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Abstract  The basic idea of reinforcement learning is to learn the best strategy to reach the goal
by maximizing the cumulative rewards that the agent receives from the environment. In the online
reinforcement learning method based on value function approximation, SGD is used to update the
weights of the value function, that is, to update the model parameters in the negative gradient
direction to minimize the loss function. On each time-step a random sample is obtained according
to the e-greedy strategy to update the model parameters. Therefore, each update requires a small
amount of computation and which is suitable for online learning. Due to the difference in gradient
rate of the objective function in different dimensions, SGD may make the optimization goal

converge to another extreme point. It is also difficult for SGD to choose a suitable learning rate.
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A learning rate that is too small leads to a slower convergence rate, and too large leads to an
obstacle to convergence. If different dimensions of training data have different characteristics and
value statistics space, different dimensions should adopt different learning rates. Thus, the draw-
back of the stochastic gradient descent method is that it sometimes brings about the optimization
oscillation, which makes the number of iterations increases and the convergence rate slows down. In
this paper, we proposed an Adaptive Learning Rate on Integrated Stochastic Gradient Descent-
ALRI-SGD, which makes two improvements on the traditional SGD: Add the gradient at time
t—1 to the current ¢ time gradient, to update the parameters as an integrated gradient. Based on
the prediction of model parameters, the historical gradient information is used to calculate the
gradient of the current time-step. This improvement makes the oscillation reduced in the
direction with a larger gradient, and the speed of approaching an extremum faster in the direction
with a smaller gradient. In the same dimension, it makes the parameter update faster before it
approaches the extremum. If the parameter exceeds the extremum and the oscillation occurs, it
will actively reduce the update speed; the learning rate of each dimension is dynamically calculated
according to the historical gradient sum of squares of the dimension. The cumulative square sum
of the gradients gradually increases as the training progresses, so that the learning rate will
gradually decrease. The ALRI-SGD based Q-learning algorithm was used to enhance the classical
Mountain Car tasks and the Pole Balancing problem, which were compared with SGD-based Q-
learning algorithm. The experimental results showed that ALRI-SGD can dynamically match the
gradient differences of model parameters in different dimensions and can update the learning-rate
automatically to adapt to the data features of different dimensions. The algorithm has obvious
advantages in both convergence process and convergence efficiency. There are still some problems
to be further studied and improved in this work, including: the convergence performance of the
algorithm is sensitive to the historical gradient discount rate, its setting still needs further study;
in the convergence proof of the ALRI-SGD method, the convex function is assumed to be its
application brings theoretical restrictions.
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Background

Reinforcement Learning(RL) aims at finding an optimal
policy, mapping from states to actions, via maximizing the
returns. In face of large scale state-action space problem,
online reinforcement learning generally uses the function
approximation to represent the value function, and uses the
stochastic gradient descent method to update the parameters
of the approximation function step by step. Due to the difference
in gradient rate of the objective function in different dimensions,
SGD may make the optimization goal converge to another
extreme point. The ALRI-SGD method proposed in this
paper improves the SGD method in two aspects: based on the
prediction of the parameters, the historical gradient information
is used to calculate the update gradient of the current time
step. Based on the historical gradient information of different
dimensions, the learning rate of each dimension is dynamically

calculated. These improvements reduce the optimization of
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stability of the algorithm are significantly improved.
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