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ABSTRACT

Policy-Space Response Oracles (PSRO) have enabled the computa-
tion of approximate Nash equilibria in complex games. However,
standard implementations rely on Deep Reinforcement Learning
oracles, producing "black-box" neural network policies that are
opaque, difficult to verify, and sample-inefficient. We introduce
Code-Space Response Oracles (CSRO), a framework that tasks a
Large Language Model (LLM) to synthesize code policies. CSRO
reframes best-response computation as a code generation task,
producing policies as executable, human-readable Python code.
We demonstrate that CSRO, particularly when augmented with
evolutionary refinement (AlphaEvolve), achieves performance com-
petitive with baselines while offering superior interpretability and
leveraging the LLM’s pretraining knowledge.
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1 INTRODUCTION

Computing exact equilibria in large-scale multi-agent systems is
often intractable, motivating the development of iterative approxi-
mation methods for complex domains. Policy-Space Response Ora-
cles (PSRO) [2, 8] is a popular approach for approximating Nash
equilibria in large-scale zero-sum games. PSRO builds an empiri-
cal game by iteratively expanding a population of policies through
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best-response computations against a meta-strategy. However, stan-
dard implementations rely on Deep Reinforcement Learning ora-
cles, such as PPO [11] or IMPALA [5], to approximate these best
responses. While powerful, deep RL oracles produce "black-box"
neural network policies that are opaque, difficult to debug, and hard
to verify. This lack of interpretability presents a significant barrier
to deployment in high-stakes applications. Furthermore, training
deep RL oracles is often sample-inefficient, requiring millions of
simulation steps to converge to a competent counter-strategy.

We introduce Code-Space Response Oracles (CSRO), a frame-
work that reformulates the best-response computation in PSRO as
a program synthesis task. By replacing the deep RL oracle with an
LLM that generates executable Python source code, CSRO produces
code policies that are inherently interpretable and verifiable. We
leverage the pre-trained reasoning capabilities of LLMs to synthe-
size sophisticated algorithmic strategies—such as pattern matching
and opponent modeling—without the extensive interaction data re-
quired by gradient-based methods. While recent work such as LLM-
PSRO [1] has demonstrated the viability of code-generation oracles
using best-of-N sampling, we generalize this approach and intro-
duce extensions for scalability and robustness: iterative refinement
loops and context abstraction to handle complex opponent strate-
gies within limited context windows. To optimize policies within
each iteration, we explore a linear refinement loop for immediate
error correction, and AlphaEvolve [9, 10], a distributed evolutionary
search utilizing the LLM to mutate candidate programs. We validate
CSRO by benchmarking against standardized external populations
and game-theoretic solvers, showing that code-generation oracles
can compete with traditional baselines in established domains.

2 METHODOLOGY

We consider a two-player symmetric zero-sum game where players
share a strategy space II and utility function u. In this setting PSRO
maintains a single set of policies P, and at each iteration solves
for a symmetric equilibrium mixture ¢ in an empirical meta-game.
A best response oracle computes 7 maximizing expected utility
against the current meta-strategy: n* € argmax, E -, [u(r, 7')].

In CSRO, the policy space II is restricted to the set of valid, exe-
cutable programs in a high-level language (Python). The oracle is
realized by an LLM, conditioned on a prompt containing the game
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Table 1: Performance in Repeated Rock-Paper-Scissors. Re-
sults are averaged over 5 seeds. (*Results reported in [7].)
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Table 2: Performance in Repeated Leduc Hold’em. Results
are averaged over 3 seeds.

Method / Agent  PoPRETURN T PoPExpL| AGGSCORE T Method PoPRETURN T PoOPEXPL | AGGSCORE T
CSRO CSRO
- AlphaEvolve 505+ 1.9 25.2+20.3 254 +21.6 - AlphaEvolve 49.3+3.7 44+06 449+ 4.1
- LinearRef. (code) 159.8 + 7.7 37.7+10.6 122.1+ 9.8 - LinearRefinement 438+ 2.5 9.8+3.0 340+ 4.3
- LinearRef. (desc.) 99.3 £29.9 31.6+12.4 67.7 £ 21.4 - ZeroShot 404+ 1.6 19.6 £ 2.1 207+ 3.0
- + + +

ZeroShot (desc)  1302+154  667+259 635114 PSRO-IMPALA 133469  584+33 —450+10.1
LLM Agent (27B) 193.2 67.2 126.0 CFR+ 39.8+0.3 0.0+ 0.0 398+ 0.3
PSRO-IMPALA —-108.9 +17.6  423.2 +£28.0 —532.1 £41.5
QL (R=10)"* -0.5 8.6 -9.1 bilit - s at test-time. PopE
ContRM" 164.8 16.3 148.5 capability agains unseleg ogﬂ(')nen s at tes ;ilzne, SOP XI;)L 1serves
LLM Agent (70B)  201.0 45.8 155.2 as an approximate exploitability metric, and AGGSCORE balances

rules, API specifications, and optionally a description of the oppo-
nents present in the current meta-strategy o. To address the context
window limitations of LLMs, we implement context abstractions:
Rather than injecting the raw source code of all opponent policies,
we summarize the opponent behaviors using natural language de-
scriptions or filter the context to include only the top-k policies
with the highest support in o. The generated policy 7’ is a stateful
program, capable of maintaining internal memory (e.g., tracking
opponent frequency) across stages of the repeated game.

Beyond ZeroShot prompting, we use an inner feedback loop de-
signed to ensure that any new policy 7’ is a robust best response to
the current meta-strategy. In LinearRefinement, an initial candidate
policy is evaluated against o, and if the expected utility u < 0, the
LLM is prompted to refine the policy. This process continues until
a positive utility is achieved or a predefined budget is exhausted.
In AlphaEvolve, a population-based evolutionary algorithm, the
LLM functions as a mutation operator within a distributed sys-
tem. The population of code policies evolves through selection
based on the score function F(r) = E s [u(m, n”)]. AlphaEvolve
maintains diverse subpopulations and continuously samples past
high-performing programs to prompt the LLM for modifications,
effectively searching the combinatorial space of algorithms to dis-
cover novel strategic mechanics.

3 EXPERIMENTS

We evaluate CSRO on two analytical benchmarks: Repeated Rock-
Paper-Scissors (RRPS) and Repeated Leduc Hold’em [12]. These
environments test the ability to model non-stationary opponents
and manage imperfect information. We compare CSRO against
three primary baselines: (1) PSRO with an IMPALA oracle [5];
(2) Counterfactual Regret Minimization + (CFR+) [13], a regret
minimization solver; and (3) LLM agents: Gemma 3 27B [14] and
Chinchilla 70B [6] that generate actions via prompting [7].
Performance is measured against a fixed evaluation set of heuris-
tic bots: in RRPS we evaluate against 43 strategies from the inter-
national RRPS competitions [3, 4]; in Repeated Leduc Hold’em we
evaluate against two heuristic strategies (AlwaysCall, AlwaysFold)
and the single-hand approximate Nash equilibrium calculated by
CFR+. We report performance in terms of the three metrics intro-
duced in Lanctot et al. [7]: POPRETURN measures the generalization
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generalization and robustness.

In RRPS, CSRO with LinearRefinement achieved an AGGSCORE of
122.1 £ 9.8, significantly outperforming PSRO-IMPALA (-532.1 +
41.5) and matching the Gemma 3 27B agent (126.0). Qualitative
analysis of the generated code reveals that the oracle synthesized
complex “Expert Ensembles” utilizing high-order Markov chains
and heuristic predictors to exploit the evaluation population. The
standard RL baseline failed to generalize, whereas the code-based
policies implemented robust logic that generalized better to unseen
heuristics.

In Repeated Leduc Hold’em, the AlphaEvolve variant of CSRO
demonstrated superior performance. It achieved a POPRETURN of
49.3 + 3.7 and a POPEXPL of 4.4 + 0.6, effectively matching the ex-
ploitability of the CFR+ solver (0.0) while achieving a higher return
against the heuristic evaluation pool. Notably, against a specific
exploitability probe (AlwaysCall), CSRO-AlphaEvolve achieved a
return of 110.3, nearly double that of PSRO-IMPALA (57.7). Inspec-
tion of the generated code shows the synthesis of explicit equity
calculation functions and dynamic "bravery" parameters that adapt
betting aggression based on observed opponent passivity. This con-
firms that the LLM oracle can discover and implement advanced
concepts like value betting and semi-bluffing in executable code,
without the massive sample complexity required to train a neural
network to approximate these functions latently.

4 CONCLUSION

We introduced CSRO, a framework for finding approximate equi-
libria in multi-agent games. By replacing deep RL oracles with
LLM-driven program synthesis, we enable the generation of human-
readable policies that compete with state-of-the-art baselines. Re-
sults show that CSRO achieves competitive performance in terms
of convergence to low-exploitability equilibria, particularly in com-
plex games like multi-hand Leduc Hold’em. Although trailing the
70B baseline, LinearRefinement synthesizes reusable policies, en-
suring LLM costs scale only with training iterations rather than
accumulating at every environment step. While pre-training data
likely includes generic RPS strategies, synthesizing best responses
to dynamic, in-context opponent mixtures demonstrates sophisti-
cated strategic reasoning beyond mere retrieval. CSRO performance
depends on the base LLM capability and prompt quality; the scala-
bility of CSRO to games with high-dimensional observation spaces
remains an open question.
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