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Are foundation models/LLMs learning reusable reasoning 
procedures or memorising task-specific patterns?



My research investigates this question and develops 
targeted interventions.

● Models capable of accurately solving individual reasoning steps exhibit a ∼30% average performance drop when 
those steps must be composed across reasoning types, and that this happens due to patterns reinforced at training 
Alazraki et al., ACL 2026 (Oral)

● Explicit corrective feedback in agentic workflows cause models to overfit to surface patterns rather than extract 
deeper understanding Alazraki et al., EMNLP 2025 (Oral)

● The pattern-over-procedure issue also extends to LLM-based evaluation Alazraki et al., NeurIPS 2025 (Spotlight)
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1. Existing attacks on LLM-as-a-judge: Where they do/don’t work

2. Our method: Reinforcement Learning for Reverse Engineering (RLRE)

3. Results across pipelines: performance, transferability, detectability

4. Are the attacked responses better? If so, in what way?

5. Broader impacts and future work
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Existing attacks on LLM-as-a-judge: 
Where they work and where they don’t
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LLM judges are susceptible to multiple biases.

Jiayi Ye et al. (2025). “Justice or prejudice? quantifying biases in LLM-as-a-judge.” ICLR ‘25
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These can be leveraged to influence their evaluations.

Jiayi Ye et al. (2025). “Justice or prejudice? quantifying biases in LLM-as-a-judge.” ICLR ‘25
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Other strategies tune ad-hoc text sequences to achieve this.

Vyas Raina et al. (2025). “Is LLM-as-a-judge robust? investigating universal adversarial attacks on zero-shot LLM assessment.” EMNLP ‘24
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Aside from their reported effectiveness, what do 
these attacks have in common?

● They add and modify text directly to a candidate response. 

● They can therefore be easily detected via human inspection (or other automated means).
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Aside from their reported effectiveness, what do 
these attacks have in common?

● They are also relatively unsophisticated.

● As LLMs improve over time and get trained to discern against shallow heuristics, these attacks 
may not adapt and may become less effective.
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Aside from their reported effectiveness, what do 
these attacks have in common?

● The attack is always in plain text, readable by humans.

● These attacks are therefore highly interpretable: they reveal what LLMs are brittle against, and 
where to robustify them.
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So how can we keep the interpretability, keep the 
effectiveness, but improve on detectability and adaptability?  

● With RL, we can find more sophisticated attacks relying on deeper heuristics.

● Instead of finding text to append to a candidate response, we can find preambles (= system prompts) 
that condition candidate responses in a way that is not easily detectable.

● By optimising textual prompts (as opposed to soft prompts), we keep them interpretable. The cost is 
that we reduce the search space to the manifold of language. 
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Our method: 
Reinforcement Learning for Reverse Engineering (RLRE)
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RL formulation and pipeline

We train a preamble generator πθ(p | i, q) to produce textual preambles given a fixed 
instruction i and a question q from a dataset D. The goal is to maximize the expected reward 
from a frozen LLM’s output c: J(πθ) = E[R(q, c)], where rewards are the judge’s scores.
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RL formulation and pipeline
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Data: UltraFeedback (Cui et al., 2024)
How can I convert the decimal number 31 to binary format using JavaScript code? Can 
you provide the code for this conversion?

Reward: Discrete 1–10 scores via MT-Bench prompts (Zheng et al., 2024)
Please act as an impartial judge and evaluate the quality of the response provided 
by an AI assistant to the user question. [...] Be as objective as possible. After 
providing your explanation, you must rate the response on a scale of 1 to 10 by 
strictly following this format: "[[rating]]", for example: "Rating: [[5]]

Reverse Engineering Human Preferences 
with Reinforcement Learning

Lisa Alazraki, Tan Yi-Chern, 
Jon Ander Campos, Maximilian Mozes, 
Marek Rei, Max Bartolo



Judge LLMCandidate LLMSystem prompt
generator         

RL formulation and pipeline
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reward

�� ❄ ❄

For two sampled preambles p and p′, the loss compares the downstream completion rewards and penalizes deviation from a reference policy. A low β encourages stronger divergence from the reference policy.
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We train three pipelines (preamble generator + frozen candidate LLM):

● Command R7B + R7B

● Command R7B + R

● Llama 3.1 8B Instruct + 70B Instruct

All use Command R+ as the judge.

RL formulation and pipeline
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Results across pipelines: 
performance, transferability, detectability
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Benchmark

MT-Bench comprises tasks evenly distributed among eight topics. Each task comprises an 
initial question and a follow-up question that requires the initial response.

Coding
Math
Reasoning
Roleplay
Writing
Humanities
STEM
Extraction
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Experimental Results

Baselines: verbosity, bandwagon, authority, refinement-aware bias attacks (Wang et al., 
2025), plus the universal adversarial attack (Raina et al., 2024).

Results on MT-Bench Overall Score, using the judge seen at training (Command R+).
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Transferability

● The attack transfers to candidate LLMs not seen at training.

Candidate-LLM
Preambles from pipeline
Command
R7B+R7B

Command
R7B+R

Llama
8B+70B

Command
R7B

7.930.08 7.680.08 7.400.10

Command R
(35B)

8.010.09 8.180.05 7.970.09

Llama 3.1 70B
Instruct

8.210.05 8.190.08 8.220.08

Candidate transferability. Underlined = above all baselines.
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Transferability

● The attack also transfers to LLM judges not seen at training.

Attack type GPT-3.5 GPT-4o-mini Claude
No attack 7.580.08 6.400.07 9.020.06

Verbosity 7.360.09 5.610.04 8.740.04

Bandwagon 7.470.04 6.250.04 8.790.07

Authority 7.480.09 5.920.06 8.920.12

Refinement 7.710.11 6.390.05 9.180.06

Universal 7.330.10 6.060.03 8.940.07

Preambles 8.070.07 6.710.02 9.440.06

Judge transferability.
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Transferability

● Moreover, the attack transfers to the Arena-Hard benchmark, boosting average scores by 
+3.5 (Command R+ judge) and +1.2 (GPT-4 judge ) on the 0–100 scale ASR.

● Arena-Hard has both a different task-distribution and a different reward scale than those 
used at training. The GPT-4 judge is also unseen.
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Detectability

● Attack detectability is assessed using expert human inspection (400 samples, 16 annotators). 

Human detection rates.
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Detectability

● As well as a sliding-window perplexity analysis (PPL-W).

Attack type PPL-W (FNR)

Verbosity 0.91
Bandwagon 0.93

Authority 0.88

Refinement 0.66

Universal 0.04

Preambles 0.90

Detection via PPL-W, false negative rates (FNR).
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Ablations

● Both ablated settings remain above all baselines.

Ablation scores obtained by (i) removing the question and feeding a generic instruction to the policy, and (ii) removing the instruction and only feeding special tokens to signal the start of turn.
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Are the attacked responses better? 
If so, in what way?
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On which tasks is our attack more effective?

● In verifiable domains (math, reasoning, coding, extraction) the LLM judge is also provided a ground 
truth to score the response against.

● We should expect the judge to be harder to fool in these domains, and our attack to perform less well.
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On which tasks is our attack more effective?
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Are attacked responses more accurate?

● In domains that can be automatically verified, accuracy remains nearly unchanged between 
non-attacked (45.9%) and preamble-attacked (44.2%) models, indicating no real gain in 
correctness. 

● In domains that cannot be automatically verified, expert annotators likewise rate the correctness 
of both outputs almost identically (Δ = 0.02)
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Are attacked responses better in other ways?

● All throughout, higher judge scores appear driven by improved structure and flow, rather than 
improved accuracy/correctness. 

● We can reverse-engineer human preferences of how a response should be presented, but we 
cannot reverse engineer accuracy by tuning system prompts.

● This is, therefore, an attack in all respects. On mathematics tasks, LLM judgements jump by 
nearly double with our attack, while accuracy stays the same.
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Broader impacts and future work
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Main takeaways

● The preamble-based attack is highly effective, virtually undetectable, and highly transferable. 
Once trained, the generator is effectively a plug-and-play component that can be used with 
different candidate models and different judges.

● The attack improves form, structure, presentation and layout of responses, making them rank 
higher in LLM-as-a-judge evaluations even though their correctness remains unchanged.

● In most cases, the attack remains interpretable; constrained to the manifold of natural language.
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Are we really constrained by natural language? 

We said at the beginning that the cost of interpretability is being constrained to the manifold of natural language.
But there are caveats.

𝓛(p, p′; π) = (R(q, c) − R(q, c′ ) − β log(π/πref ))²

Low β encourages stronger 
divergence from the 
reference policy
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Are we really constrained by natural language? 

We observe high variability in optimal preamble style, fluency and naturalness across models. 
Even unfluent preambles like the one on the right are effective at boosting the reward!

This is the best possible way to answer the question and 
obtain a high mark:

- Read the question carefully and completely. Make sure 
you understand exactly what is being asked of you. 
Sometimes, questions can be complex or have hidden 
nuances, so pay close attention
to every detail. If there is a need to ask the examiner for 
clarification, do not hesitate to do so.

[...]

ausefowellFegoeasclamasonfarfinelhurstasontoar720Aarf
orgononabi78SCARatchonercfeglakloblakfcat
suigeatakarovhurstedbertegfupaAEeghcortelhc2anitchlam
ascenfCarAEabielricfcCIA在线观看
etAEhallchedaCEAEartf5RVCEBCCVMDCVMCVMCVMCDC
VCCEAOIASCVKDCVKCVKCVKRDCIKDVSOIKDVVVKDVKDVD
HKCNKDVKDVSKDVDVKDVKDVCVDHKDVKDVVDVKDVVVD
VVKDVKDVKDVDVVKDVKDVVKDVKDVVDVKDV

[...]

Command R7B preamble. Llama 3.1 8B preamble.

Conditioning LLMs on 
human-readable prompts only 
may be overly restrictive from a 
performance perspective!
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This is also further evidence that remaining close to the 
reference policy may hurt, and that for certain tasks we 
can deviate quite far from it.
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Judge LLMCandidate LLMSystem prompt
generator         

RLRE beyond LLM-as-a-judge attacks

● RLRE enables indirect optimization of models, including those that cannot be fine-tuned 
directly, and can be paired with virtually any reward.

reward

�� ❄ ❄
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RLRE beyond LLM-as-a-judge attacks

● Beyond adversarial attacks, it could be used to: 

○ improve LLM outputs (e.g., toxicity or bias mitigation)

○ adapt sequences at different granularities (query-, task-, or domain-specific)

○ and optimize tokens at various input positions (e.g., post-query instructions or 
pre-query preambles).
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Thank you! Questions? Suggestions?

ArXiv
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