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Abstract
Radio-frequency (RF) bunch-merging gymnastics is used

in the RHIC heavy-ion program to combine individual
source pulses into single bunches with suitable intensity.
Preserving intensity and emittance during these gymnastics
requires careful coordination of the voltages and phases of
RF cavities at several harmonic numbers, which is labor-
intensive and fragile against machine drift. Recent work
using a physics-based simulator of the Brookhaven Alternat-
ing Gradient Synchrotron (AGS) has shown that reinforce-
ment learning (RL) can learn effective merge configurations.
RL is data-intensive and requires many training interactions
with the environment. Large language models (LLMs) have
recently demonstrated the ability to extract patterns from
large, noisy data and to integrate domain knowledge into
the control loop, making them an attractive aid for tuning
complex accelerator systems. However, domain adaptation
(i.e., prompt engineering, finetuning, etc.) is always required
for deploying LLM in the target domain and has not been
investigated in particle accelerators. To fill this gap, we
propose an active supervision framework in which the LLM-
based teacher first transfers general control principles from
human operators to the student agent. Then, the student
agent further finetunes the control policy by interacting with
the simulator/experiments with improved sample efficiency.

INTRODUCTION
The Relativistic Heavy Ion Collider (RHIC) at

Brookhaven National Laboratory (BNL) provides the
world’s only high-energy polarized proton beam and is
therefore in a unique position to study the spin structure of
the nucleon [1, 2]. The polarized proton beam is generated
by an Optically Pumped Polarized Ion Source (OPPIS)
and then accelerated through the Linac, Booster, and
Alternating Gradient Synchrotron (AGS) before injection
into RHIC [3, 4].
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Preserving polarization along this chain is a difficult task
because the spin of each particle evolves slightly differently
as it samples different fields along its trajectory, leading to
depolarization at numerous spin resonances [5,6]. To reduce
space charge effects and improve the beam polarization, the
beam bunches are split in the Booster into two or four smaller
bunches. The smaller bunches with reduced space charge
will limit polarization loss during particle acceleration [7,8].

Figure 1: Mountain-range wall-current-monitor (WCM) sig-
nal before (left) and after (right) RF bunch-merging gym-
nastics in the AGS [9].

Before transfer to RHIC, the lower-intensity, smaller
bunches are recombined into a single high-intensity bunch
with suitable intensity near the extraction energy of AGS.
This step is known as radio-frequency (RF) bunch-merging
gymnastics. It is essential for preserving both intensity and
emittance. As shown in Fig. 1, the mountain-range wall-
current-monitor (WCM) signal evolves from multiple sepa-
rated bunches into a single merged bunch after correction.

At present, the AGS bunch-merging process relies heavily
on expert interpretation of mountain range WCM measure-
ments. Experts evaluate the evolution of bunch widths and
center-of-charge oscillations, and then iteratively adjust the
RF voltage and phase programs. While this procedure can
produce acceptable merges, it is labor-intensive, difficult to
reproduce, and fragile against machine drift. Maintaining
high merge quality requires constant monitoring and retun-
ing, which motivates machine learning methods that can
learn robust RF settings and sustain consistent performance
during the AGS bunch-merging process.

Recent work has shown that reinforcement learning
(RL) can provide an effective framework for the AGS
bunch-merging process. Gao et al. [10] used an inverse-
reinforcement-learning (IRL) approach on a Bmad-based
simulator and showed that expert merge behavior can be
learned as an RF control policy. In addition, Gao et al. [9] de-
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ployed a Soft Actor-Critic agent on the AGS bunch-merging
process and demonstrated that the agent effectively corrected
the bunch merge. Together, these results confirm that RL is
a promising tool for bunch merging.

However, RL is highly data-intensive and requires many
training interactions with the environment, which becomes
a critical bottleneck as the number of RF control points
grows [11, 12]. This issue is especially important for RF
bunch merging, where each additional RF voltage or phase
control point increases the search space. Recent advances in
large language models (LLMs) have demonstrated their abil-
ity to extract patterns from large, noisy data and adapt to new
tasks with minimal supervision [13, 14], which has been ap-
plied in accelerator applications [15, 16]. However, directly
using a large LLM as the controller for RF bunch merging is
impractical because repeated LLM inference can introduce
latency and computational overhead. A more suitable strat-
egy is to use the LLM as a teacher during training rather
than as the deployed controller. Zhou et al. introduced this
framework, where an LLM-based teacher provides action
guidance to a smaller and specialized RL student agent [17].
The student distills prior knowledge from the teacher’s guid-
ance and then continues to improve through feedback from
the environment. This teacher-student structure can reduce
unnecessary exploration during RL training while retaining
the fast inference of a compact RL student policy.

This LLM-based policy-teacher strategy has not yet been
investigated for accelerator control applications. To fill this
gap, we propose a framework that trains a smaller, special-
ized student RL agent using instructions from an LLM-based
teacher agent. The teacher agent is used only during training
to provide prior knowledge of RF bunch-merging gymnas-
tics, retrieved examples of successful merges, and action-
space constraints. The student agent then refines its policy
through interaction with the AGS merge simulator and be-
comes the deployable controller. We demonstrate that this
framework provides a warm start for the student agent, lead-
ing to faster convergence and stronger early performance
than RL trained from scratch.

METHODOLOGY
The proposed framework consists of two coupled com-

ponents: an LLM-based teacher agent and a lightweight
student RL agent. The overall architecture is shown in Fig. 2.
The Environment receives RF voltage actions. The teacher
agent observes the current beam state together with retrieved
examples of successful historical merge actions, and then
proposes RF voltage actions and returns beam quality as a
reward. The student agent interacts directly with the envi-
ronment and is trained with a standard RL paradigm (i.e.,
Soft Actor Critic [18]) augmented by guidance from the
LLM teacher. Thus, the LLM is used only during training to
provide active supervision, while the compact student policy
becomes the deployable controller.

This framework uses an LLM-based teacher agent to trans-
fer prior knowledge to the student RL agent. The teacher

provides RF-control prior knowledge, few-shot examples of
successful merges, and action-space constraints. The stu-
dent policy specializes in the AGS merge process through
feedback from the Environment. Compared with RL trained
from scratch, the proposed framework is intended to provide
a warm start, reduce unnecessary exploration, and improve
early training performance.

Teacher Agent with Prompt Engineering

Figure 2: Architecture of the LLM-based teacher agent.
Given the current beam state 𝑆𝑡, the LLM proposes an RF
voltage action that is applied to the Environment. The Envi-
ronment returns the reward 𝑅𝑡.

The static prompt template is organized into five blocks.
The role description block establishes the LLM as an ex-
pert RF control engineer and beam dynamics specialist, and
frames the task as a contextual bandit problem. The back-
ground knowledge block encodes operator know-how about
the bunch-merging process. The input description block
specifies the observation variables that constitute the beam
state. The objective and action space block defines the op-
timization target and the dimension of the RF voltage ac-
tion. The hard limits block enforces physically valid voltage
ranges as constraints that the LLM output must satisfy.

To inject experience-driven priors, we use retrieval aug-
mented prompting. The historical merge actions are main-
tained, and at each query, the top-𝑘 examples with the highest
reward are retrieved and inserted into the prompt as few-shot
demonstrations. This concept makes the teacher generalize
from qualitatively similar past merges without any update to
the LLM parameters.

Student RL Agent and Training Objective
The student policy 𝜋𝜃(⋅ ∣ 𝑠) is a lightweight model that

operates over the same RF voltage action space as the teacher.
Unlike the teacher, the student is updated by interacting with
the environment and observing rewards, so it can refine the
teacher agent’s guidance with feedback from the environ-
ment. To combine the two information sources, the student
is trained with the composite objective

ℒ(𝜃) = ℒRL(𝜃) + 𝜆 𝔼𝑠∼𝜋𝜃
∥𝐴𝑇(𝑠) − 𝐴𝜃(𝑠)∥2

2. (1)

The first term ℒRL(𝜃) is the standard RL loss that uses
feedback from the environment (i.e., Soft Actor Critic [18])
and is designed to maximize the expected return obtained
by the student agent. The second term is a distillation loss
that measures the mean-squared error (MSE) between the
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teacher’s proposed RF voltage action 𝐴𝑇(𝑠) and the student’s
proposed RF voltage action 𝐴𝜃(𝑠) [19]. The hyperparameter
𝜆 ≥ 0 controls the extent to which the student relies on the
teacher. When 𝜆 = 0, the objective reduces to standard
RL training with no teacher influence. As 𝜆 increases, the
student is more strongly influenced by the teacher’s guidance.

SIMULATION STUDY
We evaluate the proposed framework on the polarized pro-

ton merges using a Bmad simulation environment [20]. The
action consists of six RF voltage setpoints that reconstruct
the two RF voltage programs: four setpoints for harmonic
group 12 and the remaining two for harmonic group 6. The
state 𝑆𝑡 returned by the environment is the beam-quality
observables, 𝑆𝑡 = [avg_z, std_z, std_avg_z, std_std_z],
where avg_z is the average bunch centroid position, std_z is
the average bunch length, std_avg_z is the standard devia-
tion of the centroid, and std_std_z is the standard deviation
of the bunch length.

The reward 𝑅𝑡 is a weighted sum of three bunch-merge
quality metrics:𝑅𝑡 = 1

2 𝑟1 + 1
4 (𝑟2 + 𝑟3), where 𝑟1 = (10 −

std_z)/10, 𝑟2 = (0.03 − std_avg_z)/0.03, and 𝑟3 = (0.3 −
std_std_z)/0.3. Here, std_z represents the average bunch
length, std_avg_z represents the centroid-position variation,
and std_std_z represents the bunch-length variation. so that
a higher reward corresponds to RF voltages that produce
a compact and stable merged bunch, which is suitable for
preserving the required final bunch intensity while limiting
longitudinal emittance growth.

The teacher policy is implemented with the gpt-oss-20b
LLM [21], queried with the structured prompt. At each
query, the top-100 historical merge actions ranked by reward
are retrieved from the JSON dataset and inserted into the
prompt as few-shot demonstrations, following the retrieval-
augmented generation paradigm [22]. The student is a
lightweight model, trained with the composite objective in
Eq. (1). Deploying only the student after training avoids the
inference latency. All experiments are run on a workstation
equipped with four NVIDIA RTX A5000 GPUs.

We compare the proposed framework against three base-
lines: (1) LLM only: the LLM is queried directly with the
prompt, and its action proposal is applied to the environment
without any RL student agent training. (2) RL: An RL agent
is trained from scratch on the simulator. (3) Pretrained RL:
an RL policy is first pretrained on the simulator and then
used to guide the student RL agent. These baselines isolate
the benefit of having a teacher in general. The proposed
framework, in which the student is trained with the compos-
ite objective of Eq. (1) using the LLM-based teacher agent:
the gpt-oss-20b.

Figure 3 shows that: (1) The vanilla RL baseline improves
steadily, but it requires many interactions with the environ-
ment before reaching the low-emittance, high-reward region.
This behavior reflects the low sample efficiency and high
exploration cost of standard RL training. (2) The LLM-only
baseline provides a useful prior for the bunch-merging task,

Figure 3: Training performance of the student reinforcement
learning (RL) agent for AGS bunch merging. Left: evolu-
tion of the bunch emittance over training episodes. Right:
corresponding evolution of the reward.

Table 1: Student RL agent’s bunch-merging performance at
initialization and at the best training checkpoint.

Initial Best
Emittance (×10−3) 4.53 1.43
Reward 0.400 0.859

but it is not updated through environment feedback. In addi-
tion, directly using a large LLM for control can introduce
significant inference latency. (3) The pretrained RL baseline
performs well in the early training stage, but it requires a sep-
arate RL pretraining procedure. Thus, its strong initial per-
formance is obtained at the cost of additional data-sampling
and exploration. In contrast, the proposed framework uses
the LLM teacher agent during training to guide a compact
student RL agent. This framework gives the student a strong,
warm start, leading to faster convergence and better early
training performance than RL trained from scratch.

Table 1 summarizes the student RL agent’s bunch-merging
performance during training. The theoretical ground truth
is the sum of the two initial bunch emittances. At initial-
ization, the student agent produces a merged emittance of
4.53 × 10−3, corresponding to a 355.73% deviation from
the ground truth. After training, the best policy reduces the
merged emittance to 1.43 × 10−3, a 43.86% deviation from
the theoretical optimum (i.e., 43.86% above the theoretical
minimum), while the reward improves from 0.400 to 0.859.
The LLM-guided student agent, therefore, drives the bunch
merges close to the theoretical ground truth.

CONCLUSION
In this work, we proposed an active supervision frame-

work for AGS RF bunch merging that uses an LLM-based
teacher to guide the training of a compact, domain-specific
student RL policy. The teacher transfers bunch-merging
prior knowledge, retrieved successful merge examples, and
action-space constraints. The student then refines its policy
through environment feedback. On a Bmad-based AGS sim-
ulator, the framework converges faster and reaches stronger
early performance than RL trained from scratch, while re-
quiring only the lightweight student policy at deployment.
Future work will validate the framework against live ma-
chine data and extend the action space to include RF phase
programs.
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