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(MS-GRPO). FMTHEERE GRPO (Shao et al. 2024)
A—RhAZ IR, —FhSRIE BRI 7 vk (Williams 1992)

8 GRPO [ s b B 5 A0 [F s i iy, {2
MS-GRPO HZ AL TiX— k. BilalitEm
TR E CAME, FF%E D Tzt b A
FBREAFRIE . SRR 5E B 5T R b3 BB 4 sh PR
TR —MFEER P EH 2 (Sutton and Barto 2018)

. FATEH GRPO MiAZEI PPO (Schulman et al.
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S exp(|Ail /Tep)
, HAREE T, € (0, 00) $FEHIIMALASIE . BNK) Top
AR PAES R BT b, RKRE Tep WA
THIZ15

A_
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ﬁg\lgorithm L Z2 AP BRAR PR SRS DAL B B

Require: Initial model parameters 6,¢ ; initial state dis-
tribution Dy ; Group size G ; learning rate n ; Hy-
perparameters € , 3 ; Sampled group size G’ > Sam-
pling temperature Tg,

1: Initialize policy parameters 6 <— 0,q¢
2: for training iteration =1,..., M do
3: Set O1q <+ 0

Sample initial state sg ~ Dy

Generate initial observation oy from sq

for episode j =1 to G do

Set 0j.0 < 0g
for episode step t = 0 until termination do
9: ¢t = T (0j,+) {Construct prompt}

10: Yjt ~ Doq(-1qj,t) {Generate completion}

11: aj: = Y(y;+) {Parse action}

12: Take action a;; , observe 0,41 and r;+41

13: if terminal state then

14: break inner loop

15: end if

16: end for

17: Compute reward Cj =, (1141 + @5, 1)

18:  end for

19:  Compute advantages {Ai}jG:1 as normalized re-
wards

20: if T, > 0.0 then

21: Sample G’ episodes using AAW Sampling

22: Recompute {Az}szll using only sampled

episodes
23:  end if

24:  Update policy parameters using gradient ascent:
0 — 0 +nVeJus-crro ()

25: end for

26: return 7y
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B (hrifEZE) .

Table 1: YERIR R A I GAZ IR BB IERE LR, HARMIMF UGBTI R GET . BUE A A PR PR -2

Training Evaluation Initial - 0 Final - 700 A
Snake Snake - Standard -2.607 (0.162) -1.487 (1.093) +1.120 (1.001)
Snake - Poison Apple -3.298 (0.126) -3.508 (0.913)  -0.210 (0.827)
Frozen Lake - Slippery 0.020 (0.035)  0.131 (0.127) 40.111 (0.114)
Frozen Lake - Not Slippery  -0.207 (0.213)  0.054 (0.087) +0.261 (0.203)
Frozen Lake  Snake - Standard -2.696 (0.120) -2.665 (0.061) +0.030 (0.143)
Snake - Poison Apple -3.299 (0.086) -3.312 (0.083)  -0.013 (0.049)
Frozen Lake - Slippery 0.040 (0.033)  0.227 (0.073) +0.187 (0.059)
Frozen Lake - Not Slippery -0.158 (0.167)  0.573 (0.121) +0.732 (0.201)
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Technical Appendix

Agents

LAP Agents

We used Qwen2.5-3B-Instruct as the base model for post-training in all experiments, using Low-Rank
Adaptation (LoRA) targeting parameter updates on all linear layers (Hu et al., 2021). LAP definitions
for this and the comparative base LLMs are provided in Table 1. All agents have the same template 7~
and action parser .

Table 1: LAP definitions for the agents used in the experiments. The prompt template 7 and action
parser ¢ are the same for all agents.

Agent LLM (Lp) Generation Configuration (&)

n Owen2.5-3B-Instruct Training: Temp=1.5, top-k=3, tokens=200
MS-GRPO + MS-GRPO LoRA updates Evaluation: Greedy (Temp=0), tokens=200

JU TS Owen2.5-3B-Instruct Greedy (Temp=0), tokens=200

JRED Owen2.5-32B-Instruct Greedy (Temp=0), tokens=200

I1758-200 Owen2.5-72B-Instruct Greedy (Temp=0), tokens=200

II728.4006  QOwen2.5-72B-Instruct Greedy (Temp=0), tokens=4096

Action Parser ¢y An action string is extracted from the LLM’s response at each timestep. The action
parsing function extracts the text inside the first set of < action > - - - < /action > tags. Each environment
implementation must define a mapping from text string to action index. The action index corresponding
to the extracted string is used as the agent’s action in the next timestep. If there is not a valid pair of
action tags, or the extracted string is not in the mapping, no action is taken.

Template 7~ The LAP agent template, presented below, is shared for all LAP agents used in this
study. There are two slots into which the observation is inserted. The static part of the observation,
containing environment specific rules, is inserted into {environment_prompt}. The dynamic part of
the observation, containing a combination of dynamic text describing the environment state and static
template explaining the representation of the state, is inserted into {game_state}.
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LAP Agent Template 7~

<|im_start|>system

You’re a helpful assistant. You always respond by wrapping your thoughts in the
— correct XML tags. Max response length: 200 words (tokens).

<|im_end|>

<|im_start|>user

{environment_prompt}

[Game State]

{game_state}

<|im_end|>

<|im_start|>assistant

Respond using ONLY valid XML with <observe>...</observe>, <think>...</think>, <
< plan>...</plan>, and <action>...</action> tags. Stop responding after the
< </action> tag.

[Response Template]

<observe>{Describe the situation concisely}</observe>

<think>{Think about the situation - what you should aim to do and what you
< should avoid doing.}</think>

<plan>{Describe the immediate plan you will follow to achieve your goal and
< avoid bad outcomes. Be explicit about the actions you will take: name the
— actions.}</plan>

<action>{Up/Down/Left/Right || Up/Down/Left/Right...}</action>

<|im_end|>

<|im_start|>assistant

N J

DQN Agent

We trained a Deep Q-Network (Mnih et al., 2013) to act as a comparison in our experiments. We used a
convolutional neural network with architecture detailed in Table 2, using a Rectified Linear Unit (ReLU)
activation function after each convolutional and hidden fully-connected layer. We also performed a
parameter sweep to determine the training hyperparameters. The search space is as follows:

Learning Rate (o) over {107°,1074,1073}
Discount Factor (y) over {0.9,0.95,0.99}
e-greedy Decay Steps over {5 x 10°,2 x 10*,10°,5 x 10°, 10°}

The model presented for comparison in the Results, as determined by the greatest evaluation environment
reward, used @ = 107>, y = 0.9, €decay = 10°. The following hyperparameters were used for all DQN
training experiments: initial € = 1.0, final € = 0.1, replay buffer size of 10*, batch size of 128, and a
target network update frequency of 1,000 steps. All experiments used 6 million training episodes.

Experiment Configuration

Training Protocol

We trained two types of agent: one exclusively on the Snake-Standard environment and another on
FrozenLake-Standard. 'When training, we limited the number of episode steps to 10. We repeated
training 8 times with different random seeds. All agents were then evaluated on all four environment
variants.

Training was conducted for 700 steps of Algorithm 1 from the Methodology. We generated a group
of G = 100 episodes and sampled G’ = 25 from those, with an episode sampling temperature of
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Table 2: Overview of the DQN architecture structure. Input shape is (B, C, H, W), where B is the batch
size, C is the number of input channels, H is the height of the environment grid and W is its width. A is
the number of discrete actions.

Layer Block Layer Type Parameters / Details Output Shape
Input - - (B,C,H,W)
Conv 1 Conv2d 32 filters, kernel 3x3, stride 1, pad 1 (B, 32,H, W)
onv ReLU - (B,32,H,W)
Conv 2 Conv2d 64 filters, kernel 3x3, stride 1, pad 1 (B, 64, H, W)
ReLU - (B,64,H,W)
Conv 3 Conv2d 64 filters, kernel 3x3, stride 1, pad 1 (B, 64, H, W)
RCLU = (B9 649 H’ W)
Flatten - - (B,64 x HXW)
FC 1 Linear 512 output units (B,512)
ReLU - (B,512)
FC 2 (Output) Linear A output units (B, A)

Tep = 0.1. In each episode, a maximum of 5 LAP actions (each of which can specify multiple sequential
environment actions) and 10 environment steps was allowed. The LLM sampling temperature was 1.5
and used top-k sampling with k = 3. Other hyperparameters for MS-GRPO were a learning rate of
1 x 1074, clipping values of €jow = €yp = 0.1 and a KL-penalty weight of 8 = 0.1.

FrozenLake-NotSlippery | Static Observation Text | {environment_prompt}

You are navigating the surface of a frozen lake. You must reach the goal.

Rules:

If you step on a hole, you will fall through and die.

Your available actions are: Up, Down, Left, Right. You can make between 1 and 3
< actions, separated by the action separator " || "

FrozenLake-NotSlippery | Dynamic Observation Text Example | { game_state }

The board size is 4x4. Normal (X, Y) coordinates are used ranging from.
LEFT decreases X, RIGHT increases X, UP increases Y, and DOWN decreases Y.
Coordinates range from (0, 0) at bottom left to (3, 3) at top right.
Player position: (0, 3)

Holes: (1, 3), (2, 3), (3, 3), (3, 2)

Goal: (3, ®)
The meaning of each symbol in the state is:
- P: Player
- 0: Hole
- G: Goal
- _: Empty space
State:
POOO
___0
___G
& J
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Snake-Standard | Static Observation Text | {environment_prompt }

You are controlling a snake in a multi-player Snake game

Rules:

- You can move your head one space up, down, left, or right

- If you move onto an apple, you get 1 point and you gain a body segment

- You die if you move into a wall, another snake, or yourself

Your available actions are: Up, Down, Left, Right. You can make between 1 and 3
— actions, separated by the action separator " || "

N J

Snake-Standard | Dynamic Observation Text Example | {game_state}

The board size is 7x7. Normal (X, Y) coordinates are used to denote positions.
LEFT decreases X, RIGHT increases X, UP increases Y, and DOWN decreases Y.
Coordinates range from (0, 0) at bottom left to (6, 6) at top right.
Apples at: (6, 2), (5, 3), (2, 6), (4, 5, (2, 3) (worth 1 points each)
Enemy snakes positions:

* Snake ID 2 has head at position (0, 0) and body segments at []

Your snake head (ID 1) is positioned at (6, 5) and body segments at []

You are controlling the snake at (6, 5)

The meaning of each symbol in the state is:

- 1: Your snake head

- 2: Enemy snake head

- T: Snake body

- A: Apple
- _: Empty space
State:
__A_ __ _
____A_1
_ _A_ _A_
______ A
2 _ _ _ _ __
& J

Evaluation Protocol

To provide a comparison for the performance of the post-trained models, we used two larger models with-
out MS-GRPO post-training, Qwen2.5-32B-Instruct and Qwen2.5-72B-Instruct. For the 72B parameter
model, we evaluated once with a maximum number of generated tokens equal to that of the post-trained
models (200) and once with a much greater limit (4096), providing both a like-for-like comparison as
well as a measure of the model’s full capability. Environment variant specific settings are detailed in
the Experimental Setup section of the paper. The dynamic observation texts are identical to those in the
Training Protocol above. The static observation texts for Snake-PoisonApple and FrozenLake-Slippery
are detailed below. During evaluation, a longer episode of 20 LAP actions and environment steps was
allowed to better assess long term performance. We used greedy decoding (text generation sampling
temperature= 0). For consistency, the evaluation configuration file seed is set to 0 for all experiments,
ensuring that we always use the same set of randomly generated initial conditions for evaluation.

www.xueshuxiangzi.com



Snake-PoisonApple | Static Observation Text | {environment_prompt}

You are controlling a snake in a multi-player Snake game

Rules:

- You can move your head one space up, down, left, or right

- If you move onto an apple, you *lose* 1 point. You must avoid the apples for
<— as long as possible.

- You die if you move into a wall, another snake, or yourself

Your available actions are: Up, Down, Left, Right. You can make between 1 and 3
< actions, separated by the action separator " || "

FrozenLake-Slippery | Static Observation Text | {environment_prompt }

You are navigating the surface of a frozen lake. You must reach the goal. If you
— step on a hole, you will fall through and die. You may move in an
< unintended direction due to the slippery ice, including into a hole.

Your available actions are: Up, Down, Left, Right. You can make between 1 and 3
< actions, separated by the action separator " || "

- J

Absolute-Advantage-Weighted (AAW) Episode Sampling Ablation Study

To evaluate the effectiveness of our AAW sampling strategy, we conducted two sets of experiments.
First, we generated G = 100 episodes per training step and compared training on different subset sizes
(G’ =25, 50 or 100 episodes). Additionally, we varied the total number of generated episodes (G = 25,
50, 100) and kept the training subset fixed at G” = 25 episodes. All subsets were sampled using 7ep, = 0.1.
All experiments used identical hardware, detailed in the Hardware section below. Other training settings
were identical to those used in Training Protocol.

Hyperparameter Selection

When analyzing the MS-GRPO algorithm, we performed parameter sweeps for LLM generation temper-
ature in the range 0.2 to 2.0 and top-k in the range k = 1 to k = 10 and without a limit. We determined the
selected values for our experiments based on the evaluation reward on Snake-Standard for agents trained
on Snake. We found the combination Temperature= 1.5 and k = 3 to give the best mean evaluation
reward over 3 runs. Similarly, we used the results from the episode sampling study to determine which
values of G and G’ to use, finding that G = 100 with G’ = 25 gave the best combination of training time
efficiency and evaluation reward on Snake-Standard.

Hardware

All training and evaluation was performed on one of two types of hardware:
* NVIDIA A100-SXM4-80GB graphics card with AMD EPYC 7413 24-Core rocessor
* NVIDIA H100 80GB HBM3 graphics card with Intel Xeon Platinum 8468 48 Core processor

Both setups use Red Hat Enterprise Linux 8.9 (Ootpa). MS-GRPO training used a single GPU of either
configuration. Evaluation of I13;p used 2 H100 GPUs, linked by NVLink, and I1;,5 and I1755.409¢ used
4 H100 GPUs, linked by 2x NVLink and combined with 1x NVSwitch.

All training and evaluation for the AAW sampling experiments used the H100 configuration.
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