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Coding Agents Acting On Par with Software Engineers



https://docs.google.com/file/d/1Gp-DMpmXdegaudfyr7n-WiTfIuKa03X8/preview

3 Years Ago - Coding Models Barely Work

. - .. |
Best coding models then Should use ‘client.send’ instead!

# sending http headers to 'client’

e Failon using libraries lcllent get('http://localhost:5000/failed_examples' )I
T @ GitHub Copilot
2 # convert hex string '470FC614' to a float number
e Unaware of execution ; {ngort struct
errors ; jex_string = '470FC614' _ _ _ _ _ ___ @_(_;'_t!-l_q'? Sl
B 7 |float number = struct.unpack('f', hex_string.decode('hex" ))@@ml

A e e e e e e e e e e = = == === ==

Exception has occurred: AttributeError X

str' object has no attribute 'decode'
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NL2Code: Natural Language to Code Generation

Given a natural language instruction Q, generate code implementation C.

Calculate sum over all

rows of 2D numpy array LM —— asum(axis=1)

CoNalLa HumanEval SWE-bench
2018 2021 2023
O O O O >
CodeXGlue

2021



CoNala: Poor on Single-Line Code Generation

I4: Python: take the content of a list and append it to another list
URL: https://stackoverflow.com/questions/8177079/

Top Predictions:
S;1 list2.append(listl) X

Sy list2.extend(listl)
S3 listl.extend(mylog) v

Is: Converting integer to string in Python?
URL: https://stackoverflow.com/questions/961632/

Top Predictions:
Sl int('lO') X

) CoNalLa HumanEval SWE-bench
Sz str(10); int('10') X 2018 2021 2023
Sy a.__str__() v/ @
CodeXGlue

2021



CodeXGLUE: Different Code-Related Tasks

Category Task Dataset Name Language Train/Dev/Test Size ~ Baselines
. BigCloneBench [71] Java 900K/416K/416K
lone Det
Clone Detection POJ-104 [52] C/C++ 32K/8K/12K
Defect Detection Devign [99] - C - 21K/2.7K/2.7K CodeBERT
CT-all . °I?Java’]}: ’ -/-/1176K
Cloze Test JavaScript,Ruby,Go
CT-max/min [18] et -/-/2.6K
Oode-Code JavaScript,Ruby,Go
e PY150 [62] Python 100K/5K/50K
P Github Java Corpus[4] Java 13K/7K/8K CodeGPT
Code Repair Bugs2Fix [75] Java 98K/12K/12K Encoder-
Code Translation CodeTrans Java-C# 10K/0.5K/1K Decoder
CMeS:::,?:::t [351 Python 251K/9.6K/19K
NL Code Search CodeBERT
CodeSearchNet [35], e
e b e Python 251K/9.6K/1K
Té’;;’aﬁgie CONCODE [38] Tova 100K/2K/2K CodeGPT
Code-Text Code Summarization = CodeSearchNet [35] Pythor?Java,PHP, 908K/45K/53K
JavaScript,Ruby,Go Encoder-
Documentation . English-Latvian/Danish Decoder
TextText Translation sleroscibDocs /Norwegian/Chinese LTS

~110M
params



Optimizing ‘False’ Code Correctness

Common metrics then: BLEU, CodeBLEU

query High lexical X
Return list with elements [li-1foriinl] overlap with "= [0, 1, 2]
incremented by 1 the solution

1 test
LM ret_list = [] 1=[1,2, 3] J v
foreinl: ‘I'—[234]
ret_list.append(e + 1) T e

?r Ot‘*,’)”d return ret_list

ru
[i+1foriin] Low lexical overlap Execution-based

But actually correct Evaluation



HumanEval: Evaluating Functional Correctness

CoNala HumanEval SWE-bench
def incr_list(l: list): 2018 2021 2023
"""Return list with elements incremented by 1. PS *—o@ ® >
>>> incr_list([1, 2, 31)
2. 3, 4] CodeXGlue
>>> incr_list([5, 3, 5, 2, 3, 3, 9, @, 1231) 2021

(6,-4, 6, 3,4, 4, 10,71, 124]
return [1i + 1 for i in 1]

def solution(lst):

"""Given a non-empty list of integers, return the sum of all of the odd elements

that are in even positions.

— NL instruction

~ Executable

,
Examples ]
solution([5, 8, 7, 1]) ==>12

solution([3, 3, 3, 3, 3]) ==9

| solution([3@, 13, 24, 321]) ==>0

o J

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

 test cases



HumanEval: Human-Written Test Cases

HumanEval/72 HumanEval/38
164 hand-written examples = = correct = correct
s wrong 20 = wrong
e Prevent evaluation contamination 1 43 9
. 10 -
e Safety: sandbox for code execution s -
5 p
Optimizing BLEU = Functional Correctne ©- . — -
0.0 0.1 0.2 0.3 0.0 0.2 0.4
HumanEval/4 HumanEval/21
G BN correct BN correct
s wrong | 10.0 B wrong
2 - 7:5 =
5.0 -
1 -
2.5 - | i”lll
0 - 0.0 -
0.00 0.25 0.50 0.75 0.00 0.25 0.50 0.75

BLEU score



Increasing Complexity of Code Generation

Various domains: 8 1rPort pendas as pd

cy df = pd.read_csv('dataset/Gamepass_Games_v1.csv')

e data science: DS-1000, ARCADE _
[2] 1 Extract min and max hours as two columns 5{

e common Python libraries: ODEX def get_avg(x):
try: return float(x[@]) , float(x[1])
except: return 0, 0

df[ 'min' |, df[ max' ] = 21p(*df[ TIME'].str.replace(
" hours','').str.split("-").apply(get_avg))

_ T

M none M pandas numpy [ re B os [ collections B matplotlib
W datetime urllib ™ sys [ random io json subprocess
requests bs4 itertools operator time math 60 more



Increasing Complexity of Code Generation

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,
where each citation is a
nonnegative integer, write a
function h_index that outputs

the h-index. The h-index is the
largest number 4 such that A
papers have each least 4 citations.

Example:
Input: [3,0,6,1,4]
Output: 3

)

if n > @:
counts.sort()
counts.reverse()
h =20
while (h < n and

counts[h]-1>=h):
h += 1

return h

else:
return 0

Generated Code Output:
4

Input:
[1000,500,500,250,100,
100,100,100,100,75,50,
30,20,15,15,10,5,2,1]

Generated Code Output:
15

v

v




LiveCodeBench: Contamination-Free Evaluation

Code Generation Live Evaluation

100

e DS-1ns-33B Gemini-Flash-1.5
— GPT4 —— GPT4-0
801
= 001 GPT-40 Cutoff Dat
Performance drop around © e |
model training cutoff data A
20 1
DS-Ins Release Date
0

May Jun Jul Aug Sep Oct Nov Dec Jan Feb
LEETCODE Problem Release Month



SWE-bench: Resolve Real-World GitHub Issues

@© lssue > ( £2 Language Model ) [l Unit Tests

data leak in GBDT due to warm i
start (This is about the non- Pre PR PostPR Tests

histogram-based version of... 11 Generated PR

join_struct_col
+20-12 EEENE
vstack_struct_col

() Codebase BB sklearn

BB sklearn/ D regs.txt Y gradient_boosting.py
BB examples/ [) setup.cfg O helper.py -]
[ README.rst [ setup.py B utils =

_>

dstack_struct_col

matrix_transform

YA YA YA YA

euclidean_diff

e More complex coding contexts: single file > large codebase
e More complex coding output: function completion - script edits

.o . . . . CoNaL H Eval SWE-b h
e Realistic: high-quality GitHub issues & tests 5415 ot T g
@
CodeXGlue

2021



Quiz

What is the biggest difference between HumanEval and previous datasets?

A. Manually annotated

B. Python-only

C. Leetcode-style problems

D. Execution-based evaluation

Why do people avoid execution-based evaluation before 20217

A. Not necessary to for evaluating model correctness
B. The coding tasks cannot support execution

C. Environment setup is hard

D. Others



How Did We Get Here?

The Code Generation Task

[ Training Modern Coding Models

Building Agentic Coding Systems



Unidirectional vs. Bidirectional Transformers

e Uni-directional Transformers e Bi-directional Transformers
Each token has information about its Each token has information about its
previous tokens all tokens

I > o o v b %

def count_ lines ( def count_ lines (



Unidirectional vs. Bidirectional Transformers

e Uni-directional Transformers e Bi-directional Transformers
Each token has information about its Each token has information about its
previous tokens all tokens

A Y %

def count_ lines ( def count_ lines (



Training Objective
Autoregressive Language Modeling

~ Unidirectional

| X|
P(X) =[] PGaile, .. 2i0)
=1

count_ lines ( path
def  count_ lines (

Masked Language Modeling

~ Bidirectional

P(X) # | [ P(@ilz:)

1=1

¥ XYY

def count_ [MASK] (



Training Objective: Sequence-to-Sequence (seq2seq)

Encoder: Bidirectional Transformers Decoder: Unidirectional Transformers

neural representations

¥ XYY

count the lines in

count_ lines path

Kfﬁ

def

lines (

count_



CodeBERT: Example of Masked Language Modeling

125M model parameters

Train on

o 2B text+code data

CodeSearchNet

o 6B code-only data

GitHub

TRAINING DATA  bimodal DATA  unimodal CODES

Go 319,256 726,768
JAVA 500,754 1,569,889
JAVASCRIPT 143,252 1,857,835
PHP 662,907 977,821
PYTHON 458,219 1,156,085
RUBY 52,905 164,048
ALL 2,137,293 6,452,446




CodeBERT: Example of Masked Language Modeling

e 125M model parameters

e Trainon
o 2B text+code data Input tokens Input code
o 6B code-only data [CLS] text/code [SEP] code [SEP] l
| l l l l CodeBERT
as Encoder
- _ CodeBERT
Task-specific Fine-tuning |
k2
e C(lassification: code search ! BEceHar
e Generation [ FFNN + Softmax |

o mm }
7 | MMM Category distribution Output code



CodeT5: Example of Seq2Seq

e General seg2seq: masked span prediction task
e Code-specific: identifier tagging to learn code semantics

Like T5 Like code de-obfuscation

Masked Input

# recursive binary search

Masked Input

# recursive
binarySearch (arr, left, right, x):

60M and 220M params e

mid

(
[

Output Output

binary search right ) //

Trained on 6.4M instances

binarySearch

[ mid ]

(a) Masked Span Prediction (c) Masked Identifier Prediction

3

left right

e (CodeSearchNet

# recursive binary search

. / 3 Bimodal Input
e BigQuery lo1o10010 0 1] cve b
i # Xecurs_ ve binary search . binarySearch (arr, left, right, x):
binarySearch (arr, left, right, x): mid = (left + right) //
arr [ mid | == x : mid [ Mid = etn Eabb /L arr[mid] == x:
: arr[mid] == x: H mid
TY— . | mid {
(b) Identifier Tagging e .___(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.



Timeline

Codex
CoNaLa CodeT5 HumanEval SWE-bench
2018 2021 2021 2023
® o O S

CodeBERT CodeXGlue
2020 2021



OpenAl Codex: Example of Autoregressive LM

12B model parameters

Train GPT-3 with 160GB of Python data from GitHub

Codex: finetuned on code

Codex-S: + correct functions only

Pass rate

0.8

0.6 '~

0.4 +

0.2 -

0.0

- GPT-3 pass@1

——— Codex pass@1

—— Codex-S pass@1

—— Codex-S mean logp reranking

—— Codex-S oracle reranking

10° 10° 107 108 10° 100

Non-embedding parameters



OpenAl Codex: Sampling-Based Generation

Pass@k

Pass Rate vs Model Size

0.7 -
0.6
0.5 A
0.4
0.3
0.2
0.1

0.0 -

—— pass@1 (T*=0.2)
—— pass@100 (T*=0.8)

LRAL | Ty LR AL | Ty LB R LY |

10° 10° 10’ 108 10°
Non-embedding parameters

1010

Pass rate

0.7

0.6

0.5

0.4

0.3

Sample Ranking Heuristics

Oracle

Docstring backtranslation

Sum logp
Mean logp
Random

10°

LA |
10!
Number of samples (k)

10?




Exemplar Training Pipelines

. Rgp_thy_d
—] File-Level Pretrain - Qwen2.5-Coder mmd Qwen2.5-Code-Instruct
5.2T Tokens 9008 Tok.m SFT &DPO

@
Figure 2: The three-stage training pipeline for Qwen2.5-Coder.

CopE LLAMA

Long context (7B =, 13B =2, 34B)
» fine-tuning -
LLAMA 2 Code training 20B ;ﬁ?&;’; _, CopE LramA - INSTRUCT
Foundation models — Infilling code training = (7B =, 13B =, 34B)
5B
(7B, 13B, 34B) 500B Python code Long context
training Fine-tuning CopE LrAMA - PyTHON
T 1008 208 (7B, 13B, 34B)

Figure 2: The Code Llama specialization pipeline. The different stages of fine-tuning annotated with
the number of tokens seen during training. Infilling-capable models are marked with the & symbol.



Data: The Stack

Raw dataset

GH Archive Raw dataset
query git clone
- — 137 M repos
. o ’ @ 52 B files
220 M repo 102 TB of data
names
selecting file
extensions
near- license
deduplication filtering
@ —— 69 TB of data

2.9 TB of data 6.4 TB of data



The Stack

Data

- 100 M
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Data: The Stack

Python Data
180 GB

740 GB

191 GB

Possible to match Codex performance on Humankval
License filtering hurts; deduplication always improve performance
Dataset Filtering pass@1 pass@10 pass@100
Codex (300M) Exact-dedup? 13.17 20.17  36.27
CodeGen (350M) unknown 12.76 23.11 20:17
Python all-license None 13.11 21.77 36.67
Near-dedup 17.34 27.64 45.52
Python permissive-license  None 10.99 15.94 27.21
Near-dedup 12.89 22.26 36.01

80 GB



Quiz

What do you think is the most important factor behind Codex’s power? Why

A. Model architecture

B. Model size (i.e., the number of parameters)
C. Data scale

D. Data quality

E.

Others
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The Code Generation Task
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What Is A Coding Agent?

“An intelligent agent perceives its environment via sensors and acts rationally
upon that environment with its effectors.”

Environment Observation

Internal State Space
~ Prompt
B observe
Backbone : u
action
LM(+|prompt) Agent

Action Space



SWE-agent

Agent-computer interface (ACI) design affects performance

Observation (File Viewer)

® lIssue
data leak in GBDT due to warm
start (This is about the non-
histogram-based version of...

() Codebase
@ sklearn/
I examples/ 3 setup.cfg
README.rst [J setup.py

D reqgs.txt

Response (Thought + Edit Action)

(

[File: solvers/diophantine.py (3093 lines total)]
(400 lines above)
401 elif total_degree — 3:

402 diop_type = "cubic_thue"

403:

404 : elif (total_degree > 3):

405: if all(coeff[k] = 1):

406: diop_type = 'general_sum_even'
407 .

408: if diop_type is not None:

409: return var, coeff, diop_type

2684 lines below
\f )

We need to add a check to ensure that all powers )
are the same. Let's edit the code to include this
check.

edit 404:407
elif (total_degree > 3 and
len(set(k.exp[k.is_Pow])) == 1):
if all(coeff[k] == 1):

J

(a) Observation from the file viewer.

diop_type = 'general_sum_even'
end_of_edit
\_ J
(b) Action using the edit interface.
action

John Yang, Carlos E. Jimenez, et al.. "SWE-agent: Agent-Computer Interfaces Enable Automated Software Engineering."



SWE-agent: Analysis of Agent Behavior

Within a session

e reproduction/localization is the

first step
e remaining: "edit then execute”
loops
Overall

e agents succeed quickly and fail
slowly

e most failures are incorrect
iImplementations

2501

200

Frequency
= @
Q (e

W
e

M scarch dir
B scarch file
B find file
© find

B create

B cdit

B cxit cost
I submit

B open

B scroll up

M scroll_down

I goto

I python3
python

pytest

0 3 6 9 12 15 18 21 24 27 30 33 36

Turn



OpenHands (OpenDevin)

& User Interface

E Command Line

-

n IDEPlugins ~ Multi-turn
) User-Agent |
Interaction
Event History

[Past Action(s) & Observation(s)]

I @ | Agent

produce new action

Action

Abstraction

Event Stream: List[Action_ 1,
Observation_ 1, Action_ 2, ...]
Agent: Event History -> Action
Runtime: Action -> Observation

|= Event Stream

where all Action-Observation(s) are tracked

[1] Message (source=user)
Can you create a list of numbers from 1 to 10, and
create a web page to display them at port 50007

[2] 1Py llAction ( gent)
Sure! Let me create a file first:
<execute_ipython>
create_file('app.py')
</execute_ipython>

[6] CmdRunAction (source=agent)

I have created a Python file “app.py " that will
display a list of numbers from 1to 10 when you run
it. Let me run the server for you:

<execute_bash>

python3 app.py > server.log 2>&1 &

cat server.log

</execute_bash>

[31 IPythonRunCellObservation
[File: /workspace/app.py (1 lines total)]
1l

[File app.py created.]

[4] 1Py ion (; gent)

| will write the Python code for starting a server.
<execute_ipython>

EDITED_CODE=\"\"\"[Omitted for Brevity]\"\"\"

edit_file(start=1, end=1, content=EDITED_CODE)
</execute_ipython>

[7] CmdRunObservation

[1] 124

* Serving Flask app 'app’

* Debug mode: off

WARNING: This is a development server. Do not
use it in a production deployment. Use a
production WSGI server instead.

* Running on http://127.8.0.1:5000

Press CTRL+C to quit

[5] IPythonRunCellObservation
[... Omitted for Brevity ...]
4|@app.route('/")

5|def index():

6] numbers = list(range(1, 11))
71 return str(numbers)
[... Omitted for Brevity ...] [File updated.]

[81 iveAction ( gent)

The server is running on port 5000 with PID 124. Let
me browse to the page at http://127.0.0.1:5000
<execute_browse>
goto("http://127.0.8.1:5000")
</execute_browse>

[9] BrowserOutputObservation
[33020 3,73 5, (6,078 9, 10]

@ Agent Runtime

where each Action execution
leads to an Observation

Docker Sandbox

OpenHands automatically install
“action execution API” into user-
provided arbitrary docker images

Action

OpenHands-maintained
Action Execution API

s
Jupyter
L)

Interactive Python
(IPython) Server

[ BashShell

@ Browser

Playwright Chromium

Observation

Xingyao Wang, et al.. "OpenHands: An Open Platform for Al Software Developers as Generalist Agents"

Different

e Actions
(a.k.a.tools)
e Observation

Still loops of

e Read file
e Edit + exec
code files



Agentless

- & , o OProject -
@lssue: @lssue: Codebase @lssue: @lssue:
Lambdify misinterprets misinterprets ' Lambdify misinterprets misinterprets
atrix ssions ‘some matrix expressions — rix ‘some matrix expressions
:J:m;zmbdﬁyonm_ Using lambdify onan... e . m;mwl:yonan- Using lambdify onan ...
— \— —> =
PE—— - . - 2 H
O Project Repo structure . el | R
Codebase iiws] Localize to def Zea_ Classes & Edit
W o i A s — = A
S ity Top-N Files static.py | Fynctions  [function:esitnatrix| |ocations
— csrf.py D e (1255 Handler — P 55 Handler:
static.py def load_middleware def load niudleware
o generic/ a def _matrixify o i e
detail.py generic/detail.py S
class ExtHandler:
a;::'t—'py class Truncator
. b h 5
list.:; dof “truncate htal class:Handler
csrf.py ExtHandler )
|
Generate N\ Y
@lssue: $ept'°d- TR TITIE @lssue: Glssue: Localization
Lambdify misinterprets ests mbdify misi misini
prossi assert ::mom’z:r"lxo"% Lambdify = terprets
Using lambdify - test.py Using lambdify onan... Using lambdify on an ... epQ"-
g i S
o ‘ . fPatchi wos | Oenerate | ol i e | | Patch
TPatch.:z 20 aums T Patch.iz -20 uamm . FIPREoh s ommen | ol os | Lines: 120-230] fvalidation
I I Filter&Rank test.py MPatch.12 20 uuus class Handler:
- @ D ateh a I @ def load_middleware (@ LLM
atches
Smeltted k class: Handler =8 Embedding
Patch A o

Chungiu Steven Xia, et al.. "Agentless: Demystifying LLM-based Software Engineering Agents"



Performance (2024.07)

Fixed two-stage pipeline > >better than>>agents with iterative loops

i Avg. Avg. % Correct Location
To?l LLM o Resolved $ Cogst # Tok%:ns Line Function File
AutoCodeRover-v2 [6] ©® GPT-40 92 (30.67%) - - 35.0% 52.3% 69.3%
RepoGraph [19] ©® GPT-40 89 (29.67%) - - 36.7% 51.3% 71.0%
Moatless [15] A Claude 3.5S 80 (26.67%)  $0.17 - 38.7% 54.7% 78.7%
® GPT-40 74 (24.67%)  $0.14 - 36.0% 52.0% 73.0%
OpenDevin+CodeAct v1.8 [17] @& Claude 3.5S 80 (26.67%)  $1.14 - 38.0% 49.7% 67.3%
Aider [37] ® GPT-40+A Claude 3.5S | 79 (26.33%) - - 35.3% 50.0% 69.7%
SWE-agent [101] Al Claude 3.5 S 69 (23.00%)  $1.62 521,208 40.7% 54.3% 72.0%
® GPT-40 55 (18.33%)  $2.53 498,346 29.3% 42.3% 58.3%
® GPT-4 54 (18.00%)  $2.51 245,008 30.7% 45.3% 61.0%
AppMap Navie [5] ® GPT-40 65 (21.67%) - - 29.7% 44.7%  59.7%
AutoCodeRover [108] ® GPT-4 57 (19.00%)  $0.45 38,663 29.0% 42.3% 62.3%
RAG [101] A Claude 3 Opus 13 (4.33%)  $0.25 - 22.0% 30.0% 57.0%
® GPT-4 8 (2.67%)  $0.13 - 12.7% 23.3% 47.3%
A Claude-2 9 (3.00%) - - 16.7% 24.3% 46.7%
® GPT-3.5 1 (0.33%) - - 6.3% 11.3% 27.3%
AGENTLESS ©® GPT-4o 96 (32.00%)  $0.70 78,166 35.3% 52.0% 69.7%




Fixed Pipeline Better Than Iterative Agents?

Core issue

e Backbone LM too weak (back in 2023): GPT-4, claude-3.5
e To correctly use observation (read-file) and action (edit file) tools

Agents need to

e Graduate from wraps around static LMs
e To training LM parameters

Major Limitations: each task instance needs

e Specialized environment (e.g., install packages)
e Execution-based verifiers (i.e., test cases)



SWE-Gym: Training SE Agents + Verifiers

Collect more task instances following the SWE-bench approach

Category  Metric SWE-Gym SWE-Gym Lite
Size # Instances 2,438 (2,294) 230 (300)
# Repos 11 (12) 11 (12)
Issue Text  Length by Words 239.8 (195.1) 186.2 (175.9)
Eolabiige # Non-test Files 971.2 (2944.2) 818.8 (2988.5)
# Non-test Lines ~ 340675.0 (363728.4)  340626.2 (377562.4)
# Lines edited 69.8 (32.8) 10.6 (10.1)
Gold Patch  # Files edited 2.5(1.7) 1.0 (1.0)
# Func. edited 4.1 (3.0) 1.4 (1.34)
Tests # Fail to Pass 10.0 (9.0) 2.04 (3.5)
# Total 760.8 (132.5) 99.9 (85.2)

> 2: Statistics comparing SWE-Gym with the SWE-Bench test split (in parenthesis).
'pt for size metrics, we report the average value across instances.

Jiayi Pan, et al.. "Training Software Engineering Agents and Verifiers with SWE-Gym"

pandas (737)
MONAI (374)

SWE-Gym bl 758
moto (343) (2438) wmy G &S
&, conan (75)

modin (107
mypy (257) ’ (o)

K (14
dve (225) dasi (1)

mypy y moto (59)

SWE-Gym Lite
dvc (36) (230) - PSR )
/, Pandas (5)

~ S hydra (11)
MONAI (27) ’ conan.(12)

pydantic (20) dask (14)

Figure 2: Repository distribu-
tion of SWE-Gym instances.



SWE-Gym: Training & Test-Time Scaling

Instance and repository diversity is Trained verifiers help solution
not yet a bottleneck selection at inference time

9 - oy, DA
5 20 - =e= 32B e -e-- Pass@k X Sk S o
g —o= 7B 32 —x— Best@k (32B ORM) 31.0% 0--""

2 ® —=— Best@k (7B ORM) 29.6%  _.e~"

15 30 |
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Figure 5: Scaling effects of increasing the number of ran- N 5 3 4 5 6 ; g
domly sampled trajectories for training. Number of Agent Rollouts



R2E-Gym: Synthesized Envs + Dual Verifiers

e synthesize data: executable environments from GitHub commits
e execution-based + execution-free verifiers

SWE-Bench Verified % (Best@K)

Human PRs SWEGEN | Pass@1 Score Exeoution-Based |  gonnetais g
i Execution-Free Hybrid Scaling OpenHands 53.0% o
4 N Sonnet-3.5 49% g
g) ; w/ Tools 5
—~~ ' i [¢]
o= o H ! 0,
g8 s +8.2% +7.3% 01 284 g
—~ O - i i ) =3
B g 2.5X :f:_f +16.6% O1-preview
) 5 :
= £ K Ours 51.0%
£z < 3
oM - SweRL B
Q o =
>
A E SweGym 32% &
=4
ot
% SweFixer 30.2% @
0% 10%  20%  30%  40%  50%

(a) Synthetic Data (b) Hybrid Test-time Scaling (c) Open-weights SOTA Performance

Naman Jain, et al.. "Training Software Engineering Agents and Verifiers with SWE-Gym"



SWE-Smith

Consider adding:

e SWE-smith

e SWE-RL: Advancing LLM Reasoning via Reinforcement Learning on Open
Software Evolution

e CWM: An Open-Weights LLM for Research on Code Generation with World
Models



Summary: Al for Code Today

Constructing more difficult benchmarks

e SWE-bench*
e MLE-bench, TerminalBench, ...

Building sophisticated agent frameworks
e SWE-agent, OpenHands, ...
Scalable training with effective verification

e SWE-gym, R2ZE-Gym



Quiz

What is needed for a better coding agent? Besides backbone code LM. Why?

A. Coding environment

B. Agent design (observation/action space, prompt, ...)
C. Others



How Did We Get Here?

The Code Generation Task
Training Modern Coding Models

Building Agentic Coding Systems

k-@_, What's Next?



We're Saturating SWE-Bench

@ OpenAl Developers .+ © A -
@OpenAlDevs

The standard for frontier coding evals is changing with model maturity.

SWE-bench Verified was a strong benchmark, but we’ve found evidence
it is now saturated due to test-design issues and contamination from
public repositories.

<> —+

Why SWE-bench Verified
no longer measures frontier

coding capabilities Feb 23, 2026

"Why SWE-bench Verified no longer measures frontier coding capabilities".



We're Saturating SWE-Bench

SWE-bench Verified Score Evolution
Anthropic vs OpenAl vs Google vs MiniMax

=@~ Anthropic (Sonnet / Opus)
85% - =®= OpenAl (GPT)

=@®= MiniMax (M Series)

=®= Google (Gemini)

80% -
75% -
70% -

65% -

Sonnet 3.7
60% - 62.3%

SWE-bench Verified Score (%)

o -
55% [
56.0%

50% -

Feb 25 Apr 125 Jun'25 Aug ‘25 Oct'25 Dec 25 Feb 26



Issues in Current Agents

Bloated patches on SWE-bench verified:
LM generated patch size vs human gold patch size

(cleaned patches, see details)

l I I : “ I I

Kimi K2 Opus 4.5 MlnlMax Sonnet 4.5 Devstral DeepSeek GPT-5 Gemini 3 GPT-5.2 GLM-4.6
Thinking Mini Pro (high)

Averaged over a subset of 140 instances solved by all shown models with mini-swe-agent v1 swebench.com

https://x.com/KLieret/status/20292197634239860307?s=20



Issues in Current Agents

Find and View content
download stock of data files to
data files in the understand
Financials folder their structure.

. . Review the

Find data files,

Ask ChatGPT 2 ChatGPT
communicate

about the b4 _

instruction file file pathsto about view
ChatGPT :

file content.

Figure 5: Human workflows change to file navigation, communication with Al, reviewing and
debugging programs when using Al for automation purposes; generally slowing users down by

Navigate to the
Financials folder

o conversation °< and upload

“stock_test.csv”
to ChatGPT.

o

Build predictive
model and run
predictions on
the test data.

Independent
human / agent
workflows

Navigate within the
ChatGPT window

o and debug the
Python script for
predictive modeling

Human using Al for automation

17.7%, as opposed to the 24.3% work acceleration when using Al for augmentation.

llIviuuiilg Clivl pilupagativll, UllplCTultiavit aliu uipiuuulilve agClit 1VVUp vliayvivl, ally uic 11CCU 1UL LICAadl LULLLIIUWILIILALIVIL LU LU EALC LiIc

layered transparency issues. Early adopters’ perspectives about the role of transparency underscored its importance as a way to build

Zora Wang, et al.,, "How Do Al Agents Do Human Work? Comparing Al and Human Workflows Across Diverse Occupations”. 2025.



Next: Building Human-Centered Coding Agents

User (H)

Agent (C)

Code
Env. (T)

Task Alignment

true intent z

“Build me a
portfolio

e and minima
website

“Dark mode,

In

instruction gy

cl riﬁca'} n
11 2 Ioopj

<think; “Dark
interpret; || or light
plan> mode?”

inferred intent
ze=interpret(qy|T)

Can Al systems grasp
and clarify user intent?

Verification
©SS al'so Home page is LGTM,
make it good, About el
reusable” needs work...” ysm:
7 8 n
intervene
Unm
Create Tailwind Edit Ren?:ler Copy
React i About preview; updated,
. or CSS? .
Project copy run tests good?
step s, step s, )
10
control
point ¢,

[ src/ ][src/css} [About.tsx]

Does Al course correct well
given human feedback?

Is it easy, efficient for us
to validate Al output?

Zora Wang, John Yang, Kilian Lieret, et al., "Position: Humans are Missing from Al Coding Agent Research".

Adaptability
update
User uses vanilla seir
CSS, prefers dark G
mode. [More prefs] 13
12

Update
tools; docs

What carries over to
future sessions?



How to Close the Gap?

Scale human modeling

Enable efficient oversight

Define measures for interaction
Go beyond software engineering

; i.e. for Model T

“Shapeshifting”
Verification

User




Beyond Software Engineering

New preprint: "LLM-in-Sandbox Elicits General Agentic Intelligence"

Coding agents have the potential to be

Can we design Al Agents that achieve generalizability across diverse andbox unlocks emergent

“Generalist Agents” taskdomains?

In what domains are agents deployed?

49.7%

Software engineering
Back-office automation [N 517
other I 77

‘Versa, a generalist agent with
g agent benchmarks, ranking #1
ant Company leaderboards %’

srformance Gain of LLM-in-Sandbox

Marketing and copywriting | NN 4.4% | 63.3 84.4 38.0 61.8 72.0
salesand cRM [ 4.3% _ 37.21% > +64 +11 +1.0 +13 +12.7
"”::::"“:;Z:::ﬁ -3;0” 49.83% 575 816 490 668 783
I 2 1 5 X -6. B 7
Academic research [ 2.8% +52 +0.5 6.8 +0.5 +7.0
Cybersecurity [ 24% - 33.14% 599 778 416 638 747
Customer service [l 22% ) +1.7 +11 +28 +3.0 +144
— I | 26.29%
ming and interactive media [l 21% 455 i T 585 &is
Document and presentation creation [l 1.9% 14% ) 4 0 1"1— 4 2 0 6 P 1 7
Education and tutoring [l 1.8% +4. +14. +2. +6. -11.
E-commerce operations [} 1.3% 545 776 354 618 687
Medicie andhesithcare [§10% I ¢ 43% ! .14 432 50 +15 +37
=) L - 31.72% MR OpenHands-Versa 479 558 148 240 400
Travel and logistics ) 0.8% B OpenHands 2 +1i 1 +§ 6 +i4 3'3 +§ 0
0 10 20 30 40 50 25.34% : s i 3 -3. i
Published SOTA LONG- INSTRUCT
% of tool calls H  PHYsIcs CHEMISTRY BIOMED "
30 20 50 60 CONTEXT FoLLOW

Resolve Rate (%)

DOMAIN



Beyond Software Engineering Agents

SE only captures 5%
human employment!

Many other domains

e Rarely studied

e Huge human
employment

e Huge capital
centralized to

Benchmark Effort
0 2,000 4,000 6,000 8,000

Office and Administrative Support Sj1860 1
Sales and Related 1,680
Food Preparation and Serving Related 0
Transportation and Material Moving 0
Management 676
Business and Financial Operations _
Healthcare Practitioners and Technical 29
Educational Instruction and Library 1,449
Production 2
Construction and Extraction 0
Installation, Maintenance, and Repair 0
Computer and Mathematical
Building and Grounds Cleaning and Maintenance 0
Protective Service 0
Healthcare Support 17
Personal Care and Service 0
Architecture and Engineering 137
Community and Social Service 0
Arts, Design, Entertainment, Sports, and Media 1,152
Life, Physical, and Social Science 1,090
Legal 71
Farming, Fishing, and Forestry 0O

Zora Wang, et al.,, "How Well Does Al Agent Development Reflect Real-World Work?"

Real-World Employment

0 SM oM 15M

18.2M
16.5M

- i

9.2M
7.3M
7.0M
6.3M
6.0M
5.2M

4.5M
3.7M
3.5M
3.1M
2.6M
2.1M
2.1M
1.4M
1.3M
441.0K

“w
=}

Real-World Capital
$50,000 $100,000

$47,742
$43,809
$34,086
$45,473

$120,935

$58,080
$37,591
$56,882
$43,471
$36,354
$57,625
$62,656

$39,439



Summary

CoNala HumanEval SWE-bench
. 2018 2021 2023
The Code Generation Task R
2021
count_ lines ( path
Training Modern Coding Models
def  count. lines (
Building Agentic Coding Systems =83 — & S

Action Space

k-g_, Human-Centered



