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User

Automatic SE in the Era of LLM

/ Write tests for the following code: \

def compare_two_integers(a, b):
if a<b:
return f"{b} is bigger"
elifa>b:
return f"{a} is bigger"
else:

K return f"{a} is equal to {b}" /

( )

Write a function to sort a list of elements

G J

/ Repair the following issue: \

Issue Description
ModelChoiceField does not provide value of invalid choice when raising Validation Error.
Compared with ChoiceField and others, ModelChoiceField does not show the value of
the invalid choice when raising a validation error. Passing in parameters with the
invalid value and modifying the default error message for the code invalid_choice
should fix this.
From source code:
class ModelMultipleChoiceField(ModelChoiceField):

.. 'invalid_choice": _('Select a valid choice. %(value)s is not one of the available
choices.), ...

class ModelChoiceField(ChoiceField):

.. 'invalid_choice: _('Select a valid choice. That choice is not one of the available
Kchnices"),
i
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Prompts: NLP + Code (optional)
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class TestCompareTwolntegers(unittest.TestCase):
def test_less_than(self):
self.assertEqual(compare_two_integers(3, 5), “5 is largerr")
def test_greater_than(self):
self.assertEqual(compare_two_integers(10, 2), "10 is largger")

Test Cases

def comb_sort(nums):
while i + gap < len(nums):
if nums[i] < numsli + gap]:
nums|[i], nums|[i + gap] =\
nums[i + gap], nums][i]
sorted = False
1+=1
return nums

Code

o ——— i —— — — — — ———————————————

except (ValueError, TypeError, self.queryset.model.DoesNotExist):
- raise ValidationError{self.error_messages['invalid_choice'],

- code="invalid_choice')

+ % Include the invalid value in the error message
+ raise ValidatienError(
+ self.error_messages['invalid_choice'] % {"value': value}
+ code="invalid_choice')
Patch
/
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LLM-based Automatic SE + RAG

\ [ |class TestCompareTwolntegers(unittest.TestCase):
def test_less_than(self):
self.assertEqual(compare_two_integers(3, 5), “5 is largerr")

/ Write tests for the following code:\

def test_greater_than(self):
def compare_two_integers(a, b): self.assertEqual(compare_two_integers(10, 2), "10 is largger")
ifa<h: cr
return f'{b} is bigger" Similar Test Cases
elifa> b: code +test
return f"{a} is bigger" def comb_sort(nums):
else: {0 9 | .

while i + gap < len(nums):
if nums[i] < numsli + gap]:
nums|[i], nums|[i + gap] =\
nums[i + gap], nums][i]
sorted = False
1+=1
return nums

Code

\ return f"{a} is equal to {b}" / \ )

Similar
code )

[Write a function to sort a list of elements]

/ Repair the following issue: \ / \

Issue Description

ModelChoiceField does not provide value of invalld choice when raising Validation Error.
Compared with ChoiceField and others, ModelChoiceField does not show the value of
the invalid choice when raising a validation error ing in parameters with the = a
invalid value and modifying the default error message for the code Invalid_choice S]mllar
should fix this.

From source code:

=
class ModelMultipleChoiceField(ModelChoiceField) lss“e + patch

alid_choice: _(‘Select a valid choice. U(value)s is not one of the available

except (ValueError, TypeErrer, self.queryset.model.DoesNotExist):

- raise ValidationError{self.error_messages['invalid_choice'],
code="invalid_choice')

% Include the invalid value in the error message

raise ValidatienError(
self.error_messages['invalid_choice'] % {"value': value},
code="invalid_choice')

choices), ..
class ModelChoiceField [ChoiceField):

\ = ralid_choice: _("Select a valid choice. That choice is not one of the available
choice /
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Our recent work on advancing LLM-based SE
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ClarifyGPT: Empowering LLM-based Code Generation
with Intention Clarification

Enhancing
prompts

e e o o — — — — — ————

Writing code

 Auto Code Generation

Debugging and getting help

» Converting user-provided natural language Documening code
requirements to executable code S

Testing code

Project planning

Committing and reviewing
code

» Improving software development efficiency

Collaborating with teammates

https://survey.stackoverflow.co/2023/#ai

ﬁef comb_sort(nums): \

O : 1, while i + gap < len(nums):
_ ) ) LN NN if nums[i] < numsli + gap]:
—> { Write a function to sort a list of elements. J —_— f\ _—> numsli], nums[i + gap] =\
\x_ 7 V9, numsli + gap], nums][i]
: S sorted = False
User NLP requirement 2
LLMs =l

\ return nums /

Code Solution

ClarifyGPT: A Framework for Enhancing LLM-Based Code Generation via Requirements Clarification
F Mu, L Shi, S Wang, Z Yu, B Zhang, CX Wang, S Liu, Q Wang
Proceedings of the ACM on Software Engineering 1 (FSE), 2332-2354



Challenges for LLM-based Code Generation

» Users often struggle to accurately express their requirements, leading to ambiguity
in natural language descriptions

» LLMs lack machinimas to clarify the requirements

ﬂef comb_sort(nums):

Y while i + gap < len(nums):
. . . if nums[i] < nums[i + gap]:
—_—> [ Write a function to sort a list of elements. J _— e, s gip? -\
numsli + gap], nums][i]
User NLP requirement . +S°{ted = False
| +=

K return nums

/

Generated Code



Challenges for LLM-based Code Generation

» Users often struggle to accurately express their requirements, leading to ambiguity

in natural language descriptions

» LLMs lack machinimas to clarify the requirements

ambiguity: asc or desc?

/

2 /

|—

“ —> | Write a function to sort a list of elements.

User NLP requirement

sorting desc

ﬂef comb_sort(nums):

while i + gap < Jén(nums):
if numsl[i] < numsli + gap]:

nums[i], numsli + gap] =\
nums[i + gap], nums[i]
sorted = False

i+=1

K return nums

~

/

Generated Code



Challenges for LLM-based Code Generation

» Users often struggle to accurately express their requirements, leading to ambiguity

in natural language descriptions

» LLMs lack machinimas to clarify the requirements

ambiguity: asc or desc?

/

2 /
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“ —> | Write a function to sort a list of elements.

User NLP requirement

sorting asc

ﬂef comb_sort(nums):

while i + gap < Jén(nums):
if numsl[i] < numsli + gap]:

nums[i], numsli + gap] =\
nums[i + gap], nums[i]
sorted = False

i+=1

K return nums

~
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Generated Code



Challenges for LLM-based Code Generation

» Users often struggle to accurately express their requirements, leading to ambiguity
in natural language descriptions

» LLMs lack machinimas to clarify the requirements

sorting asc

ity ?
ambiguity: asc or desc /et comb_sort{nums) N

/

M 7
“ —_—> { Write a function to sort a list of elements. J _— s |

while i + gap < Jén(nums):
if numsli] < numsli + gap]:
nums[i], numsli + gap] =\
nums[i + gap], nums[i]
sorted = False
i+=1

k return nums /

Generated Code

User NLP requirement

Observation: Ambiguous requirements often lead to semantic
inconsistent code among different solutions generated by LLMs.
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Solution: Human-in-the-loop Requirements Clarification

}V [Write a function to sort a list of elements. ] &

sorting desc? asc?

/

ﬂjef comb_sort(nums):
while i + gap < lgh(nums):

if numsl[i] > numsl[i + gap]:

nums(i], nums[i + gap] =nums[i + gap], nums][il

return nums

\_

~
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Generated Code



Solution: Human-in-the-loop Requirements Clarification

sorting desc? asc?

0 Write a function to sort a list of elements. 9 /

/def comb_sort(nuy \
Should the sorting be in ascending or ‘ Ga

“ descending order? \ ]

: return nums

User LLMs \_ )

Generated Code

while i + gap < lgh(nums):
if numsl[i] > numsl[i + gap]:
nums(i], nums[i + gap] =nums[i + gap], nums][il




Solution: Human-in-the-loop Requirements Clarification

0 [Write a function to sort a list of elements. ] &
oM /f N

Should the sorting be in ascending or r‘! "
< . <« — |}
' descending order? .
-

User \QA( \ y )

Ascending order

.

sorting asc

/

\_

ﬂjef comb_sort(nums): \

while i + gap < lgh(nums):
if numsl[i] < numsli + gap]:
nums(i], nums[i + gap] =nums[i + gap], nums][il

return nums

)

Generated Code



[Write a function to sort a list of elements. ] &
- N | AR

Should the sorting be in ascending or
descending order?
\\

Vs

Ascending order

Solution: Human-in-the-loop Requirements Clarification

sorting asc

/

ﬂjef comb_sort(nums): \

while i + gap < lgh(nums):
if numsl[i] > numsl[i + gap]:

nums(i], nums[i + gap] =nums[i + gap], nums][il

return nums

- /

Generated Code

Goal: Empowering LLMs with the ability to identify and clarify ambiguous
requirements would help LLMs generate accurate code.



Empowering LLM-based Code Generation with Intention
Clarification

4 Chat Interface N ClarifyGPT N\

1. Test Input Generation Prompt for Generating
def comb_sort(nums): 1 Test Inputs

2 J :{ Seed Inputs Initialization h """""""""""""""""""" »

Write a function to sort a list of elements. ¥ e
" t I
I Type-aware Input Mutation | Inpul:s I
Final Test
Inputs
Should the sorting be in ascending L
or descending order? i ¢
2. Code Consistency Check g Origin Requirement
| Sample Candidate Codes |}ZIZIZ'_'.IIIIZZIZ'_ZIIZZZZIZI e
‘ Candidate ‘g
| Code Clustering via Test Output | Codes " </> o
ey TS e
" — ./ A o]
sk : 3
[oEER) S TR, Q
3 L waw? :
Seno 0
«Q
(— Randomly Return One (L
of the Candidate Codes §
No Q
(1]
3. Reasoning Based Question Generation ’ 0
The function should sort the list in ] E Pmapt h:f g
. ¥ 2 uestions
mioniding ol Construct Reasoning-Oriented Prompt ], _________________________________ »

{ G ate Clarifying Questions I" Clarifying [ —
~ Questk:msl —?

def comb_sort(nums): ‘
while i + gap < len(nums): 4. Enhanced Code generation
if nums[i] > nums[i + gap]: R
nums[[]i], m:'ms[E' g :arfi]=\ » [ Refine Origin Requirement g TR p——
numsli + gap}, nums[i] based on returned answer  [--------mmmmmeme oo »
sorted = False '
i+=1 Generate Code Via the - -~ ===~~~ st i I
return nums - enhanced requirement solu:ion <[>

\_ SR i
Overview of ClarifyGPT




Empowering LLM-based Code Generation with Intention
Clarification

7 . B i N\
Chat Interface ClarifyGPT ip .
/  Challengel: When to ask clarifying
PRI } 1. Test Input Generation Proml;te 'sr:rl S;&:mlng ues tionS 2
w i :{ Seed Inputs Initialization h __________________________________________________________________________ s q ‘
x»lrlte a function to sort a list of elements. ¥ S .
| Type-aware Input Mutation | =] » Test Input Generation: Generate
% Finat Test a large number of tests via
Inputs 5
[smm e D mutation based on the reqgs
or descending order? i ‘
2. Code Consistency Check cngigin Requirement > COde COHSiStency CheCk: Run the
| sample Candlidate Codes |}:::ZI’.::::::’.:::::iﬁ‘.:::’. = generated code on the test inputs_
" Sy .
[ Code Clustering via Test Output | e < If the test outputs are consistent,
ST r~ : .
: \‘,\,. b we con.51der the requirements are
= unambiguous
SN g
Yes (—— Randomly Return One ®
lusters<2 of the Candidate Codes §
TNo o
3. Reasoning Based Question Generation Ponigties Nakdng %
_{Z::eﬁj‘;igogr:::)'uld SOE 08 2ot ] | Construct Reasoning-Oriented Prompt L_ S E v NORUONS o >
4{ Generate Clarifying Questions l" """""" (':l'a ;';y;r:g' e £ SRR
Questions E)]
def comb_sort(nums): ) ‘ &
whlle i+ gap < Ien(nurps): 4. Enhanced Code generation
! n:l.?:g[]ﬂ):::ss[fl: ggaaysl=\ > Refine Origin Requirement E Enhanced Requirement
. based on returned answer  |===------m-mmmmmemee oo b >

numsli + gap], numsi]
sorted = False
i+=1
return nums )

'
Generate Code Via the
enhanced requirement

-

Enhanced code

solution </>

Overview of ClarifyGPT



Empowering LLM-based Code Generation with Intention
Clarification
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Chat Interface ClarifyGPT e -
 Challengel: When to ask clarifying
1. Test Input Generation Prompt for Generating R 2
gel.come__sorinm: ) ST e R O Tosthpts. . | > questions !
" » Seed Inputs Initialization I" ______________________________________
Y'Vrlte a function to sort a list of elements. ¥ i .
| Type-aware Input Mutation | . =] > Test Input Generation: Generate
Finai s a large number of tests via
Inputs .
[Should the sorting be in ascending L I% mutation based on the reqs
or descending order? i ‘
2. Code Consistency Check clgoﬁgin Requirement > COde COHSiStency CheCk: Run the
| sample Candidate Codes ]]:::::’.’.::::’.’.:’.::’.:::’.::’. = generated code on the test inputs.
" - 0
[ Code Clustering via Test Output | ooy < If the test outputs are consistent,
& we consider the requirements are
oA S 3 .
' 2 unambiguous
T ©
1 (o]
L1
4 e z _
No 2 ¢ Challenge2: What questions?
3. Reasoning Based Question Generation Fonigttes Nakdng %
‘{Z::efr‘::iz?:r:::"“'d sort the list in ] I Construct Reasoni:lg-Oriented Prompt ]._ SR g_ Sy UEENONS ol L > > Reas Onipg'baSEd QlleStiOIl
{ Generate Clarifying Questions l" """""" =) ;l;y'";g'? """"" Generatlon: Use LLMS to analyze
T » Questions {__ 7 the reasons for ambiguity and
whlle i+ gap < Ien(nurps): 4. Enhanced Code generation propos € targeted queStlonS baS ed
! n:::g{{]?:&‘::{f‘:gg:‘;]:\ i Refine Origin Requirement EEnhancod Requirement on the ldentlfled causes.
numsfi + gap], nums{i] based on ret;nmed aNSWer  |=-=------mmmm s hooe e »
i :o:ted e J Generate Code Via the -~ == <==== el re —— i I
return nums \\ enhanced requirement o ::,f:io;o » </>
o S =

/

Overview of ClarifyGPT



Empowering LLM-based Code Generation with Intention
Clarification

~

7 N 7 ' )
Chat Interface ClarifyGPT e -
 Challengel: When to ask clarifying
o ot s ) 1. Test Input Generation l’mmu;le 'sr:rl l';‘-;&:mlng ues tionS 9
" B i :{ Seed Inputs Initialization I" __________________________________________________________________________ > q °
Y'Vrlte a function to sort a list of elements. ¥ i .
| Type-aware Input Mutation | . =] > Test Input Generation: Generate
Finai s a large number of tests via
Inputs .
[Should the sorting be in ascending % mutation based on the reqs
or descending order?
2. Code Consistency Check clgoﬁgin Requirement > COde COHSiStency CheCk: Run the
| sample Candidate Codes ]]:::::’.’.::::’.’.:’.::’.:::’.::’. = generated code on the test inputs_
" - .
[ Code Clustering via Test Output | ooy < If the test outputs are consistent,
& we consider the requirements are
oA S 3 .
' 2 unambiguous
Yes (— Randomly Return One b
ficlusters<2 of the Candidate Codes g .
No 2 ¢ Challenge2: What questions?
3. Reasoning Based Question Generation Fonigttes Nakdng %
‘{Z::efr‘::iz?:r:::"“'d sort the list in ] I Construct Reasoni:lg-Oriented Prompt ]._ SR g_ Sy UEENONS ol L > > Reas Oning'baSEd QlleStiOIl
Generate Clarifying Questions l" """""" (-:I-a ;l;y'";g'? """"" Generatlon: Use LLMS to analyze
T » Questions {__ 7 the reasons for ambiguity and
whlle i+ gap < Ien(nurps): 4. Enhanced Code generation propos € targeted queStlonS baS ed
! n:::g{{]?:&‘::{f‘:gg:‘;]:\ i Refine Origin Requirement EEnhancod Requirement on the ldentlfled causes.
numsfi + gap], nums{i] based on ret;amed ANSWEr === === mmmmm e >
i :o:ted e J Generate Code Via the -~ == <==== el re —— i I
return nums \\ enhanced requirement " ::,f:io;o = <[>
\_ J L —
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Overview of ClarifyGPT



ClarifyGPT improves the performance of LLM-based code
generation by around 15%

* Participants:
» students, researchers, and developers
» >3 years of experience with Python

The Pass@1(%) of ClarifyGPT

GPT-4
Methods
* Two baselines: MBPP-sanitized MBPP-ET Average
> Chain-of-thought Default 70.96 51.52 61.24
» GPT-Engineering v¢ Star 523k
CoT 72.68 53.79 63.24
° Datasetsl GPT—EngIHE«EI 73.77 54.96 64.37
> MBPP-sanitized/ET (427) CLarIFYGPT (Human Feedback) 80.80 60.19 70.50
» HumanEval (164) Relative Improvement 13.87% 1 16.83% T 15.35% 1

ClarifyGPT elevates the performance (Pass@1) of GPT-4 on MBPP-sanitized from 70.96% to
80.8%; and elevates its performance on MBPP-ET from 51.52% to 60.19%. The relative
improvement is 15.35% on average, outperforming the baselines.



ClarifyGPT with Simulated User Feedback

Methods HumanEval HumanEval-ET MBPP-sanitized MBPP-ET Average

Detault 64.63 57.32 65.57 46.68 58.55

CoT 68.70 60.37 66.29 49.18 61.21

ChatGPT GPT-Engineer 66.26 59.76 69.09 50.20 61.33

CLariryGPT (Simulated Feedback) 74.39 64.584 74.08 55.58 67.22
Relative Improvement 15.10% T 13.12% 7 12.98% 1 1907% T 15.07% 7 ]

Default 78.86 70.73 70.96 51.52 68.02

CoT 80.10 72.56 72.68 53.79 69.78

— GPT-Engineer 79.27 71.75 73.77 54.96 69.94

CLariFYGPT (Human Feedback) '\. \ 80.80 60.19 70.50
CrLAriFYGPT (Simulated Feedback) 87.80 78.05 78.69 58.47 75.75 ]

Relative Improvement 11.34% 7 10.35% T 10.89% 7 13.49% T  11.52% 7




ClarifyGPT vs. GPT-Engineering

Case I (Problem 71 in MBPP-sanitized): def comb sort{nums]

A
|.,

e a function

to sort a list of elements.

Default (ChatGPT)

GPT-Engineer (ChatGPT)

CIarifyGPT (ChatGPT)

def comb_sort(nums):
gap = len(nums)
shrink_factor = 1.3
sorted = False
while not sorted:
gap = int(gap [ shrink_factor)
if gap <= 1:
gap =1
sorted = True
i=0
while i + gap < len{nums):
it nums[i] < nums[i + gap]:
nums[i], nums[i + gap] =\
nums[i + gap], nums[i]
sorted = False
i+=1
return nums

Questions:

1.What should be the input of the sorting function?
2.5hould the surting bein ascanding or descending order?
3.Are there any specific constraints for the sorting
algorithm?

4.Do you want the entire implementation of this function?
5.Are there any preferred programming language?
Answers:

1.The function should take a list of numbers as input.
2.The function should sort the list in ascending order.
3.The sorting algorithm should be comb sort.

4.Yes, | want the entrie implementation.

5.Please use Python to implement this funtion.

Code Solution:

def comb_sort(nums):

while i + gap < len{nums):
if nums[i] < numsl[i + gap]:
nums[i], nums[i + gap] =\
nums[i + gap], nums[i]
sorted = False
i+=1
return nums

i1. Should thﬂ sorting be in ascending or
Flascandlng order?

Ask targeted question
Answers: g q

1. The function should sort the list in ascending
order.

Code Solution:
def comb_sort(nums):

while i + gap < len{nums):
if nums[i] < nums[i + gap]:
nums[i], nums[i + gap] =\
nums([i + gap], nums[i]
sorted = False
i += 1
return nums

» Pitfalls of GPT-Engineering:

» ask questions for every problem (on average 3 more than ClarifyGPT)
» ask unnecessary questions




 EPiC: Search-based Prompt Optimization for LLM-based
Code Generation

e e o o — — — — — ————

* Prompt Optimization
» Utilize search algorithms to explore variations of &
\\\\" ()

, i
prompts to identify those that yield the best responses \‘fo\\ N illlllllﬂm ':'; <
\\\\Q‘f ‘ ' (75

» Better alignment with LLMs’ training data, and stimulate
better response with certain structures/words/phrases

https://arxiv.org/pdf/2408.11198
EPiC: Cost-effective Search-based Prompt Engineering of LLMs for Code Generation
H Taherkhani, M Sepindband, HV Pham, S Wang, H Hemmati



https://arxiv.org/pdf/2408.11198

Enhancing i EPiC: Search-based Prompt Optimization for LLM-based
prompts | Code Generation

.

* Prompt Optimization

ay s - . : ‘ 7
» Utilize search algorithms to explore variations of . i o
_ : ! SN 58
prompts to identify those that yield the best responses ’O‘X‘k‘\\\\\\k‘tﬁflf"”llﬂi@%"
BN N N

» Better alignment with LLMs’ training data, and stimulate
better response with certain structures/words/phrases

def bubble_sort(nums):

while i —gap < len(nums)-1:

Write a function to sort a list of elements upwardly. if nums[".gap] ) m.JmS[']: .

nums[i], numsl[i + gap] =numsli + gap],
4 i numsli]
I NS def comb_sort(nums):
User — 7 im0 T |

Write a function to sort a list of elements ascendingly. Wh'.le e len(nu.ms): .

if nums[i] > nums[i + gap]:

numsJi], nums[i + gap] =nums[i + gap],
numsli]




Overview of EPiC

|:le't sort_numbers{numbers:str):

"“input is a space-delimited strings of
numerals from "zero' to "nine’. Return
the string...

Generation

®

Generated code

/-I\

( ode and Test

~

G wneralNI [eSICASes

™ /
Termination } Fl{Scare=i.2) \‘
L P2{Score=0.5) ."')
4|7 . 5
------------------- P Scare=i1, 1] \\ﬂ I\‘-—
L -
— Test C x
Promptl =44 .51 -Ase > Candidate
@\ Prampc2 \ Loditily Selection
A |rampe \
g . Initial B, T l
TestCase |, | Population ~—————3
Evaluation ] Builder
9 ' - Code Generation — I\:Wﬂ“Pl
II("' : T T “a . . W Frampl | utation
'\E) I ' t \—F/ Mu_Prampe
1
i '/_h\' Mu_Frampil \_)
..................... l'\ ' oD oo I\iﬁj \i
AN

Initial Evaluation

1. Generate initial tests and solution

2. Evaluate the generated code

3. Build initial population with LLM

4

Evolutionary Prompt Engineering

 fitness function
» pass rate of tests

 mutation approaches
» LLM-based

» similar_words_replace

* population
> N*10

4. Evaluate each prompt and calculate the fitness score

5. Select the candidate prompts for mutation

6. Mutate prompts and re-generating solutions



EPiC outperforms SOTA in pass@1, $cost, and time

. Th baseli _ Datasel T ool pass@] cosl titne(mins)
ree as.e 1nes: Humaneval | Reflexion YoRT 2 37
» Reflexion (verbal feedback +RL) Mumaneval (DB 5799 $30 13
; t]i,? S(feedbaCk * CO}'ll‘) Humaneval LATS %91 16.51 151
(agent + search) Humaneval EPiC _ $3.5 16
MBPP Reflexion %71 1.91 68
« Tow datasets: :
> HumanEval MBPP LDB %73 $13.81 103
> MBPP MBPP LATS %76 80.2 1403
MBPP epic [T $16.4 210

EPiC outperforms the SOTA baselines by %1 to %3 on HumanEval
and %2 to %7 on MBPP with costs that are either lower or
comparable to prior studies.



Enhancing
prompts

.

RAG-based Unit Test Generation

* Retrieval-Augmented Generation (RAG)

» Allows LLMs access to the latest and more domain-specific
information

» Helps ground the output in factual information, reducing the
likelihood of hallucinations

https://arxiv.org/abs/2310.10508

The Impact of Different Knowledge Base Sources on

RETRIEVAL AUGMENTED GENERATION
The process is as follows:

B - (@ & ., ©
Question e — iy
wl [ w4

AR
> &l

Prompt Engineering or Fine Tuning: An Empirical Assessment of Large Language Models in Automated Software Engineering Tasks

J Shin, C Tang, T Mohati, M Nayebi, S Wang, H Hemmati




Enhancing ! ' The Impact of Different Knowledge Base Sources on
prompts | RAG-based Unit Test Generation

|_____________

* Retrieval-Augmented Generation (RAG) TS ECOREE. SENECECH
» Allows LLMs access to the latest and more domain-specific 2 - @ .0 © ... &
information vl el Bpic e,
; l [ . @
ﬂ L 4
» Helps ground the output in factual information, reducing the "" E
likelihood of hallucinations g &

* External Sources for RAG-based test generation:

o S stack
GitHub — | overflow

Code Repo Q&A Knowledge Documents




Impact of different external resources of RAG-based test
generation

s y Q@

S o i Zero-Shot

= {8=|— GitH . o eo-Sn

API \C{}]lt‘{‘fAPI List gm G t Ub Chrpma ‘lethm Database [ Prompting }
Iz 3

Collect API Relevant
API Documentation API List Issues & Q& As
Q RQ2 RQ3
> & —
Collect API Documents =, stackoverflow s :;Af;} [RAEP;EZJLHJ
RQ4&S5S

Metrics, Cost,
G ted Unit Test
and Manual Analyvsis cherated LIt Tests LLMs




Impact of different external resources of RAG-based test
generation

—> ' . (::) S— ‘II' . RQ1

e 0 e . Zero-Shot
= Ml Do | GltHUb —> Vector Database [ Pr ti }
API |= \ Collect API List | [ cme CherE'I rompiing
Collect API Relevant
API Documentation API List Issues & Q& As
A RQ2 RQ3 v
Collect API Documents = StaCkoverﬂow Basic-RAG API-Level
Prompting RAG Prompting
RQ4&S
TEST v

N <«———Evaluation e —‘L |
: 7 © 0l

Metrics, Cost, ) .
and Manual Analyvsis Generated Unit Tests LLMs
* Four baselines: e Five DL infrastructure libs: « Four metrics:  Two RAGsS:
» GPT-3.5-turbo » TensorFlow > XGBoost > Parse rate » Basic
» GPT-4o0 » PyTorch » Execution rate > API
> Mistral 8x22B instruct » Sk-learn > Pass rate

» Llama 3.1 405B instruct > Google Jax » Code Coverage



Performance of RAGs with different settings

CmbvsZS BBAPIvsZS UBGHvsZS BRSO vs ZS
J0Cmb. vs API B8Cmbvs GH U0CmbvsSO BBAPIvs GH 0 APIvs SO NEGH vs SO

a. Basic RAG vs ZS b. API RAG vs ZS c. Basic RAG d. API RAG
- 20 20 13 20 20
“5 ; 15 15 ” 15 14 ” 1
’5 0 -
Z 10 10 10 s 10 H| :
’ L1 1F
0 ||

0 0 0
Win counts (based on code coverage) of the RAG approaches vs the zero-shots (ZS). Cmb
denotes combined RAG, API denotes API documents, GH denotes GitHub issues, and SO

denotes StackOverflow Q&As.

1. RAG could improve the code coverage not the syntactical correctness of unit test cases.

2. API-level RAG generally performs better than Basic (project-level) RAG.
3. GitHub issues benefit RAG the most among the three examined sources.



Benefits of GitHub issues for RAGs: covering more corner cases

# Document that led to the generation

manager = tf.train.CheckpointManager{checkpoint=checkpoint, directory="_/delete_me/"', max_to_keep=2)

for i in range(1800):
manager . save(i)

manager?2 = tf.train.CheckpointManager (checkpoint=checkpoint, directory='_./delete_me/', max_to_keep=2)

for i in range (1088, 20088):
manager?. save (i)

# Generated Unit Test Case
def test_multiple_checkpoint_managers(self):

# Test with multiple checkpoint managers

managerl = tf.train.CheckpointManager (self.checkpoint, self.checkpoint_dir, max_to_keep=2)

for i in range{2):
managerl.save ()

manager2 = tf.train.CheckpointManager (self.checkpoint, self.checkpoint_dir, max_to_keep=2)

for i in range(2, 4):
manager?.save ()

Unique Covered Lime from Unit Under Test
def __init__(self, checkpoint, directory, max_to_keep, ... J:
self. _latest_checkpoint = recovered_state.model_checkpoint_path

self. _last_preserved_timestamp = recovered_state.last_preserved_timestamp
if ecurrent_clock < self._last_preserved_timestamp:

all_timestamps = recovered_state.all_model_checkpoint_timestamps
all_paths = recovered_state.all_model_checkpoint_paths
del recovered_state # Uses modified values from now on

if not all_timestamps:
all_timestamps = [self._last_preserved_timestamp] = len({all_paths)

for filename, timestamp in zip(all_paths, all_timestamps)
timestamp = min{timestamp, current_clock)
if timestamp > self._last_preserved_timestamp:
self . _maybe_delete[filename] = timestamp

#UNIQUE #
#UNIQUE #
#UNIQUE #

#UNIQUE #

GitHub issues provide unique knowledge

e Structured and Context-Rich
Information:
» logs, stack traces, code snippets

* Detailed Problem Context:
» exact inputs used and the method
calls that led to the problem



Fine-tuning]i Domain Adaptation for Code Model-based Unit Test
LLMs | Case Generation

e e o o — — — — — ————

* Domain shift:

occurs when a machine learning model is
trained on data from one domain but is later
applied to data from a different domain,
leading to a drop in performance.

* Fine-tuning: * Domain Adaptation

o Fine-tuned

Involves continuing training with LLM — i um Fine-grained fine-tuning with
datasets from a specific task and - | | datasets from a specific domain or
adjusting the model weights. Curated project.

dataset

Domain Adaptation for Code Model-Based Unit Test Case Generation
J Shin, S Hashtroudi, H Hemmati, S Wang
ISSTA 2024



Our Approach: Fine-tuning + Domain adaptation

Je

Line2Test
Mapping

Methods2Test
Dataset

5e

Line2Test
Mapping

Defects4J
Dataset

— 1. Test Mapping
Fine-Tuning »  Which lines are covered by which tests
l 2. Fine-tune on “task-level”

> Methods2Test data (780K)

3. DA on “project-level”
. & 4/ »  Defects4] (20% code from projects)

Test and )
Carale Evaliate 4. Post-processing
»  AST parsability check

> Remove existing tests

process

Project-level
Domain Adaptation
> Inject unit tests



CodeT5 with and without DA vs. GPT-4 and A3 Test

B CodeT5 without DA [ CodeT5 with DA GPT-4 [ A3Test « Base model:
100 95.42 » CodeT5 (220M parameters)

* Two baselines:

> GPT-4
75 > A3Test (PLBart)
57.54 * Five metrics:
» Parse rate
50 43.23 43.46 » Execution rate
38.48 » BLEU/CodeBLEU
32.67 ’7 07 > Line Coverage
23'58 ' » Mutation Score
25
' 16.33 4
0

Parse% Compile% BLEU CodeBLEU Line Coverage Mutation Score



Benchmark SWE-Bench+: Enhanced Coding Benchmark for

Reliability | [, ],Ms

.

flask (11) django (850) * A Groundbreaking evaluation framework designed to assess the

matplotlib (184) capabilities of LLMs in resolving GitHub Issues.
pylint (57)

pytest (119)

requests (44) * Address the limitations of traditional benchmarks that are synthetic

astropy (95) or simplified (they are complex and real).

scikit-learn (229)
xarray (110)
seaborn (22)  They include issues with test cases expecting the LLMs to pass
Sphlnx (187) 386
sympy ( ) them
Leaderboard

Lite Verified Full
Model % Resolved Org Date Logs Trajs Site
¥/ Honeycomb 22.06 : v v &
¥/ Amazon Q Developer Agent (v20240719-dev) 19.75 aws v v &
¥ Factory Code Droid 19.27 % v - @
AutoCodeRover (v20240620) + GPT 4o (2024-05-13) 18.83 v - @
© [ SWE-agent + Claude 3.5 Sonnet 18.13 P I 2024-06-20 v v -

arXiv preprint arXiv:2410.06992
SWE-Bench+: Enhanced Coding Benchmark for LLMs
R Aleithan, H Xue, MM Mohajer, E Nnorom, G Uddin, S Wang



Robustness Analysis of SWE-Bench

are the LLMs actually resolving the issues in the SWE-bench?

1 Input 1
o' sWe-bench 3 Patch Validation l 4 Analysis
Logs

Trajectories

</> model patches < 8 @ Gold Patches )

on SWE ) )
a/sklearn/Tinear_model ber.py d‘ff12'915_|| . \1/hube
+++b/sklearn/1inear_model fhuber, py afsklearn/11near_made 1/ huber. py

? > @8 -231,6 +231,9 08 class # b/sklearn/Tinear_model/ huber. py

SWE-Agent Huberregressor(LinearModel . —_ 3
+ GPT4 RegressorMixin, BaseEstimator): a.-"sk]Ear.n.-"]'lnea.r_n_mdel.-"huber.p}'
self.tol = tol bik Bfsklearn/1inear_model fhuber . py
o @ -251,7 +251,.8 ) )
resolved instances 80 def fit(self, x, y, ffl Noise Detection
samp le_weight=None) :
self : object

Patterns in

ao
0Q patterns
passed instances

. 1) Solution Leak
2 Data Selection 2) weak test cases

Overview of our manual analysis

Model: e Data: « Patch Validation Study:
» SWE-Agent + GPT4 » 2k raw issues (titles, tests, gold patches) » each patch v.s gold patch
> 251 successfully fixed issues » review logs, issue descriptions, tests

» generated patches
> tests



64% of the solved issues are suspicious

Pattern Numbers (percentage) Root cause
Solution leak 82 (32.67%) solution leakage
Incorrect fixes 32 (12.75%) weak tests
Different files/functions changed 9 (3.59%) weak tests

Incomplete fixes 37 (14.74%) weak tests



64% of the solved issues are suspicious

Issue Report - Comments

ruoyu0088 commented on Apr 17, 2019 « edited «

| use lambdify() to generate some functions and save the code for further use. But the generated code for

Indexed operation has some warnings which can be confirmed by following code; Ganiarated Patch

sympy/printing/pycode.py

from sympy import * [EJ
p = IndexedBase("p") PREC = precedence(expr)

return self._operatorsC'not’] +
pycode(p[@]) self.parenthesize(expr.argsf01. PREC)

the output is . def _print_Indexed(self. expr):

+ base. xindex = expr.args

# Not ted in Python: 0

el s e = + return "{}C{}1".format(str(base). "-
(0] - ".join(Eself._print(ind) for ind in index}))
p A

/ |
We should add following method to PythonCodePrinter :

def _print_Indexed(self, expr): L[.j

base, *index = expr.args
return "{}[{}]".format(str(base), ", ".join([self._print(ind) for ind in index]))




LLMs’ performance on clean data drops by 90%

Pattern

Numbers (percentage)

Root cause

Solution leak
Incorrect fixes
Different files/functions changed

Incomplete fixes

SWE-BenchD 0 SWE-Bench BESWE-

Jo0SWE-Bench 0 Lite Verified Bench+

e
z 100
=
2
g 80 -
=)
2 60F -
8 S B - S
2 408 | =2 =R .
= ©

e
& 20 - -
.‘g - 0 o
g8 0 L —
o Answer Leak Weak Tests

(a) Answer Leak vs Weak Tests across Datasets

82 (32.67%) solution leakage
32 (12.75%) weak tests

9 (3.59%) weak tests
37 (14.74%) weak tests

B8 With Suspicious Fixes 18 Without Suspicious Fixes

224
s 20 18
L V]
g 12.47
E 10} 9.33 1 :
£ 5.84
K 3.97

SWE-Bench SWE-Bench  SWE-Bench  SWE-Bench+
Lite Verified

(b) Performance of SWE-Agent + GPT-4 across datasets.



From Prompt Enhancement to Fine-Tuning:
Improving Automatic SE Tasks with LLMs

+ Auto Code Generation

» Converting user-provided natural language
requirements to executable code

» Improving software development efficiency

https:/fsurvey.stackaverfiow.co/2023/#ai

def comb,_sart{nums|

]

— | Write a function to sort a list of elements. ]‘—> L

=\
i

S mzl + gap], num3|
User NLP requirement e su;ued: False
i+=
return nums

Generated Code




From Prompt Enhancement to Fine-Tuning:
Improving Automatic SE Tasks with LLMs

+ Auto Code Generation
* Prompt Optimization
» Utilize search algorithms to explore variations of
prompts to identify those that yield the best responses

» Converting user-provided natural language
requirements to executable code

» Better alignment with LLMs’ training data, and stimulate

* Improving software development efficiency better response with certain structures/words/phrases

ry whilz i +g2p < lan(nums]: -
. F T if nums[i] < numsli + gap] =
e —> | Write a function to sort a list of elements. —3 o ] nums[i], numsfi + gap] =\ '

/'[erte & function to sort g list of elements ascendlrglv}\
s numsli
e L + £apl, numsly

. i = sorted = False el
User NLP requirement ) User \ P =
LLMs . ] while | —gap £ |en{nun
& [write a function to sort a list of elements upwardly. i

(" def bubble_sortinums): ™

return nums

Generated Code




From Prompt Enhancement to Fine-Tuning:

Improving Automatic SE Tasks with LLMs

+ Auto Code Generation

» Converting user-provided natural language
requirements to executable code

» Improving software development efficiency

User NLP requirement

L — | Write a function to sort a list of elements. ]‘—> L + iy

whilz i + g2p < len{nums):

if nume]i] < numsfi - gap]

i +gap] =\

15+ 232l numsli]

sorted = False

i+=1
return nums

Generated Code

* Prompt Optimization
» Utilize search algorithms to explore variations of
prompts to identify those that yield the best responses

» Better alignment with LLMs’ training data, and stimulate
better response with certain structures/words/phrases

[erte a function to sort a list of elements ascendlrgl',}\

- / Ll

- Wi

User \
“[

e
'Write a function to sort a list of elements upwardly.

(" def bubble_sortinums):

while i -zap < len{n
if nums|i-gap]

wms}-1:

] =numsli + g3pl.

* Retrieval-Augmented Generation (RAG)

¥ Allows LLMs access to the latest and more domain-specific
information

likelihood of hallucinations

« External Sources for RAG

stackﬂ

. overriow
GitHub

Code Repo Q&A Knowledge

prompts | RAG-based Unit Test Generation (under review)

RETRIEVAL

AUGMENTED ~ GEMERATION

Documents




From Prompt Enhancement to Fine-Tuning:

Improving Automatic SE Tasks with LLMs

+ Auto Code Generation

» Converting user-provided natural language
requirements to executable code

» Improving software development efficiency

]

— | Write a function to sort a list of elements. ]‘—> L

User NLP requirement

https:/fsurvey.stackaverfiow.co/2023/#ai

def comb,_sart{nums|

4
nums]i» zag], numsy
sortad = False
i+=1
return nums

Generated Code

* Prompt Optimization
» Utilize search algorithms to explore variations of
prompts to identify those that yield the best responses

» Better alignment with LLMs’ training data, and stimulate
better response with certain structures/words/phrases

[erte a function to sort a list of elements ascendlrgl',}\

- ‘ L

User \
“[

e
'Write a function to sort a list of elements upwardly.

prompts | RAG-based Unit Test Generation (under review)

* Retrieval-Augmented Generation (RAG)

¥ Allows LLMs access to the latest and more domain-specific
information

¥ Helps ground the output in factual information, reducing the
likelihood of hallucinations

« External Sources for RAG

stack
overflow

GitHub

Code Repo Q&A Knowledge

RETRIEVAL AUGMENTED ~ GEMERATION

Documents

———————————— |
|

I
Fine-tuning

= Domain shift:

occurs when a machine learning model is
trained on data from one domain but is later
applied to data from a different domain,
leading to a drop in performance.

= Fine-tuning:
involves continuing training with LM E—
datasets from a specific task and
adjusting the model weights.

' Domain Adaptation for Code Model-based Unit Test

* Domain Adaptation
fine-grained Fine-tuning with
datasets from a specific domain or
project.




From Prompt Enhancement to Fine-Tuning:
Improving Automatic SE Tasks with LLMs

+ Auto Code Generation
* Prompt Optimization

» Utilize search algorithms to explore variations of

P N PEIGIRNEUR, I IL TONE TS

» Converting user-provided natural language
requirements to executable code

-

> mproving software development | igen chmark! SWE-Bench+: Enhanced Coding Benchmark for
| Reliability . LLMs

| Ilt:':‘;:;:‘lll djiange (850) * A Groundbreaking evaluation framework designed to assess the
- matplotli . . . .
: P capabilities of LLMs in resolving GitHub Issues.
—> | Write a function to sort a list of elements] pylint (57)
¢~ def bubble_sort{nums)- ™
) equi pytest (119) S " .
User NLP requirement requests (44) . * Address the limitations of traditional benchmarks that are synthetic [~ | G o <ens ®

or simplified (they are complex and real).

. 290 astropy (95)
scikit-learn ( ) \ xarray (110} J
mag:rr‘?nffllan 156 * They include issues with test cases expecting the LLMs to pass
e ——— ] sympy (386) them.
] : g
Enhancing | The Impact of Dif]  Leaderboard Model-based Unit Test
1 o
prompts | RAG-based Unit Tj Lite  Verified  Full ]
____________ : Maodel % Resolved Org Date Logs Trajs Site
» Retrieval-Augmented Generati] W Honeycomb 2206 ; v @
W Amazon @ Developer Agent (v20240719-deav) 1975 2 2 i -]
» Allows LLMs access to the latest and more W Factory Code Droid 19.27 4 2024-06 - @ p—
information AutoCodeRover (v20240620) + GPT do (2024-05-13) 18.83 - @ ray
-] SWE-agent + Claude 3.5 Sonnet 1813 / o - —> - |
¥ Helps ground the output in factual informa % J
likelihood of hallucinations arXiy preprint arXiv:2410.06992 S 4
SWE-Bench+: Enhanced Coding Benchmark for LLMs
R Aleithan, H Xue, MM Mohaier, E Nnorom, G Uddin, 5 Wang
+ External Sources for RAG
stack = Fine-tuning: * Domain Adaptation
G. overflow involves continuing training with ua - — S i fine-grained Fine-tuning with
itHub datasets from a specific task and - datasets from a specific domain or
Code Repo Q&A Knowledge Documents adjusting the model weights. Cuared project.




5.?- E_I, https://www.eecs.yorku.ca/~wangsong/
¥ wangsong@yorku.ca

We are hiring (10 faculty positions):
https://lassonde.yorku.ca/about/careers/faculty-recruitment



