
Asynchronous advantage actor critic algorithm (A3C) - 
is an algorithm for updating agent’s weights. In the end 
of every episode an agent gets reward R. A discounted 
reward is then calculated

With discounted reward advantage function is 
calculated

Then with the advantage function policy loss function 
and value loss function are calculated

Also for developing the agent’s exploration we add 
entropy loss function. It orces agents to avoidaction 
distributions with one dominant action

Final A3C loss function is calculated with all three loss 
functions

This loss is then averaged and used to update the 
agent network
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Self other modelling algorithm (SOM) - is an 
algorithm in which the agents approximate 
vector of goals of an other agent while acting in 
an environment. Agents get a set <state S, self 
goal vector Zself and other agent’s goal vector 
Zother> as input and returns action distribution. 
Every step in the environment agents update 
Zother vector with the following loss function:

In cooperative RL problems it is crucial to 
achieve agents to behave cooperatively.

It is also important to prevent the  information 
exchange between the agents so that they 
could act independently.
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Base A3C(left), Hide and seek(right)

The first series of experiments was set in the environment 
with 5 fixed seeds. 

● A3C and A3C-SOM achieved reward 14
● HNS and HNS-SOM achieved reward 16
● HNS-SOM with additional head achieved reward 18

HNS agents experienced downfalls in the reward during the 
learning process. It can possibly be explained that the 
seed-initialization offered possible shortcuts to a local 
minimum, with not enough variety for agents to get out of it. 

The second series of experiments was set in the environment 
with maps randomly generated for every episode. 

● A3C-SOM achieved reward 8
● HNS-SOM achieved reward 2.5
● HNS-SOM with additional head achieved reward 19

HNS-SOM and A3C-SOM performed worse, comparing to 
the 5 fix seeds environment. HNS SOM performed better, 
achieving better reward.
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In this work, we explored the application of the 
Self-Other Modelling algorithm on several 
multi-agent reinforcement learning algorithms. 
A3C agent architecture was compared to more 
complicated Hide and Seek architecture. The 
experiments were set in the grid-based 
environment. The goal was cooperatively collect 
coins; from three colors, agents were required to 
collect coins of particular two colors and avoid 
collecting coins of the third color.
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Adding SOM to the agent architecture can help make 
learning process more robust. It also can increase achieved 
revard, giving enough complexity to show the difference.

HNS shows high reward in the environment with alternation 
of fixed maps (seeds).

HNS SOM with additional head achieved maximum possible 
reward (with respect to steps limitation).

CONCLUSION


