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A Reinforcement Learning Method using TD-Error
in Ant Colony System
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ABSTRACT

Reinforcement learning takes reward about selecting action when agent chooses some action and did state transition in present state. this
can be the important subject in reinforcement learning as temporal-credit assignment problems. In this paper, by new meta heuristic method
to solve hard combinational optimization problem, examine Ant-Q learning method that is proposed to solve Traveling Salesman Problem (TSP)
to approach that is based for population that use positive feedback as well as greedy search. And, suggest Ant-TD reinfoecement learning
method that apply state transition through diversification strategy to this method and TD-error. We can show through experiments that the
reinforcement learning method proposed in this paper can find out an optimal solution faster than other reinforcement learning method like ACS

and Ant-Q learning.
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/* Initialization phase */
Set an initial value for AQ-values
/* Main algorithm */
Loop /* This loop is an iteration of the algorithm */
1. /+ Initialization of agents data structures */
Choose a starting node for agents
2. /* In this step agents build tours and locally update
AQ-values */
Each agent applies the state transition rule(3) to choose
the node to go to, updates the set Jx and applies Eq.(11)
to locally update AQ-values (in Eq.(11) 4AQ(r, s) =0}
3. /* In this step agents globally update AQ-values */
The edges belonging to the tour done by the best agent
are updated using Eq.(11) where 4AQ(r,s) is given by
Eq.(12)
Until (End_condition = True)

(22 1) The Ant-TD Algorithm
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