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Abstract

Sequential decision making describes a situation where the decision maker makes successive observations of a process before a final decision is made.
In real-world scenarios, multi-objective sequential decision-making problems have been common and pose multiple challenges for researchers in
decision-making. Most studies in this area have traditionally focused on single-objective situations or converted multi-objective problems into single-
objective ones by combining objectives into a single goal. In this article, a multi-objective deep reinforcement learning framework called "MACA,"
based on the actor-critic method is presented, to optimize and balance multiple conflicting objectives in dynamic environments over time. This
framework learns different policies for various objectives and eventually converges them to a global optimal policy. This framework, is evaluated in
the domain of recommender systems for two conflicting objectives: accuracy (the desirability of recommended items for users) and fairness (the
selection of recommended items from all categories); and, compared with other recent multi-objective reinforcement learning methods. Experimental
results on the benchmark problem (recommender systems) demonstrate that this framework outperforms previous works in terms of performance (the
accuracy was 92.5% with a fairness score of 96.5% on the Kiva dataset, and 93.1% accuracy with a fairness score of 97.6% on the MovieLens dataset),
convergence time, and memory consumption. Moreover, the proposed framework is scalable with respect to the number of objectives and enables
optimization of the variable number of objectives.
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Introduction

Multi-objective optimization problems involve two or more conflicting objectives, meaning that improving one objective leads to a reduction in another.
Multi-objective optimization has been applied in various domains, including recommender systems, economics, chemical engineering, and
transportation. Although traditional learning approaches have mainly focused on single-objective settings, in reality, many problems have multiple
conflicting objectives. Such problems can be modeled as "Multi-Objective Markov Decision Processes" (MOMDP) and can be solved using
Reinforcement Learning. In these scenarios, the agent learns to make decisions that achieve a balance between the conflicting objectives, ultimately
reaching a set of policies that represent the best compromise among the multiple goals.

Proposed Work and Methodology (including comprision, simulation/experimental results and discusion)

In the proposed method, which is based on the actor-critic approach, where a single policy is learned by default, we have modified the architecture to a
multi-objective reinforcement learning framework. This architecture consists of N parallel actor-critic blocks managed by a global attention layer
(where N is the number of objectives). In the proposed architecture, for each objective, there exists a local actor-critic block that tries to learn a policy
to maximize its corresponding objective. Additionally, a global attention layer is present, providing unique feedback to the local blocks to manage them.
In other words, the global attention layer receives the outputs from the local blocks, compares these outputs with each other, determines the performance
of each local block concerning each objective, and provides separate feedback to each local block to update their policies based on this feedback.
Moreover, in each local block, there is a local critic that provides separate rewards for all objectives to the agent of that block.

For evaluating the proposed framework and comparing it with previous works, we have chosen the Item Recommendation Problem as the benchmark
problem. Two datasets (Kiva and MovieLens) containing feedback (including user acceptances or rejections and ratings given by users to various items)
over different time periods are given. The objective is to find a policy for the recommender system to optimize recommendations to users regarding the
given objectives (accuracy and fairness).

Results showed that the proposed method, due to concurrently learning different policies in parallel, has a good exploration capability in the policy
space. The generated policy in both objectives outperforms previous multi-objective methods. Additionally, due to the parallelization of actor-critic
blocks, it exhibits faster convergence speed.

Conclusion

In this article, we presented a framework based on deep reinforcement learning for optimizing multi-objective sequential decision-making problems.
The proposed method extends the actor-critic approach and includes separate actor-critic components for learning optimal policies for various objectives.
The framework ultimately returns a global optimal policy by converging the policies of different blocks. The presented method is generalizable to
problems with any number of objectives. Results showed that learning multiple policies concurrently can improve the exploration capability and
efficiency of the reinforcement learning algorithm.
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Algorithm Local_block b
input: Actor learning rate ag, Critic learning rate @y, discount
factor y, batch size B and reward function 1;
i
t=0;
replay buffer P = 0;
Initialize W for block b
While (s! = sp){
s = 8§;
a = a;;
Fori = 1 ...Ndo{
Calculate reward 7 based on the feedback of the user;
7p[i] = rf; /* The rewards here are given by the
critics of each local block as feedback to the actor of
that local block. 7; is the vector where
rewards are stored. */
}
Save (s,a,5¢41,7¢) tOP;
S = Sty1s
t=t+1;
3
fori = 1...Ndo{
Q,(spa) = di(ki(sp,a), f)
Calculate Equation (3);
}
Calculate the error function expressed in Equation (2);
1,(60) = E [Vo, log (g, (51 a.) ) (—alog (o, (aclse)) +
Qi(sva) —£i)] 5
e n+agTe|(Vis) — Q(sua)) V0 (s ar)|;
}
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Parameter Value
number of epochs 100
batch size 128
embedding dimension 100
learning rate 0.001
discount factor 0.9
hidden dimension 128
replay buffer size 1000000
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Kiva MovieLens
Method ProbFair ProbFair
MCSP 0.790 0.710
MoCAC 0.710 0.653
MoTiAC 0.770 0.709
FairRec 0.866 0.799
MACA 0.965 0.976
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Kiva MovieLens
Method PropFair Accuracy PropFair Accuracy
Single- 0.801 0.929 0.756 0.940
objective
MACA 0.965 0.925 0.976 0.931
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