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ABSTRACT

Despite Large Language Models (LLMs) achieving impressive results in code
generation, significant challenges remain in automated ML development, particu-
larly in utilizing existing ML repositories effectively. Also, recently, people have
developed LLM agents that attempt to interact with repository code (e.g., resolving
issues), prompting the need for end-to-end evaluations starting from environment
setup to deploying the repository rather than merely generating code in already-
configured environments. These two gaps have motivated our development of
ML-BENCH, a benchmark rooted in real-world ML applications that leverage
existing code repositories. ML-BENCH encompasses annotated 9,641 examples
across 18 GitHub repositories, challenging LLMs to accommodate user-specified
arguments and documentation intricacies effectively. To evaluate both LLMs and
agents, two setups are employed: ML-BENCH-L for assessing LLMs’ text-to-code
conversion within a predefined deployment environment, and ML-BENCH-A for
testing autonomous agents in an end-to-end task execution within a Linux sandbox
environment. Our findings indicate that while GPT-4o leads with a Pass@5 rate
surpassing 50%, there remains significant scope for improvement, highlighted by
issues such as hallucinated outputs and difficulties with bash script generation. No-
tably, in the more demanding ML-BENCH-A, GPT-4o achieves a 76.47% success
rate, reflecting the efficacy of iterative action and feedback in complex task resolu-
tion. Our code is available at https://anonymous.4open.science/r/ML-Bench
and our data is in the supplementary material.

1 INTRODUCTION

Large Language Models (LLMs) have demonstrated remarkable prowess in function-level code
generation (Austin et al., 2021; Chen et al., 2021; Hendrycks et al., 2021b; Li et al., 2022). Recent
benchmarks have shifted from simple function synthesis to more complex tasks such as code editing
and debugging (Cassano et al., 2023; Tian et al., 2024; Haque et al., 2023; Li et al., 2024) and coding
within a repository context (Ding et al., 2024; Zhang et al., 2023a; Li et al., 2024; Yu et al., 2024).
Furthermore, the evolution of code generation benchmarks reflects a growing recognition of the need
for more realistic evaluation scenarios (Guo et al., 2024), like proficiency with data science libraries
(Lai et al., 2023; Ma et al., 2024), programming with external tools and APIs (Li et al., 2023; Shen
et al., 2023; Wang et al., 2023a; Gao et al., 2024).

While benchmarks like SWE-bench (Jimenez et al., 2024) have established strong foundations
for evaluating repository-level code understanding, and MLAgentBench (Huang et al., 2023) has
highlighted the importance of ML capabilities, a critical gap remains in evaluating models’ ability
to utilize existing ML repositories correctly. Rather than testing models’ capability to implement
ML algorithms from scratch, we focus specifically on how well models can understand and execute
workflows using established ML codebases - a crucial skill for practical ML development. This gap
is particularly significant given the recent surge of research in LLM-based agents for data science and
ML tasks (Hong et al., 2024; Hassan et al., 2023).

We introduce ML-BENCH based on common real-world ML workflows, often using existing ML
repositories as libraries, as shown in Figure 1. To better assess the abilities of LLMs and agents at
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the same time, we present two testing setups: ML-BENCH-L and ML-BENCH-A; examples can be
found in Figure 2 and Appendix E:

• ML-BENCH-L: Evaluates models’ capacity to complete tasks within a pre-configured de-
ployment environment, translating text instructions to simple bash or Python code with
clearly defined parameters. The environment is already set up with the necessary dependen-
cies and datasets.

• ML-BENCH-A: Introduces a secure Linux sandbox environment where agents start with
an empty Docker container and must iteratively execute commands and code blocks to set
up the environment, install dependencies, download datasets, and finally execute the task,
emulating the full workflow of a human coder.

Figure 1: Examples of ML-BENCH compared with existing code benchmarks HumanEval (Chen et al., 2021),
RepoBench (Liu et al., 2023), and SWE-bench (Jimenez et al., 2024). In ML-BENCH, (1) models must take
repository-level code as input, and (2) based on their understanding of the repository, models are required to
compose new code segments that do not exist within the original repository.

In contrast to some focused efforts in developing LLM agents for ML tasks, such as feature engineer-
ing (Hollmann et al., 2024), hyper-parameter tuning (Zhang et al., 2023b), aiding AI research (Huang
et al., 2023), and data operations (Lai et al., 2023), ML-Bench takes a broader approach. Our work
advances this by enabling agents to not only execute ML experiments but also automatically configure
and set up repositories. The novelty and contributions of ML-Bench are: (1) We specifically evaluate
models’ ability to automate complex ML workflows, including environment setup, dependency
management, and experiment execution. (2) Our four distinct evaluation settings provide insights
into models’ true capabilities while addressing data leakage concerns.

ML-BENCH-L benchmarks their competence in translating text instructions to simple bash code
with clearly defined parameters. It seeks to test whether LLMs can generate executable code
to invoke specific files or functions in a repository with appropriate arguments based on given
instructions. For instance, it might assess if an LLM can generate a command line to utilize
txt2img.py from an image generation model repository with parameters such as ckpt to produce
an image based on a text description, e.g. python txt2img.py —-prompt “a girl riding a
horse" —-ckpt SD2_1_v_model.ckpt. To address this, LLMs must understand the repository-level
code and accurately configure parameters. Another critical aspect of this process is understanding
documentation—especially README files—which typically include comprehensive instructions on
employing the library, complete with task examples and argument selection guidelines.

However, a more arduous challenge lies in the end-to-end execution of tasks, starting from scratch.
This involves initiating the code environment for a specific repository, where common pitfalls of
environment setup, such as missing datasets or uninstalled packages, might occur. To evaluate agents
in such a setup, we introduce ML-BENCH-A, which provides a secure Linux sandbox environment
where agents can iteratively execute commands and code blocks to obtain feedback. The agent’s
actions involve multiple attempts, from reading files and understanding the repository to installing
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Figure 2: The workflow of ML-BENCH, including ML-Bench-L and ML-Bench-A. In ML-Bench-L, LLMs
generate Python code or Bash scripts based on the prompt. The input to the LLMs could be code retrieved from
a repository based on the prompt or a direct concatenation of all files. Their performance is evaluated within a
pre-configured environment. Conversely, in ML-Bench-A, the agent must autonomously set up the environment
and download necessary datasets to accomplish the task.

dependencies, preparing datasets, and finally writing bash code that calls the repository, thus emulating
the full workflow of a human coder.

Figure 3: ML-BENCH ENCOMPASSES 18 PROMINENT
GITHUB REPOSITORIES AND IT SHOW THE DISTRIBU-
TION OF 9,641 SAMPLES.

ML-BENCH features 9,641 samples
from 18 ML GitHub repositories, as Fig-
ure 3. In our evaluation experiment on
ML-BENCH-L, we observe that GPT-
4o outperforms other LLMs, being the
sole model to surpass the 50% thresh-
old in the Pass@5 metric (success rate
within five tries). It is noteworthy that
in the same test set, our annotators‘
performance—computer science grad-
uate students—stood at a success rate
of 86.76%, with 59 out of 68 examples
correctly executed. This indicates sub-
stantial room for improvement in cur-
rent LLMs. However, the models did
show performance improvements follow-
ing instruction tuning on the training
data (8.85!15.76 for CodeLlama). Er-
ror analysis reveals that LLMs tend to
generate hallucinations, predominantly
producing incorrect parameters or ref-
erencing non-existent files. Generating
bash scripts proved more challenging than generating Python code, pinpointing a capability bottleneck
in LLMs. A critical insight from our study is the urgent need for LLMs to comprehend the long code
context (the average length is around 150k tokens for the whole repository), not merely to generate
code. On the more challenging ML-BENCH-A setup, GPT-4o scores 76.47% within the OpenDevin
agent environment, where agents must configure their environment, navigate code repositories, and
effectively generate the necessary code. This underscores the potential of self-improvement and
incorporating feedback from experience as alternatives to relying on instruction tuning with history
training data to enhance LLM performance.
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