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Motivation. Deep reinforcement learning (DRL) has shown remarkable progress
across domains, from games to robotics. However, a fundamental limitation re-
mains: Outside of transfer learning settings, agents typically start from scratch,
without built-in skills or prior guidance. Standard DRL systems initialize with
random neural network weights, forcing agents to painstakingly learn even the
most basic behaviors through interaction. This tabula rasa approach suffers from
sample inefficiency, as enormous amounts of experience are required before mean-
ingful progress is achieved. Guided by advances in large foundation models, this
paper introduces InnateCoder (IC), a system that leverages programmatic
representations of policies [8] and the human knowledge encoded in foundation
models (FMs) to provide agents with “innate skills” before training begins.

Method. The central idea behind InnateCoder is to extract programmatic op-
tions - temporally extended behaviors — from code generated by an FM. Given
a natural-language task description and the grammar of a domain-specific lan-
guage (DSL), the FM produces candidate programs. These programs may not
themselves solve the task zero-shot, but they often contain useful subroutines
encoding reusable behavioral fragments. IC decomposes programs into a diverse
library of candidate options, which are routines the agent can call to control be-
havior over multiple steps [7]. This equips the agent with domain-relevant skills
before any environment interaction. IC’s workflow consists of three stages.

1. Option learning. The FM is prompted with the task description and
DSL, and generates programmatic candidate policies. InnateCoder extracts sub-
trees of these program’s abstract syntax trees, filters them for behavioral di-
versity, and stores them as options that serve as the agent’s innate skill set.
2. Semantic space induction. Traditional program synthesis in RL relies on
syntax space exploration [1], where neighboring programs often represent equiv-
alent behaviors, wasting search effort. InnateCoder instead defines a semantic
space: new candidate policies are created by replacing sub-trees of existing pro-
grams with options from the FM-generated library, creating neighbors that are
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more likely to encode genuinely distinct behaviors. 3. Policy search. A stochas-
tic hill-climbing algorithm starts from a random program and greedily explores
both syntax and semantic neighborhoods. The search aims at a programmatic
policy that maximizes expected return under the environment’s reward function.

This approach departs from prior work in two significant ways. First, op-
tions are discovered zero-shot from a foundation model before training begins,
rather than through interaction with the environment. Second, semantic search
guided by these options enables efficient exploration of vast policy spaces contain-
ing thousands of candidate behaviors — well beyond the reach of conventional
option-learning methods.

Results. We evaluate InnateCoder in two challenging benchmarks: MicroRTS [5],
a real-time strategy game requiring long-term planning across resource collec-
tion, building, and combat; and Karel the Robot [6], a program synthesis and
RL benchmark with diverse grid-world tasks. Across both domains, IC demon-
strates superior sample efficiency compared to stochastic hill-climbing (SHC) in
syntax space and to baselines that learn options either from randomly sampled
programs, or online from experience [2]. In MicroRTS, IC achieves higher win
rates in fewer games. In Karel, IC outperforms SHC and matches or exceeds
the baselines on tasks such as DoorKey, Harvester, and Snake. A key insight is
that the FM baseline — directly executing the best programs produced by the
foundation model — performed poorly. However, the subroutines extracted from
these weak programs provided crucial building blocks for InnateCoder, support-
ing the hypothesis that FMs are valuable as providers of partial skills, even when
their direct solutions fail. Furthermore, results were robust across different FM
families, including GPT-4o and Llama-3.1, and competitive with handcrafted
and DRL policies from previous MicroRTS competition winners. Even smaller
models such as GPT-3.5 produced competitive results, demonstrating accessibil-
ity for groups without access to the most powerful FMs. Because all FM queries
occur during preprocessing, the approach remains computationally lightweight.

In summary, InnateCoder delivers three contributions. First, it introduces
zero-shot option generation from FMs, equipping agents with domain-relevant
skills before training. Second, it enables semantic search via programmatic op-
tions, yielding substantial improvements in sample efficiency over syntax-based
search. Third, it produces policies that are competitive with or superior to
state-of-the-art programmatic and neural methods, while remaining efficient and
lightweight. By utilizing the general knowledge and coding abilities of foundation
models for reinforcement learning, InnateCoder offers a practical and scalable
framework for accelerating the learning of effective policies.
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