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Motivation & Contribution
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o Motivation
n Existing AI research benchmarks mainly measure narrow skills (e.g., code correctness or hyperparameter tuning)

and often treat reproducing known results as success, making it difficult to evaluate genuine innovation such
as proposing new objectives, methods, or architectures.

n Their environments are often simplified and resource-limited, lacking support for long-horizon, large-scale
experimentation and realistic research workflows.

o Contribution
1. We introduce InnovatorBench, the first

benchmark to systematically evaluate AI
research agents on end-to-end LLM
research tasks under multiple dimensions.

2. We develop ResearchGym, a general and
extensible research environment supporting
long-duration and distributed experiments,
asynchronous execution, snapshot saving
and loading, and a broad action space for
realistic research workflows.

3. We perform an empirical analysis of
InnovatorBench across multiple leading
LLMs, demonstrating its potential and
weaknesses in handling real LLM research
tasks.



Comparison
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o Key Advantages of InnovatorBench
n Evaluates agents’ innovation in long-horizon research tasks, beyond standard benchmarks.
n Pioneers multi-node, multi-GPU agent-based research workflows.



Task Structure
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InnovatorBench consists of 20 end-to-end, innovation-focused LLM research tasks constructed from the open-
source code of 14 representative papers.
As illustrated in the figure, each task includes a structured task description, a writable starter workspace,
optional hints (with potential penalties), external evaluation scripts/reference data, and hidden reference
solutions. Agents are required to propose methods, implement, and iterate under given constraints,
submitting their final outputs via an eval action to receive scores and feedback, preventing hacking.



ResearchGym

5

ResearchGym loads InnovatorBench task descriptions and initial workspaces, then lets agents iteratively
interact in a “observe → reason → act” loop. Agents may submit results via an eval action or request hints
via a view_hint action as needed. When the agent calls finish action, the system performs final evaluation and
saves a state snapshot.



Experimental Results and Findings
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o All LLMs have relatively higher scores on data-related tasks than on algorithm-related tasks.
o It is hard for models to use appropriate tools in algorithm-related tasks.
o GPT-5’s code is more robust in Scaffold Construction.



Agent Failure Patterns
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Test-Time Scaling
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o The main challenge of InnovatorBench arises from complex sub-tasks that require
training and multi-step iteration (e.g., Data Augmentation or Reward Design). These tasks
substantially increase interaction and long-horizon execution costs, significantly extending
the time required to achieve optimal performance.
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