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What is an Agent?



What is An Agent?

▸Russell and Norvig: “an intelligent agent perceives its environment via 
sensors and acts rationally upon that environment with its effectors”

▸ LLM agents: 

▹“perceive” via text (& sometimes visual) observations of the state

▹“effectors”: tools (APIs) that take actions in the world

▹“act rationally”: ???



LLMs as Agents

▸Warmup: text worlds with ReAct (reasoning + acting) prompting

You are in the middle of a room. Looking quickly around 
you, you see a cabinet 6, a cabinet 1, a coffee machine 
1, a countertop 3, a stove burner 1, and a toaster 1.
Your task is to: Put some pepper shaker on a drawer.

ReAct prompting [Yao et al. 2022]

Goal:



{"open_file": "/pydicom__pydicom/reproduce_bug.py", "working_dir": 
"/pydicom__pydicom"}
…
Traceback (most recent call last):
File "/pydicom__pydicom/pydicom/pixel_data_handlers/numpy_handler.py", 
line 293, in get_pixeldata

raise AttributeError(
AttributeError: Unable to convert the pixel data as the following required 
elements are missing from the dataset: PixelRepresentation

7
ReAct prompting [Yao et al. 2022] in the SWE-agent harness [Yang et al. 2024]

Goal:

LLMs as Agents

Observations
𝒐𝒕:

The script has successfully reproduced the bug, as it 
raised an `AttributeError` …

The next step is to locate the `numpy_handler.py` file 
where the error is raised and modify the code to handle 
cases where the `PixelRepresentation` attribute is not 
required…

LLM

find_file(
“numpy_handler.py”)

Action 𝒂𝒕:



Wang, Zora Zhiruo, et al., "What Are Tools Anyway? A Survey from the Language Model Perspective." CoLM 2024

Tools Are Functions (APIs)



What’s Important in an LLM Agent?

▸Understanding the observations and state

▸Knowledge about the domain => implicit planning ability

▸Using history of past actions

▸General ability to call tools



SWE-Bench: An Issue-Solving Benchmark



SWE-Bench

▸ GitHub issues and pull-requests that fix them

▸Model has to generate a patch (multi-file diff) to fix the issue

▸ Two types of tests to check correctness: 

▹ Fail-to-pass tests (reproduction)

▹ Pass-to-pass tests (regression)

▸ Issue, code-base, and execution environment are all available

Jimenez and Yang et al. 2023



SWE-Bench: Data Collection

▸12 popular repositories (django, flask, matplotlib, scikit-learn, …), with 
90K PRs

▸Attribute filter: Select merged PRs that (1) resolve an issue and (2) 
contributed tests

▸Execution filter: code runs and at least one test is pass-to-fail

▸2.3K PRs after filtering



SWE-Bench: Instances



SWE-Bench Variants

▸SWE-Bench Lite: easier subset of 300 tasks with short, single-file edits

▸SWE-Bench Verified: annotate samples and remove (1) underspecified 
issue descriptions (2) fail-to-pass tests filter out valid solutions. 500 tasks 
after filtering

▸SWE-Bench in other languages

▹Multimodal (JS): https://www.swebench.com/multimodal.html

▹Multilingual [Khandpur et al.], [Rashid et al.], [Zan et al.]

https://www.swebench.com/lite.html
https://www.swebench.com/lite.html
https://www.swebench.com/lite.html
https://www.swebench.com/lite.html
https://openai.com/index/introducing-swe-bench-verified/
https://openai.com/index/introducing-swe-bench-verified/
https://openai.com/index/introducing-swe-bench-verified/
https://openai.com/index/introducing-swe-bench-verified/
https://www.swebench.com/multimodal.html
https://www.swebench.com/multilingual.html
https://arxiv.org/abs/2504.08703
https://arxiv.org/pdf/2504.02605


SWE-Bench: Progress

https://www.ark-invest.com/newsletters/issue-440



SWE-Agent

▸Design a set of tools for the agent to use in a ReAct-style loop

▹Bash commands, file viewer, search tools, file editing, submit

▸Observations of the state come through these tools

▸Tailor the tools and their outputs to be easily usable by LLMs

[Yang et al. 2024]



Example Observations and Actions



Minimal Code for the Agentive Loop

From OpenHands, Wang et al. 2024



Example Traces
Thought: The `reproduce_bug.py` script has been updated with the code provided in the issue. Now, 
let's run the script to see if we can reproduce the bug.

Action: `python reproduce_bug.py`

Observation:
Traceback (most recent call last):

File "/pydicom__pydicom/reproduce_bug.py", line 17, in <module>
result = np.array_equal(ds.pixel_array, pixel_array)

…
File "/pydicom__pydicom/pydicom/pixel_data_handlers/numpy_handler.py", line 293, in get_pixeldata

raise AttributeError(
AttributeError: Unable to convert the pixel data as the following required elements are missing from the 
dataset: PixelRepresentation

From GPT-4 on a pydicom instance, https://github.com/SWE-agent/SWE-agent/blob/main/tests/test_data/trajectories



Example Traces

From GPT-4 on a pydicom instance, https://github.com/SWE-agent/SWE-agent/blob/main/tests/test_data/trajectories

Thought: The script has successfully reproduced the bug, as it raised an `AttributeError` due to the 
missing `PixelRepresentation` attribute when attempting to access the `pixel_array` property. This 
confirms the issue described.

The next step is to locate the `numpy_handler.py` file where the error is raised and modify the code 
to handle cases where the `PixelRepresentation` attribute is not required, such as with Float Pixel 
Data or Double Float Pixel Data.

Let's use the `find_file` command to locate the `numpy_handler.py` file within the repository.

Action: `find_file "numpy_handler.py”`

Observation:
Found 3 matches for "numpy_handler.py" in /pydicom__pydicom:
/pydicom__pydicom/pydicom/overlays/numpy_handler.py
/pydicom__pydicom/pydicom/pixel_data_handlers/numpy_handler.py
/pydicom__pydicom/pydicom/waveforms/numpy_handler.py



SWE-Agent



SWE-Agent

▸ Agent tends to first reproduce the issue. Then, find the file and edit it.



Do we really need all those tools?   Approach 1

▸Recent LLMs can do even better with just the shell

▸E.g. “mini-SWE agent” has a 100-line implementation (vs thousands for 
SWE agent)



Do we really need all those tools?   Approach 2

▸ “Agentless” [Xia et al. 2024]: develop a workflow very tailored to 
resolving issues

▸Codifies a common pattern from SWE-agent: reproduce, localize, repair, 
validate



Do we really need all those tools?   Approach 2

▸Each step in Agentless can generate multiple possible outputs and 
aggregate them (similar to MBR-exec, CodeT)

▸Good fit for reasoning models that can take in a lot of context and 
produce complex outputs in a single shot

▸SOTA results on SWE-Bench verified were briefly from o1/o3 + Agentless



SWE-Bench: Discussion

▸How much of software engineering does this task capture?

▸How much have LLMs memorized these particular repos?



Training SWE Agents



SWE Gym

▸ Build a set of 2.4K SWE-bench-like instances from 11 repos to use as a training 
set

▸ SWE-bench came with a training set, but instances were not executable
▹ Ensuring executability is time-consuming! 200 human annotation hours, in 

this work
▹ In Yiqing’s lecture, we’ll see how to automate this

▸ Executable environments allow training with execution feedback
▹ This work: uses rejection sampling fine-tuning
▹ Could also use RL



SWE Gym: Rejection Sampling Fine-Tuning

▸Sample agentive trajectories from a teacher model 

▸Choose ones that pass test cases

▸Use these as SFT data for a student model

▹ In this work, distillation: GPT-4o is the teacher and Qwen-2.5 is the 
student

▹Could also do self-improvement, where the same model is teacher 
and student. Pass@k -> pass@1



SWE Gym: Results



SWE-RL

▸Task: SWE-bench. Generate a diff to solve an issue in a GitHub 
repo

▸Use a simple, scalable RL reward that doesn’t actually require 
executing the code. Train this at large scale.

▸We’ll find that it scales and generalizes better than SFT!



Data Curation

● GitHub events from GHArchive, Jan 2015 to Aug 2024 

● 4.6M repos; 24M aggregated PR instances; 11M after filtering

● Relevant files prediction -> reduce model bias

Data Curation

Without this: editing every file or unable to 
handle noisy files in the context

Slides from Zhe Wang and Yuxiang Wei



Reward Modeling: Prompt
Reward Modeling



Reward Modeling: Output
Reward Modeling

<think>
We need to import …
</think>

<solution>
### mathweb/flask/app.py
<<<<<<< SEARCH
from flask import Flask
=======
import math
from flask import Flask
>>>>>>> REPLACE
</solution>



Reward Modeling: Rewards

● Reward function

○ -1: Wrong format or search == replace

○ [0,1]: based on sequence similarity from difflib.SequenceMatcher

Reward Modeling



Reward Modeling: Aha Moments

● “Aha moments” emerge in both ID and OOD tasks

● Self Reflection, Exploring Multiple approches, Divide-and-conquer

Reward Modeling



Evaluation: Setup

● Model: Llama3-SWE-RL-70B

○ base model: Llama-3.3-70B-Instruct

○ no SFT, just RL

● SFT baseline: Llama3-SWE-SFT-70B

○ same base model and seed PR dataset as the RL model

○ additional mixed data for diversity and generalizability

○ reasoning traces produced by Llama3

● Benchmark: SWE-bench Verified

● Scaffold: Agentless Mini

Evaluation



Evaluation: Baseline Comparison

● RL shows best repair performance despite slightly lower correct format rate

● SFT also improves format and patch quality over base model

Evaluation

Correct Format Repair Success

Llama-3.3-70B-Instruct 12.2% 5.4%

Llama-3-SWE-SFT-70B 96.2% 29.6%

Llama-3-SWE-RL-70B 95.6% 34.8%



Evaluation: Main Results

● Llama3-SWE-RL-70B + Agentless Mini

○ 41.0% solve rate on SWE-bench 

Verified

○ Best among <100B models and 

comparable to o1-preview + 

Agentless

Evaluation



Evaluation: Reward Ablation

● Continuous reward: sequence similarity

● Discrete reward: exact match (?better if execution correctness)

● Faster learning and better repair performance in continuous reward

Evaluation

Reward 
Type

Correct Format Repair Success

Discrete 94.2% 29.0%

Continuous 95.6% 34.8%



Evaluation: Generalizability

● Despite training only on SWE tasks, RL model outperforms SFT baseline 

and base model in all OOD tasks  

● SFT generally degrades performance in OOD tasks 

Evaluation

Benchmark Llama-3.3-70B-Instruct Llama-3-SWE-SFT-70B Llama-3-SWE-RL-70B

HumanEval+ 76.2 73.2 79.9

BCB-Hard(I/C) 28.4 / 29.1 25.7 / 24.3 28.4 / 29.1

CRUXEVAL(I/O) 60.5 / 61.9 68.4 / 75.1 71.6 / 75.5

Math(s/l) 63.2 / 70.9 54.0 / 71.7 73.7 / 73.7

MMLU 86.49 85.26 86.82



SWE-RL Takewaways

▸Simple reward allows scalable RL even without executable 
environments

▸Some generalization to other tasks/domains as well:
RL seems to overfit less than SFT

▸But, hard to scale beyond



RL with Execution: FAIR’s Code World Model

▸Construct 35K executable repository images, using a 
combination of an agent and GitHub continuous integration

▸Repos have executable, human-written test cases

▸What can you do with lots of executable repos?

▹Mid-training (see the paper) 

▹RL on issues with execution reward



RL with Execution: FAIR’s Code World Model

▸Agent has a similar set of tools to SWE-Agent and OpenHands

▸ Two –part reward:

▹[execution] if all hidden test cases pass => 1

▹[similarity] else if patch similarity (from SWE-RL) is above threshold => 0

▹else => -1

▸ Training involves cold starts, hints, and multi-task RL with other verifiable tasks



RL with Execution: FAIR’s Code World Model



RL with Execution: FAIR’s Code World Model

▸Taking away tools, or switching to another agentive 
harness, does decrease performance

▸But it still does well
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