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Cooperation of ad-hoc agents under
partial observations
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Figure 11: Best solution obtained and the corresponding fire spreading behavior for the Sub20 forest.
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Wildfire propagation model
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Time Step =t Time Step =t + 1
Rule 4 . P2¢

—t- 11 Rule 2 — e
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i Rule 1
B state =1 (cell cannot be burned) B Sstate =3 (cellis buming)

| State =2 (cell has not been ignited) State = 4 (cell has already been burned)

Environment fire transfer process,
Figure by Yiging Xu (2022 [1]

Affected parameter Original Fast fire  Ineflicient

(x 0.3 (.5 ().33
B 0.2 0.2 0.4
Agent impact of 3 0.8 0.4 (0.3

Table 3: Configuration of wildfire spread model for original and stress test

setups.






Overview of challengesin

environment
FO (Full observation) Partial observability Ad-hoc coordination
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Research

Impro@bcjﬁ@fbhle@ﬁreward: investigate reward shaping and factorized value
MARL techniques; Show PoC for emerging behavior

Evaluate zero-shot robustness of RL baselines: with uncertain dynamicstestsin
POMDP

 Research object/subject

e Collaboration with unknown agents and conditions
 Addressing credit assignment in stochastic fire
simulation



Reward shaping

Name Equation
Baseline | —0.5x (N of trees on fire)
1, if on fire tile
AgentAbove

—1, otherwise

FireAdj

+2N

ApgentAd)

4269,

+101f 6 < 2

Healthy Adj

+5+ N

Table: Reward Features: N - outdegree

: Qverview

Percentile confidence interval

agent_above
agent_adjacent
agent_healthy_adjacent
fire_adjacent

eval/unburnt trees (binned) eval/mean_reward (binned)

distribution

of healthy trees, d - Manhattan distance

Per reward run means sample
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Multi-agent architectures: overview
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Evaluation Approach

1162 experiments, 356 models, 2.9B samples
Training: 25 samples - aggregated means

Evaluate in few-shot IQLvs POAM
Confidence interval and std - from percentiles of

normal 95% z-score
Hardware:17-4600U, 16 GB RAM, 8 parallel runs

1 ~
Ez R ¢, R € Xj(1-2),)]

=1

Metrics
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Partial-observability Finetuning

Algorithm | Obs. Limit | Reward Type | Unburnt Trees | Reward Mean
QL 10) AgentAdj 0.666 +0.111 2.556 + (.648
[QL i FireAd] (0.547 + 0.109 0.564 + 0.647
QL 13 FireAd| 0.645 + 0.109 | 0.658 +0.749
M 10) Agent Adj 0.725 + 0.106 | 0.392 4+ 0.445
PPO (i ApentAdj 0.725 4+ 0.106 | 0.392 4+ 0.445
PPO i FireAd] (.469 + 0.099 2.139 + 2.551
POAM 10) AgentAd, 02007 = 0.116 —2.142 4 ().687
POAM i AgentAd, 0207 = 0.116 —2. 142 + 0.687
VDN 100 Agent Ad] 0.425 + 0.180 0.117 + 0.929
VDN (i FireAdj (.369 + 0.168 1.154 + 1.066
CMIX 10) Agent Adj (0.298 + 0.160 1.934 + 0.844
CQOMIX (i [FireAd] (.202 4+ 0.100 2.259 4+ 1.201

Table: Algorithm Summary per
observability range of metrics for manually
tuned (Fire Ad))
and bayesian (AgentAdj) reward
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Learned behaviors across algorithms

(>

e Holdinaperi

Q

OmIX

neter,

PPO with agent adjacent -

 Fire head tracking

Dan

)

CUCITlTral

Q

10 of 19

Pareto equilibrium

e collision
avoldance

I\(I_
pairs formation





















Robustnesstest: higher spread

probability
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100 200 300 400

of PPO against, IQL, VDN

)

)

Page 11 0f 19

' T J VVILITI

Fire Adjreward

o

IQL Faster
fires
on Fire Adj

>

PPO AgentAd]
reward

>
IQL with
FireAdjon

regular fires
















Agent modelling on
unseen environment
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Comparison of Agent Modelling trend Page 13 of 19

with new teammates Algorithm o | poam
0,62840,10 | 0,207+0,1
Trend with ad-hoc agents QL Trend with ad-hoc agents POAM Self'play 9 16
08 0.8
0.6 "o VDN+QMIX Ad 0,298+0,1
5 i o 0,517+0,216 5a
0.2 ﬁ 02 .
0 0.155
0 Fast fi 174+0,124
o | S O A ast fires 0 40,12 10 053
& & & & Q : Q-"'@ Q 3 Q 4
& & & & & P
&F & oF or Ad-hoc fast 0.281 0.179 +
0 fires 0.033 0.086
. : : POAM
|:|gures:metr|c with higher Table:
unseen teammate ratio median non-burning trees with

compared to self-play(red) adaptation to 4 uncontrolled teammates
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Insights

AgentAdj: Improves common baseline (0.520.233 vs 0.73 trees PPO)
unstable with central critic.

FireAdj - Best reward alignment(0.512 vs 0.328 saved trees on IQL)
Fire head tracking - most general tactic (visual analysis)

PPO- robust to OOD shocks - (0.82vs 0.51) -

parameter sharing crucial for speed

IQL - adaptive in zero shot (0.36 vs 0.28 POAM),
high variance with seed patterns (0.73 vs 0.28).

POAM - overfitting from agent bootsstrapping (0.49 vs 0.20 2),
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Limitations of our

1.Computational cWi?rilgs leading to inconsistent logging
2.Inefficient replay buffer design limiting experiments with larger

environments and longer horizons
3.Static ad-hoc agent policies preventing evaluation of concurrent

adaptation and specialized roles
4.Simplified fire model and Heuristic agent initialization: limiting real-world

applicability

Future work

 Implement curriculum learning for progressive reward complexity to address credit

assignment challenges
* Diversify agent pretraining with action switching and human-proxy adaptation to

prevent few-shot overfitting
* Integrate higher-fidelity environment models with image-based observations aligned

with deployment requirements into PettingZoo catalogue (EPyYMARL, BenchMARL etc.)
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Thank you for attention!
AMA/Q&A
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Algorithm Reward Non-burning “td Reward “td
type MCAI IMeAn

ppo (team 10) AgentAdjacent | 0.725 0,106 | 0,381 0.413
ppo (team 15) Apgent Above 0.600 0.248 | 0,311 0,352
Figure. diagonal ppo (team 10) Default 0,524 0,283 | -1,145 | 1,233
pattern ppo (team 10) FircAdj 0,530 0281 | 0591 | 0,19
for AgentAdj [5] iql (team 10) ApentAdjacent | 0,666 0,111 | 2556 | 0,648
Per-reward Non-burning trees for Q-learning |iql (team 10) FireAdj 0,624 0,116 [ 0,539 [ 0,743
Maddpg (team 10) | Default 0,252 0,154 | -2,494 | 0,822
Maddpg (team 15) | FireAd; 0,273 0,050 | -1,939 | 0,308
Maddpg (team 10) | FireAd; 0,182 0,043 | -2,922 | 0,308
Maddpg (team 5) | FireAd) 0,529 0,163 | -0.247 | 0,885

20 40 60 80 100 120
— maddpg fire_adjacent = vdn fire_adjacent
— gmix fire_adjacent = ppo fire_adjacent
— igl fire_adjacent
— pac_sarsa_dcg_ns fire_adjacent

Non-burning trees per-algorithm

v

on manual training

Table: Aggregate FO metrics for PPO, IQL,
Comparing baseline, scalability of DDPG.




Robustness: hard environment
aggregated results

sampling

worker 1

worker 2

worker n
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data policy
collection mapping
[ training batch
concat batch ety :
— (workern) == (" (raining batch
or (policy 2)

&
: A N
[ ]
replay buffer —
(svofker n) ] [ training batch
(policy m)

Algorithm Reward Trees Reward Episode
Type Mean + | Mecan + | Length
STD STD
QL AgentAdj | 0.174 + | -0.208 4 | 19.000
0.124 1.153
FireAdj 0.301 + | -0.506 + [ 17.234
(0.125 (.274
PPO AgentAdj | 0.319 +/0334 4| 18200
(0.110 0.174
FircAdj 0.512 4+ |-0.503 4 -
0.119 (). 146
VDN AgentAdj | 0.425 4+ | -2.131 4 | 17.400
(). 180) ().642
FireAd] ().5369 + | -0.464 + | 18.267
(.168 (0.293
QMIX AgentAdj | 0.298 4 | -1.456 + | 20.000
(). 160 ().552
FireAdj 0.202 +|-1.197 + | 19.533
(. 100} ().08()
POAM | AgentAdj | 0.207 4| -2.011 4 | 18.571
0.116 ().:340)

reporter & logger

L data

worker

MARLIib/EpyMARL p

configuration [citat

Table: Summarized evaluation for each algorithm, reward type
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