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What 1s a CodeLLM?

&> appypie

& Al/ML API

StarCoder &

The Revolutionary
Open-Source Code LLM

Deepseek-Coder-V2.
New go-to coding Al

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



How to build a CodelLLM?

\\

Code Data Task-specific Data
—pre-training=> —pre-training=>» 4|—' \\
Supervised
fine-tuning
Data Foundation General Task-specific

Model CodelLLM CodelLLM



hat are the keys in a CodeLLM?
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What are the keys in a CodeLLM?

Data



What can be the Data for a CodeLLLM?

Code Generation <Query, Code>

Code Review <Review, Code>
Code Completion  <pre-Code, post-Code>
Code Search <Query, Code>

Vulnerability Detection <Code, Y/N>

Code Summarization <Summary, Code>



nigh-quality data?



Nobody reveals because...
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| et’s discover
the recipe ourselves




The ingredients?

°

Target Task

Datasets

Models
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What task do we target?

Code Generation

Data format: <Query, Code>

Problem Generated Code Test Cases
H-Index def h index(counts): Input:
n = len(counts) [1,4,1,4,2,1,3,5,6]
Given a list of citations counts, ifn> 0:
where eac.:h c.itation 1S a. counts.sort() Generated Code Output:
nonnegative integer, write a 4 v
, , counts.reverse()

function h_index that outputs D= B
the h-index. The h-index is the N Inout:

while (h < n and nput:
largest number 4 such that A counts[hl-1>=h): [1000,500,500,250,100,
papers have each least £ citations. e —e 100,100,100,100,75,50,

- 30,20,15,15,10,5,2,1]

Example: return h
Input: [3,0,6,1,4] else: Generated Code Output:
Output: 3 return © 15 v
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‘ @n?e a h%unction to find the median of two sorted arrays of the same size.

MBPP def get_ludic(n):

ludics = []
for 1 in range(l, n + 1):
ludics.append (1)

CONaLa l;é;curn ludics

CoNala

get a list of items form nested list 'li” where third element of each item contains

CodeAlpaca string ‘ar’.

[x for x in 1li if 'ar' in x[2]]

DS-1 CodeAlpaca
s ooo Create an API"using Django Rest Framework to retrieve data from a PostgreSQL

database table.

import viewsets, routers from myapp.models

ODEX import MyModel

class MyModelViewSet(viewsets.ModelViewSet):

router = routers.DefaultRouter ()
router.register (r'mymodel ', MyModelViewSet)
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Do we have data?

DS-1000

Problem: How can I know the (row, column) index of the minimum of a numpy
MBPP 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>.

CONaLa import numpy as np

def generate_test_case(test_case_id):

def exec_test(result, ans):

COdEAIpaca def ’.c.e.st_execution(solution: str):

assert exec_test(test_env["result"], expected_result)

DS-1000 X

convert items in 'T1’ to integers.

def f_642154(T1):
ODEX return tuple(map(int, T1))
def f_642154(T1):
return (T1 * 1).astype(int)

15



What are the best known models?

CodeGen - 350M
Normal-sized

Language Model StarCoder - IB
& DeepSeek-Coder - 1.3B

General
CodelLlLM
& DeepSeek-Coder - 6.7B
Large :
MagiCoder - 6.7B
Language Model E 5
(0 CodelLlama - 7B
Foundation

0 LI -2 =-7B
Model Vet = T 7
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Preliminary Study - Basic Characteristics

MBPP
CoNala
CodeAlpaca
DS-1000
ODEX
4 2 0
Readability Size Metrics Quality-related

\WIST-dee 10.00 10.00 10.00 6.69 SNPERRERNIN 0.00 0.00 1.42 0.00 peRERuIONe[OMIONC[0}NcR0ISN 0.63 6.26 8.46 6.56 /.23 geAueRm10.00 6.71 10.00 gomE 0.00 0.00

CoNaLa- 0.00 0.00 2.42 0.00 0.00 0.00 geRelmmsRci-mmelcm 0.00 0.20 0.01 0.19 0.10 0.00

CodeAIpaca 2.61 I REEWL

DS1000-3.62 2.15 0.54 gleKee

4.33 2.48 mHZS 0.16

0.00 0.01 0.00 geKsism 0.86 0.00 0.00 0.86 gpeEslsmwavion 0.10

10.00 10.00 9.30 goam 10.00 geMelom 10.00 7.51 7.64 7.68 10.00 10.00 g 10.00 10.00 10.00 10.00 7.48 9.68 10.00mMZ® 8.13 8.88 8.18 10.00 8.88 8.35 10.00 10.00

SRR ERGIREE 3.98 3.83 1.54 0.00 ylexele] 3.1/ gREM 4.76 0.62 0.00 0.94 0.00 340 0.00 3.16 2.98 1.65 0.00 2.43 gleKele} -7y 2.43 0.00 0.00 '4.76
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Preliminary Study - Semantic Correlation

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:

wnn
Returns a list of valid guessing letters, which are letters that have not been guessed
:;1 l i, 1  yet and
are present in the word.
to guess.

Parameters:

Returns:

[1] Python Exercise Dataset F—

if letter not in guesses and letter not in valid_letters:

_ 742 <Query, Code> pairs

MBPP ' Dataset Semantic Correlation

CoNala & ceepseek W MBPP;,4in 83.94

CodeAlpaca CoNaLa;ygin 91.71
DS-1000 4 DeepSeek-Coder- V4 CodeAlpacasrqin 31.74

6.7B-Instruct DS-1000¢1gin 79.92
N ODEX;rain 01.08

[1] Gunasekar, S., Zhang, Y., Aneja, J., Mendes, C.C.T., Del Giorno, A., Gopi, S., Javaheripi, M., Kauffmann, P.,, de Rosa, G., Saarikivi, O. and
Salim, A., 2023. Textbooks are all you need. arXiv preprint arXiv:2306.71644.
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Preliminary Study - Design Difference

‘ Write a function to find the median of two sorted arrays of the same size.

def get_ludic(n):
ludics [ ]
for 1 in range(l, n + 1):
ludics.append (1)

return ludics

get a list of items form nested list 'li’ where third element of each item contains

. < b
string ar.

[x for x in 1li if 'ar' in x[2]]

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)

Create an API using Django Rest Framework to retrieve data from a PostgreSQL

database table.

convert items in "T1’ to integers.

import viewsets, routers from myapp.models
import MyModel

class MyModelViewSet(viewsets.ModelViewSet):

routers.DefaultRouter ()
MyModelViewSet)

router
router.register (r ' 'mymodel ',

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

T1))

def f_642154(T1):
return (T1 * 1).astype(int)




Let the
cooking begin..




7Zero-shot & Initial fine-tunin

10 8 6 4 2 0

Readability Size Metrics Quality-related

\ISizd=i 10.00 10.00 10.00 6.69 CNVAR NSRRI 0.00 0.00 1.42 0.00 FeRcxRuIONCORIRCOI-RIE 0.63 RGN IGTS R AV 0.00 EICKONGIA NI 0.14 gloMee] 0.00 0.00 gleKee) 0.14 0.09

CoNalLa- 0.00 0.00 2.42 0.00 0.00 0.00 gekelammenci-mmcNcin 0.00 0.20 0.01 0.19 0.10 0.00 4.33 2.48 FpZ 10.00 0.00 0.01 0.00 geksisw 0.86 0.00 0.00 0.86 geAslomwAvAR 0.10

CodeAIpaca 2.61 10.00 10.00 9.30 gelral 10.00 goXelol 10.00 7.51 7.64 7.68 10.00 10.00 g 10.00 10.00 10.00 10.00 7.48 9.68 10.00 8.13 8.88 8.18 10.00 8.88 8.35 10.00 10.00;.

0.00 0.94 0.00 3.40 0.00 3.16 2.98 1.65 0.00 2.43 gleMee} -7k 2.43 0.00 0.00 4.76

DS1000-3.62 2.15 0.54 gIeKe O ORENGI RN RN 3:988 3:831 1.54 0.00 3.17 EK:EN 4.76 0.62

0.00 0.00 0.00 0.00 grsKelolwAlor/

ODEX-1.55 0.00 0.06 0.00 0.00 0.42 glexe[e

0.03 0.02 0.05
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Functionahty-focused Ahgnment-focused DEEPSEEK-CODER-6.7B 47.56 36.58 57.60 36.58 | 36.73 40.11
Tuning Data Model & Size (Pass@1) (BLEU) Jeronshop MAGICODER-DS-6.7B 59.75 53.04  60.20 53.04 | 3291  37.86
HumanEval HumanEvals MBPP MBPP+ICoNaLa ODEX CoDELLAMA-7B 30.48 26.82  37.80 2682 | 3528  38.66
LLAMA-2-7B 12.80 1097  19.20 1097 | 27.01  29.64
CobpEGEN-350M-MoNO 13.41 12.80 13.80 12.80 | 20.69 20.32 DEEPSEEK-CODER-6.7B 53.66 44.51 55.00 70.43  31.27 34.25
Zero-shot STARCODER-1B 12.80 12.80 23.00 12.80 | 26.16 31.51 vppp  MAGICODERDS-6.7B | 60.98 5244  57.80 7143 3623  39.18
DEEPSEEK-CODER-1.3B| 33.53 28.04  45.20 28.04 | 29.95  33.80 CopELLAMA-7B 3232 27.44 3840 52.38  33.59  36.75
CopEGEN-350M-Mono.  14.63 12.20 15.00 30.08 | 19.77 2144 | Liama-2-78 11,53 2.76  _13.00 puy 21.47 Rueleie
MBPP  STARCODER-1B  14.63 13.41  22.60 36.84 | 15.85 17.26 DEEPSEEK-CODER-6.7B
: MAGICoODER-DS-6.7B
DEEPSEEK-CODER-1.3B 40.24 32.32 38.40 55.14 | 23.74 25.35 CoNaLa
————————————————— ' , | CopeLLAMA-7B
CoDpEGEN-350M-Mono|  5.49 4.88 7.20 8.52 | 19.06 20.99 L
LAMA-2-7B
CoNaLa STARCODER-1B 7.32 610 [1.00 201 | 1950 2255 """ 7 DrreSirk Conmn 6 7B
DEEPSEEK-CODER-1.3B 18.29 14.63 29.80 37.84 | 30.15  29.21 CodeAl MaGICODER-DS-6.7B
_________________ AT w1 CodeAlpaca
CopeGEN-350M-Mono|  9.76 9.15  11.40 14.04 § ' Pa - oDELLAMA-7B
CodeAlpaca STARCODER-1B 14.02 12.20 1240 16.79 § 13.17 1390 § 1 Liama-2-78
DEEPSEEK-CODER-1.3B | 28.66 23.78  33.60 47.62 } A_ B DEEPSEEK-CODER-6.7B
CopeGEN-350M-Mono|  9.15 793  14.20 2155 | 17.30  17.86 DS-1000 ?AGIEODER'DBS'”B Dl SR B0 JRRR] ST Seni
-7 33.84 29.12  38.40 53.13 | 31.93  35.22
DS-1000  STARCODER-1B 14.02 12.20  20.00 27.32 | 22.25  25.79 LODE L;I;“BA
LAMA-4-
o DEEPSEEK-CODER-1.3B | 41.46 3415~ 44.80 55.39 | 30.63  33.13 DEEPSEER.CODER-G.TD | 4756 40.24  57.60
CoDpEGEN-350M-MoNo|  12.20 10.98  14.00 24.81 | 62.08 74.85 ¢ ! MAGICODER-DS-6.7B e
ODEX  STARCODER-1B 15.85 12.80 11.00 15.54 | 66.51  75.59 CoDELLAMA-TB 96.82
| _EEPSEEKjCDER-1.3B | 359 __ 729.88_ ‘3.40 LLAMA-2-7B 4.88
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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?

23



24

RQ1. Automated Refactoring - Cooking

pp— . - salesforce
- 000 =

S<I>=
AutoPep8 Unify

MBPP —
Dataset Original Score  Refactored Score
CoNala \ \ \ MBPP,,4in 42.22 90.81 (115.09%)
\ —— CoNaLa;,gin 76.62 77.10 (0.01%) |

CodeAlpaca <z A \ A CodeAlpacas,qin 70.57 81.42 (15.37%) @

: DS1000;,gin 87.58 95.31 (8.83%)
DS-1000 E k’ ODEX ;g5 72.17 73.60 (1.98%)
ODEX Black Docformatter

~

YAPF Autoflake




RQ1. Automated Refactoring - Results

CodeGen- CodeGen-
350M-Mono 350M-Mono
StarCoder- Llama- StarCoder- 48 Llama-
1B 2-7B 1B 2-7B

DeepSee delLlama-

20
10

StarCoder-

Codellama: DeepSee

CodeGen-
350M-g\(/)lono

1B

Llama-
2-7B

Coder-1. /B Coder-1.: . 7B Coder-1.
DeepSeek- MagiCoder- DeepSeek- MagiCoder-' DeepSeek- MagiCoder-
Coder-6.7B  DS-6.7B t Coder-6.7B DS-6.7B | Coder-6.7B  DS-6.7B
MBPP¢/5in ' CoNaLatajn CodeAlpacatajn
Tuning Data Model & Size Functionality-focused (Pass@1) Alignment-focused (BLEU)

HumanEval HumanEval+ MBPP MBPP+ CoNala ODEX
CopEGEN-350M-MoNoO 14.63 12.20 15.20 29.57 17.39 18.31
MBPP,.. actored STARCODER-1B 16.46 15.24 2540 42.61 | 15.12 18.99
DEEPSEEK-CODER-1.3B 35.98 30.49 40.40 58.90 22.10 26.30
~ CopeGEN-350M-Mono |  7.32 6.10 820 1153 | 18.79 19.16
CoNalLay,factored ~ STARCODER-1B 8.54 7.32 0.00  0.00 23.69 24.62
DEEPSEEK-CODER-1.3B 16.46 12.20 29.80 42.61 26.34 28.00
~ CopEGEN-350M-Mono |  11.59 9.76 10.60 13.78 | 9.41 9.45
CodeAlpacarefactored STARCODER-1B 13.41 10.37 2.40 5.01 8.66 11.28
DEEPSEEK-CODER-1.3B 28.05 23.17 33.40 46.87 17.52 19.32
~ CopeGEN-350M-Mono |  12.20 10.37 1520 20.80 | 18.79 20.80
DS-1000,¢ factored ~ STARCODER-1B 10.37 9.15 15.00 22.81 | 21.58 24.96
DEEPSEEK-CODER-1.3B 36.59 30.49 47.60 57.14 27.53 29.98
~ CopeGEN-350M-Mono | 14.02 1098  16.80 24.31 | 62.82 71.66
ODEX,¢ factored STARCODER-1B 14.02 12.80 8.20 1178 | 64.09 71.73
DEEPSEEK-CODER-1.3B 31.71 26.83 46.60 55.39 63.92 71.20

CodeGen-
350M-Mono

StarCoder-
1B

Llama-
2-7B

StarCoder-
1B

CodeGen-
350M-Mono

Llama-
2-7B

25

Tuning Data
Original
CgdelLlama- DeepSee deLlama- DeepSee delLlama-
7B Coder-1. 7B Coder-1. 7B Refactored
DeepSeek- MagiCoder- DeepSeek- MagiCoder-
Coder-6.7B  DS-6.7B Coder-6.7B  DS-6.7B
DS-1000¢rain ODEXtrain
DEEPSEEK-CODER-6.7B 51.83 43.29 56.40 69.92 33.04 37.12
MAGICODER-DS-6.7B 58.54 52.44 61.40 75.19 32.42 34.71
MBPPrefactored
CobpELLAMA-7B 34.15 28.66 42.20 56.14 31.57 36.12
LLAMA-2-7B 10.98 9.15 17.6 31.08 20.14 22.72
DEEPSEEK-CODER-6.7B 33.54 ~30.49 ~47.20  57.39 | 3170 3468
MAGICODER-DS-6.7B .68 3780 ’ 8.8'0; “ ‘ | 32 | B 7 ) | o
CONaLarefactored - A o 5l A St N e . N e i
CobpELLAMA-7B i 15.85 14.02 0.40 1.50 23.43 23.45
LrLAamMA-2-7B 0.00 0.00 0.00 0.00 15.36 15.60
DEEPSEEK-CODER-6.7B 42.07 37.80 47.60 58.90 22.61 25.50
MAGICODER-DS-6.7B 42.07 34.15 47.80 58.65 23.47 26.31
COdeAlpacarefactored
CoDELLAMA-7B 21.95 17.68 30.20 41.35 13.80 15.56
LrLAMA-2-7B 7.32 6.10 6.80 10.28 7.14 3.90
DEEPSEEK-CODER-6.7B 50.00 42.68 56.40 72.43 34.20 36.56
MAGICODER-DS-6.7B 57.93 52.44 60.00 75.19 32.72 35.74
DS'IOOOrefactored
CobpELLAMA-7B 32.32 26.83 37.80 53.38 33.67 37.92
LLAMA-2-7B 4.88 3.66 3.20 12.78 23.88 25.60
DEEPSEEK-CODER-6.7B 47.56 40.85 58.40 68.92 70.35 81.30
MAGICODER-DS-6.7B 59.76 54.27 59.80 72.93 67.76 78.63
ODEXrefactored
CoDpELLAMA-7B 32.32 26.83 40.40 54.89 55.08 60.78
LLamA-2-7B 9.76 6.10 13.40  20.05 51.57 58.17




Automated refactoring can
/ support certain combinations.
lAK[/\\ \ / Data characteristics should be

carefully considered for a
CodelLLM.



27

RQ2. Semantic Correlational Correction - Cooking

salesforce

DeepSeek-Coder- 83.94% -> 86.23%
MBPP ChatGPT-3.5-turbo 6 7B-Instruct

Please correct the semantic correlations between

the following pair <NL intent> ... <Code> ...

Meta



RQ2. Semantic Correlational Correction - Results

4% 0%
+5% -1%
-1% -29%

CodeGen-350M-Mono

\ 4

+1% -13%

+5%

+8%

-15%

+3%

+8% +46%

+5%

-14%

+35%

StarCoder-1B

+4%

+4%

+4%

+4%

0%

+2%

-9%

-9%

+10%

+8%

0%

+4% +1%

0%

+9%

+18%

+18%

-1%

DeepSeek-Coder-1.3B DeepSeek-Coder-6.7B

\ 4

-10% +44%

® 3

+26%

-41% -51%

4

¢

Test Dataset

HumanEval
HumanEval+
MBPP
MBPP+
CoNalLa
ODEX

28

MagiCoder-DS-6.7B CodelLlama-7B Llama-2-7B
Tuning Data Model & Size Functionality-focused (Pass@1) Alignment-focused (BLEU) Tuning Data Model & Size Functionality-focused (Pass@1) Alignment-focused (BLEU)

HumanEval HumanEval+ MBPP MBPP+ , CoNalLa ODEX HumanFval HumanFval+ MBPP MBPP+ , CoNala ODEX

CopEGEN-350M-MoNO 14.02 12.80 14.80 21.30 19.59 21.51 CoDEGEN-350M-MoNO 14.02 12.80 14.80 21.30 19.59 21.51

STARCODER-1B 15.85 14.02 19.40 33.83 21.45 25.19 STARCODER-1B 15.85 14.02 19.40 33.83 21.45 25.19
DEEPSEEK-CODER-1.3B 36.59 29.27 42.40 55.14 24.78 27.41 DEEPSEEK-CODER-1.3B 36.59 29.27 42.40 55.14 24.78 27.41

MBPPsemantic DEEPSEEK-CODER-6.7B 53.66 45.12 60.20 69.67 36.81 40.34 MBPPemantic DEEPSEEK-CODER-6.7B 53.66 45.12 60.20 69.67 36.81 40.34
MAGICODER-DS-6.7B 61.59 54.88 62.20 73.93 30.70 34.17 MAGICODER-DS-6.7B 61.59 54.88 62.20 73.93 30.70 34.17

CobpeLrAMA-7B 33.54 28.66 39.80 53.63 33.67 38.14 CobpeLrAaMA-7B 33.54 28.66 39.80 53.63 33.67 38.14

LLaMA-2-7B 10.37 8.54 10.60 15.79 26.98 31.22 LLaMA-2-7B 10.37 38.54 10.60 15.79 26.98 31.22




It was generally better than
Automatic Refactoring.

e
lAKEA\/ \/L\\/ However, we can also lcqnfirm
———_ 11 that model’s characteristics

needs to be reviewed for training
a CodelLLM.
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RQ3. Data Design Alignment - Results
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From now on..

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

- Function-level
- Function signature
- Code annotation
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What can be the Data for a CodeLLM?

RQ2. Semantic Correlational Correction
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