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Abstract
Large language models exhibit structured, algo-
rithmic behavior on many tasks, yet this behav-
ior is encoded implicitly in billions of parame-
ters. We propose using reinforcement learning to
synthesize human-readable Python programs that
replicate an LLM’s input–output behavior, pro-
viding behavioral rather than internally faithful
explanations. As an initial step, we train a pol-
icy network that discovers synthetically generated
Python programs only using input-output pairs.
First, we finetune a code-generation model with
GRPO to search for a faithful program given a
fixed set of input–output pairs, achieving perfect
or near-perfect recovery on 9 of 11 benchmark
tasks. Second, we train a multi-turn agent that
actively chooses its own test inputs, observes out-
puts, and iteratively refines its code hypothesis
over up to 5 turns. Post-training improves average
pass rates from 0.28 to 0.61 across 11 evalua-
tion programs and shifts the agent toward more
systematic probing strategies. We additionally
demonstrate the approach on real LLM behav-
iors, recovering interpretable decision rules (e.g.,
a house-recommendation policy) from Gemini
2.5 Flash. Our results suggest that behaviorally
faithful program synthesis is a viable and comple-
mentary path toward LLM interpretability. 1

1. Introduction
Understanding what a large language model has learned to
do on a given task is a central challenge for safe deployment.
The dominant paradigm in LLM interpretability focuses on
mechanistic faithfulness: recovering the internal circuits,
attention patterns, or activation structures that produce a
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model’s outputs (Ameisen et al., 2025; Conmy et al., 2023;
Bills et al., 2023). While mechanistic approaches can yield
deep insight, they face fundamental scalability challenges:
modern LLMs contain billions of parameters organized in
ways that resist compact summarization.

We pursue an alternative: behavioral faithfulness (Jacovi &
Goldberg, 2020). Rather than asking how a model computes
its answer, we ask whether there exists a short, human-
readable program that reproduces the model’s input–output
mapping on a task distribution. If such a program exists,
it constitutes an interpretable explanation of the model’s
behavior (including its systematic errors and biases) without
requiring access to model internals.

Why behavioral faithfulness? Mechanistic interpretability
methods such as circuit tracing (Ameisen et al., 2025) aim to
identify the specific computational subgraph within a neural
network that produces an output. This is powerful when it
succeeds, but faces several practical limitations: (1) circuits
are model-specific and must be re-derived for each archi-
tecture; (2) the “circuits” discovered may not correspond to
human-understandable algorithms; and (3) the approach re-
quires white-box access to model internals, which is unavail-
able for many deployed systems. Behavioral explanations
sidestep all three issues: they are model-agnostic, inherently
human-readable (as code), and require only black-box query
access.

Our approach. We formulate behavioral explanation as a
program synthesis problem solved via reinforcement learn-
ing. A code-generation LLM serves as the policy; its reward
is the fraction of held-out test cases on which its generated
program matches the target behavior. As we lack ground-
truth programs for black-box LLMs, we first synthesize and
benchmark against known programs (substituting real LLM
behavior with programs whose correct answers are exactly
computable), then demonstrate that the approach transfers
to actual LLM behavior. We investigate two settings:

1. In-Context Synthesis: Given a fixed set of input/output
(I/O) pairs, we train a code model via GRPO to produce
a matching program. This primarily tests whether RL
can teach a model to generate programs consistent with
observed examples, and whether this is learnable even
for small, weak base models (e.g. 1.5B parameters).
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2. Active Synthesis: Next, we tackle a harder problem:
for complex behaviors, randomly sampling inputs will
not reliably cover the edge cases needed to distinguish
candidate programs. The agent must therefore learn to
probe: selecting informative test inputs, observing out-
puts, and iteratively refining its hypothesis over multiple
turns. This combines the synthesis challenge of setting
(1) with an additional learned probing challenge.

2. Related Work
Mechanistic interpretability. Circuit-level analysis of
transformer models aims to identify computational sub-
graphs responsible for specific behaviors (Ameisen et al.,
2025; Conmy et al., 2023). Neuron-level explanations at-
tempt to characterize individual units in natural language
(Bills et al., 2023). These approaches provide mechanisti-
cally faithful accounts but are labor-intensive and model-
specific.

Behavioral interpretability. Jacovi & Goldberg (2020) dis-
tinguish between faithfulness to model internals and faithful-
ness to model behavior, arguing that behavioral explanations
are often more actionable for downstream users. Attention-
based explanations (Bastings & Filippova, 2020) occupy a
middle ground but are known to be unreliable indicators of
model reasoning.

Model distillation into interpretable forms. Tan et al.
(2018) distill black-box classifiers into decision trees for
auditing purposes, but are limited to fixed tree structures.
Demirović et al. (2024) synthesize decision-tree policies
for black-box systems via combinatorial search. Our work
extends this line to general programs rather than decision
trees, using RL over code-generation models.

Program synthesis. Classical program synthesis from
input–output examples (Gulwani et al., 2017) typically uses
enumerative or constraint-based search. Michaud et al.
(2024) combine mechanistic interpretability with program
synthesis, using internal model representations to guide
search. In contrast, our approach is purely behavioral: we
use only input–output pairs, with no access to model inter-
nals.

RL for code generation. Recent work has applied RL to im-
prove code generation quality (Shao et al., 2024), typically
optimizing for correctness on programming benchmarks.
Verma et al. (2018) use RL to learn programmatically inter-
pretable policies for control tasks. We adapt this paradigm
to the interpretability setting: the “task” is matching a target
model’s behavior.

Target
Behavior f∗

100 I/O
Pairs

“Interpretable”
Code Program

1⃝ 2⃝

Code Proposer
(Policy)

Prompt:
signature +
I/O pairs

Reward:
pass rate on

100 eval cases

GRPO update

Qwen2.5-Coder-1.5B

Figure 1. In-context synthesis pipeline. Given 100 input–output
pairs sampled from a target behavior, a code-generation model
is trained via GRPO to produce a Python program matching the
target. The reward is the pass rate on held-out evaluation cases.

3. Methods
3.1. Problem Formulation

Let f∗ denote a hidden target function. For controlled eval-
uation, we take f∗ to be a known ground-truth program,
so that recovery can be measured exactly. We later show
that the same approach applies when f∗ is the input–output
mapping of a real LLM.

Given a distribution over inputs X and query access to f∗,
our goal is to synthesize a program f̂ such that f̂(x) =
f∗(x) for as many x ∼ X as possible. We measure suc-
cess by the pass rate: the fraction of held-out test cases
(xi, f

∗(xi)) for which f̂(xi) = f∗(xi) under exact-match
evaluation.

3.2. In-Context Synthesis

In the in-context synthesis setting, we assume access to a
representative set of input–output pairs {(xi, f

∗(xi))}100i=1

for each target program. The task is to generate a Python
function solution(...) that matches the observed be-
havior (Figure 1).

Policy model. We use Qwen2.5-Coder-1.5B-Instruct as
the code-generation policy. The model receives a prompt
containing the function’s type signature and the 100 I/O
pairs, and must output a complete Python function.

Training. We fine-tune using Group Relative Policy Op-
timization (GRPO) (Shao et al., 2024). For each training
step, we sample 8 generations per program and compute
rewards by executing each candidate against the 100 cases
provided in-context. The reward is the fraction of cases
passed (0 to 1). Training hyperparameters: learning rate
1× 10−4, 8 generations per group, 100 optimization steps.
Then, we evaluate the accuracy of our candidate program
on 100 held-out cases.

Baselines. We compare the RL-trained model against the
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RL Agent
(LLaMA-8B)

“Test inputs:
4, 6, 10”

“Code program
could be. . . ”

Target LLM
f∗

f∗(4)=2
f∗(6)=1

f∗(10)=10

observe

Loop for up to 5 turns

Reward: final
pass rate (0–1)

Figure 2. Active synthesis pipeline. The agent alternates between
proposing test inputs (probing) and writing code hypotheses. It
queries a target black-box function, observes outputs, and refines
its hypothesis over up to 5 turns. Reward is assigned only at the
final turn.

base Qwen2.5-Coder-1.5B-Instruct model in a zero-shot set-
ting with 10, 25, and 50 I/O examples provided in-context.

3.3. Active Synthesis

Active synthesis aims to train an agent that learns to probe
the target by choosing its own test inputs, in addition to
synthesizing programs from what it observes (Figure 2).
While in-context synthesis assumes that representative I/O
pairs are already available, this is a strong assumption in
practice: for complex behaviors, the input space is large
enough that randomly sampled examples will often miss
the boundary conditions and edge cases that are critical for
distinguishing between candidate programs.

Environment. The agent operates in a multi-turn loop (up
to 5 turns). First, it is given the function signature of a
”hidden” program (e.g. data types of the inputs and outputs)
and asked to query test cases. Each turn, the agent (a) selects
test inputs to query the target function, (b) observes the
corresponding outputs of the previous turn, and (c) proposes
or revises a code hypothesis. The turns end either when the
max turn has been reached or the agent chooses to submit
the candidate.

Training. For our policy model, we use LLaMA-3.1-8B-
Instruct (Dubey et al., 2024) with LoRA adaptation (rank
32) (Hu et al., 2021). We train the policy using GRPO,
where the reward is the pass rate at the end of each episode.
In more detail, we use batch size 8 programs, group size 8
rollouts, and 5 epochs over 96 training programs (60 total
optimization steps).

Evaluation. At test time, the agent is limited to 5 turns
on 11 held-out programs (the same benchmark used in the
in-context synthesis setting). We compare the base LLaMA-
8B-Instruct model against the post-trained version.

Table 1. In-context synthesis: Pass rates on 11 evaluation programs.
Baseline columns show zero-shot performance with varying num-
bers of in-context I/O examples. RL column shows the GRPO-
trained model. “Step” indicates the training step at which the best
score was achieved.

Baseline RL

Program 10 25 50 10

Rock Paper Scissors 0.34 0.34 0.00 1.00 (3)

Grade Calculator 0.39 0.28 0.35 0.52 (32)

Triangle Type 0.91 1.00 0.74 1.00 (8)

Season from Month 0.87 0.78 0.50 1.00 (35)

FizzBuzz 0.61 0.49 0.56 1.00 (7)

Categorize Number 1.00 1.00 1.00 1.00 (1)

Dict. Value Lookup 0.80 0.58 0.33 0.96 (8)

Count Pattern 0.67 0.67 0.49 0.86 (16)

Dictionary Overlap 0.30 0.24 0.25 0.88 (15)

String Char Counter 0.69 0.69 0.69 0.87 (5)

Sequence Checker 0.46 0.48 0.33 0.94 (34)

Average 0.64 0.60 0.47 0.91

3.4. Dataset

Since there is no ground-truth code program for arbitrary
LLM behavior, we construct a controlled benchmark. We
substitute target LLM behaviors with known code programs
and frame the task as “re-discovering” these programs from
their input–output behavior.

Ground truth ”hidden” programs. We curate 11 pro-
grams of varying difficulty spanning 4 levels: (1) simple
arithmetic, (2) conditional logic, (3) list and string oper-
ations, and (4) complex multi-branch decision trees. All
programs are anonymized: function names are replaced
with solution(), and output labels are obfuscated (e.g.,
“FizzBuzz” becomes “Alpha/Beta/Gamma”). Representa-
tive programs include rock-paper-scissors outcome determi-
nation, grade calculation, triangle type classification, and
seasonal mapping.

Real LLM behaviors. To validate on actual model behav-
ior, we also apply our approach to Gemini 2.5 Flash on two
natural-language tasks where the LLM’s responses can be
modeled as a function from structured inputs to categori-
cal outputs, namely making a house recommendation and
choosing a favorite number. In both cases, we randomly
generate 100 cases for evaluating candidate programs.

4. Results
4.1. In-Context Synthesis

Table 1 presents results for the in-context synthesis setting.
The RL-trained Qwen2.5-Coder-1.5B model substantially
outperforms all baseline conditions.

Key observations. (1) The RL-trained model achieves a
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Table 2. Active synthesis: Best pass rates achieved within 5 turns
on 11 evaluation programs. “Step” indicates the turn at which
the best score was reached. The post-trained model uses LLaMA-
8B fine-tuned with LoRA via multi-step GRPO on 96 training
programs.

Program Baseline Post-Trained

Rock Paper Scissors 0.00 (1) 0.67 (3)

Grade Calculator 0.32 (4) 0.45 (4)

Triangle Type 0.66 (3) 0.74 (5)

Season from Month 0.34 (5) 0.94 (5)

FizzBuzz 0.25 (1) 0.56 (3)

Categorize Number 0.33 (3) 0.56 (5)

Dict. Value Lookup 0.33 (5) 0.36 (4)

Count Pattern 0.22 (2) 0.67 (2)

Dictionary Overlap 0.42 (5) 0.62 (5)

String Char Counter 0.00 (1) 0.69 (5)

Sequence Checker 0.25 (2) 0.45 (4)

Average 0.28 0.61

perfect pass rate (1.00) on 5 of 11 programs and ≥0.86 on
all but one (Grade Calculator at 0.52). The average pass
rate improves from 0.64 (best baseline) to 0.91. (2) Surpris-
ingly, providing more in-context examples does not reliably
help the baseline: 50-shot performance (0.47) is worse than
10-shot (0.64), likely because longer contexts degrade the
small model’s generation quality. (3) RL training is sample-
efficient: most programs are solved within the first 35 steps,
with several solved at step 1–8.

4.2. Active Synthesis

Table 2 presents results for the active synthesis setting, com-
paring the base LLaMA-3.1-8B-Instruct model against the
same model after multi-step GRPO training.

Key observations. (1) Post-training yields consistent im-
provements on every program, with the average pass rate
increasing from 0.28 to 0.61 (+0.33 absolute). (2) The
largest gains are on programs where the baseline completely
fails: Rock Paper Scissors (0.00 → 0.67), String Character
Counter (0.00 → 0.69), and Season from Month (0.34 →
0.94). (3) As shown in Figure!3, the post-trained model
generally uses more turns (achieving best scores at turns
3–5), suggesting it has learned to iteratively refine rather
than commit to an early guess.

4.3. Real LLM Behavior Examples

To test whether this approach generalizes beyond syn-
thetic benchmarks, we used in-context synthesis to generate
candidate programs for actual LLM behavior from Gem-
ini 2.5 Flash on two tasks:

House recommendation. Given a natural-language prompt
(“Given these three qualities (cost, square foot, and distance
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Figure 3. Distribution of the turn at which each program’s best pass
rate is achieved. The baseline model peaks early (often turn 1–2
and then stagnates), while the post-trained model achieves its best
results in later turns (4–5), indicating learned iterative refinement.

to school) of a house, make a recommendation to purchase
it or not”), Gemini 2.5 Flash’s behavior was captured via
100 structured queries. The recovered program achieves
87% accuracy on held-out I/O pairs:
def solution(cost, sqft, distance):

if (cost < 150000 and sqft > 1000
and distance > 0.2):
return ’yes’

else:
return ’no’

This reveals that the model applies a conjunctive rule with
specific thresholds, providing an immediately interpretable
summary of its decision boundary.

Number preference. Given the prompt “Given two
numbers, pick your favorite one,” the recovered program
achieves 72% accuracy:
def solution(lst):

return lst[1]

This reveals a recency bias: the model disproportionately
“prefers” the second number, a systematic pattern that would
be difficult to detect without behavioral probing.

5. Analysis
5.1. Probing Strategy Shift After Training

A striking qualitative difference between the baseline and
post-trained agents is when they achieve their best perfor-
mance. As shown in Figure 3, the baseline model achieves
its best pass rate at turn 1 or 2 for 5 of 11 programs, with
the remaining programs spread roughly evenly across later
turns, suggesting it rarely improves after an initial hypoth-
esis. In contrast, the post-trained model achieves its best
score at turn 4 or 5 for 8 of 11 programs, indicating that RL
training teaches the agent to use the full multi-turn budget
for iterative refinement.

Examining the agent’s turn-by-turn behavior qualitatively,
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Table 3. In-context synthesis results by difficulty level. Levels: L1
= arithmetic, L2 = conditionals, L3 = list/string ops, L4 = complex
decision trees.

L1 L2 L3 L4

Baseline (best) 1.00 0.91 0.69 0.46
RL-trained 1.00 1.00 0.90 0.94
∆ +0.00 +0.09 +0.21 +0.48

we observe that the post-trained model:

• Probes boundary conditions more frequently (e.g., testing
n = 0, n = −1, empty lists) rather than only typical
inputs;

• Uses later turns to test specific hypotheses about edge
cases rather than regenerating code from scratch;

• Shows more systematic coverage of the input space across
turns.

This suggests that the RL training signal (delayed reward
assigned only at episode end) successfully incentivizes an
exploratory probing strategy over a greedy one.

5.2. Difficulty Level Analysis

Table 3 shows that RL training provides the largest gains
on the most difficult programs (L4: +0.48). This makes
intuitive sense: simple arithmetic programs (L1) are easily
recovered by any code model, while complex multi-branch
decision trees (L4) require iterative search through a larger
program space, exactly the setting where RL’s ability to
explore and receive gradient signal is most valuable.

5.3. Comparing In-Context Synthesis and Active
Synthesis

The gap between in-context synthesis (avg. 0.91) and active
synthesis (avg. 0.61) quantifies the difficulty of the probing
problem. Even with the same underlying programs, per-
formance drops substantially when the agent must choose
which inputs to test rather than receiving a curated set. This
underscores that finding representative I/O pairs is itself a
significant challenge, and that the active probing agent has
substantial room for improvement.

However, the fact that post-training closes the gap mean-
ingfully (from 0.28 to 0.61) demonstrates that the probing
strategy is indeed learnable. The remaining gap suggests
that more training compute, larger training sets, or more
sophisticated exploration strategies (e.g., curiosity-driven
probing) could further improve performance.

5.4. Error Analysis

The most challenging program across both settings is Grade
Calculator, which achieves only 0.52 (in-context synthesis)
and 0.45 (active synthesis). This program involves multiple
numeric thresholds mapping to letter grades, a discontinuous
function with many boundary conditions. The model tends
to recover the correct structure (nested if-else) but misiden-
tifies specific thresholds (e.g., placing the A/B boundary at
90 instead of 93).

Programs involving dictionary operations (Dictionary Over-
lap, Dictionary Value Lookup) also prove difficult, likely
because the models have less pretraining exposure to dictio-
nary manipulation patterns compared to numeric logic.

6. Discussion
Behavioral faithfulness as a practical tool. Our results
demonstrate that RL-based program synthesis can recover
faithful behavioral explanations for a range of algorithmic
tasks. The recovered programs are not just quantitatively
accurate; they are qualitatively interpretable. A 4-line pro-
gram capturing a model’s house-recommendation policy is
arguably more useful to a practitioner than a circuit diagram
of attention heads, at least for the purpose of auditing and
understanding model behavior.

Complementarity with mechanistic approaches. We do
not view behavioral and mechanistic interpretability as com-
peting paradigms. A behaviorally faithful program tells us
what a model does; mechanistic analysis can explain how
it does it. The two can be used in concert: a recovered
program can serve as a hypothesis for mechanistic investiga-
tion (“does the model implement this specific algorithm?”),
and mechanistic insights can constrain the program search
space.

Limitations of the synthetic benchmark. Our controlled
evaluation uses programs as stand-ins for real LLM behavior.
Real LLM behavior may not always be expressible as a short
program; models may exhibit stochastic, context-dependent,
or genuinely complex behavior that resists compact pro-
grammatic description. The real LLM examples (Section 4)
provide initial evidence of applicability, but more extensive
evaluation on diverse model behaviors is needed.

The probing problem. The active synthesis setting high-
lights that choosing informative inputs is as important as
the program synthesis itself. Our current approach trains
the probing and synthesis skills jointly via end-to-end RL.
An alternative would be to decompose the problem: train a
specialized probing policy (optimized for information gain)
separately from the synthesis policy. We leave this explo-
ration to future work.

Scaling considerations. Both experiments use relatively
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small models (1.5B and 8B parameters). Larger code models
would likely achieve higher synthesis quality, and longer
training would allow exploration of more complex program
spaces. The Tinker distributed training infrastructure we use
supports scaling to larger models and longer rollouts.

7. Conclusion
We present an RL-based approach to learning interpretable
code explanations of LLM behavior. The in-context synthe-
sis setting demonstrates that GRPO can efficiently search for
faithful programs given representative I/O pairs, achieving
0.91 average pass rate on a diverse benchmark. The active
synthesis setting shows that an RL-trained multi-turn agent
can learn to actively probe a black-box target and iteratively
discover programs, improving from 0.28 to 0.61 average
pass rate after training. We additionally demonstrate the
approach on real Gemini 2.5 Flash behaviors, recovering
interpretable decision rules.

Our work opens several directions: (1) incorporating model
internals (activations, attention patterns) as additional sig-
nal for program synthesis; (2) scaling to more complex
and naturalistic LLM behaviors; and (3) developing spe-
cialized probing strategies that maximize information gain.
More broadly, we believe that behaviorally faithful program
synthesis offers a practical and complementary path to un-
derstanding what large language models have learned to
do.
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A. Evaluation Program Catalog
Below we list the 20 held-out evaluation programs used in
our benchmark, organized by difficulty level. All programs
are anonymized: the model sees only the type signature
and I/O examples, never the function name, description, or
source code.

A.1. Level 1: Simple Arithmetic
# eval_L1_001
def solution(a, b):

return a + b

# eval_L1_002
def solution(a, b):

return a - b

# eval_L1_003
def solution(a, b):

return a / b

# eval_L1_004
def solution(a, b):

return a * b

# eval_L1_005
def solution(a, b):

return a + 2 * b

A.2. Level 2: Conditionals
# eval_L2_001
def solution(a, b):

return a > b

# eval_L2_002
def solution(a, b):

return a < b

# eval_L2_003
def solution(a, b):

if a > b:
return "X1"

else:
return "X2"

# eval_L2_004
def solution(a, b):

return max(a, b)

# eval_L2_005
def solution(a, b):

return min(a, b)

A.3. Level 3: List and String Operations
# eval_L3_001
def solution(lst):

return sum(lst)

# eval_L3_002
def solution(lst):

return sum(1 for x in lst if x

# eval_L3_003
def solution(lst):

return max(lst)

# eval_L3_004
def solution(a, b):

return a

# eval_L3_005

def solution(lst):
return len(lst)

A.4. Level 4: Complex Decision Trees
# eval_L4_001 Range classifier
def solution(n):

if n == 0: return "Q"
elif n > 0:

if n < 10: return "R1"
elif n < 100: return "R2"
else: return "R3"

else:
if n > -10: return "S1"
elif n > -100: return "S2"
else: return "S3"

# eval_L4_002 Grade-like classifier
def solution(x, y):

if y < 75: return "T1"
elif x >= 90: return "T5"
elif x >= 80: return "T4"
elif x >= 70: return "T3"
elif x >= 60: return "T2"
else: return "T1"

# eval_L4_003 FizzBuzz variant
def solution(n):

if n
elif n
elif n
else: return n

# eval_L4_004 Rock-paper-scissors
def solution(x, y):

if x == y: return "Z"
elif (x=="alpha" and y=="gamma") or \

(x=="gamma" and y=="beta") or \
(x=="beta" and y=="alpha"):
return "X"

else: return "Y"

# eval_L4_005 Triangle classifier
def solution(x, y, z):

if x<=0 or y<=0 or z<=0:
return "type_d"

elif x+y<=z or x+z<=y or y+z<=x:
return "type_d"

elif x == y == z:
return "type_a"

elif x==y or y==z or x==z:
return "type_b"

else:
return "type_c"

B. Training Program Statistics
The 96 training programs used in the active synthesis setting
are synthetically generated with the following distribution:

Level Count Example types

L1 (Arithmetic) ∼24 a2 + b2, |a− b|, modular arithmetic
L2 (Conditionals) ∼24 Comparisons, clamping, sign detection
L3 (List/String) ∼24 Aggregations, filtering, counting
L4 (Decision trees) ∼24 Multi-branch classifiers, nested logic

Each program has 10 informative I/O pairs (selected to cover
boundary conditions) and 100 randomly sampled evaluation
cases. All function names are anonymized to solution()
and output labels are obfuscated.



Learning Interpretable Code Explanations of LLM Behavior

C. Hyperparameter Details

Table 4. Full hyperparameter settings for both experiments.

Parameter In-Context Synthesis Active Synthesis

Base model Qwen2.5-Coder-1.5B LLaMA-3.1-8B
Adaptation Full fine-tune LoRA (rank 32)
Learning rate 1× 10−4 4× 10−5

RL algorithm GRPO GRPO
Group size 8 8
Batch size (programs) — 8
Optimization steps 100 60
Max tokens per turn 512 512
Max turns per episode 1 10 (train), 5 (eval)
Reward Pass rate (0–1) Final-turn pass rate
Training programs 11 (same as eval) 96 (separate)
Eval programs 11 11 (same set)


