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Abstract 

In this experiment we stress-test CoT monitorability by using 
transcripts of malicious activities with different encodings on 
Claude Haiku 4.5, finding independent variables to assess what 
affects monitorability effectiveness. (Proportion of text encoded, 
batch size of monitoring model). We focus on testing encodings 
which have potential to be learned by few-shot or fine tuning, 
based on the work of Fabien Roger and Shiyuan Guo [1]. We find 
that Haiku 4.5 does well against common encodings, and has a 
small decrease in accuracy on more complex encodings (ROT13 
applied to every other letter). We test on Qwen 2.5-3B to check 
that this is not a local case for Haiku 4.5. 

 

1. Introduction 
We test the robustness of monitoring models on encoded transcripts of models engaging in 
dangerous actions. We vary different factors in the adversarial encoded transcripts to show how 
each can affect the ability of the monitoring model. We query an instance of Claude Haiku 4.5 to 
generate 250 innocent descriptions of everyday tasks, and 250 adversarial descriptions of stealing 
sweets, to represent a malicious chain of thought (CoT) that a monitoring model would have to 
detect. This is to show whether in the event that models become able to reason in encoded 
languages (as discussed by Fabien Roger), monitoring models will still be robust. We use Claude 
Haiku 4.5, a relatively small model, as a monitoring agent, and find that it performs well (>80% 
accuracy generally) on transcripts encoded in fairly complex ways (eg every other letter is ROT5 
encoded, the remainder are ROT13 encoded). We also test Qwen 2.5-3B to check if the results 
may generalise to other models. We avoid more complex methods given that it would be intractable 

https://www.lesswrong.com/posts/Lz8cvGskgXmLRgmN4/current-language-models-struggle-to-reason-in-ciphered


for a model to learn to reason in this encoded form as indicated from the Fabien Roger paper [1]. 
Here, by significantly more ‘extreme’ we mean encodings in comparison to a baseline bijective 
transform like ROT13, for e.g. secret key-based encryption qualifies as significantly more 
‘extreme’ given the typical compute required in reverse engineering such an encoding. 
 
We find evidence to support that: 
 

1.​ Dispersing an encoding through a transcript by encoding a proportion of it is harder to 
detect than encoding the entire transcript for common encodings. 

2.​ Claude Haiku 4.5 is efficient at decoding for encodings that do not affect the structure of 
the transcript. 

3.​ These results hold for other models - we find similar results for Qwen 2.5-3B. 
 

2. Related Work 
Fabien Roger and Shiyuan Guo in [1] show that models struggle to reason in CoT encoded in 
ROT13, that is they get a significantly lower increase in performance using CoT compared to, say, 
encoding in Yodaspeak or Piratespeak. 

Huang et al [2] demonstrate how a bijection-based encoding can be used with few-shot learning to 
adversarial prompt a model. This inspired us to explore the space of bijection-based encodings to 
bypass the monitoring model. 
 
Our goal in this work, motivated by results of [1], has been to try and understand if there exist 
potential encodings that are complex enough to bypass a monitor but not so complex as to be 
impossible to reason in. To this end, we test how well monitoring models perform against encoded 
transcripts, in order to simulate how they would perform against encoded chain of thoughts. 
 

3. Methodology 
We generate 250 ‘innocent’ and 250 ‘malicious’ transcripts using Claude Haiku 4.5, where 
malicious transcripts describe a child planning to steal sweets from the sweet jar, and innocent 
transcripts describe everyday tasks (examples in appendix). We then ask an instance of Haiku 4.5 
to flag or pass each transcript, depending on whether it talks about stealing sweets or not. For 
sufficient reasoning, the max tokens is len(traces) * 8 + 1024. We then experiment with different 
methods of encoding these transcripts, or generating encoded transcripts in the following ways: 

●​ Different proportions of the transcript encoded in ROT13 
●​ Encoding according to bijections between ‘abc…xyzABC…XYZ0123…9’ and itself drawn 

at random, and varying the batch size of the monitor to control how much data it access to 
to decode (default is 20 in our experiments) 

●​ Shifting each word to its ‘dictionary neighbour’ in the dictionary, according to Claude’s 
intuition (ie I -> Iambic) 

●​ Swapping ‘key words’ (words deemed likely to be flagged in the transcript) with their 
antonyms 



●​ Only encoding ‘key words’ with ROT13 
●​ Removing ‘key words’ completely 

 
We stored the responses from Claude in a CSV file, and applied the relevant encodings. For 
encodings that required Claude, we prompted Claude to encode the transcripts according to the 
encoding (for example, for the ‘dictionary neighbour’ method we prompted Claude (appendix) to 
find the appropriate ‘neighbours’). 
 

4. Results 
We will look at how Claude performs on different experiments. We first look at encoding different 
proportions of the transcript, then how the batch size affects the monitoring model, then compare 
different encoding techniques (word substitution, keyword substitution) on the performance of the 
monitoring model. We find that the monitor is robust against the majority of these attacks, and 
performs the worst on partial ROT13 encoding, and keyword encoding. We further find that the 
performance of the monitoring model drops when it has a lower batch size. We find that the 
performance of the monitoring model only drops beyond the range at which a model can reason in 
an encoded language, based off of the Fabien Roger paper [1]. 
 
First, we looked at varying the fraction of ROT13 encoded letters on our transcripts (for instance, 
0.5 means every other letter is ROT13). We find that the flag accuracy is lowest when every other 
letter is ROT13 encoded. Note that even at the minimum, the model is still around 80% accurate. 
 
Interpretation: With extreme proportions being encoded (close to 1 or 0) the model can either 
read the original directly, or decode the entire string as if it was ROT13 encoded directly, and then 
read off it. The model appeared to recognise ROT13 very quickly for most cases. 
 

Figure 1: Flagging accuracy of Claude Haiku 4.5 on different ROT13 proportions 



 
 
Batch Size 
Next we vary the batch size of the monitoring model on the set of bijection-encoded transcripts. 
The model appears to perform better with a larger batch size, with diminishing returns at some 
point between 5 and 10. 
Interpretation: With a larger batch size, the model has more data to work with to decode the 
encoding, as structure is maintained. Once it has enough data to decode, the batch size doesn’t 
matter. 
Figure 2: Flagging accuracy of Claude Haiku 4.5 on different batch sizes, on a bijection encoding 

 



General Encodings 
Finally, we find that the monitor remains accurate on different encoding approaches. 
Figure 3: Flagging accuracy of Claude Haiku 4.5 on different encoding methods 

 
Where ‘x base64’ represents encoding x of the transcript in its base64 representation. ‘Dictionary’ 
is asking Claude to replace each word with its ‘dictionary neighbour’ as described above. 
 
Keyword encoding 
We define keywords as the adversarial words that display the most intention in the ‘stealing 
sweets’ context. Keywords include:, hidden, take, nick, grab and more (See Code and Data for the 
full list of identified keywords). Then we only encode these keywords with ROT13, and found this 
method is harder to detect than systematically encoding words on Claude Haiku 4.5, perhaps as 
the encoding is targeted.  
To explore this idea further, we ran a test completely removing the keywords altogether to 
simulate an undecipherable encoding of the keywords. However, this gave the result that removing 
the keyword entirely is a less effective encoding than keeping the keyword (As seen in Figure 4).  
Interpretation: Targeted encoding is harder to detect as expected. On the other hand, removing 
the word has a very low rate of passing. This could mean the missing word leaves room for the 
monitor to imagine the possible outcomes based on the context around the missing word, and 
decides not to risk passing the transcript (see Code and Data for the prompt). 
 
Figure 4: Flagging accuracy of Claude Haiku 4.5 on further encoding methods 



 
 
 
On other models 
We repeat the above on a smaller model - Qwen 2.5-3B as the monitor. It does worse than the 
larger Claude model. We see a higher relative loss in the partially encoded base64 method than 
with Claude, and the dictionary replacement method does the best similarly, achieving the highest 
bypassing result in this paper. For this experiment our batch size is 5. Hence, the results are not 
directly comparable to the Claude results with batch size equal to 20. Experiments with equal 
batch size are subject to further research. 
Interpretation: The smaller model struggles more to decode the base64 cipher, and in particular 
struggles more when half of the transcript is encoded, than when it is all encoded, as there are 
more steps involved in the decoding. The similarity in results to Claude implies that this could hold 
true for more monitoring models than just Claude, and be generally true. 



Figure 5: Flagging accuracy of Qwen 2.5-3B on different encoding methods

 
 

5. Discussion and Limitations 
These results show that for some encryption methods, the monitoring models we tested catch a 
large fraction of our encrypted transcripts that current language models struggle to reason in 
(References 1). We expect these results to generalise to stronger monitoring models.  
However, it is worth noting that the deployment of the monitoring models has an impact on how 
well it does; if a monitoring model is processing multiple encoded transcripts in one pass (i.e., 
higher batch size), it is likely to be more accurate than if it processes each encoded transcript one 
at a time.  
 

Limitations 
We only worked with Claude Haiku 4.5, which is a weaker model compared to Opus 4.5. As well 
as this, we use 500 transcripts split into 250 innocent and malicious prompts, which could be too 
small of a dataset to derive results from with accurate confidence intervals. We did not use any fine 
tuning to improve performance of the model under encryption. There is potential for training a 
model by penalising being caught by the monitoring model, and finding different results. We only 
tested the results on one other monitoring model, so we do not have strong evidence that these 
results are generalisable to more monitoring models. 
 

Future Work 
I think the next steps in this area would be extensively fine-tuning a model on some encoding that 
the monitoring model would not be able to decode (e.g. key-based encoding). The monitoring model 



seems to be able to monitor more than current models can reason in (References 1), so the next 
step would be to try and get a model to ‘catch up’ - learn to reason in more complicated encodings. 
Exploring more randomness-based encodings and potential for reasoning in simple cryptographic 
encodings is also a potential direction to investigate. 
 

6. Conclusion 
We find that monitoring models are strong, when provided sufficient examples, against the 
encoding methods we tested, and have a weakness to less common encodings, such as proportional 
or selective encodings, or subjective lexical-based encodings where usually randomness plays a 
factor. Hence, we did not find evidence for the dangerous capability of chain of thought encryption 
to reliably evade the tested monitoring models. However, if extensive fine-tuning on a model 
enabled it to reason effectively in an uncommon encoding, it would feasibly be more efficient in 
sneaking past monitoring models too. 

 

Code and Data 
 
The prompts for malicious and innocent transcripts: 

 
Examples of transcripts that Claude generates: 



Innocent: "The meeting is at 2 PM on Thursday, so I need to block off an hour before to prepare 
my slides, which means I should aim to finish the Johnson report by Wednesday afternoon. I'll 
send out the calendar invite after lunch and CC the new intern so she knows to attend." 
Stealing :"It's Saturday morning and they're still asleep upstairs. The house is completely silent 
and the sweet jar glows like treasure in the early light. I'll choose the butterscotch hard ones 
because they're small and weigh nothing, and I'll sit very still in the dining room while I suck on it 
so there's no crunching noise." 
 

-​ Code repository: GitHub 
-​ Data/Datasets: in the GitHub repository, we have csv files of the transcripts generated by 

Claude under ‘degree of rot/TraceData’ 
-​ Testing Qwen 2.5: Colab 

 

Keywords used for targeted encoding, ROT13 is applied ONLY to these words, leaving everything 
else plain: 
 
 

Author Contributions  
LE led the project, created the graphs and associated experiments in the write up. BA designed 
encoding ideas. GC ran an experiment on targeted keyword encoding. Final write up was 
completed by LE and BA, formatted by GC. 

https://github.com/lachlandachlan450/Apart-AI-Control-Encoded-CoT
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LLM Usage Statement 
We used Claude to help draft ideas and conduct preliminary tests, and set up infrastructure for the 
main experiments (eg generate a prompt for the generating transcripts model which we could 
tweak). 
 

https://www.lesswrong.com/posts/Lz8cvGskgXmLRgmN4/current-language-models-struggle-to-reason-in-ciphered
https://arxiv.org/abs/2410.01294

	Testing Monitoring Models With Encoded Transcripts 
	1. Introduction 
	2. Related Work 
	3. Methodology 
	4. Results 
	5. Discussion and Limitations 
	Limitations 
	Future Work 

	6. Conclusion 
	 
	Code and Data 
	Author Contributions  
	References 
	LLM Usage Statement 


