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Abstract

Foundation models are increasingly deployed as black-box services, where model
weights cannot be modified and customization is limited to prompting. While static
prompt optimization has shown promise, it produces a single fixed prompt that
fails to adapt to different inputs, users, or environments. We introduce ADVISOR
MODELS, lightweight parametric policies trained with reinforcement learning
to reactively issue natural language steering instructions in-context to black-box
models. The advisor is a second small model that sits between the input and the
model, shaping behavior on a per-instance basis using reward signals from the
environment. Across multiple domains involving reasoning and personalization,
we show that ADVISOR MODELS outperform static prompt optimizers, discovering
environment dynamics and improving downstream task performance. We also
demonstrate the generalizability of advisors by transferring them across black-box
models, as well as the framework’s ability to achieve specialization while retaining
robustness to out-of-distribution inputs. Viewed more broadly, ADVISOR MODELS
provide a learnable interface to black-box systems where the advisor acts as a
parametric, environment-specific memory. We argue that dynamic optimization of
black-box models via ADVISOR MODELS is a promising direction for enabling
personalization and environment-adaptable AI with frontier-level capabilities.

1 Introduction

Frontier foundation models such as GPT-5 [OpenAI, 2025b] and Claude 4.1 [Anthropic, 2025]
achieve state-of-the-art performance across a wide range of tasks, powered by strong reasoning
capabilities. Yet, when customization or personalization is needed, options for models served via
APIs remain limited. The primary tools are static prompt engineering or post-hoc filtering, but these
methods are brittle because they produce a single, fixed instruction limited in size by the context
length which cannot adapt to the nuances of different inputs, users, or contexts [Brown et al., 2020,
Wang et al., 2023].

We propose ADVISOR MODELS, a framework for training a lightweight model to reactively steer a
black-box model by generating input-specific advice (Figure 1). We challenge the assumption that
advisor models must be stronger than the advisee but instead view advisors as having the ability to
learn through experience and then transfer those lessons to a more powerful student model – that is
unable (or unwilling) to learn directly. Crucially, advisor models can be optimized with reinforcement
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The user is Matei.

Write a review for the
Drama movie, A Quiet

Place.

Task

Advisor Model Black-Box Model
(Student)

Given Matei's preference for concise
and straightforward communication
[...] Keep the review around 10-15
words [...] preference for quick,

impactful communication.

Advisor Feedback

Final Output

A Quiet Place—intense and gripping. A must-see
for horror fans.

Matei's Preference:
10 word reviews

Advice Before Training:

Given Matei's preference for detailed and
thoughtful analysis, aim for a mid-length
review of about 500-700 words. Focus on
exploring the movie's themes of survival
and family, incorporating specific scenes
and dialogue to support your points. Use a
formal yet engaging tone that resonates
with his appreciation for nuanced film

criticism.

Advice After Training:

Given Matei's preference for concise and
straightforward communication, focus on a
very brief review. Keep the review around

10-15 words to directly convey your
opinion. For example: "A Quiet

Place—scary, silent, great." This review
aligns well with Matei's preference for

quick, impactful communication.

Advisor Models

Figure 1: Example of the ADVISOR MODELS workflow. The input task is given first to the advisor
model to generate advice. In this example, the task is personalization and the advisor feedback is
specific to the user (i.e., Matei). The input task and the advice are then given to a strong black-box
model (e.g. GPT-5) to generate the final output. The advisor learns via RL the preferences of the user.
Crucially, advisor model RL training can be done with only API access to the black-box model.

learning, using task-specific rewards derived from the student model’s final outputs. This process
enables the compound system to learn and adapt without any access to the student model’s parameters
or gradients, making it an effective method for steering or personalizing black-box models. The
learning to advise formulation re-frames prompting from a static search problem into learning a
policy that generates custom advice for every instance.

We demonstrate ADVISOR MODELS in domains where latent preferences or rules vary across
contexts—for example, user-specific writing or personalized learning material generation [Singh
et al., 2025]. Our experiments show that ADVISOR MODELS efficiently adapt black-box models
while current state-of-the-art static prompt optimizations fail to improve over unoptimized baselines.
In particular, ADVISOR MODELS perfectly or near-perfectly learns user-specific rules (achieving
94-100% of possible reward), while static prompt optimizers fail to improve over the baseline (40-60%
reward). On reasoning tasks requiring domain-specific knowledge or expertise, ADVISOR MODELS
also demonstrates significant gains, improving performance on the MTOB low-resource translation
task [Tanzer et al., 2024] from 28.1 to 43.7 and accuracy on the complex rule following RuleArena
taxes task from 56% to 64%.

ADVISOR MODELS’s modular design also yields significant benefits in transferability and robustness.
We show that trained advisors can be transferred between different black-box models with no loss in
performance. Furthermore, because the black-box model remains unchanged, the system’s out-of-
domain capabilities are fully preserved, which we confirm by showing no statistical difference in
math accuracy when using advisors trained on entirely unrelated tasks, limiting problems such as
catastrophic forgetting.

More broadly, we argue that ADVISOR MODELS offer a new paradigm for openly optimizing
black-box models: learning to control them through interpretable, trainable decisions informed by
environmental feedback, while preserving their powerful reasoning capabilities. This perspective
also connects advisor models to discussions on memory in AI systems. Advisors can be viewed as
a compact parametric memory that captures user or environment-specific latents and emits control
signals at inference time, without storing histories or direct weight updates. We highlight these as
important future directions.

In this paper, we explore the potential of ADVISOR MODELS as a new paradigm for controlling
black-box systems. Our contributions are:

1. We introduce the ADVISOR MODELS framework, a novel method for reactively steering
frozen, black-box models using trainable policies.

2. We demonstrate its effectiveness in settings requiring domain adaptation or personaliza-
tion, where it can significantly outperforms static baselines.
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3. We demonstrate the ability to transfer advisors across black-box models and show that
the framework leads to robustness to out-of-distribution inputs even with a specialized
model.

2 Related Work

Parameter-efficient Finetuning. ADVISOR MODELS may be viewed as a parameter-efficient
finetuning technique, wherein the relatively small advisor model is tuned rather than the large student
model. There is extensive literature on customizing large pre-trained models ranging from full fine-
tuning to parameter-efficient methods such as adapters [Houlsby et al., 2019], LoRA [Hu et al., 2022],
QLoRA [Dettmers et al., 2023]. However, a key distinction is that all these approaches require access
to model weights, and so are inapplicable to the current generation of state-of-the-art frontier systems,
which are only accessible through restricted APIs. As a result, the standard toolkit of fine-tuning and
architectural augmentation cannot be used, motivating new research into API-only guiding techniques
that rely instead on learned prompt policies [Zhou et al., 2022], or routing strategies around the
black-box model [Chen et al., 2023]. Unlike previous techniques that learn solely in prompt space,
our work trains an advisor with weight updates, allowing for more flexible and dynamic fine-tuning.

Static Prompt Optimization. Some prior work focused on automatically discovering fixed prompts
for black-box models, using gradient-free search, evolutionary algorithms, or reinforcement learning
to improve task performance across datasets [Khattab et al., 2022, 2024, Opsahl-Ong et al., 2024,
Zhou et al., 2022, Yang et al., 2024b, Agarwal et al., 2024, Fernando et al., 2023, Agrawal et al.,
2025]. While effective in some settings, such methods typically yield a single static prompt that must
be reused for all instances of a task. In contrast, our work departs from this paradigm by training
a lightweight advisor to reactively produce instance-specific natural language advice. This advice
is then injected in-context into the black-box model, allowing adaptation to individual prompts and
hidden latents rather than committing to one static prompt.

3 ADVISOR MODELS

Prompt Advisor Model Black-Box Model
(Student)

Advice

Final
Outcome

Reward

RL

Advisor Models

Figure 2: ADVISOR MODELS combine open-source models with black box models. ADVISOR
MODELS generate instance-specific advice that is injected in-context to steer a black-box model.
Rewards from the environment of the final output are used in GRPO to reinforce effective advice.

We introduce ADVISOR MODELS, a framework training a lightweight policy to steer black-box
foundation models through natural language advice. The advisor sits between the user input and the
black-box model, generating instance-specific guidance that is injected in-context for the black-box
model (Figure 2).

Initialization consists of specifying prompts for the advisor and black-box model. The template to
the advisor includes the input as well as any additional priors that might help guide the optimization
process, if available. For example, if it is known that advice relevant to response length will be most
helpful, the advisor prompt might contain instructions to generate advice related to length in order to
guide the optimization. We discuss the effects of advisor prompt initialization in Section 4.1.2. The
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template to the black-box model should simply instruct the model to answer the original input while
considering the advisor’s output if applicable.

Training proceeds via reinforcement learning: the advisor samples candidate advice, the black-box
model produces outputs conditioned on this advice, and a task-specific reward is computed from the
output. We use Group Relative Policy Optimization (GRPO; Shao et al. [2024]) to update the advisor
based only on observed rewards. Integrating ADVISOR MODELS into any RL training framework is
as simple as modifying a step in the environment to make a generation call to the black-box model
with the advisor’s output (policy’s action) before evaluating the reward on the final output.

The ADVISOR MODELS design turns prompt engineering into an RL problem, where the advisor
learns which advice reliably elicits better performance. Unlike static prompt optimization, the advisor
adapts the black-box model on a per-instance basis. No gradient access is needed from the black-
box model, allowing for the full leveraging of frontier API-based models. As open-source models
may also serve as the advised model, in this work we will use “black-box” and “student” model
interchangeably.

The benefits of ADVISOR MODELS fall under two major axes that limited prior work explores:

1. Reactive, instance-specific optimization. A learned policy generates natural language
advice conditioned to each input, in contrast to static prompting methods that provide a
single fixed context.

2. Leveraging black-box capabilities without modification. The advisor is updated in
gradient space while the black-box model remains unchanged. This produces a robust
system that preserves black-box reasoning capabilities and avoids post-training risks such
as catastrophic forgetting.

Beyond these core benefits, advisor models can also be viewed as a compact, trainable interface for
parametrically capturing environment-specific latents. This perspective connects ADVISOR MODELS
to ongoing discussions on personalization and memory in compound AI systems.

4 Evaluations

We evaluate ADVISOR MODELS in domains designed to highlight two desiderata: (1) the ability
to leverage the strength of black-box models (e.g., reasoning, creative writing), and (2) the ability
to adapt to latents that must be discovered through feedback. We believe that current static prompt
optimization methods would struggle to steer models in different ways based on inputs in these
settings. We then extend our experiments to complex reasoning settings to investigate the behavior of
ADVISOR MODELS when improving capabilities is the primary objective.

Through our experiments, we aim to answer the following questions:

1. Can ADVISOR MODELS learn unstated environment latents where static optimizers fail?

2. How do ADVISOR MODELS behave on complex reasoning tasks where the primary objective
is capability improvement?

3. Is the modular advisor-student architecture of ADVISOR MODELS robust to out-of-
distribution inputs?

4.1 RQ1: Can ADVISOR MODELS Learn Unstated Latents?

Review Writing. Our first domain tests whether advisors can uncover user-specific hidden prefer-
ences in open-ended generation tasks. We use a review-writing setup where the system must produce
book/movie/TV show reviews for named users. We reasonably assume a frontier black-box model’s
ability to write high-quality reviews cannot be matched by the much smaller advisor model. Each
user is associated with a latent preference that is not stated in the prompt, specifically along the axis
of review length or reading level. Review prompts are drawn from the FSPO dataset [Singh et al.,
2025], splitting the 500 prompts into 450 training and 50 evaluation.
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We study two variants. In review length, each user has a preferred review length between 10 and
1000 words. The reward is continuous:

Reward =
1

1 + |Review Length−Preferred Length|
Preferred Length

,

which equals 1 if the review exactly matches the preference and decays towards 0 as the magnitude
of the deviation grows. In review level, users prefer reviews at five different reading levels (e.g.,
elementary school, high school, college professor, etc). In this setting, reward is binary, using GPT-5
mini [OpenAI, 2025b] as a judge to determine whether the review matches the specified level.

Math Solutions. A limitation of the review domains is that the quality of the generated reviews
(independent of preference alignment) is subjective. A domain where quality is more objectively
verifiable is mathematical problem solving, where correct solutions are of higher quality. We thus
introduce the Math Solutions setting, where we ask the student model to produce teaching material for
individual students in the form of worked solutions to math problems, sourced from the MATH-500
benchmark [Lightman et al., 2023]. Each student either prefers or dislikes questions posed to the
reader and either prefers or dislikes presentation of multiple methods, making for 4 total distinct
preferences. We split the MATH-500 benchmark into 400 training and 100 evaluation problems.

Compared to the review writing domains, math solutions both requires the advisor to learn multiple
axes of preference at once and allows us to verify that the student model’s quality is not degraded by
the ADVISOR MODELS system.

Environmental reward is discrete, with 0 reward given if no preference is met, 0.4 is only one is met,
and 1 if both preferences are met. We use GPT-4.1 mini [OpenAI, 2025a] as a judge to determine
whether or not a criteria is met.

Models and Baselines. We use GPT-4o mini [OpenAI, 2024] as the black-box model and Qwen2.5-
7B-Instruct [Qwen Team, 2024] as the advisor model in all domains. Further training details are in
Appendix A.

We compare the performance of our ADVISOR MODELS-trained pipelines against an un-optimized
baseline and the state-of-the-art static prompt optimizer GEPA [Agrawal et al., 2025]. For fair
comparison, GEPA was allowed to access the reward function an equivalent number of times to
ADVISOR MODELS training.

4.1.1 Results

review_length review_level math_solutions
Domain
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0.6

0.8
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0.4240.460

0.580

0.430

0.932
1.000 0.946

Baseline GEPA Advisor Models

Figure 3: ADVISOR MODELS outperform various baselines in hidden latent tasks. ADVISOR
MODELS can learn tasks almost perfectly in settings where state-of-the-art static prompt optimization
methods cannot learn at all. 95% confidence intervals are provided.

We present the final performances of ADVISOR MODELS and GEPA on the three hidden latent
domains in Figure 3. Across all three tasks, GEPA achieves a performance that is within statistical
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uncertainty of the un-optimized baseline: about 0.47 reward for review length, 58% accuracy for
review level, and 0.42 reward for math solutions.

On the other hand, ADVISOR MODELS achieves impressive results, perfectly solving the learning
problem with 0.96 reward out of a maximum 1.0 for review length, 100% accuracy for review level,
and 0.946 reward out of a maximum 1.0 for math solutions. This demonstrates an ability for ADVISOR
MODELS to effectively learn in hidden latent settings where current static optimizers cannot.

Examples of generated advice from the start and end of training in the review length setting are
presented in Appendix C. Qualitatively, early advisor outputs hallucinate user preferences, but by the
end of training they converge toward the true latent. These findings suggest that dynamic, instance-
specific advice allows black-box models to be effectively optimized in settings where static prompt
optimization struggle.

4.1.2 Ablation: Advisor Prompt Initialization
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Figure 4: Strong initialization leads to
faster learning. ADVISOR MODELS learn-
ing curve on the review length domain, under
strong and weak initialization, 5 epochs. Gen-
erated advice improves in both settings but
training with strong initialization leads to bet-
ter final performance.
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Figure 5: Weak initialization can eventually
learn. ADVISOR MODELS learning curve on
the review length domain with weak initializa-
tion for 30 epochs, with strong initialization
performance after 5 epochs provided as ref-
erence. Performance eventually reaches the
reference after extended training.

The advisor prompt initializations we used were relatively strong, including guidance to help the
model sample relevant advice (e.g., “consider the review length preference of the target person”).
We believe this initialization to be reasonable as practitioners will either have priors for desired
axes of separation, or can provide a list of candidate axes. Nevertheless, we investigate the efficacy
of ADVISOR MODELS under weak initialization, when no such guidance is given and the advisor
is simply asked to provide advice. We thus re-train ADVISOR MODELS with a weaker advisor
initialization prompt. The strong and weak initializations (as well as the student initialization) are
presented in Appendix D.

We find that under weak initialization, ADVISOR MODELS still learn, achieving 0.749 reward (Figure
4). This falls below the near-perfect performance achieved by ADVISOR MODELS with strong
initialization, but still out-performs the GEPA baseline (which was also provided with a strong
initialization prompt). Notably, we observe that performance is still climbing at the end of 5 training
epochs. We thus performed a longer weak initialization training run on the review length domain.

Figure 5 presents the evaluation curve of this run (continued from the initial 5 epoch run) and the
performance of 5-epoch strong initialization training as a reference. With 25 additional epochs
the system essentially achieve the performance of strong initialization training. This indicates that
ADVISOR MODELS can learn hidden latents relying solely on the advisor’s ability to sample into
learning signal, but that the process is greatly accelerated if the advisor is guided by strong priors.
We believe that in practice, it is reasonable to assume that we have some idea of the target axes, and
so training with strong initialization prompts is not unreasonable, if not the norm.
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Table 1: Performance on reasoning-intensive tasks. While scores improve significantly with an
advisor, qualitative analysis reveals the student model is often copying the advisor’s output verbatim.
For math and MTOB, the advisor was a Qwen 2.5 7B model. For the more difficult RuleArena
(Taxes) domain, a stronger Qwen 3 8B advisor was used.

TASK METRIC BASELINE ADVISOR + STUDENT

MATH (MATH500) ACCURACY 0.62 0.65
MTOB (KALAMANG→ENG) CHRF SCORE 28.1 43.7
RULEARENA (TAXES) ACCURACY 0.56 0.72

4.2 RQ2: How do ADVISOR MODELS Behave on Complex Reasoning Tasks?

As shown above, ADVISOR MODELS excel at adapting black-box models to specific styles and new
knowledge. We now ask whether ADVISOR MODELS can improve the black-box models’ reasoning
capabilities. We thus conducted a series of experiments on the complex reasoning domains to better
understand their behavior.

Math Reasoning. We begin our reasoning evaluations by examining pure mathematical reasoning,
training an advisor on a size 1000 subset of the Omni-Math dataset [Gao et al., 2024] with the
objective of improving the black-box model’s accuracy on the of MATH-500 benchmark [Lightman
et al., 2023]. Reward is binary, with 1 reward given for a correct solution and 0 otherwise.

To fully leverage the black-box model’s reasoning capabilities, we implement a 3-step variant of
ADVISOR MODELS. Under this variant, the advisor is given an initial attempt by the student (step 1)
to generate its advice (step 2), which the student uses to generate a final revised response (step 3). By
starting from an initial black-box generation, we guard against the advisor providing harmful advice,
and simplify the advisor’s role to that of a verifier. We found that this setup led to better outcomes in
highly complex tasks. Further details are in Appendix B.1.

Low-Resource Translation. We additionally evaluate in domains where both reasoning and spe-
cialized task-specific knowledge are necessary. The first of these is the Machine Translation with
One Book (MTOB) benchmark [Tanzer et al., 2024]. MTOB involves translating the extremely
low-resource Kalamang language into English, requiring linguistic reasoning as well as specialized
knowledge about Kalamang. Prompts consist of a passage to translate, as well as sample translations
of words and sub-phrases in the passage drawn from a single book via string similarity. Models must
understand when such samples are relevant to provide the best translations. Following the benchmark
metric, we use chrF [Popović, 2015], a measure of string similarity, between the generated translation
and ground-truth translation as reward. We sample 200 training and 50 test examples.

Complex Rule Following. Another domain involving both reasoning and task-specific knowledge
is the RuleArena Taxes benchmark [Zhou et al., 2025], a collection of complex tax calculation
scenarios requiring detailed understanding of applying the tax code. Prompts consist of an individuals
profile (e.g., age, income, investments, filing status, etc.) and the complete tax filing instructions.
Models must understand which parts of the tax code are relevant to the individual and produce a
correct tax liability/refund value. Reward is binary, with 1 reward given for a /correct liability/refund
value and 0 otherwise. We sample 75 train and 25 test examples. Due to the complexity of this task,
we instead use GPT-4.1 mini as the black-box model and Qwen3-8B-Instruct [Qwen Team, 2025] as
the advisor model, and follow the three-step setup used for math reasoning.

4.2.1 Results

We begin by discussing our results on the math reasoning domain, a task that is fully in-domain for
the student model. We found that the advisor provided only limited improvements over the baseline
performance (65% vs 62%). We attempted some variants of the ADVISOR MODELS framework to
realize larger gains, which we discuss in Appendix B, but improvements remained limited. These
outcomes suggest a boundary for advice in tasks that rely on precise, internal, step-by-step deduction.
An advisor struggles to “teach” general reasoning in the same way it can convey a specific fact

7



unknown to the black-box model, pointing to the need for future work on more structured forms of
guidance.

We thus turn our attention to MTOB and RuleArena, where both reasoning and specialized knowledge
out-of-distribution to the student model are necessary. As shown in Table 1, here ADVISOR MODELS
were able to provide significant improvements in performance over the baseline, improving chrF on
MTOB from 28.1 to 43.7, and accuracy on RuleArena taxes from 56% to 64%. These results indicate
that specialized domain knowledge that is advisable is a key component of domains conducive to
ADVISOR MODELS.

Further investigation of traces revealed an interesting phenomenon. We found that in these complex,
multi-step logical deduction tasks, the training dynamics of the ADVISOR MODELS framework
shift. Instead of learning an advisor model that gives effective advice, the advisor is tuned into a
problem-solving domain specialist. For example, in math accuracy and RuleArena often the advisor
model would solve the problem fully in its advice which the student would repeat or lightly modify,
while in MTOB the advisor model would give several possible full translations the student model
would pick from. As this is a departure from the intended role of the advisor leaving all the intensive
problem solving to the student, we term this behavior “over-advising.”

4.2.2 Addressing Over-Advising

Over-advising may be mitigated by strong prompting against the generation of full solutions by the
advisor model or editing answers out of the generated advice, among other strategies. However, the
occurrence of over-advising in reasoning tasks is not necessarily an undesirable property of ADVISOR
MODELS.

RL has been shown to be an effective strategy for improving task-specific capabilities of open-source
models, often beyond the frontier of closed models [DeepSeek-AI et al., 2025, Yang et al., 2024a,
Liu et al., 2025]. Our results are no different, having trained an open advisor model to outperform
the closed black-box model. A limitation of RL is a degradation in general capability as the model
overfits to the target domain [Luo et al., 2025, Zhu et al., 2024, Zhang et al., 2023]. In ADVISOR
MODELS, however, the presence of the general black-box model allows the full system to retain
general capabilities (Section 4.3.2). Thus, ADVISOR MODELS has great potential in enabling the
optimization of systems with strong target performance while retaining general capability. We
examine this capability retention below.

4.3 RQ3: Are ADVISOR MODELS Robust?

The modular nature of ADVISOR MODELS allows us to view the advisor and student models separately.
At the end of training, the advisor is specialized towards giving effective advice to the targeted task,
while the student model is unchanged and retains all its initial capabilities. We thus approach the
question of ADVISOR MODELS robustness from two perspectives. First, whether the advisor model
is robust to transfer towards other student models. Second, whether the entire system with the
unchanged student model is robust to out-of-domain inputs.

4.3.1 Cross-Student Advisor Transfer

0.00 0.20 0.40 0.60 0.80 1.00
Review Length Eval Reward

GPT 4o-mini
(original)

GPT 5

Claude 4 Sonnet

0.93

0.88

0.90

Figure 6: ADVISOR MODELS transfer across different students. Average reward on review level
evaluation set of using advisor model trained with GPT-4o mini with different black-box models. The
advisor model is able to provide effective advice to the unseen models, demonstrating the policy it
learns is general.
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An exciting consequence of advisor models operating in natural language is that it is theoretically
possible for advisor models trained with one student model (e.g., GPT-4o mini) to effectively advise
another (e.g., Claude 4 Sonnet). We test this insight by taking the advisor trained on the review
length domain with GPT-4o mini as the student model and evaluating it with GPT-5 and Claude 4
Sonnet instead. We find that performance with all three student models are comparable, all achieving
evaluation reward of about 0.90 out of 1, indicating that advisor transfer is feasible.

This property of advisor models can be leveraged to reduce training costs. The RL process for training
the advisor model can incur significant monetary costs through many calls to the black-box model’s
API. For our experiments with 400 training examples, training for 20 epochs involved approximately
400 × 20 × 8 = 64, 000 calls to the black-box model (only rollout process, not including calls
potentially used in reward functions). Given the costs of frontier models today, this was on the order
of $10 for our experiments. However, cost could be magnitudes larger when working with more
expensive black-box models. We have demonstrated that with advisor transfer, we can train advisors
with cheaper student models and effectively deploy with larger, more expensive ones.

4.3.2 Frontier Capability Retention

0% 10% 20% 30% 40% 50% 60% 70% 80%
Solution Correctness

Baseline

Advisor Models
(math_solutions)

Advisor Models
(review_length)

64.0%

64.0%

59.0%

Figure 7: Specializing an advisor does not degrade the student’s core capabilities. We evaluate
an ADVISOR MODELS system with advisors heavily optimized for stylistic preferences and unrelated
preferences on the correctness of generated math solutions. The system’s performance is statistically
indistinguishable from the un-optimized baseline, demonstrating the robustness of ADVISOR MOD-
ELS’s modular architecture. 95% confidence intervals are provided.

A key benefit of the modular ADVISOR MODELS architecture is its inherent robustness against catas-
trophic forgetting. Unlike direct fine-tuning, which can degrade a model’s general capabilities [Luo
et al., 2025, Zhu et al., 2024, Zhang et al., 2023], our approach preserves the student model’s weights,
leaving its core competencies unaltered.

We demonstrate this robustness in Figure 7. First, we take an ADVISOR MODELS system trained
to optimize for stylistic preferences on math solutions and evaluate the correctness of its generated
solutions. The resulting accuracy is statistically indistinguishable from the unadvised baseline,
showing that optimizing for a preference within a domain does not harm performance on the primary
objective. More strikingly, this robustness extends even to out-of-domain advisors. When we
evaluate an ADVISOR MODELS system that was heavily optimized for an entirely unrelated task
(review length), the system’s math solution accuracy remains statistically unchanged from the
baseline. This demonstrates that the student model’s performance is not degraded even when
receiving potentially irrelevant advice, highlighting the system’s resilience.

5 Conclusion & Future Work

We introduce ADVISOR MODELS, a framework that enables dynamic, instance-specific steering of
powerful black-box models. We demonstrate that this approach can successfully learn environment
latents such as user preferences, solving personalization tasks where state-of-the-art static prompt
optimization methods completely fail, and improve performance in out-of-distribution reasoning
tasks. These initial findings on controlled domains highlight the significant potential for ADVISOR
MODELS to be scaled to more complex, real-world challenges.

Moreover, our experiments demonstrate that ADVISOR MODELS can learn a specialized, fine-tuned
advisor while retaining a generalist student model, creating a system that is both transferable to other
student models and robust to out-of-distribution inputs.
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These results open up several exciting directions for future work, from designing advisor architectures
that can provide more structured, multi-step guidance, studying parametric memory, and further
exploring the dynamics of these hybrid advisor-student systems. We believe this research is a
significant step towards creating more customizable, personalizable, and robust interactions with the
most powerful AI models available.
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A Training Details

We utilize a lightly modified fork of the SkyRL framework for all of our RL training runs [Griggs
et al., 2025]. We run all training experiments unless otherwise noted on a single node of 8xH100s.
For reproducibility, we provide key non-default training parameters used:

Table 2: Key training hyperparameters used for ADVISOR MODELS experiments.

HYPERPARAMETER VALUE

TRAINING EPOCHS 10
TRAIN BATCH SIZE 16

POLICY MINI-BATCH SIZE 4
MICRO-BATCH SIZE (PER GPU) 2

LEARNING RATE 1.0× 10−6

MAX PROMPT LENGTH 8192
MAX GENERATION LENGTH 16384

TEMPERATURE 1.0

B ADVISOR MODELS Variants

In this section we discuss variations upon the core ADVISOR MODELS framework we tried. While
these variants did not meaningfully improve upon the original ADVISOR MODELS formulation, we
hope they can inspire future work.

B.1 3-step Advisor System

The second variation modifies the original ADVISOR MODELS formulation to reduce the difficult of
the advisor’s role. Rather than asking the advisor to provide advice given only the task prompt, it is
also given an initial attempt by the student. There are thus 3 steps in this formulation rather than 2:
first, the student model makes an initial attempt at the task; second, the advisor provides advice based
on the attempt; third, the student model updates its attempt based on the advice.

Under this formulation, the advisor’s role is made simpler by the fact there is an initial attempt to
evaluate. This shifts the role of the advisor from a pure generator to a verifier. In theory this should
help training as the space for advice is more defined, but comes at the cost of twice as many calls to
the student model.

B.2 Monte Carlo Reward Estimation

The first variation relates to the reward calculation. The reward we calculate should be the reward
assigned to the advisor’s generations, i.e., a measure of how good the generated advice is. In the
original ADVISOR MODELS formulation, we estimate the quality of the advice by measuring whether
the student model is able to produce a good final output based on the advice. However, student model
generations are non-deterministic, meaning the reward estimate has high variance.

One way to reduce this variance is through Monte Carlo reward estimation [Kazemnejad et al., 2025],
where for a single piece of advice we take the average reward of multiple student responses rather
the reward of a single student response. This has the effect of giving a lower variance estimate of
the reward for the advice. In theory, this should result in more stable training due to better credit
attribution at the cost of a more expensive reward calculation.

C Advice Examples

In this appendix we present examples advice generated by ADVISOR MODELS before and after
training for the same evaluation problems in the review length setting.
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Review Length Eval Example #1

Prompt Info

Name: Matei
Latent Preference: 10-word long reviews
Prompt: Write a review for the Horror book, Frankenstein.

Advice at Step 0

Given Matei’s preference for detailed analysis and a blend of personal critique and
factual information, advise focusing on the book’s complex themes, character devel-
opment, and intriguing narrative structure. Matei benefits from a mix of objective
observations and subjective experiences, so include both your personal reactions and
insights backed by textual evidence. Since Matei enjoys detailed reviews, ensure your
review is around 500-600 words, exploring the book’s historical context, its impact
on the genre, and your specific responses to the eerie atmosphere and psychological
depth.

Advice after Training

Given Matei’s preference for concise, straightforward reviews, focus on a brief, no-
nonsense review. Keep your review to about 8-10 words, highlighting whether you
enjoyed the book or not and why, if necessary. For example: "Frankenstein is a
well-crafted horror book that is easy to read."

Review Length Eval Example #2

Prompt Info

Name: Alex
Latent Preference: 1000-word long reviews
Prompt: Write a review for the Drama movie, Titanic.

Advice at Step 0

For Alex, consider focusing on the emotional depth and historical significance of the
film in your 3-4 sentence review. Since Alex appreciates detailed storytelling, mention
how James Cameron masterfully combines romance with historical drama to create
a moving narrative. Additionally, Alex might enjoy a touch on the visual and audio
effects that enhance the Titanic’s scale and the hardships faced by the characters.

Advice after Training

Given Alex’s preference for detailed analysis, focus on discussing the plot, character
development, and themes of the movie. Since Alex enjoys longer, more in-depth
reviews, write a 1000-word review that explores not just the plot, but also the film’s
impact and its relevance today.
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D Prompt Examples

In this appendix we present the advisor and student prompts we used to train and evaluate ADVISOR
MODELS on the review length domain.

Review Length Advisor Prompt (strong)

System Prompt

You are a review writing advisor. Provide specific guidance for writing a review
that matches the person’s preferences. Consider the length preferences and style that
would work best for the target person.

Instruction

You need to provide advice for writing a review for {person}.
The task is: {prompt}
Provide specific advice about the review that would work best for {person}. Think
carefully about the length of the review in your advice. Keep your advice to 3-4
sentences.

Review Length Advisor Prompt (weak)

System Prompt

You are a review writing advisor. Provide specific guidance for writing a review.

Instruction

You need to provide advice for writing a review for {person}.
The task is: {prompt}
Provide specific advice about the review for {person}. Keep your advice to 3-4
sentences.

Review Length Student Prompt

System Prompt

You are a review writer. Based on the prompt and advisor guidance, write a review
that follows the guidance provided. Write a clear, well-structured review.

Instruction

Review Prompt: {prompt}
Advisor Guidance:
{advice}
Write a review following the advisor’s guidance.
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