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What are Machine Learning Engineering Agents?

Goal: Determining the optimal solution for a given ML problem.

● Input: task descriptions, datasets.

● Output: solution script.

○ Typically, a full python code.

○ Trained models, test metrics, etc.



What are Machine Learning Engineering Agents?

Goal: Determining the optimal solution for a given ML problem.

● Diverse tasks: Classification, Regression, Image denoising, …

● Diverse modalities: Tabular, Image, Text, Audio, …

● MLE-STAR is evaluated on:

○ 2 Tabular Classification, 2 Tabular Regression.

○ 9 Image Classification, 1 Image Denoising.

○ 4 Text Classification, 2 Sequence-to-Sequence.

○ 2 Audio Classification.



Motivations.

How can we incorporate state-of-the-art approaches, ensuring scalability?

● MLE-STAR utilizes Google Search to retrieve such approaches.

How can we explore different options on specific pipeline extensively?

● E.g., how can we experiment different feature engineering options?

● MLE-STAR extracts a specific code block, and then concentrates on exploring strategies that are 

targeted to that component.



Initialization using web search as a tool.

● Search candidate models.

○ Depending on task description, which contains task type, modalities, …

○ Retrieved models are then evaluated on the validation metrics.



Initialization using web search as a tool.

● Search candidate models.

● Merge retrieved models based on the validation metrics.

○ We first sort in descending order.

○ We sequentially incorporate the candidate models until the validation score no longer improves.



Refining a code block for solution improvement.

● MLE-STAR identifies specific code blocks to explore specialized strategies.

● But how can we identify the code block that have the greatest impact?

○ MLE-STAR performs an ablation study.

○ MLE-STAR generate a code for ablation study, which creates variations of the current solution by 

modifying or disabling specific components.



Refining a code block for solution improvement.

● MLE-STAR iteratively explores refinement strategies on the target code block.

○ Focus on the selected code block and refine it with diverse ways.

○ Here, the previous experiment results are used as a feedback.



Refining a code block for solution improvement.

● Target code block is also selected repeatedly.

○ After the code block refinement, MLE-STAR performs the ablation study on the improved 

solution.



Further improvement by exploring ensemble strategies.

● Alike model ensembling, suboptimal solutions might contain complementary strengths, and combining 

multiple solutions could lead to superior performance.

● MLE-STAR automatically discovers effective strategies for ensembling.

○ Using parallely generated training codes, we ensemble those solutions.



Main experiment: MLE-Bench.

● A benchmark of 75 offline Kaggle competitions.

○ We use 22 low complexity competitions.

● Evaluation metric: Medals (like Kaggle competition).



Main experiment: MLE-Bench.

● MLE-STAR achieves significant performance gain over the SOTA baseline.

○ 60+% any medals / 80+% above median submissions.



Effectiveness of proposed ensemble methods.

● MLE-STAR shows a performance improvement even without additional ensemble.

● Simple strategies, such as selecting the solution with the best validation score of averaging final 

submissions, also offer benefits.

○ However, our proposed method shows stronger effectiveness.



Human intervention.

MLE-STAR adopts even more recent model with minimal human intervention.

● E.g., by manually adding a model description for RealMLP, MLE-STAR successfully integrates its training 

into the framework.

● E.g., users can also specify the target code blocks by replacing the ablation summary with manually 

written instructions.



Key takeaways.

MLE-STAR is an effective and robust ML Engineering Agent that:

● Uses web search as a tool to retrieve task-relevant effective approaches.

● Performs ablation study to extract the impactful code block.

● Refines a target code block by exploring component-specific strategies.


