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ABSTRACT

Multi-agent LLM systems enable advanced reasoning and tool use via role spe-
cialization, yet reliable reinforcement learning (RL) post-training for such sys-
tems remains difficult. In this work, we theoretically pinpoint a key reason for
training instability when extending group-based RL to multi-agent LLM systems.
We show that under GRPO-style optimization, a global normalization baseline
may deviate from diverse agents’ reward distributions, which ultimately leads to
gradient-norm instability. Based on this finding, we propose Dr. MAS, a sim-
ple and stable RL training recipe for multi-agent LLM systems. Dr. MAS uses
an agent-wise remedy: normalizing advantages per agent using each agent’s own
reward statistics, which calibrates gradient scales and dramatically stabilizes train-
ing, both theoretically and empirically. Beyond the algorithm, Dr. MAS provides
an end-to-end RL training framework for multi-agent LLM systems, supporting
scalable orchestration, flexible per-agent LLM serving and optimization configs,
and shared resource scheduling of LLM actor backends. We evaluate Dr. MAS
on multi-agent math reasoning and multi-turn search benchmarks using Qwen2.5
and Qwen3 series models. Dr. MAS achieves clear gains over vanilla GRPO (e.g.,
+5.6% avg@16 and +4.6% pass@16 on math, and +15.2% avg@16 and +13.1%
pass@16 on search) while largely eliminating gradient spikes. Our code is avail-
able at https://github.com/langfengQ/DrMAS.

1 INTRODUCTION

Large Language Models (LLMs) (Achiam et al., 2023; Team et al., 2023; Liu et al., 2024; Yang
et al., 2025) have demonstrated impressive reasoning abilities across diverse domains (e.g., ques-
tion answering, code generation), but many practical applications involve complex scenarios where
multiple agents need to interact and coordinate. For example, tasks like complex information re-
trieval (Chang et al., 2025; Zhang et al., 2025d), agentic software engineering (Hong et al., 2024;
Qian et al., 2024), and open-ended device control (Wang et al., 2024; Tan et al., 2025) involve mul-
tiple participants working together over extended horizons. Organizing LLMs into a Multi-Agent
System (MAS), where each agent specializes in a subtask or role, has become a trend to handle
complex real-world tasks more effectively (Tran et al., 2025; Zhang et al., 2025a).

Reinforcement Learning (RL) (Sutton & Barto, 2018) now plays a foundational role in LLM post-
training. Despite its growing importance, the extension of RL training to multi-agent LLM systems
remains largely underexplored from both algorithmic and system perspectives. On the algorithmic
side, while group-based RL methods like Group Relative Policy Optimization (GRPO) (Shao et al.,
2024) excel in single-agent scenarios, adapting them to multi-agent settings introduces significant
challenges due to the frequent instability observed across various scenarios (Chen et al., 2025; Zhao
et al., 2025; Yuan et al., 2025). Agents are often invoked at different frequencies, leading to het-
erogeneous data distributions that greatly complicate end-to-end optimization (Hong et al., 2025).
On the system side, recent large-scale RL post-training frameworks, like veRL (Sheng et al., 2024)
and ROLL (Wang et al., 2025b), provide flexible, high-throughput training pipelines for LLMs, but
are largely designed around optimizing a single LLM actor. They generally lack the native sup-
port for efficient multi-agent orchestration and multiple LLMs’ co-training, restricting the flexible
scheduling and resource sharing required for heterogeneous agent configurations.
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In this work, we theoretically identify that applying vanilla GRPO to train multi-agent LLM systems
introduces systematic gradient variance and destabilizes training. We provide rigorous mathemati-
cal and empirical analysis, demonstrating that using a global advantage baseline across agents can
inflate the second moment of their gradients, leading to gradient-norm explosion. Building on this
analysis, we propose Dr. MAS, a simple and stable RL training recipe for multi-agent LLM sys-
tems. Dr. MAS adopts a straightforward yet effective remedy: each agent normalizes rewards using
its own mean and variance. Concretely, we group action experience by agent so that each policy’s
advantage estimates are normalized with respect to its own data distribution. This calibration bal-
ances per-agent gradients, thus resulting in a dramatic reduction in variance for the policy gradient
estimator. Beyond the algorithm itself, Dr. MAS also provides an end-to-end RL training frame-
work tailored for multi-agent LLM systems. It supports scalable multi-agent orchestration, flexible
agent-model assignment with optional LLM sharing (e.g., co-training 7B and 3B models), per-agent
configuration of optimization, and shared resource pooling for efficient scheduling of LLM actor
backends. The result is a unified system that maintains well-conditioned gradients and high hard-
ware efficiency while enabling stable co-training across multiple LLM agents.

We evaluate Dr. MAS on role-specialized multi-agent systems for math reasoning and multi-turn
search, using Qwen2.5 (Bai et al., 2025) and Qwen3 (Yang et al., 2025) series models, under
both LLM-sharing and non-sharing settings. Across tasks and settings, Dr. MAS consistently im-
proves the performance over vanilla GRPO (e.g., +5.6% avg@16 and +4.6% pass@16 on math, and
+15.2% avg@16 and +13.1% pass@16 on search). We also observe markedly improved stability,
with gradient-norm spikes largely eliminated.

2 RELATED WORK

Reinforcement Learning for LLMs. RL post-training has evolved from alignment-focused
RLHF (Ziegler et al., 2019; Ouyang et al., 2022) to Reinforcement Learning from Verifiable Re-
wards (RLVR) (Zeng et al., 2025), where group-based methods like GRPO (Shao et al., 2024) serve
as efficient alternatives to PPO (Schulman et al., 2017). By aggregating multiple rollouts and per-
forming relative comparisons, these techniques avoid explicit value-function learning and have been
successfully extended to agentic tasks involving tool use and reasoning (Qian et al., 2025; Wang
et al., 2025c; Feng et al., 2025b; Xue et al., 2025b; Dong et al., 2025).

Reinforcement Learning for Multi-Agent LLMs. Research has expanded into learning coordi-
nation within multi-agent systems, utilizing techniques such as self-play (Liu et al., 2025a; Yuan
et al., 2025) and multi-agent distillation (Li et al., 2025a). Meanwhile, group-relative optimization
has been extended to multi-agent settings (Liu et al., 2025b; Chen et al., 2025; Park et al., 2025; Wan
et al., 2025; Mo et al., 2025; Hong et al., 2025), but these methods typically rely on heuristics and
lack stability guarantees. Dr. MAS distinguishes itself by theoretically identifying gradient-norm
inflation as the root cause of instability and proposing a simple yet rigorous agent-wise solution.

Reinforcement Learning Infrastructure. As RL post-training scales, infrastructure has shifted
toward optimizing the end-to-end rollout-train loop. While general-purpose frameworks, like
veRL (Sheng et al., 2024), OpenRLHF (Hu et al., 2024), ROLL (Wang et al., 2025b), and AReaL (Fu
et al., 2025), improve throughput, and newer tools like MARTI (Zhang et al., 2025c) and Pet-
tingLLMs (Zhao et al., 2025) offer multi-agent interfaces, they often lack native support for het-
erogeneous model assignments or shared resource pooling. Dr. MAS addresses these system-level
challenges to enable scalable and hardware-efficient multi-agent post-training.

3 PRELIMINARIES

3.1 MULTI-AGENT LLMS

We consider a cooperative multi-agent LLM system consisting of K distinct LLM agents
πθ1 , πθ2 , . . . , πθK , each parameterized by its own LLM weights θk. The agents jointly en-
gage in solving complex tasks sampled from a distribution x ∈ p(X). Each full interac-
tion process (trajectory) produces a single outcome reward R ∈ R to indicate success or
failure. During task completion, the agents’ joint interaction unfolds as a trajectory τ =
{(s1,a1, k1), (s2,a2, k2), . . . , (sT ,aT , kT )}, where st denotes the conversational or contextual
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state (e.g., dialogue history, task prompt, or shared memory) at execution step t, at is the text output
produced, and kt ∈ 1, . . . ,K denotes which LLM agent was active at step t. The active agent can
change dynamically across the trajectory, for instance, in a hierarchical multi-agent framework, a
high-level planner LLM may decide which sub-agent executes at each step. Hence, the index kt
explicitly denotes the identity of the agent executing at each step. The execution LLM agent kt gen-
erates its output based on its policy at ∼ πθkt

(· | st). Depending on the system design, the agents
may share parameters (i.e., θ1 = · · · = θK) , differing in role-specific prompts, enabling efficient
adaptation under a unified LLM, or they may maintain distinct parameters (θi ̸= θj) to specialize in
heterogeneous sub-tasks, allowing diverse reasoning capabilities across agents.

3.2 GROUP RELATIVE POLICY OPTIMIZATION

Group-based RL methods like Group Relative Policy Optimization (GRPO) (Shao et al., 2024) opti-
mize policies by comparing multiple rollouts generated from the same task instruction and normaliz-
ing their rewards within each group, thereby avoiding explicit value-function estimation. Formally,
given a task instruction x, the multi-agent LLM system samples a set of N trajectories

{τ i = (si1, a
i
1, k

i
1, . . . , s

i
Ti
, aiTi

, kiTi
)}Ni=1, (1)

where kit ∈ {1, . . . ,K} denotes the active agent at step t of trajectory i. Each trajectory τ i receives a
scalar terminal reward Ri = R(τ i) ∈ R that measures the overall quality of the generated outcome.
The normalized advantage for each trajectory is computed using the group’s mean and standard
deviation:
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This advantage is then propagated to all agent outputs that contributed to the trajectory. Formally,
we define the set of outputs of agent k as Yk = {ait | kit = k}, i.e., the collection of all time steps
(i, t) across the group at which agent k produces an action. Notably, agents are often invoked at
different frequencies, which results in varying sample sizes |Yk|. The RL objective for agent k is
then given by

Jk(θk) = Ex∼p(x)
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is the importance sampling ratio. Here, we omit the KL-divergence

regularization for notational brevity.

4 METHODOLOGY
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Figure 1: Algorithm comparison. (a) GRPO
with global baseline (µ, σ) can cause unstable
gradient norm. (b) Dr. MAS with per-agent
normalization (µk, σk) stabilizes the training
of MAS.

In a multi-agent LLM system, different agents of-
ten specialize in distinct functions (e.g., informa-
tion retrieval vs. answer synthesis, high-level plan-
ning vs. low-level execution), and consequently can
exhibit substantially different reward distributions.
We find that using vanilla GRPO with the global
baseline (µ, σ) for all agents can be suboptimal:
some agents may consistently operate in reward dis-
tributions above the global mean, while others re-
main below it. This persistent bias in how advan-
tages are normalized can introduce a determinis-
tic shift in the effective advantages seen by each
agent, which in turn can inflate gradient-estimator
variance and destabilize training.

In this section, we introduce Dr. MAS by (1) the-
oretically formalizing the instability and analyzing
the second moment of the per-agent gradient under GRPO optimization (Section 4.1); (2) proposing
an agent-wise remedy that calibrates each agent’s advantage using its own reward statistics, thereby
improve the training stability (Section 4.2); and (3) describing a system framework that implements
efficient end-to-end RL training recipe for multi-agent LLM systems (Section 4.3).
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4.1 RISK OF GRADIENT NORM EXPLOSION

To focus on how advantage normalization causes the instability in MAS training, we perform a
theoretical analysis of the gradient norm. We base our analysis on the unclipped GRPO gradient
(clipping and other regularization only further bound the update and are orthogonal to the gradient
issue we study). For each agent k, and for each step (i, t) such that kit = k, we define the score
function as z(k)i,t ≜ ∇θkρθk(a

i
t) and corresponding (unclipped) GRPO gradient contribution as

g̃globalk ≜
Ri − µ

σ
z
(k)
i,t . (4)

Here, (µ, σ) are the mean and standard deviation used by vanilla GRPO. We assume that each agent’s
score function has a bounded second moment:

Assumption 4.1. For each agent k, there exists a constant Ck < ∞ such that E
[
∥z(k)i,t ∥2

]
≤ Ck.

Then we can express the second moment of the per-agent gradient as follows.

Lemma 4.2. Under Assumptions 4.1, for any agent k,

Eai
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[
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]
=Eai

t∼Yk

[
∥z(k)i,t ∥

2
] σ2

k + (µk − µ)2

σ2
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|Yk|
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ai

t∈Yk
Ri, σ2

k ≜ 1
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ai
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(Ri −µk)

2 are the mean and variance when sam-
pling time steps uniformly from Yk (i.e., when agent k is active). ∆k is a score-reward covariance
correction term.

See Appendix B.1 for the proof. Lemma 4.2 separates the per-agent gradient norm into a dominant
scaling factor and a residual covariance correction. The multiplicative factor

(
σ2
k + (µk − µ)2

)
/σ2

grows when agent k operates in a reward distribution whose mean is far from the global mean
or agent k’s conditional reward variance is much larger than the global variance. The term ∆k

captures the residual score-reward correlation. In large-scale LLM training, rewards are typically
low-dimensional signals of final task quality (e.g., pass/fail for reasoning, correctness for coding),
while z

(k)
i,t depends mainly on the local token-level stochasticity of the policy. Empirically, their

covariance is often much smaller than the dominant scaling factor Ek[∥z(k)i,t ∥2](σ2
k+(µk−µ)2)/σ2.

This decomposition reveals the intrinsic instability of global normalization of GRPO in heteroge-
neous multi-agent training: a large deviation in the dominant scaling factor can inflate the gradient
and lead to unstable updates. We formalize this phenomenon below.

Proposition 4.3 (Gradient-Norm Inflation). As either the normalized mean deviation |µk −µ|/σ or
the normalized variance ratio σ2

k/σ
2 becomes large, the second moment of g̃globalk grows at least

linearly. Consequently, along any training process for which there exists a sequence of iterations
indexed by m such that

σ2
k,m + (µk,m − µm)2

σ2
m

→ ∞, E
[
∥g̃globalm ∥2

]
→ ∞,

where g̃globalm = (g̃global1,m , . . . , g̃globalK,m ) stacking all LLM agents’ gradients.

The proof is provided in Appendix B.2. Proposition 4.3 demonstrates that gradient-norm inflation
can be triggered by any agent whose reward distribution is poorly aligned with the global baseline.
In practice, the gradient norms in such cases typically do not reach mathematical infinity. How-
ever, they often grow large enough and trigger severe gradient spikes, thus destabilizing the training
process of the entire multi-agent LLM system.

4.2 AGENT-WISE REMEDY

Fortunately, Proposition 4.3 suggests a straightforward and effective remedy: calibrating each
agent’s advantages using reward statistics computed exclusively on the steps where that agent
is active. Specifically, we replace the global baseline (µ, σ) with (µk, σk), which ensures that

4



Published as a conference paper at ICLR 2026 Workshop on MALGAI

Multi-Agent 
Orchestration

Resource Pooling & Scheduling

Agent_id 1

Environment

Agent-to-wg mapping

Per-agent config
actor.optim.lr
actor.optim.lr_warmup_steps
actor.ppo_micro_batch_size_per_gpu
…

Agent_id 1
Config 1

Agent-Model 
Assignment

RL
TrainerCollected Trajectories

Split into per-model 
micro-batches

Shared Resource Pool

User-defined agent 
role and workflow

Rollout

Model 
sharing?

Agent_id 2&3
Config 2&3

Env 
Worker

Env 
Worker

Env 
Worker

Env 
Worker

Agent_id 2

Agent_id 3

Ray Placement Group(s)
GPU Nodes

(agent_id, wg_id)

(e.g., Search, Math)

ActorRollout
(wg_id 1)

ActorRollout
(wg_id 2)

Figure 2: Overview of multi-agent LLM RL framework. A multi-agent orchestrator manages dis-
tributed rollouts, agents are mapped to LLM worker groups with optional LLM sharing, and a shared
resource pool schedules actor backends for efficient inference and per-model optimization.

(σ2
k + (µk − µ)2)/σ2 = 1. In practice, this corresponds to normalizing each agent’s reward us-

ing its own empirical mean and variance:

Ai,k
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, (5)
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2. Therefore, an analysis analogous
to Lemma 4.2 yields
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]
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where g̃agentk = Ri−µk

σk
z
(k)
i,t . Thus, under agent-wise normalization, the second moment of each

agent’s gradient is bounded purely by its own score statistics. Crucially, this effect is inherently
multi-agent: as the number of specialized agents increases and their roles become more heteroge-
neous, a single global baseline is increasingly likely to be badly aligned with some agents, leading
to gradient norm explosion. As shown in Figure 1, a simple agent-wise remedy, by adapting to each
agent’s own statistics, achieves keeping all gradients in a comparable, well-conditioned range, while
still enabling cooperative optimization of the overall multi-agent LLM system.

4.3 FRAMEWORK FOR MULTI-AGENT LLM RL

We next present a unified system framework that realizes end-to-end RL post-training for multi-
agent LLMs. As illustrated in Figure 2, the system is designed to ensure well-conditioned gradient
updates across agents, while maintaining scalable orchestration, flexible agent-model assignment,
per-agent optimization configs, and efficient hardware utilization for multi-agent rollouts.

Multi-Agent Orchestration. Our system is coordinated by a multi-agent trajectory collector, which
manages the distributed interaction between the multi-agent LLM system and the environment. It
delegates the rollout to a user-defined multi-agent orchestra, which governs the agent roles and
execution flow. The orchestra dynamically selects and invokes agent policies based on the current
state or prior agent outputs, enabling flexible and conditional control over multi-agent decision-
making.

Agent-Model Assignment. A core assignment logic maps logical agents (1, . . . ,K) to physical
LLM worker groups (wg id). In non-shared settings, each agent k is assigned a distinct worker
group (e.g., 7B and 3B models). Conversely, in shared settings, all agents configured with the same
model are mapped to a single, shared worker group, allowing joint training and inference while
reusing model weights.

Per-Agent Configuration. Dr. MAS supports agent-specific training hyperparameters for granular
control. This allows configurations like actor.optim.lr to be specified on a per-agent basis.
Our system injects the k-th hyperparameter set into the configuration for agent k, which is then
attached to its corresponding LLM work group. A runtime check ensures that all agents sharing the
same worker group utilize identical configurations.

Shared Resource Pooling and Scheduling. This component decouples logical agent-model as-
signments from physical resource placement. A resource pool manager provisions hardware re-
sources (e.g., GPUs) into named pools. All LLM actor backends (one for each wg id) are mapped
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Figure 3: Illustration of the orchestrations. Left: Math orchestration uses a two-agent loop, where
a solver proposes candidate solutions and a verifier evaluates and either approves or requests re-
finement. Right: Multi-turn search orchestration uses a hierarchical three-agent pipeline, where
a top-level verifier selectively invokes either a search agent to retrieve external information or an
answer agent to produce the final result.

Table 1: Math results on Qwen3-4B/8B. We report the avg@16 and pass@16 of single-agent training
with GRPO and multi-agent training under LLM sharing/non-sharing, using vanilla GRPO and Dr.
MAS. Subscripts for Dr. MAS denote ∆ over the vanilla GRPO under the same multi-agent setting.

Benchmark
Single-Agent Multi-Agent & LLM Sharing Multi-Agent & LLM Non-Sharing

GRPO GRPO Dr. MAS GRPO Dr. MAS
avg@16 pass@16 avg@16 pass@16 avg@16 pass@16 avg@16 pass@16 avg@16 pass@16

Qwen3-4B

AIME’24 38.8 63.3 39.3 64.0 39.30.0 63.3↓0.7 42.7 73.3 46.9↑4.2 80.0↑6.7
AIME’25 33.1 56.7 31.4 53.3 38.1↑6.7 63.3↑10.0 35.6 63.3 38.1↑2.5 66.7↑3.4
AMC’23 83.5 95.0 85.6 95.0 87.3↑1.7 95.00.0 83.5 95.0 89.5↑6.0 97.5↑2.5
MATH500 89.0 94.2 89.5 96.2 90.5↑1.0 96.0↓0.2 89.6 95.0 92.4↑2.8 97.0↑2.0
Minerva 37.9 49.6 37.5 50.0 40.9↑3.4 53.3↑3.3 37.5 50.7 39.0↑1.5 51.5↑0.8
Olympiad 53.3 66.5 57.6 65.6 58.2↑0.6 68.6↑3.0 56.3 68.9 60.9↑4.6 73.6↑4.7
Average 55.9 70.9 56.8 70.7 59.0↑2.2 73.2↑2.6 57.5 74.4 61.1↑3.6 77.7↑3.3

Qwen3-8B

AIME’24 36.0 67.3 42.7 66.7 54.8↑12.1 80.0↑13.3 42.9 70.0 44.6↑1.7 73.3↑3.3
AIME’25 32.7 50.0 31.4 53.3 39.4↑8.0 70.0↑16.7 31.8 53.3 41.5↑9.7 56.7↑3.4
AMC’23 87.0 95.0 87.3 95.0 88.9↑1.6 97.5↑2.5 86.1 95.0 87.5↑1.4 95.00.0

MATH500 89.9 94.8 89.6 96.2 91.3↑1.7 96.0↓0.2 90.5 96.6 90.7↑0.2 96.2↓0.4
Minerva 36.0 46.7 37.5 50.0 39.9↑2.4 49.6↓0.4 39.2 50.7 40.9↑1.7 54.0↑3.3
Olympiad 57.9 67.5 58.2 71.4 59.3↑1.1 72.4↑1.0 58.2 67.6 59.0↑0.8 70.2↑2.6
Average 56.6 70.2 57.8 72.1 62.3↑4.5 77.6↑5.5 58.1 72.2 60.7↑2.6 74.2↑2.0

to the ActorRollout role. To support high-throughput and low-latency decoding in multi-
agent rollouts, these actor backends use sglang (Zheng et al., 2024) as the inference engine.
This allows them to be co-provisioned within the same shared resource pool using Ray place-
ment groups, enabling scalable scheduling of multiple concurrent LLMs. Agent calls are routed by
an agent to wg mapping (agent id → wg id). This mapping dynamically dispatches the
agent’s generation request to the correct backend worker group (actor rollout wg[wg id]).
In the optimization phase, the trainer partitions the aggregated batch B into per-model micro-batches
Bwg according to their worker group ID. Policy updates are then performed for each worker group,
ensuring that gradients from an agent’s trajectories only update its designated LLM backend.

5 EXPERIMENT

In this section, we evaluate Dr. MAS on two multi-agent orchestrations: a two-agent loop pipeline
for math reasoning and a three-agent hierarchical pipeline for multi-turn search (Figure 3), under
both LLM sharing and non-sharing settings. Specifically, we aim to demonstrate: (1) the consistent
performance gains of Dr. MAS over vanilla GRPO; (2) more stable training dynamics and smoother
gradient norms of Dr. MAS; (3) the individual contribution of each normalization component via
a detailed ablation study (Appendix F.1); and (4) the practical efficiency and compatibility of Dr.
MAS when applied to heterogeneous agent-model assignments (Appendix F.2).

5.1 MATH

Math Orchestration. We first evaluate Dr. MAS on challenging mathematical reasoning tasks
using a two-agent architecture (a solver agent and a verifier agent), as shown in Figure 3. In each
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Table 2: Multi-turn search QA results on Qwen2.5-3B/7B. We report the avg@16 and pass@16 of
single-agent training with GRPO and multi-agent training under LLM sharing/non-sharing, using
vanilla GRPO and Dr. MAS. Subscripts for Dr. MAS denote ∆ over the vanilla GRPO under the
same multi-agent setting.

Benchmark
Single-Agent Multi-Agent & LLM Sharing Multi-Agent & LLM Non-Sharing

GRPO GRPO Dr. MAS GRPO Dr. MAS
avg@16 pass@16 avg@16 pass@16 avg@16 pass@16 avg@16 pass@16 avg@16 pass@16

Qwen2.5-3B

NQ 40.6 54.7 41.0 59.0 43.8↑2.8 58.5↓0.5 43.8 54.5 44.6↑0.8 58.1↑3.6
TriviaQA 58.1 68.8 57.9 68.4 61.7↑3.8 70.1↑1.7 60.6 70.8 61.1↑0.5 71.7↑0.9
PopQA 44.2 49.6 43.2 58.0 45.0↑1.8 57.6↓0.4 45.6 54.5 46.5↑0.9 57.4↑2.9
HotpotQA 31.8 40.9 32.5 48.0 33.3↑0.8 51.2↑3.2 32.5 45.2 35.3↑2.8 51.1↑5.9
2Wiki 29.9 43.7 33.7 64.0 34.1↑0.4 64.00.0 29.2 48.9 34.9↑5.7 60.2↑11.3
MuSiQue 7.9 14.6 9.1 26.5 10.2↑1.1 25.8↓0.7 8.6 19.2 10.4↑1.8 26.1↑6.9
Bamboogle 15.3 27.2 26.4 46.4 28.6↑2.2 49.6↑3.2 21.0 33.6 25.4↑4.4 46.4↑12.8
Average 32.5 42.8 34.8 52.9 36.7↑1.8 53.8↑0.9 34.5 46.7 36.9↑2.4 53.0↑6.3

Qwen2.5-7B

NQ 46.4 57.6 45.2 60.0 47.4↑2.2 60.7↑0.7 27.1 39.0 47.7↑20.6 59.5↑20.5
TriviaQA 63.1 72.4 63.9 70.9 63.1↓0.8 71.2↑0.3 53.1 64.4 63.4↑10.3 72.7↑8.3
PopQA 47.2 53.6 43.9 55.0 45.9↑2.0 57.3↑2.3 20.7 27.9 46.7↑26.0 57.8↑29.9
HotpotQA 43.0 55.1 40.3 55.0 42.5↑2.2 56.0↑1.0 24.4 36.2 44.0↑19.6 57.5↑21.3
2Wiki 40.6 61.6 41.6 67.8 42.0↑0.4 67.1↓0.7 30.3 51.2 45.4↑15.1 68.1↑16.9
MuSiQue 17.8 34.6 15.2 31.7 16.7↑1.5 32.1↑0.4 8.3 18.1 19.4↑11.1 34.9↑16.8
Bamboogle 36.7 54.4 40.1 58.4 40.10.0 59.2↑0.8 31.9 46.4 39.8↑7.9 57.6↑11.2
Average 42.1 55.6 41.5 57.0 42.5↑1.1 57.7↑0.7 28.0 40.5 43.8↑15.8 58.3↑17.8

episode, the solver agent proposes candidate solutions, while the verifier agent inspects the solver’s
reasoning and decides whether the current solution should be accepted or revised. If the verifier
deems the solution unsatisfactory, the system triggers another round of solver refinement. Otherwise,
the interaction terminates and the final answer is emitted. We use Qwen3-4B/8B (Yang et al., 2025)
as the LLM policy for each agent and evaluate both the shared-LLM and non-shared settings.

Setup. For training, we adopt the training corpus from DAPO-Math (Yu et al., 2025), which consists
of diverse math problems paired with verifiable solutions and reward signals. The rollout group size
is set to 8. For evaluation, we report the avg@16 and pass@16 results on a suite of competitive
benchmarks: AIME’24, AIME’25, AMC’23, MATH500 (Hendrycks et al., 2021), Minerva, and
OlympiadBench (He et al., 2024). All other experimental details are available in Appendix C.1.

Results. As shown in Table 1, Dr. MAS improves over vanilla GRPO under both LLM sharing
and LLM non-sharing. While applying GRPO directly to the multi-agent setting can reach decent
average scores, the gains are not always consistent across benchmarks, and some hard splits may not
improve. This suggests that a single global normalization of GRPO can make multi-agent training
less reliable. In contrast, Dr. MAS uses per-agent normalization to keep each agent’s update on a
similar scale, which leads to more consistent improvements across datasets and settings (an overall
increase of 5.6% in avg@16 and 4.6% in pass@16). For Qwen3-4B, Dr. MAS improves the perfor-
mance under the sharing setting from 56.8/70.7 to 59.0/73.2 and improves the non-sharing setting
from 57.5/74.4 to 61.1/77.7. The pronounced gain in the non-shared setting suggests that when
agents possess independent parameters, their behavioral distributions diverge more significantly,
making Dr. MAS’s agent-specific calibration even more critical. Similarly, for Qwen3-8B, we ob-
serve strong gains in both configurations. The most significant improvements occur on the challeng-
ing AIME benchmarks (e.g., 42.7/66.7 → 54.8/80.0 on AIME’24), demonstrating that high-variance
gradients from GRPO can easily disrupt the learning of fragile, long-horizon reasoning chains. Dr.
MAS guarantees stable convergence, allowing agents to robustly learn the precise deductions.

5.2 MULTI-TURN SEARCH

Search Orchestration. We then evaluate Dr. MAS on the multi-turn search tool-calling task. To
this end, we design a hierarchical workflow comprising three agents: a verifier agent, a search agent,
and an answer agent, as shown in Figure 3. At the top level, the verifier agent determines whether
the information currently available is sufficient to answer the query. If not, it delegates downward to
the search agent, which is responsible for retrieving additional external evidence. Once the verifier
agent judges that the information is adequate, it invokes the answer agent, which synthesizes all
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retrieved evidence into a final answer. We use Qwen2.5-3B/7B (Bai et al., 2025) as the LLM policy
for each agent and evaluate both the shared-LLM and non-shared settings.

Setup. Our experimental setup follows Search-R1 (Jin et al., 2025). We employ E5 (Wang et al.,
2022) as the retriever. The rollout group size is set to 5 and the max turn is set to 4. For evaluation,
we consider both single-hop QA benchmarks (NQ (Kwiatkowski et al., 2019), TriviaQA (Joshi
et al., 2017), PopQA (Mallen et al., 2022)) and multi-hop QA benchmarks (HotpotQA (Yang et al.,
2018), 2WikiMultiHopQA (Ho et al., 2020), MuSiQue (Trivedi et al., 2022), Bamboogle (Press
et al., 2022)) and report the avg@16 and pass@16 results. For training, we use the mixture of NQ
and HotpotQA. All other experimental details are available in Appendix C.2.

Results. As shown in Table 2, the instability shows up more clearly in multi-turn search, as errors
can snowball across tool calls and across agents. In this setting, vanilla GRPO is especially risky
when LLMs are not shared, since each agent can drift and the same global scaling may no longer
match their learning dynamics. A clear example of this failure occurs with Qwen2.5-7B (non-
sharing), where vanilla GRPO learns to avoid calling search agents entirely due to high gradient
norms, leading to a severe performance drop (28.0/40.5). In contrast, Dr. MAS effectively mitigates
this risk and yields consistent improvements, with an overall increase of 15.2% in avg@16 and
13.1% in pass@16. Notably, Dr. MAS restores the performance of Qwen2.5-7B to 43.8/58.3, a
result that not only far exceeds the vanilla baseline but also surpasses both the single-agent baseline
and the shared-LLM setting. This trend, consistent with our observations in math tasks, highlights
that LLM non-sharing can be hurt badly without proper stabilization, and reducing training noise at
the agent level becomes crucial.

5.3 GRADIENT-NORM INSTABILITY

Next, we investigate the gradient-norm instability by tracking the training accuracy and per-
agent gradient norms during RL post-training for the search orchestration under LLM non-sharing
(Qwen2.5-3B) (see Appendix F.3 for math results). As shown in Figure 4, vanilla GRPO induces
frequent, high-magnitude gradient norm spikes. The search agent has the largest spikes (reaching
very high values early and again around the middle of training), the answer agent also exhibits large
spikes at the beginning, and the verifier shows noticeable peaks as well. These spikes mean that
some steps produce unusually large updates, which makes training noisy and harder to control.
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Figure 4: Comparison of training accuracy and gradient norm between GRPO and Dr. MAS.

Dr. MAS mitigates this failure via the agent-wise remedy that normalizes advantages per agent,
keeping per-agent update scales better calibrated. As illustrated in Figure 4, Dr. MAS keeps the
gradient norms of all three agents much smoother and at a lower level throughout training, therefore
achieving notable performance gains in Tables 1 and 2.

6 CONCLUSIONS AND LIMITATIONS

In this work, we studied RL post-training for multi-agent LLM systems and theoretically identify
that extending GRPO with a global baseline to multi-agent systems causes gradient instability due
to divergent reward statistics. We propose Dr. MAS, which normalizes advantages for each agent
using its own reward mean and variance, and we also built an end-to-end training framework that
supports multi-agent orchestration, optional LLM sharing and non-sharing, per-agent optimization
settings, and efficient resource pooling. Experiments on math and search tasks demonstrate that Dr.
MAS mitigates gradient spikes and consistently outperforms GRPO. Limitations include unresolved
credit assignment challenges and the need for further evaluation on massive-scale agent systems,
leaving advanced resource scheduling for future work.
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A EXTENDED RELATED WORK

Reinforcement Learning for LLMs. Beyond early alignment-focused approaches such as
RLHF (Ziegler et al., 2019; Stiennon et al., 2020; Ouyang et al., 2022; Rafailov et al., 2024), recent
work studies Reinforcement Learning from Verifiable Rewards (RLVR), which leverages automati-
cally checkable signals (e.g., correctness in math or code) to improve LLM capabilities (Zeng et al.,
2025). Within this setting, group-based RL has emerged as a strong alternative to classical actor-
critic algorithms like PPO (Schulman et al., 2017). Techniques such as GRPO (Shao et al., 2024),
RLOO (Kool et al., 2019; Ahmadian et al., 2024), Dr. GRPO (Liu et al., 2025c), DAPO (Yu et al.,
2025), and GSPO (Zheng et al., 2025) aggregate multiple rollouts for the same query and perform
relative comparisons within the group, thereby avoiding explicit value-function learning. RLVR
has also been extended to agentic, multi-turn settings where LLMs act as automatic agents (Zhou
et al., 2024; Bai et al., 2024; Feng et al., 2025a; Wang et al., 2025a; Zhang et al., 2025b; Feng
et al., 2026). GRPO-style training has been widely applied to tool use (Qian et al., 2025; Xue et al.,
2025b), OS control (Lai et al., 2025), and gaming (Wang et al., 2025c). Further variants refine group
construction or objectives, such as GiGPO (Feng et al., 2025b) and ARPO (Dong et al., 2025).

Reinforcement Learning for Multi-Agent LLMs. Recent RL post-training has expanded from
single-agent scenarios to learning coordination in role-specialized, multi-turn multi-agent systems.
Self-play training (e.g., SPIRAL (Liu et al., 2025a), and MARSHAL (Yuan et al., 2025) use multi-
turn dynamics to generate curricula and rewards with minimal manual labeling. However, these
approaches are often confined to dyadic (two-agent) self-play scenarios. To ease deployment, Chain-
of-Agents (Li et al., 2025a) distills multi-agent trajectories into a single agentic policy. Meanwhile,
group-relative optimization has been extended to multi-agent settings (Liu et al., 2025b; Chen et al.,
2025; Li et al., 2025b; Park et al., 2025; Wan et al., 2025; Xue et al., 2025a; Mo et al., 2025;
Hong et al., 2025), but these methods typically rely on heuristics and lack stability guarantees. Dr.
MAS distinguishes itself by theoretically identifying gradient-norm inflation as the root cause of
instability and proposing a simple yet rigorous agent-wise solution.

Reinforcement Learning Infrastructure. As RL post-training scales, infrastructure has shifted
toward optimizing the end-to-end rollout-train loop, where throughput, scheduling, and variable-
length generation dominate system efficiency. General-purpose stacks such as veRL (Sheng et al.,
2024), OpenRLHF (Hu et al., 2024), ROLL (Wang et al., 2025b), slime (Zhu et al., 2025), and
AReaL (Fu et al., 2025) increasingly provide modular pipeline abstractions and distributed execu-
tion to improve utilization under heavy sampling. As agentic use cases grow, frameworks increas-
ingly emphasize multi-turn rollout and tool integration (e.g., verl-agent (Feng et al., 2025b), Verl-
Tool (Jiang et al., 2025), Agent-Lightning (Luo et al., 2025)), with MARTI (Zhang et al., 2025c)
and PettingLLMs (Zhao et al., 2025) offering a practical multi-agent training interface. However,
they either provide limited support for heterogeneous model assignments or lack a shared resource
pool for efficient scheduling. Our Dr. MAS addresses both to improve scalability and utilization in
MAS post-training.

B PROOFS

B.1 PROOF OF LEMMA 4.2

Lemma 4.2. Under Assumptions 4.1, for any agent k,

Eai
t∼Yk

[
∥g̃globalk ∥2

]
=Eai

t∼Yk

[
∥z(k)i,t ∥

2
] σ2

k + (µk − µ)2

σ2
+∆k,

where µk ≜ 1
|Yk|

∑
ai

t∈Yk
Ri, σ2

k ≜ 1
|Yk|

∑
ai

t∈Yk
(Ri −µk)

2 are the mean and variance when sam-
pling time steps uniformly from Yk (i.e., when agent k is active). ∆k is a score-reward covariance
correction term.

Proof. By definition,

g̃globalk =
Ri − µ

σ
z
(k)
i,t ,
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so

Eai
t∼Yk

[
∥g̃globalk ∥2

]
= Eai

t∼Yk

[
∥z(k)i,t ∥

2 (R
i − µ)2

σ2

]
. (7)

We can factor the expectation:

Eai
t∼Yk

[
∥g̃globalk ∥2

]
= Eai

t∼Yk

[
∥z(k)i,t ∥

2
]
Eai

t∼Yk

[
(Ri − µ)2

σ2

]
+Cov(∥z(k)i,t ∥

2,
(Ri − µ)2

σ2
). (8)

Next, we use the standard variance decomposition
Eai

t∼Yk

[
(Ri − µ)2

]
(9)

=Eai
t∼Yk

[
(Ri − µk + µk − µ)2

]
(10)

=Eai
t∼Yk

[
(Ri − µk)

2 + 2(µk − µ)(Ri − µk) + (µk − µ)2
]

(11)

=σ2
k + (µk − µ)2. (12)

Substituting this into the previous expression yields

Eai
t∼Yk

[
∥g̃globalk ∥2

]
= Eai

t∼Yk

[
∥z(k)i,t ∥

2
] σ2

k + (µk − µ)2

σ2
+∆k, (13)

with ∆k = Cov(∥z(k)i,t ∥2,
(Ri−µ)2

σ2 ).

The second term captures the residual score–reward correlation. In large-scale LLM training,
rewards are typically low-dimensional signals of final task quality (e.g., pass/fail for reason-
ing, correctness for coding), while z

(k)
i,t depends mainly on the local token-level stochasticity

of the policy. Empirically, their covariance is often much smaller than the main scaling factor
Ek[∥z(k)i,t ∥2](σ2

k + (µk − µ)2)/σ2.

B.2 PROOF OF PROPOSITION 4.3

Proposition 4.3 (Gradient-Norm Inflation). As either the normalized mean deviation |µk − µ|/σ
or the normalized variance ratio σ2

k/σ
2 becomes large, the second moment of g̃globalk grows at least

linearly. Consequently, along any training process for which there exists a sequence of iterations
indexed by m such that

σ2
k,m + (µk,m − µm)2

σ2
m

→ ∞, E
[
∥g̃globalm ∥2

]
→ ∞,

where g̃globalm = (g̃global1,m , . . . , g̃globalK,m ) stacking all LLM agents’ gradients.

Proof. The key message is immediate from Lemma 4.1: the global-normalized gradient for agent
k is amplified whenever the reward statistics of the agent-active subset Yk do not match the global
reward statistics. Concretely, Lemma 4.1 gives

Eai
t∼Yk

[
∥g̃globalk ∥2

]
= Eai

t∼Yk

[
∥z(k)i,t ∥

2
] σ2

k + (µk − µ)2

σ2
+ ∆k. (14)

The multiplier (σ2
k+(µk−µ)2)/σ2 contains two sources of inflation: (i) a variance mismatch σ2

k/σ
2,

meaning rewards observed when agent k is active have a different spread than the global rewards;
and (ii) a mean misalignment (µk−µ)2/σ2, meaning agent-k’s active rewards are shifted relative to
the global mean. Either effect increases the second moment of g̃globalk proportionally, hence causing
larger gradient fluctuations.

For the claimed blow-up statement along training, apply Equation (14) at iteration m:

E
[
∥g̃globalk,m ∥2

]
= E

[
∥z(k)i,t,m∥2

] σ2
k,m + (µk,m − µm)2

σ2
m

+∆k,m.

Thus, if there exists a subsequence with
σ2
k,m+(µk,m−µm)2

σ2
m

→ ∞, then the second moment of the

global-normalized gradient necessarily diverges unless E[∥z(k)i,t,m∥2] or ∆k,m cancels this growth.
Finally, since the stacked gradient satisfies ∥g̃globalm ∥2 =

∑K
j=1 ∥g̃

global
j,m ∥2, divergence of any com-

ponent implies E
[
∥g̃globalm ∥2

]
→ ∞, which completes the proof.
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C EXPERIMENTAL DETAILS

C.1 HYPERPARAMETERS FOR MATH

For the Math task, uniform hyperparameters are employed across all methods. The maximum
prompt and response lengths are set to 8192 and 4096 tokens, respectively. We utilize a two-agent
orchestration framework (comprising a Solver Agent and a Verifier Agent), allowing for a maximum
of two solver-verifier loops. The actor learning rate is fixed at 1 × 10−6 for each agent, utilizing
on-policy updates. We employ group-based rollouts with a group size of 8. A binary rule-based
reward function is used (1 for success, 0 for failure), while invalid actions incur a penalty with a
coefficient of 0.1. The batch sizes for training and evaluation are 32 and 64, respectively. During
evaluation, we use nucleus sampling with top p = 0.95 and a temperature of 0.6.

C.2 HYPERPARAMETERS FOR MULTI-TURN SEARCH

Similarly, all methods share identical hyperparameter configurations for the multi-turn search task.
The maximum limits for prompts and responses are 4096 and 800 tokens, respectively, with each
episode capped at a maximum of 4 turns. This task utilizes a three-agent architecture (Verifier,
Search, and Answer). The actor learning rate is set to 1×10−6 per agent, with 5 update iterations. We
use group-based rollouts with a group size of 5. The reward structure employs the same binary rule-
based criteria; however, the invalid-action penalty coefficient is set to 0.01. Training and evaluation
batch sizes are 128 and 256, respectively. Evaluation sampling parameters remain consistent with
the Math task (top p = 0.95, temperature 0.6).

C.3 HARDWARE AND SYSTEM CONFIGURATION

All experiments are conducted on NVIDIA H100 GPUs.

C.4 COST ESTIMATION

The API costs ($) are estimated using OpenRouter market prices via the Together provider (https:
//openrouter.ai/provider/together). The pricing for Qwen2.5-7B is set at $0.30 per
million (M) tokens for both input and output. For Llama-3.2-3B-Instruct, the pricing is $0.06 per
million (M) tokens for both input and output.
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D PROMPT TEMPLATES

In multi-agent configurations, each agent receives a composite prompt structured as follows: (i)
an environment-provided observation prompt (env prompt) describing the task (and interaction
history, where applicable); (ii) the accumulated team interaction context (team context); and
(iii) the specific role instruction for the agent.

D.1 MATH TASK

The shared environment prompt for the multi-agent setup is defined as follows:

Environment Prompt

You are a member of an expert multi-agent team tasked with solving the math problem. The team’s
math problem is: {task description}

The Solver Agent receives the following prompt:

Solver Agent Prompt

# Task Introduction
{env prompt}
# Your Teammates’ Outputs
{team context}
# Your Role
You are a ”Solver Agent”. Your job is to carefully reason through the math problem step by step and
derive the correct answer. When reasoning, consider your teammates’ outputs (if any) as auxiliary
context.
You should give the final answer within \boxed{}.

The Verifier Agent receives the following prompt:

Verifier Agent Prompt

# Task Introduction
{env prompt}
# Your Teammates’ Outputs
{team context}
# Your Role
You are a ”Verifier Agent”. Your responsibility is to critically review the most recent solution provided
by the ”Solver Agent”. Check each reasoning step, formula, and conclusion for accuracy, complete-
ness, and logical consistency. At the end of your output, you MUST provide your verdict within
¡verify¿ ¡/verify¿ using exactly one of:
(1) ¡verify¿approve¡/verify¿ if all steps and the final answer are correct.
(2) ¡verify¿reject¡/verify¿ if you detect any issue.

D.2 MULTI-TURN SEARCH TASK (VERIFIER-SEARCH-ANSWER)

The shared environment prompt for the multi-agent setup is defined as follows:

Environment Prompt

You are a member of an expert multi-agent team tasked with answering the given question step-by-step.
The question is: {task description}
Your team can access an external search engine to retrieve external information. At each step, you and
your teammates must collaborate to make progress toward answering the question.
Prior to this step, your team has already taken {step count} step(s). Below is the interaction his-
tory where ¡search¿ ¡/search¿ wrapped the past search queries and ¡information¿ ¡/information¿
wrapped the corresponding retrieved information returned by the external search engine. History:
{memory context}
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The Verifier Agent receives the following prompt:

Verifier Agent Prompt

# Task Introduction
{env prompt}
# Your Role
You are a ”Verifier Agent” acting as a router. Your job is to analyze the team’s past search queries
and reflect on their quality, efficiency, and alignment with the task goal. Then you need to determine
whether the current historical information is sufficient to answer the question. Based on this assess-
ment, you will decide how to route the task.
Your responsibilities: - Review past search queries enclosed within ¡search¿ ¡/search¿ and external
information enclosed within ¡information¿ ¡/information¿. - Evaluate whether previous queries were
reasonable and aligned with the task objective. - Identify potential issues (if any), including repeated or
redundant queries; imprecise queries that are too broad, vague, or missing critical constraints/entities;
misaligned queries that drift away from the actual task goal. - Assess whether the available information
is complete and sufficient to generate a high-quality answer, and make a routing decision based on
information sufficiency.
You are now at step {step}. You should first reason step-by-step about the past events. After completing
your reasoning, give your routing decision:
(1) If the information is sufficient to answer the question: return ¡verify¿yes¡/verify¿
(2) If the information is insufficient to answer the question: return ¡verify¿no¡/verify¿

The Search Agent receives the following prompt:

Search Agent Prompt

# Task Introduction
{env prompt}
# Your Teammates’ Outputs at Step {step}
{team context}
# Your Role
You are a ”Search Agent”. Your primary responsibility is to call a search engine to gather external
information that helps answer a given question. The search engine should be invoked using the format:
¡search¿your query¡/search¿.
Before conducting the search, you should reason step-by-step about the question, any previous queries,
and retrieved information, as well as your teammates’ outputs (if available). This reasoning process
MUST be enclosed within ¡think¿ ¡/think¿ tags. Once you’ve finished your reasoning, provide your
final search query enclosed within ¡search¿ ¡/search¿.

The Answer Agent receives the following prompt:

Answer Agent Prompt

# Task Introduction
{env prompt}
# Your Role
You are an ”Answer Agent”. Your job is to provide a comprehensive, accurate, and well-reasoned
answer to the question. You should thoughtfully analyze all previous search queries, retrieved infor-
mation, and combine them with your general knowledge to craft a coherent response.
You should first conduct a reasoning process. This process MUST be enclosed within ¡think¿ ¡/think¿
tags. After completing your reasoning, provide your final answer within ¡answer¿ ¡/answer¿ tags. For
example, ¡answer¿Beijing¡/answer¿.
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E PSEUDO CODE

Algorithm 1 Training Multi-Agent LLM Systems with Dr. MAS
1: Require: Multi-agent orchestra O; logical agents {1, . . . ,K} with LLM IDs {mk}Kk=1; LLM

sharing flag s ∈ {0, 1}; task distribution p(X); rollout group size N ; clipping ϵ; KL penalty β
(optional)

2: // (A) Agent–Model assignment: map logical agents to physical LLM worker groups (wg id)
3: Initialize wg to agents mapping← ∅
4: if s = 0 then
5: // Non-sharing: each agent k has a dedicated LLM worker group
6: for k = 1 to K do
7: Create worker group wg id for agent k (one ActorRollout backend)
8: wg to agents mapping[wg id]← {k}
9: end for

10: else
11: // Sharing: agents configured with the same LLM are mapped to one shared worker group
12: M← {mk}Kk=1 // distinct LLM IDs
13: for each m ∈M do
14: A(m)← {k | mk = m} // agents using LLM m
15: Create shared worker group wg id for model m (shared weights across A(m))
16: wg to agents mapping[wg id]← A(m)
17: end for
18: end if
19: // Dispatch table used by the orchestrator during rollouts: agent id→ wg id
20: Build agent to wg mapping from wg to agents mapping

21: // (B) Training loop: distributed rollouts + Dr. MAS normalization + per-wg id updates
22: for each training iteration do
23: // Snapshot current policy for importance ratios
24: Update old policies: θold ← θ
25: // (B1) Distributed rollout collection: execute multi-agent orchestration at scale
26: // Actor backends run with sglang, scheduled by a shared resource pool (e.g., Ray placement groups)

27: Initialize aggregated batch B ← ∅
28: Parallel for i = 1 to N
29: Sample task x ∼ p(X) and run O to generate a trajectory τi
30: Let Ri ← R(τi) // trajectory-level reward shared by all steps
31: For each step t in τi:
32: choose active agent ki

t (by O) and route request via agent to wg mapping
33: sample action ai

t from the dispatched backend policy and log step tuple into B
34: B ← B ∪ {(i, t, ki

t,wg id,ai
t, R

i)}
35: End parallel for
36: // (B2) Dr. MAS: agent-wise advantage normalization on active-step subsets Yk

37: for k = 1 to K do
38: Yk ← {ai

t | (i, t, ki
t, ·,ai

t, R
i) ∈ B, ki

t = k}
39: µk ← 1

|Yk|
∑

ai
t∈Yk

Ri

40: σ2
k ← 1

|Yk|
∑

ai
t∈Yk

(Ri − µk)
2, σk ←

√
σ2
k

41: For each step (i, t) with ki
t = k: Ai,k

agent ←
Ri−µk
σk+ε

42: end for
43: // (B3) Optimization: partition B by wg id and update each LLM backend (shared/non-shared handled

automatically)
44: // Trainer forms per-model micro-batches {Bwg} and performs clipped updates per worker group
45: for each worker group id wg id in wg to agents mapping do
46: Bwg ← {(i, t, ki

t,wg id,ai
t, R

i, A
i,ki

t
agent) ∈ B | wg id = agent to wg mapping[ki

t]}
47: Update θwg id on Bwg with clipped objective (clipping ϵ) using A

i,ki
t

agent (optionally add KL regular-
ization with weight β)

48: end for
49: end for
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F ADDITIONAL EXPERIMENTS

F.1 ABLATION STUDY

Table 3: Ablation study of different advantage normal-
ization configurations on the search task. We report the
avg@16 and pass@16 across all datasets. Subscripts
denote ∆ over the vanilla GRPO.

Metric Normalization Configuration

(µ, σ) (µk, σ) (µ, σk) (µk, σk)

avg@16 28.0 39.1↑11.1 42.9↑14.9 43.8↑15.8
pass@16 40.5 53.5↑13.0 57.6↑17.1 58.3↑17.8

In this part, we conduct an ablation
study on the multi-turn search task using
Qwen2.5-7B under the LLM non-sharing
setting. We compare four advantage nor-
malization configurations: global statistics
(µ, σ) (i.e., GRPO), per-agent mean with
global standard deviation (µk, σ), global
mean with per-agent standard deviation
(µ, σk), and fully per-agent normalization
(µk, σk) (i.e., Dr. MAS).

As shown in Table 3, GRPO performs
poorly, indicating that global normalization is a poor match for multi-agent LLM training where
agents play different roles and thus exhibit different advantage distributions. Adding either per-
agent mean or per-agent standard deviation already brings large improvements. The per-agent stan-
dard deviation (µ, σk) brings a bigger gain, likely because agents differ more in the spread of their
advantages than in the average level. Finally, combining both per-agent mean and standard devia-
tion, Dr. MAS with fully agent-wise remedy (µk, σk) achieves the best results, showing that setting
both the mean and the scale per agent gives the most reliable learning signal.

F.2 HETEROGENEOUS MODEL ASSIGNMENT
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Figure 5: Performance and efficiency comparison be-
tween homogeneous (all 7B models) and heteroge-
neous (7B for Verifier, 3B for Search/Answer) model
assignment on search tasks. Token counts are the aver-
age tokens per trajectory for each agent. Cost ($) is es-
timated using OpenRouter market prices (7B: $0.30/M
tokens, 3B: $0.06/M tokens) and reported as the total
inference cost over the full test set (51.7k samples).

At last, we explore the practical effi-
ciency of Dr. MAS when applied to
heterogeneous agent-model assignments,
where agents with different capacities are
combined to optimize performance and
cost. We compare a homogeneous base-
line where all three agents (verifier, search,
and answer) use Qwen2.5-7B, against
a heterogeneous setting where the veri-
fier uses Qwen2.5-7B while the search
and answer agents use Llama-3.2-3B-
Instruct (Grattafiori et al., 2024).

As shown in Figure 5, the heteroge-
neous system maintains performance lev-
els nearly identical to the all-7B baseline,
and the average token usage per trajec-
tory remains comparable, with the hetero-
geneous setup even showing a slight reduction in total volume. This suggests that, in hierarchical
multi-agent system, assigning a stronger model to the top-level verifier is sufficient to preserve
overall decision quality. By deploying smaller, more efficient models to the low-level agents, the
heterogeneous system achieved a 31.6% reduction in latency and a 41.8% reduction in total API
cost. These findings demonstrate that strategic agent-model assignment facilitates a more flexible
and cost-effective multi-agent deployment without sacrificing task precision.

F.3 GRADIENT-NORM INSTABILITY ON MATH

Figure 6 shows training accuracy and gradient norms for the two-agent math orchestration (Qwen3-
4B, non-sharing). Similar to the search setting in Figure 4, GRPO produces clear gradient-norm
spikes during training, especially in the early and middle stages. In contrast, Dr. MAS keeps the
gradient norms much smoother for both agents and leads to steadier improvement in training accu-
racy.
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Figure 6: Comparison of training accuracy and gradient norm between GRPO and Dr. MAS. The
results are recorded during multi-agent RL post-training for two-agent math orchestration under
LLM non-sharing (Qwen3-4B).

F.4 GRADIENT-NORM EXPLOSION

Figure 7 highlights the instability of vanilla GRPO on the multi-turn search task (Qwen2.5-7B, non-
sharing). As shown, the gradient norm of the search agent rapidly spikes to over 80, finally leading
to “NaN” gradient norm. In contrast, Dr. MAS stabilizes the optimization, maintaining relatively
low gradient norms across all agents, ensuring steady convergence.
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Figure 7: Training dynamics of the three-agent search task (Qwen2.5-7B, non-sharing). Vanilla
GRPO suffers from serious gradient spikes that lead to “NaN” on the search agent, whereas Dr.
MAS maintains stable gradients and converges effectively.
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G ILLUSTRATIVE EXAMPLES OF MULTI-AGENT LLM COLLABORATION

G.1 MULTI-TURN SEARCH TASK: HIERARCHICAL COORDINATION

Query

In which county is Mark Dismore’s birthplace located?

Verifier Agent

¡verify¿no¡/verify¿
Reasoning: The team has not yet initiated any searches or provided any external informa-
tion. Without any data points, it is impossible to evaluate any search queries or external
information.

Search Agent

¡think¿To answer the question ”In which county is Mark Dismore’s birthplace located?”
we need to find information about Mark Dismore’s birthplace. Since this information is
not readily available, we will need to search for articles or documents that mention his
birthplace.¡/think¿
¡search¿Birthplace of Mark Dismore¡/search¿

Search Engine

¡information¿”result”: ”Doc 1: ”Mark Dismore” Mark Dismore Mark Dismore (born Oc-
tober 12, 1956 in Greenfield, Indiana) is a former driver in the Indy Racing League and the
1990 Toyota Pacific champion as well as the winner of the 1993 24 Hours of Daytona with
Dan Gurney’s All American Racers in a Toyota GTP car with co-drivers Rocky Moran and
P. J. Jones. He made 3 CART starts in 1991 but was badly injured in a practice crash for the
Indianapolis 500, when his car veered sharply towards the entrance of pit road at the exit of
Turn 4 and back-ended the fence, only to careen
Doc 2: ”Mark Dismore” karting’s signature event, the Dan Wheldon Cup weekend races,
held after the INDYCAR season ends. The Wheldon Cup weekend consists of a Pro-Am
race with INDYCAR stars on Saturday and a 200-mile, 200-lap endurance karting event
Sunday, the Robopong 200 Dan Wheldon Cup. Mark Dismore Mark Dismore (born October
12, 1956 in Greenfield, Indiana) is a former driver in the Indy Racing League and the 1990
Toyota Pacific champion as well as the winner of the 1993 24 Hours of Daytona with Dan
Gurney’s All American Racers in a Toyota GTP car with co-drivers Rocky Moran and P. J.
Jones.
Doc 3: ”Mark Dismore” fixture there until the 2001 season. He returned to Menard for a
partial season in 2002. Dismore has a single IRL win coming in the fall 1999 Texas Motor
Speedway race and also finished a career-best third in points that season. Among his 62
career IRL starts he won four poles. He also represented the IRL in the International Race
of Champions in 2000 and 2001. He now owns and operates New Castle Motorsports Park,
a Karting facility in New Castle, Indiana, as well as Comet Kart Sales in Greenfield, Indiana.
New Castle Motorsports Park is the home of Indiana”¡/information¿

Verifier Agent

¡verify¿no¡/verify¿
Reasoning: The current historical information is not sufficient to answer the question ”In
which county is Mark Dismore’s birthplace located?” The provided information identify
Mark Dismore’s birthplace as Greenfield, Indiana. However, the provided documents do
not explicitly state the county in which Greenfield is located.

Search Agent

¡think¿To answer the question ”In which county is Mark Dismore’s birthplace located?” we
need to find information about Mark Dismore’s birthplace. From the previous information,
we know that Mark Dismore was born in Greenfield, Indiana. Next, we need to determine
which county Greenfield is located in.¡/think¿
¡search¿County where Greenfield, Indiana is located¡/search¿
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Search Engine

¡information¿”result”: ”Doc 1: ”Greenfield, Indiana” Greenfield, Indiana Greenfield is a
city in and the county seat of Hancock County, Indiana, United States, and a part of the
Indianapolis metropolitan area. The population was 20,602 at the 2010 census, and an
estimated 21,709 in 2016. It lies in Center Township. Greenfield was a stop along the Pitts-
burgh, Cincinnati, Chicago and St. Louis Railroad that connected Pittsburgh to Chicago and
St. Louis. Hancock County was created on March 1, 1828, and named for John Hancock,
the first person to sign the Declaration of Independence. The town of Greenfield was chosen
as the county seat on April 11,
Doc 2: ”Greenfield, Indiana” 1918. It was purchased with money donated by school chil-
dren from all over the United States. Each year, during the Riley Festival in October, the
city’s school children parade to the statue to place flowers around it. The Charles Barr
House, Greenfield Courthouse Square Historic District, Greenfield Residential Historic Dis-
trict, Lilly Biological Laboratories, Lincoln Park School, and James Whitcomb Riley House
are listed on the National Register of Historic Places. Greenfield is located in central Han-
cock County at (39.791338, -85.771343). U.S. Route 40 passes through the center of the
city as Main Street, and leads east to Knightstown and west
Doc 3: ”Greenfield, Indiana” high school students from Greenfield and Kakuda are cho-
sen to travel to each sister city, respectively, and will stay with a host family for ten days,
most expenses paid, thanks to local donations. The sister city program began in 1990 and
continues today. Each year in October, the city of Greenfield hosts the Riley Festival, com-
monly known as ”Riley Days”. The intersection of State Road 9 and US 40 is closed, and
the downtown courthouse square is filled with vendors and exhibitors. Greenfield, Indi-
ana Greenfield is a city in and the county seat of Hancock County, Indiana, United States,
and”¡/information¿

Verifier Agent

¡verify¿yes¡/verify¿
Reasoning: The past search queries and the corresponding information provided have been
focused on Mark Dismore’s birthplace and the specific county where it is located. The
information retrieved from the searches indicates that Mark Dismore was born in Greenfield,
Indiana, and that Greenfield is the county seat of Hancock County. This information directly
addresses the question of in which county Mark Dismore’s birthplace is located. Therefore,
the information is sufficient to answer the question.

Answer Agent

¡think¿Given the information provided, I analyzed that the question asks about the location
of Mark Dismore’s birthplace in terms of a county. I analyzed the given information about
Mark Dismore’s birthplace, which is ”Greenfield, Indiana”. The next step was to identify
the county that Greenfield is located in. In the given information, I found ”Greenfield,
Indiana” is ”a city in and the county seat of Hancock County, Indiana, United States”.
Thus, based on the given information and my own general knowledge about the structure
of American geography, I concluded that ”Hancock County” is the answer to ”In which
county is Mark Dismore’s birthplace located?”. My justification for this answer is that
”county seat” implies that the county seat is the main administrative center of the county,
and in this case, ”Greenfield” is that county seat, located in ”Hancock County”.¡/think¿
¡answer¿Hancock County¡/answer¿
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G.2 MATH TASK: ITERATIVE COORDINATION

Query

Alex divides a disk into four quadrants with two perpendicular diameters intersecting at the
center of the disk. He draws 25 more lines segments through the disk, drawing each segment
by selecting two points at random on the perimeter of the disk in different quadrants and
connecting those two points. Find the expected number of regions into which these 27 line
segments divide the disk.

Solver Agent

Since the problem mentions that there are 27 line segments (the original 4 quadrants’ diam-
eters plus 25 additional segments), but the initial description says Alex divides the disk into
four quadrants with two perpendicular diameters. Then he draws 25 more line segments.
So total line segments are 2 (diameters) + 25 = 27 line segments.
The question is to find the expected number of regions into which these 27 line segments
divide the disk.
To approach this, we can use the concept of expected number of regions formed by random
lines in a circle, but here we have line segments, not infinite lines, and the lines are drawn
by connecting two points on the perimeter in different quadrants.
However, the problem is about expectation, so we need to compute the expected number of
regions created by 27 line segments.
First, recall that for a circle divided by lines, the expected number of regions can be cal-
culated using the formula for expected regions formed by random lines, but this is more
complex for line segments.
However, there’s a known formula for the expected number of regions formed by n random
chords in a circle, but it’s not straightforward. However, there’s a general formula for the
expected number of regions formed by n lines in general position in the plane, which is:
R(n) = (n2 + n + 2)/2
But this is for infinite lines in general position. However, for line segments, the formula is
different.
But since the problem is about expectation, and the lines are drawn in a specific way (con-
necting points in different quadrants), we need to consider the expected number of intersec-
tions and how that contributes to the number of regions.
Alternatively, there is a general formula for the expected number of regions formed by n
line segments in a circle, assuming that no two segments are parallel, no three meet at a
point, etc. But this is complicated.
However, a known result for the expected number of regions formed by n random chords in
a circle is:
E[R] = 1 + n + (n choose 2) * (1/2) + (n choose 3) * (1/6) + ...
But this is not exactly correct. Alternatively, for the case of random lines, the expected
number of regions is:
R(n) = n(n + 1)/2 + 1
... (the reasoning is omitted for brevity)
However, since the original problem includes two diameters, which are lines, and 25 seg-
ments, perhaps the answer is:
For n = 27 line segments (assuming they behave like lines in expectation), the expected
number of regions is (272 + 27 + 2)/2 = (729 + 27 + 2)/2 = 758/2 = 379.
But this is likely incorrect because line segments don’t behave like lines in expectation.
Alternatively, if we consider that each new segment intersects the previous ones with prob-
ability 1/2, then the expected number of regions is:
1 + 27 + (27 * 26 / 2) * 1/2 = 1 + 27 + 351 = 379.
Wait, that’s the same as the line case. So this suggests that the expected number is 379.
But this is likely incorrect.
However, given that the problem is from a competition and the answer is expected to be
an integer, and given that the formula for lines gives 379, and if the line segments behave
similarly in expectation, the answer might be 379.
But I need to check.
Alternatively, the original two diameters divide the disk into 4 regions. Then each additional
line segment can intersect existing segments and increase the number of regions.
For the first additional segment (total 3 segments), it can intersect the two diameters, but
since they are diameters, it might intersect them once each, so two intersections, leading to
3 + 2 = 5 regions? Not sure.
But this is getting too complicated.
Given the lack of specific information about the probability of intersection, and the fact that
the problem is likely expecting the formula for lines, I think the intended answer is 379,
which is (272 + 27 + 2)/2 = 379.
Therefore, the expected number of regions is \boxed{379}.
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Verifier Agent

The Solver Agent’s reasoning contains critical flaws and incorrect assumptions that need to
be addressed. Here is a breakdown of the issues:
1. **Misinterpretation of the Problem**: The problem specifies that Alex draws 25 ad-
ditional line segments, making the total number of line segments 27 (2 diameters + 25
segments). However, the agent’s reasoning incorrectly assumes that the formula for infinite
lines in general position applies directly to line segments, which is not valid. Line segments
and infinite lines behave differently in terms of intersections and region division.
2. **Incorrect Application of the Line Formula**: The formula R(n) = n2+n+2

2
is derived

for infinite lines in general position. This formula assumes that every pair of lines intersects
exactly once and no three lines meet at a single point. However, the problem involves line
segments, which have constraints (e.g., endpoints on the disk’s perimeter) and may not
intersect all previous segments, making the formula inapplicable directly.
3. **Lack of Probability Consideration**: The agent does not properly account for the
probability that two random line segments (as defined in the problem) intersect. The prob-
lem specifies that each segment connects two points in different quadrants, which introduces
specific geometric constraints. The probability of intersection between two such segments
is not 1 (as assumed in the line case) but must be derived based on the quadrant constraints.
4. **Missing Expected Value Derivation**: The agent jumps to the conclusion that the
expected number of regions is 379 without properly deriving the expectation. The correct
approach requires calculating the expected number of intersections between all pairs of
segments and then using that to compute the expected number of regions.
5. **Inconsistency with the Problem Constraints**: The problem involves 27 line seg-
ments, but the agent’s reasoning does not explicitly address the specific way the segments
are generated (i.e., connecting points in different quadrants). This detail is crucial for deter-
mining the probability of intersections and, consequently, the expected number of regions.
Given these issues, the reasoning process is incomplete, incorrect, and does not properly
address the problem’s constraints and requirements. Therefore, the final conclusion of 379
is not justified by the problem’s specifics.
¡verify¿reject¡/verify¿

Solver Agent

To solve the problem, we need to compute the **expected number of regions** formed by
27 line segments in a disk, where:
- The disk is divided into four quadrants by two perpendicular diameters (which are fixed).
- 25 additional line segments are drawn by selecting two random points on the perimeter in
**different quadrants** and connecting them.
—
## Step 1: Understand the Total Number of Regions
The general formula for the maximum number of regions formed by n line segments in
general position (no two parallel, no three concurrent) is:
R(n) = n(n−1)

2
+ n+ 1 = n2+n+2

2
This applies to infinite lines, not line segments. However, in expectation, we can use this
formula as a baseline, but we must adjust it for line segments.
—
## Step 2: Expected Number of Regions for Line Segments
For line segments, the expected number of regions can be computed as:
E[R] = 1 + n+

∑n−1
i=1 E[number of intersections of the i-th segment with previous ones]

Each intersection increases the number of regions by 1. So the expected number of regions
is:
E[R] = 1 + n+

∑n−1
i=1 E[intersections with previous i− 1 segments]

—
... (the reasoning is omitted for brevity)
—
## Step 6: Total Expected Number of Intersections
Total expected intersections:
- Between diameters and segments: 25
- Between segments and segments: 150
- Between diameters: 1
Total: 25 + 150 + 1 = 176
—
## Step 7: Expected Number of Regions
The formula for expected number of regions is:
E[R] = 1 + n+ E[number of intersections]
Here, n = 27, and E[intersections] = 176
So: E[R] = 1 + 27 + 176 = 204
—
## Final Answer: \boxed{204}
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