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CODE GENERATION



How can you boost your productivity as a
programmer?

YPai{rogramming { Coding with an LLM




Building Code Models

Languages for LLMs

* LLMs are trained on massive quantities
of text from the internet (e.g. trillions of
tokens)

* Some LLMs cover a variety of human
languages, some focus primarily on
English

* Most LLMs include a wide variety of
programming languages



Programming Languages on GitHub

GitHut 2.0

A SMALL PLACE TO DISCOVER LANGUAGES IN GITHUB
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Figure from https://madnight.github.io/githut/#/pushes/2024/1



Figure from https://allenai.github.io/dolma/docs/assets/dolma-vo_1-20230819.pdf Figure from https://arxiv.org/pdf/2211.15533

Example: Dolma Dataset

* The Dolma dataset is 3 trillion tokens  * The Stack is 3TB of permissively
of text licensed code intended for LLMs

* I t iS S O u rc’ e d fro m a Va ri ety Of eX i Sti n g / Language | The Stack’ CodeParrot! AlphaCode CodeGen PolyCoder!

d a t ase t S Assembly | 2.36 0.78
Batchfile 1.00 0.7
C 222.88 183.83 48.9 55
C# 128.37 36.83 38.4 21
C++ 192.84 87.73 290.5 69.9 52
Subset Size CMake 1.96 0.54
< Kind Gzip files  Documents Tokens BZikerﬁle 14(;’,'33 327'(1;7
; MR FesTe 95 E
ource in (GB) ("U”lorlS) (bl”lONS) FORTRAN 3.10 1.62
GO 118.37 19.28 19.8 21.4 15
Common Crawl Haskell 6.95 1.85
24 shards, 2020-05 to 2023-06 web 4,197 4,600 2,415 HTML 746.33 118.12
Java 271.43 107.7 113.8 120.3 41
C4 JavaScript | 486.20 87.82 88 24.7 22
[24] Julia 3.09 0.29
(8] web 302 364 175 Lua 6.58 2.81 2.9
Makefile 5.09 2.92
peSZo : Markdown 164.61 23.09
academic 150 38.8 57 Perl 5.50 4.7
PHP 183.19 61.41 64 13
The Stack PowerShell 3.37 0.69
[16] code 675 236 430 Python 190.73 52.03 54.3 55.9 (217.3) 16
- - Ruby 23.82 10.95 11.6 4.1
Project Gutenberg books 6.6 0.052 4.8 Rust 40.35 2.68 2.8 3.5
em_s 3 SRy Scala 14.87 3.87 4.1 1.8
Wlklpedla, WIklbOOkS i Shell 8.69 3.01
. encyclopedic 5.8 6.1 3.6 2 i =
(en, simple) SQL 18.15 5.67
TeX 4.65 2.15
T 4 4 TypeScript 131.46 24.59 24.90 9.20
otal 5,33 5,245 3,084 Visual Basic | 2.73 1.91
Total | 3135.95 872.95 715.1 314.1 253.6

Table 1: Composition of Dolma.

Table 1: The size of The Stack (in GB) compared to other source code datasets used for pre-training LLMs.
t indicates the dataset is publicly released. The Stack is more than three times the size of CodeParrot, the 9
next-largest released code dataset.



Applications for Code Models

Languages for LLMs Code Generation Examples

* LLMs are trained on massive quantities * Auto-complete for code IDEs (e.g. GitHub
of text from the internet (e.g. trillions of CoPilot)
tokens)  Write code given a text prompt

* Some LLMs cover a variety of human « Write code given a docstring (e.g.
E‘:g;ahges’ some focus primarily on function-level or class-level comment)

) . * Read alarge codebase and add a new
* Most LLMs include a wide variety of feature

programming languages * Find bugs [ fix bugs
* Write unit tests

* Translate code from one language to
another

* Generate comments for existing code



Applications for Code Models

Type I-O  Task Definition
— Code Classification Clas.sif.y code s'nipl.)ets based on f}mctionality, purpose, or attributes
to aid in organization and analysis.
. Detect and diagnose bugs or vulnerabilities in code to ensure
Bug Detection . . .
functionality and security.
C-K Identifying duplicate or similar code snippets in software to enhance

Clone Detection maintainability, reduce redundancy, and check plagiarism.

Understanding Exception Type Prediction Predict' different fexception types in code to manage and handle
exceptions effectively.
Retri 1 i b i
C-C  Code-to-Code Retriev etrieve relevant code smppet§ ased on a given
code query for reuse or analysis.
- . b
[L NL-C Code Search Find .relevant 'c'ode smppets ased on natural language
queries to facilitate coding and development tasks.
[——

Predict and suggest the next portion of code, given contextual
Code Completion information from the prefix (and suffix), while typing to enhance
development speed and accuracy.
Translate the code from one programming language to another
while preserving functionality and logic.
Identify and fix bugs in code by generating the correct version to
improve functionality and reliability.

. . Generate modified versions of code to test and evaluate the

- . Mutant Generation . . .
Generation effectiveness of testing strategies.
Generate test cases to validate code functionality, performance,
and robustness.

Code Translation

C-C Code Repair

Test Generation

Generate concise textual descriptions or explanations of code to

C-NL Code Summarization . .
enhance understanding and documentation.

Generate source code from natural language descriptions to

NL-C Code Generation . .
streamline development and reduce manual coding efforts.

Figure from https://arxiv.org/pdf/2406.00515



EVALUATING CODE GENERATION



How to evaluate code?

e Metrics

— BLEU (metric used in machine translation for testing n-gram overlap
with a known reference)

— CodeBLEU (a mixture of various syntactic and semantic metrics)
— Functional correctness (checks how many unit tests pass)

— NOTE: functional correctness has become the dominant metric for
evaluation

e Benchmarks

— HumankEval
— MBPP

— (many more!)



Machine translation:

pubihic stabe it Sign ( doubled )

{

CodeBLEU

Machine translation:

1

N
\./

retym ( (nt) (4,22 0)? 0:(d<0)))?
12138 . .

o @' 3§ 8 :
10; 1€ ori 05

Referepce (hgman) trabslation: :

public &tatic sBort Sign (double d) 3

i s 3 : :
return (short ) ((d == 0)? 0:(£<0)?

1:1):

Weighted N-Gram Match

Reference (human) sion :
translatipn: . | . ':

Syntactic AST Match

[('d". 7, ‘comesFrom’, (], [,
('d". 16, ‘comesFrom’, ['d7), [7].
('d’, 24, ‘comesFrom’, [d'), [7] )]

Machine translation:

pubhe stabc int Sign { dout
(

return((int)((d -~ 0)?20:(d<0)))?
- red &

Reference (human) translation:

pubhc stanc shoet Sign { double
(

return{short ){((& == 0)?0:(<0)?-
a5 3.3

Semantic Data-flow Match

CodeBLEU =a ‘- N —~ Gram Match (BLEU) + 8 - Weighted N-Gram Match + y - Syntactic AST Match + & - Semantic Data-flow Match



def incr_list(1l: ) —
<«

HumanEval Benchmark e [

* Introduced alongside Codex rotarn [4 + 1 for § 4n 13 “—
model def solution(1s0);

* Measures functional e
correctness of code (i.e. how oltion(s, 3, 7, 17) =51
many unit tests pass) shution(LEe, 13, 24, 321

* pass@k metric =% of k code
samples that pass all the unit
tests (actual implementation
uses more samples to reduce # cycle slenents in esch group. Unless group has fever elements than 3.
variance) [ e o)

def decode_cyclic(s: ):

* 164 handwritten problems s ot i o

return sum(1st[i] for i in range(®,len(lst)) if i % 2 == 0 and 1st[i]l ¥ 2 == 1)

def encode_cyclic(s: str):

groups = [s[(3 * 1):min((3 * i + 3), len(s))] for i in ((len(s) + 2) // 3)]

groups = [s[(3 * 1):min((3 * 1 + 3), len(s))] for i in range((len(s) + 2) // 3)]

groups = [(group[-1] + group[:-1]) if len(group) == 3 else group for group in groups]
return "".join(groups)

Figure from http://arxiv.org/abs/2107.03374



HumanEval Benchmark

* Introduced alongside Codex
model

* Measures functional
correctness of code (i.e. how
many unit tests pass)

* pass@k metric =% of k code
samples that pass all the unit
tests (actual implementation
uses more samples to reduce
variance)

* 164 handwritten problems

Figure from http://arxiv.org/abs/2107.03374

* Results clearly indicate that

BLEU is not a good surrogate

HumanEval/72 HumanEval/38
15 9 BN correct Bl correct
B wrong 20 = wrong
10 15 -
10
.y
] .
0 - \ 0 - . T T
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BLEU score

Figure 8. BLEU score probability densities for correct (blue) and
wrong (green) solutions from Codex-12B for 4 random tasks from

HumanEval. Note that the distributions are not cleanly separable,

suggesting that optimizing for BLEU score is not equivalent to
optimizing for functional correctness.
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MBPP

. Writea python function to check if a given number is

o M O St I y B a S i C Pyt h O N Progra M S | one less than twice its reverse. Your code should

i satisfy these tests:

(N\BPP) are intended to be E& assert check(70)

== False
5 assert check(23) == False
problems solveable by a novice B
programmer g e Tl
§ 8 : return True
* 974 problems constructed by =
crowd-sourcing

i Write a function to find the smallest missing element in
i asorted array. Your code should satisfy these tests:

* Consists of problem statement,
i assert smallest_missing([0, 1,2, 3, 4,5, 6], 0, 6) ==7

3 teStS, and a SEIf'Contained i assert smallest_missing([0, 1, 2, 6, 9, 11,15], 0, 6) == 3
SOI ution assert smallest_missing([1, 2, 3, 4, 6,9,11,15],0,7) == 0

i def smallest_missing(arr, n, m):
smallest = min(n, m)
foriin range(n, m + 1):
if arr[i] <= smallest:
smallest +=1
return smallest

prompt

model

17
Figure from https://arxiv.org/pdf/2108.07732



CODE MODELS



Code Generation with LLMs
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Code Generation with LLMs
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Approaches to Code Generation

Here we consider a few representative examples of code
models:

e CodeBERT

* Codex

* CodeTs

* InCoder/FIM
e StarCoder

* LongCoder




CodeBERT

* One of the early successes in
this space, CodeBERT has 125M
model parameters (same
architecture as ROBERTa)

* Two pre-training objectives:

— Masked language modeling
(MLM)

— Replaced token detection (RTD)

Figure from http://arxiv.org/abs/2002.08155

* Example application:

— natural language code retreival

MODEL RUBY  JAVASCRIPT GO PYTHON
NBow 0.4285 0.4607 0.6409  0.5809
CNN 0.2450 0.3523 0.6274  0.5708
BIRNN 0.0835 0.1530 0.4524  0.3213
SELFATT 0.3651 0.4506 0.6809  0.6922
ROBERTA 0.6245 0.6060 0.8204  0.8087
PT w/ CODE ONLY (INIT=S) 0.5712 0.5557 0.7929  0.7855
PT w/ CODE ONLY (INIT=R) 0.6612 0.6402 0.8191  0.8438
CODEBERT (MLM., INIT=S) 0.5695 0.6029 0.8304  0.8261
CODEBERT (MLM, INIT=R) 0.6898 0.6997 0.8383  0.8647
CODEBERT (RTD, INIT=R) 0.6414 0.6512 0.8285  0.8263
CODEBERT (MLM+RTD, INIT=R)  0.6926 0.7059 0.8400  0.8685
22



* The original model behind

GitHub Copilot
* GPT-3 model with 12B

parameters fine-tuned on 159

GB of Python code

* Notably: using a pre-trained

GPT-3 does not improve

performance, but does improve

convergence time

Figure from http://arxiv.org/abs/2107.03374

Codex

Pass Rate vs Model Size

0.7 4 — pass@1 (T*=0.2)

pass@100 (T*=0.8)
0.6
0.5 1

X
© 0.4 H

Pass

0.3

0.2
0.1+

0.0 +

LAAA! | LB B L | L BB AR L] | LB B R RLL) | LN R LY | LB AR L | T

10° 10° 107 108 10° 101°
Non-embedding parameters
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 CodeTs is based on the Ts

encoder-decoder

Transformer architecture

* Like T5, CodeTs brings
together a number of
different tasks

CodeTs

"Summarize Python: def inc_value(x):..." "increment value"
"Generate Python: increment value" L ﬁ "def inc_value(x):..."

"Defect: if x=0: x += 1"

ﬂ “true”

"Refine: if x=0: x += 1" J__J’: 1' "fx==0:x+=1"

"Translate Python to C: if x==0: x += 1"

"if (x==0) {x += 1;}"

output ]
\

—

[ encoder

decoder }

[

} vectors representing

{ input the input

Figure from https://arxiv.org/pdf/2109.00859

_Masked Input

# recursive
binarySearch(arr, left, right, x):
mid = (left +

ra
5[010100100
: inary se

H # recursi arch
A A A 4 A A H inar arch (arr, left, right, x):

bin left, right, x)
H 5 | mid = (left + right) //
arr [ mid | == x : ; e ; arr(mid] == x

H : | mid

(b) Identifier Tagging (d) Bimodal Dual Generation

Figure 2: Pre-training tasks of CodeT5. We first alternately train span prediction, identifier prediction, and identi-
fier tagging on both unimodal and bimodal data, and then leverage the bimodal data for dual generation training.
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Question how do we use an

causally-masked LM to fillin ~ [NnCoder / FIM

code in the middle of code file?

InCoder (April 2022) FIM (July 2022)
* Place a mask token where you want to * Goalis to train a model that fills in the

fill in the code

Original Document

word_counts = {}
for line in f:
for word in line.split():
f word )n word_counts:
oTd_counts[word] += 1

word_counts [word] 1
eturn word_counts

Masked Document

def count_words(filename: str) -> Dict[str, int]:

ith open(filename, 'r') as f:

word_counts = {}
for line in f:
or word in line.split():
f word <EOM>

"""Count the number of occurrences of each wor

in the file."""

Figure from https://arxiv.org/pdf/2204.05999

middle
Divide the code snippet into (prefix,

(] LJ
def count_words(filename: str) -> Dict[str, int]: mlddle Sufflx
"""Count the number of occurrences of each word in the file.""" ,
with open(filename—_r') 3s f:

Then train with examples of the form:

<PRE> prefix <#5D> middle <§6F> suffix

And predict using examples of the form:

<PRE> prefix <@ > middie <SEF>

FIM paper https://arxiv.org/pdf/2207.14255



StarCoder

* (Was) one of the best open source

Code Models

* Used FIM for pre-training a 15.5B
parameter model on 1 trillion tokens

StarCoder

of text
Hyperparameter SantaCoder StarCoder
Hidden size 2048 6144
Intermediate size 8192 24576
Max. position embeddings 2048 18192
Num. of attention heads 16 :
Num. of hidden layers 24 40
Attention Multi-query Multi-query
Num. of parameters ~ 1.1B ~15.5B

Model Size HumanEval MBPP
Open-access

LLaMA 7B 10.5 17.7
LLaMA 13B 15.8 22.0
SantaCoder 1.1B 18.0 35.0
CodeGen-Multi 16B 18.3 20.9
LLaMA 33B 21.7 30.2
CodeGeeX 3 22.9 24.4
LLaMA-65B C65B) 237 37.7
CodeGen-Mono 16B 29.3 35.3
StarCoderBase 15.5B 30.4 49.0
StarCoder 15.5B @
Closed-access

LaMDA 137B 14.0 14.8
PaLM 540B 26.2 36.8
code-cushman-001 12B 3 45.9
code-davinci-002 175B @ @

26



LongCoder

* LongCoder aims to
address the

problem of
working with large
codebases
* Employs sparse
attention to

handle long input
sequences

Out-of-Window Context

Attention Pattern
(j.rr.port torch \ 4 N
import torch.nn as nn M
import torch.nn.functional as F |\n {
class ConvBlock(nn.Module):
A

block of convolutional and pooling layers

def _ init_ (self, in_channels, out_channels, kernel size, stride, padding):
super (ConvBlock, self)._ init_ ()

\ N
1 11
self.conv = nn.Conv2d(in_channels, out_charinels, kernel size, stride, padding) - s
self.pool = nn.MaxPool2d(kernel_size=2) ' BlgBle
def forward(self, x): 1
x = self.pool(F.relu(self.conv(x))) X
return x \  Aggregat: g | M
N fg 98w <bridge> > \
K ey - = j 1
'|
1
In-Window-Context \
s N '
class ConvNet(nn.Module) : ] N
wayn ' 1]
A convolutional .meural network \
i ' Longformer
def _ init  (self): Y Autoregressive
super(ConvNet, self). init_ () .
self.conv_blockl = ConvBlock(3, 32, 3, 1, 1) #first block ., | === =======< T
self.conv_block2 = ConvBlock(32, 64, 3, 1, : i
self.flatten = nn.Flatten() :§>
self.fcl = nn.Linear( 1
in_features=64 * 8 * 8, out_features=128)
self.fc2 = nn.Linear( N A f =_——=
in features=128, out features=10) ggrega g
- - N o Qv <bridge> | =
- 2 N
LIN
————————————————————————————————————————— D
Code to Complete 7= LongCoder
def forward(self, x): Information Flow g z X
x = self.conv_blockl(x) § D Window Anem'?”
x = self.conv_block®{x) i D Random Attention
x = self.flatten(x) Memory Token [J Global Attention
X = F.relu(self.fcl(x)) 1/ D Bridge Attention
x = self.fc2(x) <brigge> | Bridge Token s
return x L7
N < \&

Figure 1. (Left) An example of how LongCoder facilitates completion with longer context. The memory tokens save potentially useful
information (including package imports, class and function definitions) for global access despite whether they are within the sliding
window. The bridge tokens aggregate local information by attending to a fixed length of tokens. The information flow within the window
is omitted for clarity. (Right) Attention patterns used in BigBird (Zaheer et al., 2020), Longformer (Beltagy et al., 2020) and LongCoder.
Best viewed in color.



CODE MODEL-SPECIFIC TECHNIQUES



Ilterative Self-Refinement

Normally self-correction
with an LLM (e.g. for
reasoning problems) does
not work

However, when
performing self-correction
on a code model, we may
also have access to unit
test output

This output from unit
tests can lead to great
success in iterative self-
refinement at test time

Figure from https://arxiv.org/pdf/2406.00515

Step 1: Code Task

Write a Python script to
print all unique elements
in a list.

|

)

Code LLM

Step 2: Trajectory

Step 4: Self-Reflection

[..] does not work as
expected because it uses
the built-in “set()°
function in Python, which
does not maintain the order

(Optional) @
Feedback

>

def unique_elements(lst):
result = set(lst)
return list(result)

Executor

of elements.[..]

3 @a
o0

[}

( <)

(Code) LLM

Step 3: Evaluation

assert unique_elements([1,
2, 3’ 4’ 4]) == [1) 2’ 3’ 4]
assert unique_elements

([lal’ Obl’ ICV’ Ial’ Idl])
—— la" 'bl, 'C" ldl]
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Do code assistants make programmers more

e The bill is still
out on this
one...

 Current research
includes
conflicting
results

efficient?

Generative Al can increase developer speed, but less so for complex tasks.

o . . o
Task completion time using generative Al, % B Without generative Al [l With generative Al

100
80 35-45
-4
45-50 IO
60
40
20
0
Code documentation Code generation Code refactoring High-complexity tasks
McKinsey & Company

Figure from https://www.mckinsey.com/capabilities/mckinsey-digital/our-
insights/unleashing-developer-productivity-with-generative-ai#/

Key Insight:

Developers with Copilot access saw a significantly higher bug rate while their

I 4] O/ issue throughput remained consistent.

This suggests that Copilot may negatively impact code quality. Engineering
IN BUG RATE leaders may wish to dig deeper to find the PRs with bugs and put guardrails in
place for the responsible use of generative Al.

Figure from https://resources.uplevelteam.com/gen-ai-for-coding
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