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Shared Notes

• https://go.unl.edu/moasei2026notes
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INTRODUCTION & BACKGROUND



Open 

Environments

In most real-world decis ion-making si tuations,  the  set 

of agents, thei r types, and tasks are  not static,  but 

instead change over time

• Robots tasked with suppressing wi ldf ires eventua lly 

run out  of l im ited suppressant resources and must 

temporari ly disengage to re fi ll  the ir suppl ies,  or 

they might become damaged and leave  the  

envi ronment  permanently

• Robotaxis  transport passengers from pickup to drop 

off locations in a  r idesharing application , where 

new passengers (tasks) dynamical ly appear based 

on needs and events in a c i ty.

• In a  la rge bus iness organizat ion, objectives and 

goals change with the market,  requ ir ing workers to 

adapt and pr ior it ize work across changing se ts of 

tasks.
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Open Agent 

Systems

We call these challenging multi-agent 

environments open agent systems. 

OASYS present novel challenges that 

necessitate new science in modeling, 

planning, learning, and evaluation. 
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Agent Openness

Agent openness, where the set of 

agents in the world changes over time

• Agents disengage temporarily

(autonomous robotaxis recharging when 

low on energy)

• New agents join over t ime 

(new attackers entering a network in 

cybersecurity.)

• Existing agents leave permanently 

(f irefighting robots become inoperable  

and therefore unavai lable)

8



Task Openness

Task openness, where the set of tasks 

that agents work on change over t ime

• Novel tasks appear

(Fires spreading to new locations or new 

ride hai ling passengers appear)

• Popular tasks disappear forever

• A gradual shift in the requirements of 

tasks over time.
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Frame Openness

Frame openness, where the frames (e.g., 

capabil it ies or preferences) of agents 

change over t ime. 

• Agents learn new ski lls and gain new 
responsibi li t ies 
(promotions of off ice workers)

• Robots lose abi li ties over t ime 
(e.g., damage to robots in the f ield)

• Agents change preferences or prior it ies 
over time
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Why 

Investigate 

OASYS?

Modeling

Openness in MAS makes modeling challenging

A model must answer several questions: 

• Represent openness

• Reason over the partial ly observed presence 
and features of agents and tasks.

• Endogenous vs Exogenous changes.

• Unbounded openness
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Why 

Investigate 

OASYS?

Planning

Openness in MAS makes planning challenging

• The dynamic introduction and removal of 
agents, tasks, and types caused by openness 
changes  the underlying problem 
representation during operation, resulting in 
complex pol icies.

• The amount of uncertainty the agent faces 
often requires more iterations to calculate the 
expected rewards

Together, these pose signif icant challenges to 

the eff icacy and computational scalabil ity of 

tradit ional planning.
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Why 

Investigate 

OASYS?

Learning

Openness in MAS makes reinforcement 

learning challenging

• The added uncertainty and model /policy 

complexity complicates value assignment

• When should we stop training to learn stable, 

performant pol icies that are currently 

effective, yet adaptable? 

• Understanding where in the pol icy space does 

an agent need to explore more versus what 

knowledge it can sti ll  exploit is an 

open problem

• Agent Openness creates the possibil ity of 

new untrained agents, or agents who have 

never interacted.
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Why 

Investigate 

OASYS?

Evaluation

Openness in MAS makes Evaluation challenging

• External factors cannot be fully enumerated which 
limits conclusions from direct empirical evaluation 
and limits theoret ical guarantees.

• Dynamic, ragged, observation and action spaces 
introduce significant computational overhead.
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To Probe 

Further

Gayathr i Anil ,  Prashant Doshi,  Daniel  Redder, Adam Eck, 
and Leen-Kiat Soh. 2025.  MOHITO: multi -agent 
reinforcement learning using hypergraphs for task-open 
systems.  In P roceedings  of  the Forty-First Conference on 
Uncertainty in Arti f ic ial  Intel ligence (UAI '25), Vol.  286.  
JMLR.org, Article 8, 149–171.[l ink] [code]

Eck,  A.,  Soh,  L.-K., & Doshi,  P. 2023. Decision Making 
in Open Multiagent Systems. AI Magazine. 44(4) , 
508-523. [l ink]

Kakarlapudi,  A., Anil ,  G., Eck, A., Doshi,  P.,  & Soh,  L . -K.  
2022. Dec ision-Theoretic P lanning with Communication in 
Open Multiagent Systems. Proceedings of  the 2022 
Conference on Uncertainty in Arti f ic ial  Intel ligence 
(UAI ’22),  E indhoven,  Nether lands,  August 1-5, 
2022 [l ink] [Open Review with Appendices] [Code]

Eck,  A.,  Shah, M.,  Doshi, P., & Soh, L.-K.  2020. Scalab le 
Decision-Theoretic P lanning in Open and Typed Multiagent 
Systems. Proceed ings  of the Thirty-fourth AAAI 
Conference on Artif icial Intel l igence (AAAI’2020),  New 
York  City, NY,  February 8-12,  2020. [l ink] [Preprint with 
Appendices] [Code]

Chandrasekaran, M., Eck , A.,  Doshi, P., & Soh,  L. -K.  
2016. Individual  P lanning in Open and Typed Agent 
Systems. Proceed ings  of the 2016 Conference on 
Uncertainty in Arti f ic ial  Intel ligence (UAI’16),  New York 
City, NY,  June 25-29,  2016. [l ink]

15

http://thinc.cs.uga.edu/files/adresUAI25_cameraready.pdf
https://onlinelibrary.wiley.com/doi/10.1002/aaai.12131
https://proceedings.mlr.press/v180/kakarlapudi22a/kakarlapudi22a.pdf
https://github.com/OberlinAI/CommunicativeOASYS
https://aaai.org/ojs/index.php/AAAI/article/view/6200
https://arxiv.org/abs/1911.08642
https://arxiv.org/abs/1911.08642
https://github.com/OberlinAI/ScalableOASYS
http://www.auai.org/uai2016/proceedings/papers/286.pdf


RECAP MOASEI 2025
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Evaluation Tracks

(AO/TO)  W ild f ire  F ight ing

Agents  col l abo rate wi th  l im ited resources  to f i gh t f ir es of  

vary ing s izes.  F ir es spread  between  ce lls  and  may random ly  

ign ite .

(AO)  Cyber Security

Agents  compete aga ins t a  chang ing team of  heur i st ic  att ackers  

to pro tec t  nodes .

(TO)  Ride -Sharing

Agents  coopet iti ve l y  de liver passengers  to max im ize i nd iv idua l 

fares  earned  wh il e  m in im iz i ng  time passengers  are wait ing.  
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Summary of 

Competitors

2/3 tracks active

11 teams registered

 4 teams submitted
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Teams Approaches Tracks

Zana-
Cyber 
(Winner)

Uses a weighted scoring function 
to focus on the most critical tasks.

Cyber 
Security

University 
of Tehran 
(Winner)

Uses a grid representation 
combined with historical 
observations to prioritize tasks.

Wildfire 
Fighting

Markov 
Mayhem 
(Winner)

Leverages GNNs to handle 
openness by modifying 
observations into flexible graph-
structured data.

Wildfire 
Fighting

Bit 
Student 
(Honorable 
Mention)

Uses an iterative process 
sampling from LLM models to 
continuously improve upon a 
baseline policy.

Wildfire 
Fighting



Methodology - 

Wildfire

Evaluation Metrics

• rewards

Simulation Setup

• 256 evaluation runs / conf iguration

Basel ines Compared

• noop – agents take no actions

• random – agents take random actions

• smallest – agents attack  the fi re closest to being put 
out

• largest – agents attack  the task closest to burning 
out

Evaluation Procedure

1. Each team’s solution tested on same 256 -seed set 
per conf iguration

2. Collected average and var iance across  256 total  
tr ials

3. Visual izations generated after al l evaluations for 
post-hoc analysis
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Wildfire
WS1
• base spread rate: 0.1
• random ignition probability: 0.05
• single initial fire, all agents present

WS2
• base spread rate: 0.5
• random ignition probability: 0.25
• two initial fires, all agent present

WS3
• base spread rate: 0.5
• random ignition probability: 0.25
• four initial fires, no agents present

20

Conf igurations



Wildfire

Competit ion 

Results
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Wildfire

Wilcoxon test for 

statistical 

significance 
No statistically 
significant 
differences between 
the University of 
Tehran and Markov 
Mayhem



Methodology - 

Cybersecurity

Evaluatio n  Metri cs

• rewards

S imulati on  Setup

• 256 eva luati on  runs  / con f iguratio n

Base li nes  Co mpared

• noo p –  agent s t ake no ac tio ns

• rando m –  agent s t ake random ac tio ns

• exploit ed  –  agent s patch  the node wh ich  is  most  
expl oit ed for 3  consecu ti ve s teps ,  then retarget

• patched –  agent s patch  the node wh ich  is  cl osest  to  
compl ete l y patched for 3  consecu ti ve s teps ,  then 
retarget

Evaluatio n  Pro cedure

1 . Each team’s solu t ion  tes ted  on  same 256 -seed set per 
con f igurat io n

2 . Coll ec ted  average and var iance acr oss 256  tota l tr ia ls

3. V isua lizat ions  generated af t er a l l  eva luati ons for  pos t -
hoc  ana l ysi s
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Cybersecurity

Conf igurationsCS1
• persist probability: 0.5
• return probability: 0.25
• fully-connected network

CS3
• persist probability: 0.5
• return probability: 0.25
• linear network

CS2
• persist probability: 0.5
• return probability: 0.25
• central-node network
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Cybersecurity

Competit ion 

results
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Cybersecurity

Wilcoxon test for 

statistical 

significance 

00

Zana Cyber has 
statistically 
significant difference 
with patched (most 

competitive baseline) in 
CS3 (p = 0.0500)



MOASEI 2026



FRAME OPEN WILDFIRE

We introduced Frame Openness into our 

evaluations  through agent equipment states 

in the Wildf ire bonus track. 

METRICS

We introduce new measures, 

total task-completions, mean task completion 

time, and mean value of tasks completed.

Changes from 

last MOASEI
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Evaluation Tracks
(AO/TO) Wild fi r e F ight ing

Agents  co l laborate with  l im ited resources to f ight  f i re s  o f vary ing  

s izes.  F i res  spread between cel ls  and may randomly ign i te.

-------------------------------------------------------------------------

(AO/TO/FO) Bonus Wild f ire  F ight ing

Agents  have changing  ta nk s izes and  ranges which inf luence their 

durat ion in  the environment and the ta sks they can rea ch.

-------------------------------------------------------------------------

(AO) Cyber  Secur i ty

Agents compete against  a  chang ing team  o f heur is t ic  attac kers  to 

p ro tect  nodes.

(TO) Ride -Sharing

Agents  coopet i t ively  del iver  passengers  to  max imize ind iv idual  f ares 

ea rned  whi le m inim iz ing t ime passengers  are wait ing . 

29



Summary of 

 1/4 active tracks

 8 teams registered

 1 team submitted
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Teams Approaches Domains

DLC  (Winn

er)

A planning approach which solves 
an optimal routing problem across 
agents. Replanning when new 
passengers enter the environment.

Rideshare



Methodology – 

Ride-Sharing

Evaluat ion Metr ics

- Rewards , Completed Tas ks,  and Wa i t/Rid ing Time

Simulati on Setup

- 256  eva luat ion runs /  conf i gurat ion

Basel ines Compared

- No-Op –  agents  take no  act ions

- Random –  agents  take random ac ti ons

- FIFO –  Agent s act on the  longes t wa i ti ng pass enge r,  sampling if  
t ied.

- Gree dy–  Agent s act on the  shorte st  to ta l d i st ance pass enger 
( agent ->pas senge r->des tinat i on)

- TFocus –  Agent s " commi t"  to  a  pass enge r once s el ec ted.

- TGlobal  –  Agent s a lways  fol l ow  the ir  heur is ti c,  dynamical ly  
 re-evalua ting which pas senge r to  se rve

Evaluat ion Procedure

- Each t eam’s  so lut i on t es ted on s ame  256 -seed s et  per 
conf igurat ion

- Co ll ec ted average and var i ance  ac ros s 256 to ta l t r ia l s

- Visua li za ti ons gene rated a f te r al l  ev aluat ions fo r post -hoc 
analysi s
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Ride-Share

Conf igurations

32

15x15 grid

Agents = (13,11), (8,3), (2,14) Passengers = 70, 65, 65
sampled similarly to MOHITO [1]



TEAM PRESENTATION
DLC



COMPETITION RESULTS



Rideshare

Competit ion 

results - Reward
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Rideshare

Competit ion 

results - Reward
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Rideshare

Competit ion 

results – 

Completed tasks 
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Ridesharing

Competit ion results 

– Time before riding
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Ridesharing

Competit ion 

results – Value of 

Completed Tasks
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Rideshare

Wilcoxon test for 

statistical 

significance 

00

...



DISCUSSION ON CHANGES AND 
IMPROVEMENT



Next 

Competition

42

Frame Openness

• Rideshare:

Drivers may switch between different vehicles 

exchanging capacity and move cost.

• Cyber Security:

Attackers may have distinct aims, preferring to 

attack different kinds of nodes.

Head-to-Head policy comparisons

• Cyber Security:

Participants will submit attacker and defender 

policies then compete in a round robin tournament.



CONCLUDING REMARKS



Moving Forward …

Expect to organize the 3 rd Annual MOASEI 

Competi tion at AAMAS’2027

• With similar deadlines

• With more complex conf igurations

• Open to discussions and ideas from this year ’s 

teams to improve the competition

Expanding on research in OASYS

• Developing domains and benchmarks

• Promoting new methods for OASYS

• Conduct ing comparative studies

• Co-author ing papers
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Congratulations 

& Thank You!!

DLC | Birmingham University, England, United 

Kingdom | Ziyue Chu

Hope that you will  participate again next 

year!

Please also help us encourage others to 

partic ipate
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Contact Info

https://oasys-mas.github.io

https://oasys-mas.github.io /moasei.html

tbillings4@huskers.unl .edu
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Survey

• https://go.unl.edu/moasei2026survey
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ADJOURNED

OASYS

Univ ers it y o f  Nebraska  –  L i nco ln

Ober li n Co ll ege

Univ ers it y o f  Georgia  -  Athens
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