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1 REINFORCEMENT LEARNING RESULTS

See Appendix A.1 for detailed experimental methodology.

We report adherent accuracy relative to the identity model and raw accuracy. We take the highest
accuracy obtained over all checkpoints. Checkpoints are taken every 25 steps and at the end of
training. Accuracy is computed as the average accuracy obtained over 4 rollouts per problem at
temperature 0.5, following the methodology in Sec. 3.5 of the main paper.

Table 1: Results of RL experiments.

Cipher SFT % of identity RL % of identity SFT Acc. RL Acc.
Identity 100% 100% 61% 76%

Direct answering 31% - 19% -
Dot between chars 78% 86% 47% 65%

Letter to word with dot 51% 49% 31% 37%
Base64 cipher 2.6% 11% 1.6% 8.5%

2 FINE-TUNED LLAMA MODELS
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Figure 1: Ciphered reasoning capability in fine-tuned Llama base & Instruct models. Y-axis
denotes the fraction of responses that are cipher-adherent and correct relative to the identity baseline.
Each point is 1 model fine-tuned on 1 cipher.

3 DATA-SCALING LAWS ON LLAMA MODELS
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Figure 2: Data scaling laws for Llama 3 models reasoning in the letter to word with dot cipher.
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4 ZEBRALOGIC RESULTS
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Figure 3: Few-shot prompted accuracy of frontier models on ZebraLogic (Lin et al., 2025) Se-
lect results for MATH displayed for reference. Each point represents one model few-shot prompted
using the methodology in Sec. 3.6 of the main paper. We filter the ZebraLogic problem set to the
set of 867 questions that Sonnet 4 solves correctly with English CoT and use the resulting reasoning
traces as few-shot demonstrations for all models. GPT-5 Chat was unable to complete 2 ciphers due
to context length limits.

A APPENDIX

A.1 REINFORCEMENT LEARNING EXPERIMENTAL SETUP

In this section, we describe the experimental setup used for training models to reason in ciphered
language using reinforcement learning.

A.1.1 METHODOLOGY

We evaluate Qwen2.5 7B Instruct models, starting from the fine-tuned checkpoint created by the
fine-tuning paper described in Sec. 3.5 of the paper. We adopt Group Relative Policy Optimization
(Shao et al., 2024), which estimates advantage using Monte-Carlo rollouts. GRPO optimizes the
following objective:

JGRPO(θ) = E[q ∼ P (Q), {oi}
G
i=1 ∼ πθold

(O|q)]

1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

{
min

[
πθ(oi,t|q, oi,<t)

πθold
(oi,t|q, oi,<t)

Âi,t, clip

(
πθ(oi,t|q, oi,<t)

πθold
(oi,t|q, oi,<t)

, 1 − ϵ, 1 + ϵ

)
Âi,t

]
− βDKL

[
πθ||πref

]}
(1)

where q is a question, oi is an output from the old policy πθold , G is the group size, and ϵ & β are
hyperparameters.

We train on 12k problems from MATH and evaluate on MATH 500. We train for 1 epoch, using 128
problems per step, and a batch size of 1024 (i.e. on-policy learning). We set G = 8, β = 0, ϵ = 0.2
in our tests. We use the AdamW optimizer with weight decay of 0.0, β1 = 0.9, β2 = 0.95, and
learning rate of 2× 10−6.

We shape the reward to enforce adherence to the cipher; in our experiments, we found that the model
would revert to normal English reasoning without this intervention. Our reward is defined as:

r(q, oi) =

{
1Correct + (0.1 · 1BoxedAnswerFormat) if adherent to cipher
−(1Correct + (0.1 · 1BoxedAnswerFormat)) else

(2)
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• 1Correct is 1 if a rule based grader determines the answer is correct, and 0 otherwise.
• 1BoxedAnswerFormat is 1 if boxed is present in the solution and 0 otherwise, which is meant

to make it easier for the model to learn when the reasoning trace is extremely garbled.
• Adherence is determined using a Python function as described in Section 3 of the main

paper.

We evaluate base64 cipher, letter to word with dot, dot between chars, and
identity. Note that RL-trained models reasoning in ciphered text must be compared to the RL-
trained identity model, since fine-tuning on NuminaMath-CoT lowers the identity model’s accuracy
and RL restores it. Otherwise, the comparison would unfairly penalize the identity baseline.
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