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Fire modeled by Markov process 

Unpredict able policy general izat ion

(Wang e t  a l.) set s of 
unknown  p o lic ie s

cap ab le  ind ivid ua lly

Figure : Murray’s  he uris t ic  o f 
s ingle  age n t  fire b re ak 

op t im iza t ion  [4]






Page 3 of  19Wildf ire propagat ion model 
St art  

cond it ions

Te rm ina t io
n

Transfe r func t ion

Uncons t ra ine
d

Te rm ina t ion

Environm e nt  fire  t ransfe r p roce ss , 
Figure  b y Yiq ing Xu (20 22 [1]
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environment

Part ia l ob se rvab ilit y FO (Full ob se rva t ion ) Ad -hoc  coord ina t ion

Figure : Sam p ling p roce d ure  in  “
N-Age n t  Ad hoc  t e am work” Wang e t  

a l.(20 24)[4]









• Research object / subject
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Improve containment  reward: invest igate  reward shaping and factorized value 
MARL techniques; Show PoC for  emerging behavior

Evaluate zero-shot  robustness of  RL baselines: with uncertain dynamics test s in 
POMDP

Research 
object ives

• Collaborat ion with unknown agents and condit ions 
• Addressing credit  assignment  in stochast ic f ire 

simulat ion
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Table: Reward Features: N - outdegree
of  healthy t rees, d - Manhat tan distance Figure: PPO t rained on common 

reward

Per reward  run means sample 
dist ribut ion

Figure: Per reward  run variance 
dist ribut ion






Independen
t

Mult i-agent  archit ect ures: overview Page  7 o f 19

We  se le c t  5 p a rad igm s 
d e a ling wit h   c re d it  

a ss ignm e n t

Sharing knowledge 
sche m e s: Value  

De com p osit ion
Ce n t ra l 

c rit ic

POAM (Algorit hm  b y Wang e t  a l.)[4] -
Re curre n t  e ncod e r o f t e am m at e  

p o lic ie s

Grap hs  p rovid e d  b y “A 
re vie w o f coop e ra t ive  
m ult i-age n t  d e e p  RL” 

[3]



• 1162 experiments, 356 models, 2.9B samples
• Tra in ing: 25 sam p le s  - aggre ga t e d  m e ans

• Evalua t e  in  fe w-sho t  IQL vs  POAM 
• Confid e nce  in t e rva l and  s t d  - from  p e rce n t ile s  o f
• norm al 9 5% z-sco re
• Hard ware : i7-46 0 0 U, 16 GB RAM, 8  p ara lle l runs  

Figure : Me ans  across  3 Se e d s  
Figure : Aggre ga t e d  Me ans  

from  d is t rib u t ion  fo r a ll runs

Figure : t re e s  
m e t ric  p la t e aus

on  longe r ro llou t s

Evaluat ion Approach Page  8  o f 19

Me an  re ward

Met rics 

Re m ain ing 
t re e s

Variance  e s t im at ion  
m e t hod

Ep isod e  
le ngt h -
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Tab le : Algorit hm  Sum m ary p e r 
ob se rvab ilit y range  o f m e t rics  fo r m anua lly 

t une d  (Fire Ad j)
and  b aye s ian  (Age n t Ad j) re ward Non-b urn ing t re e s  

Fine t un ing/Te s t  e va lua t ion  

Unb urn t  t re e s  fo r non-sharing (ns ) 
p o lic ie s  e va lua t ion
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IQL -
p a irs  fo rm at ion   

Ce n t ra l 
c rit ic

• He rd ing

vd n  -
• Se ct o r 

ass ignm e n t

Pare t o  e q uilib rium
• co llis ion  
avo id ance

PPO wit h  age n t  ad jace n t  -
• Fire  he ad  t racking 

Qm ix 
• Hold ing p e rim e t e r,

Learned behaviors across algorit hms

    





















PPO AgentAdj 
re ward  

Robust ness t est : higher spread 
probabil it y
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IQL Fas t e r 
fire s  

on  Fire Ad j

Figure . Non-b urn ing t re e s  on  hard e r e nvironm e n t  
o f PPO aga ins t , IQL, VDN 

IQL wit h  
Fire Ad j on  

regular fire s

PPO wit h
Fire Ad j re ward  
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Agent  modell ing on 
unseen environment

Figure : Me t ric  in  se lf-p lay/ fe w-
sho t  in  t ra in ing and  e va lua t ion  

Com p arison  wit h  
Ze ro -sho t  IQL

POAM in  fe w-
sho t  t ra in ing

POAM in  
e va lua t ion












Algorithm IQL POAM

Self-play
0,628+0,10

9
0,207+0,1

16

VDN+QMIX Ad-
hoc

0,517+0,216
0,298+0,1

68

Fast fires 0.174+0,124
0.155 

+0.053

Ad-hoc fast 
fires

0.281      
0.033

0.179 + 
0.086

Page 13 of  19Comparison of  Agent  Modell ing  t rend 
wit h new t eammat es 

Tab le : 
m e d ian  non-b urn ing t re e s  wit h  

ad ap t a t ion  t o  4  uncon t ro lle d  t e am m at e s

POAMFigure s : m e t ric  wit h  h ighe r 
unse e n  t e am m at e  ra t io  

com p are d  t o  se lf-p lay(re d )

IQ
L



Agent Adj: Improves common baseline (0 .52 0 .233 vs 0 .73 t rees PPO)
unstable with cent ral crit ic.

FireAdj - Best reward alignment (0 .512 vs 0 .328 saved t rees on IQL)
Fire head t racking - most general t act ic (visual analysis)
PPO- robust to OOD shocks - (0 .82 vs 0 .51) -
parameter sharing crucial for speed

IQL - adapt ive in zero shot (0 .36 vs 0 .28 POAM),
high variance with seed pat terns (0 .73 vs 0 .28).

POAM - overf it t ing from agent bootsst rapping (0 .49 vs 0 .20 2),

Page 14 of  19Key 
Insight s



Page 15 of  19Limit at ions of  our 
work1.Comput at ional const raint s le ad ing t o  incons is t e n t  logging 

2.Inef f icient  replay buf fer design lim it ing e xp e rim e n t s  wit h  la rge r 
e nvironm e nt s  and  longe r horizons

3.St at ic ad-hoc agent policies p re ve n t ing e va lua t ion  o f concurre n t  
ad ap t a t ion  and  sp e c ia lize d  ro le s

4.Simplif ied f ire model and  Heurist ic agent  init ial izat ion: lim it ing re a l-world  
ap p licab ilit y

Fut ure work
• Implement  curr iculum le a rn ing fo r p rogre ss ive  re ward  com p le xit y t o  ad d re ss  c re d it  

a ss ignm e n t  cha lle nge s
• Diversify agent  pret raining wit h  ac t ion  swit ch ing and  hum an-p roxy ad ap t a t ion  t o  

p re ve n t  fe w-sho t  ove rfit t ing
• In t e gra t e  higher-f idel it y e nvironm e n t  m od e ls  wit h  im age -b ase d  ob se rva t ions  a ligne d  

wit h  d e p loym e n t  re q uire m e n t s  in t o  Pe t t ingZoo  ca t a logue  (EPyMARL, Be nchMARL e t c .)



Page 16 of  19References 
[1]Murray, Lucas , e t a l. "Ad vanc ing Fore s t Fire Pre ve n t ion : De e p
Re in fo rce m e n t Le arn ing fo r Effe c t ive Fire b re ak Place m e n t ." a rXiv
p re p rin t a rXiv:240 4.0 8523 (20 24).

[2]Xu Y, Li D, Ma H, Lin R, Zhang F. Mod e ling Fore s t Fire Sp re ad Using
Mach ine Le arn ing-Base d Ce llu la r Aut om at a in a GIS Environm e nt .
Fore s t s . 20 22; 13(12):19 74. h t t p s :/ /d o i.o rg/10 .339 0 / f131219 74

[3]Oroo jlooy, A., Hajine zhad , D. A re vie w of coop e ra t ive m ult i-age n t d e e p
re in fo rce m e n t le a rn ing. Ap p l In t e ll 53, 136 77–13722 (20 23).
h t t p s :/ /d o i.o rg/10 .10 0 7/s10 489 -0 22-0 410 5-y4.

[4]Wang, C., Rahm an , M. A., Durugkar, I., Lie b m an, E., & St one , P. (20 24). N-
age n t ad hoc t e am work. Ad vance s in Ne ura l In fo rm at ion Proce ss ing
Sys t e m s , 37, 111832-11186 2.



Page 17 of  19

Thank you for at t ent ion!
AMA/ Q&A
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Pe r-re ward  Non-b urn ing t re e s  fo r Q-le a rn ing 

Tab le : Aggre ga t e  FO m e t rics  fo r PPO, IQL, 
Com p aring b ase line , sca lab ilit y o f DDPG.

Non-b urn ing t re e s  p e r-a lgorit hm  
on  m anua l t ra in ing

Figure . d iagona l 
p a t t e rn  

fo r Age n t Ad j [5]



Page 19 of  19Robust ness: hard environment
aggregat ed result s

Tab le : Sum m arize d  e va lua t ion  fo r e ach  a lgorit hm , re ward  t yp e  

MARLlib /Ep yMARL p  
con figura t ion  [c it a t  
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