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Simulating cooperation among agents of the same species to study collec-
tive behavior
* Rectangular 2D field with borders

* k species with predation relations, n = Z,’f:l n; specimens move freely
and interact

* Observation: positional information about all other agents relative to them-
selves via a 2n dimensional vector within [1, 1]

« Action: continuous actions represented by 2D vectors within [1, 1], with
speed varying depending on the species

Goal

« Establish an environment with realistic predation relations and interactions
* Foster collaboration among agents of the same species for the collective

Figure 1: Prey-predator Python environment

Reward for agent a of species p

» Caught by a predator: -10 per collision with predators

Catching preys. + 10 if an agent of the same species catch a prey
Evading predators: « ) bepreds, dist(a, b)

Hunting collaboration: Collective reward based on the minimisation of the
distance of all agents of the same species to their closest prey

—3 Z min dist(a™, ¢)
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Border penalization: —(max(0, |x| — 0.9)) x 10 — max(0, |y| — 0.9)) * 10
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e MADDPG [1] extends DDPG [2] to multi-agent settings, enabling learn-

INg in cooperative or competitive environments

e |t shares information during training but agents make decentralized de-

cisions during execution

e Each agent has a DDPG architecture with a neural network for his policy

and his value estimator

e The agent takes action based on his observation but learns a Q function

based on everyone’'s observations and actions

— e e o o e e e e e mmm mmm e e mmm e e e e e e e e e e e e e e e e e e

trainin "
g | Actor Critic
. |
| execution ! ,
: Actor Actor : | state_size state_dim + action_dim
| ¥
I |
| T 1 - ']'En i : [ Linear layer J Linear layer
I |
| I I hidden_size k x hidden_size
|
[ | |
[ | | [ Linear layer J L Lay:
I |
|
I ‘ I | hidden_size k xhidden_size
| ' |
| J | [ Linear layer j Linear layer
_________________________ |
| action_size =2 Q value
|
|
Q Q '
|
|
Critic Critic I
Independant Networks Shared Networks Unified Network
® ® o "

processing systems, 30.

Algorithm 1: Multi-Agent Deep Deterministic Policy Gradient for [NV agents

for episode = 1 to M do
Initialize a random process N for action exploration
Receive initial state x
for ¢t = 1 to max-episode-length do
for each agent i, select action a; = g, (0;) + N w.r.t. the current policy and exploration

Execute actions a = (a1, ...,ay) and observe reward r and new state x’
Store (x, a,r,x’) in replay buffer D
X ¢ X'

for agent: = 1to N do S
Sample a random minibatch of S samples (x?, a’,r7,x'7) from D

Set yj =T + '}’Qz (xlja a’fla R a’fl\f)'q,;c:p;c(oi)

| o N2
Update critic by minimizing the loss £(6;) = 5> (yﬂ - Q¥ (x?,al,..., aﬂv))
Update actor using the sampled policy gradient:
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ai=pi(0])

end for
Update target network parameters for each agent ¢:

0; < 70; + (1 — 1)6;

end for
end for
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* Incite cooperative dynamics among agents of the same species

« Shared reward among agents of the same species enhance collaboration

- MADDPG & our extensions have enabled the creation of a multi-agent
system for effectively modeling complex population dynamics.




