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Anecdotal uses of AI in education / research

• Creating exams from pdfs of books and 
slides

• Creating summaries/lecture notes from 
videos

• Virtual course assistants for students

• Course assignments

• Students using AI for writing code and essays
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LLMs for code and software development

• Code LLMs: fine-tuned using code data

• Performance is evaluated on the ability 
to generate code

• Useful for a variety of code 
development tasks:

• Code completion (generation or synthesis)

• Summarization

• Debugging / fixing bugs

• Translation
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https://livebench.ai
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Challenges in using AIforDev for parallel code

• Benchmarks are not relevant to HPC

• Popular languages are C, C++, Fortran

• Parallel execution models: MPI, OpenMP, CUDA, HIP, Kokkos, RAJA, etc.

• Metrics for evaluating Code LLMs are not well-suited for parallel computing

• HPC researchers care about performance and portability in addition to correctness

• Current LLMs are not great for parallel code

• Not enough data for training/fine-tuning: low-resource languages
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Synthetic data: ‘code is all you need’
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Synthetic data: ‘code is all you need’
• We have exhausted all available code

• Parallel code data falls in the low-resource category
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Total files 545.5 million %

MPI 185.4k 0.034

OpenMP 152.9k 0.028

Kokkos 17.7k 0.003

Fortran 287.1k 0.052

CUDA 145.6k 0.027

The Stack dataset
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• Recent work on generating synthetic code datasets 
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Abstract

We introduce Magicoder, a series of fully open-source (code, weights, and data)
Large Language Models (LLMs) for code that significantly closes the gap with top
code models while having no more than 7B parameters. Magicoder models are
trained on 75K synthetic instruction data using OSS-INSTRUCT, a novel approach
to enlightening LLMs with open-source code snippets to generate high-quality
instruction data for code. Our main motivation is to mitigate the inherent bias of
the synthetic data generated by LLMs by empowering them with a wealth of open-
source references for the production of more diverse, realistic, and controllable
data. The orthogonality of OSS-INSTRUCT and other data generation methods
like Evol-Instruct further enables us to build an enhanced MagicoderS. Both
Magicoder and MagicoderS substantially outperform state-of-the-art code models
with similar or even larger sizes on a wide range of coding benchmarks, including
Python text-to-code generation, multilingual coding, and data-science program
completion. Notably, MagicoderS-CL-7B based on CODELLAMA even surpasses
the prominent ChatGPT on HumanEval+ (66.5 vs. 65.9 in pass@1). Overall,
OSS-INSTRUCT opens a new direction for low-bias and high-quality instruction
tuning using abundant open-source references.

You are working on a natural language processing (NLP) 
project and need to create a program to preprocess and 
classify movie reviews... 
... 

Your program should be able to preprocess new movie 
reviews, train the model, and classify new reviews accurately. 

Generated problem (details omitted)

PosNeg.py
Log.cpp
GrantInfo.ts

Program.cs
Strength.swift
…

Open-source codebase
  learn_model( 
    tf_idfSVM, tf_idfNB, target) 

def get_clean_review(raw_review): 
  letters_only = re.sub( 
    "[^a-zA-Z]", " ", raw_review)

Seed code snippet

OSS-INSTRUCT

Please gain inspiration from the 
code snippet to create a high-
quality programming problem…

Prompt (details omitted)

from sklearn.feature_extraction.text import TfidfVectorizer ... 

def get_clean_review(raw_review): ... 
def train_model(tf_idfSVM, tf_idfNB, reviews, labels): ... 
def classify_review(clean_review, tf_idfSVM, tf_idfNB): ... 
... 
train_model(tf_idfSVM, tf_idfNB, reviews, labels) 
cleaned_review = get_clean_review(...)... 

Generated solution (details omitted)


Language 
Model

Figure 1: Overview of OSS-INSTRUCT and the pass@1 results of different LLMs on HumanEval (+)
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Wei et al. Magicoder: Source Code is All You Need. 
In Proceedings of the Forty-first International 
Conference on Machine Learning, ICML ’24.

The Stack dataset
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SWE-agent

• Combines language models with an Agent-Computer interface

• SWE-agent can call tools, write tests, run code etc.

• Designed for Python primarily
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SWE-agent: Agent-Computer Interfaces Enable
Automated Software Engineering

John Yang→ Carlos E. Jimenez→ Alexander Wettig Kilian Lieret
Shunyu Yao Karthik Narasimhan Ofir Press

Princeton Language and Intelligence, Princeton University

Abstract

Language model (LM) agents are increasingly being used to automate complicated
tasks in digital environments. Just as humans benefit from powerful software
applications, such as integrated development environments, for complex tasks like
software engineering, we posit that LM agents represent a new category of end
users with their own needs and abilities, and would benefit from specially-built
interfaces to the software they use. We investigate how interface design affects the
performance of language model agents. As a result of this exploration, we introduce
SWE-agent: a system that facilitates LM agents to autonomously use computers to
solve software engineering tasks. SWE-agent’s custom agent-computer interface
(ACI) significantly enhances an agent’s ability to create and edit code files, navigate
entire repositories, and execute tests and other programs. We evaluate SWE-agent
on SWE-bench and HumanEvalFix, achieving state-of-the-art performance on both
with a pass@1 rate of 12.5% and 87.7%, respectively, far exceeding the previous
state-of-the-art achieved with non-interactive LMs. Finally, we provide insight on
how the design of the ACI can impact agents’ behavior and performance.

1 Introduction

Recent work has demonstrated the efficacy of LM agents for code generation with execution feed-
back [39]. However, applying agents to more complex code tasks like software engineering remains
unexplored. To solve programming tasks, LM agents are typically designed to use existing applica-
tions, such as the Linux shell or Python interpreter [53, 57, 59]. However, to perform more complex
programming tasks such as software engineering [20], human engineers benefit from sophisticated ap-
plications like VSCode with powerful tools and extensions. Inspired by human-computer interaction
(HCI) studies on the efficacy of user interfaces for humans [7], we investigate whether LM agents
could similarly benefit from better-designed interfaces for performing software engineering tasks.

Figure 1: SWE-agent is an LM interacting with a computer through an agent-computer interface
(ACI), which includes the commands the agent uses and the format of the feedback from the computer.

→Equal contribution. Correspondence to johnby@stanford.edu, carlosej@princeton.edu.
Data, code, and leaderboard at swe-agent.com

38th Conference on Neural Information Processing Systems (NeurIPS 2024).
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John Yang et al. SWE-agent: Agent-Computer Interfaces Enable Automated Software Engineering. NeurIPS 2024.



Abhinav Bhatele (CMSC828G)

LLM agents based approach
• Naive solution or baseline: translate one file at a time in arbitrary order

• Exceeds LLM input context limit even for very simple repositories

• Proposed solution: develop an agentic approach that divides up the translation task 
into smaller problems
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AI agents for performance optimization
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Fig. 1: The architecture of KEET, where each green box represents an agent role and the arrows represent the data flow
between them. The Source Code Inspection and Profile Inspection stages are depicted in detail below the overall architecture
diagram.

reasons into categories in a tree structure, listing root causes
at leaf nodes. DrGPU offers suggestions to address the most
frequent stall reasons on these leaf nodes. The tool requires a
specific set of NCU metrics to run its analysis. Furthermore, in
order to provide source code lines alongside its suggestions, it
also requires the user to manually export a CSV file containing
the line-level profiling data, as described in Section II-A. In
this paper we compare KEET against DrGPU as a baseline and
optionally integrate its suggestions into our tool’s analysis.

III. DESIGN OF KEET

KEET is an LLM-based agentic framework for explaining
the performance of GPU kernels by analyzing their Nsight
Compute (NCU) performance profiles. Its design emphasizes
scalability to large numbers of profiles, interpretability of
intermediate analysis steps, and integration of algorithmic
understanding. KEET takes as input a single NCU profile, or a
set of multiple profiles, along with the kernel source code and
descriptions of the run configuration(s) used to generate the
profile(s). It produces a natural language report that explains
kernel performance, identifies key code locations and hardware
bottlenecks, analyzes the relationship between tuning knobs
and performance, and suggests specific optimizations.

A. Overview of KEET
We present the overall structure of KEET in Figure 1.

Each colored box represents an LLM agent role – a prompt
template populated with appropriate context from prior agents
as indicated by arrows. As indicated in the legend, some
agent roles are optional, and others are bypassed depending on
whether handling for multiple source files or multiple profiles
is required. The tool takes as input the kernel source code files,
NCU profile(s), and descriptive metadata. It outputs the final
performance explanation report and an accompanying review.

Rather than relying on a single monolithic LLM prompt,
KEET decomposes analysis into multiple specialized agent

roles. Together, these agents implement an iterative analysis
workflow that begins with code understanding and transitions
to empirical performance analysis. This architecture offers
several advantages: it enables the use of a wider range of
data sources than a single prompt would allow, supports iter-
ative refinement using outputs from prior roles, and produces
interpretable intermediate results. These intermediate outputs
can be reviewed to trace the origins of analysis claims. In
Section VI, we present the performance of KEET against
baseline approaches as described in Sec. IV-A.

Internally, the tool is organized into two iterative stages: the
Source Code Inspection Stage and the Profile Inspection Stage,
each indicated by a yellow box in the center of the diagram and
expanded in detail above and below the central diagram. These
two stages are followed by an Analysis Aggregator step and
finally an Explanation Reviewer step. Below we explain and
motivate each stage, starting with the Source Code Inspection
Stage and highlighting key agent roles.

B. Source Code Inspection Stage

The Source Code Inspection Stage is responsible for ex-
tracting insight from the kernel source code. It first prepares
descriptions of the source files to support selection, and then
iteratively selects from the available code files and refines a
summary of the algorithm and a set of performance hypotheses
based on each code file. This stage repeats until all files have
been reviewed at least once, after which KEET execution
proceeds to the Profile Inspection Stage.

A key component of this stage is the Performance Hy-
pothesizer role, which reviews the current selected code file
and the current algorithm summary to update a running set
of performance hypotheses. These performance hypotheses
are the tool’s heuristic predictions for how the kernel should
perform based on the code alone. They serve as a plan for
later exploration of empirical performance data.
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