shot learning may become impractical when the
contextual information is substantial. 16

Table 10: BLEU score comparison Zero-Short learning and Few-Shot learning

Training Data Model & Size
Alignment-focused (BLEU)
CoNaLa ODEX

Few-Shot

CodeGen-350M-Mono 19.05 (20.69) 20.89 (20.32)
Starcoder-1B 26.74 (26.16) 29.97 (31.51)
Deepseek-Coder-1.3B-Base 32.41 (29.95) 34.25 (33.80)
Deepseek-Coder-6.7B-Base 38.09 (36.73) 39.41 (40.11)
Magicoder-DS-6.7B 32.86 (32.91) 37.76 (37.86)
CodeLlama-7B 35.62 (35.28) 38.80 (38.66)
Llama-2-7B 29.46 (27.01) 30.99 (29.64)

The numbers in bold represent the outperforming cases under few-shot context,
while those inside parentheses (xx.xx) demonstrate the original zero-shot perfor-
mance.

13Zhao, Z., Wallace, E., Feng, S., Klein, D. and Singh, S., 2021, July. Calibrate before use: Improving few-shot performance of language models. In International conference on machine
learning (pp. 12697-12706). PMLR.
14Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A.N., Kaiser, $. and Polosukhin, I., 2017. Attention is all you need. Advances in neural information processing
systems, 30.
15Pornprasit, C. and Tantithamthavorn, C., 2024. Fine-tuning and prompt engineering for large language models-based code review automation. Information and Software Technology,
p.107523.
16Mosbach, M., Pimentel, T., Ravfogel, S., Klakow, D. and Elazar, Y., 2023. Few-shot !ne-tuning vs. in-context learning: A fair comparison and evaluation. arXiv preprint
arXiv:2305.16938.
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From now on.. 

We train a CodeLLM after 
aligning the design of input data.

- Function-level
- Function signature
- Code annotation
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