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1 Batch Policy Gradient

Policy gradient methods are a family of algorithms in reinforcement learning
that optimize and model the policy directly. It aims to maximise the expected
total reward by repeatedly estimating the gradient g = E[}_;° r;]. There are
several different related expressions for the policy gradient, which have the form:
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where ¥, may be one of the following;:

1. Y72, re: total reward of the tra- 4. Q™ (st,a¢):  state-action value
jectory. function.

2. Y2, re: reward following action 5. Q™ (s¢,a1) — V™(sy): advantage
a. function.

3. > i, re — b(sy): baselined total 6. 7+ V7™ (st41)—V™(s¢): TD resid-
reward. ual.

To estimate this gradient, we typically collect batches of trajectories and
perform stochastic gradient descent to update the agent. Moreover, for the
first three types of advantages, we need to rollout the entire episode and collect
rewards to go for each state in the episode. The choice of advantage largely
depends on the task in hand since there are benefits and drawbacks of each
type.

Using the total reward is often referred as the Monte-carlo approach. The
algorithm gives equal advantage to all actions in a rollout. This is most often not
desirable since not all actions of the agent carry equal importance. Additionally,
the monte-carlo method is has extremely high variance. All the other methods
use some form of a critic network to estimate the value of a state or state-action
pair. These methods lower the variance considerably, but at the cost of high
bias.



2 Continual Policy Gradient

Batch policy gradient essentially uses stochastic gradient descent to estimate the
gradient. Therefore, larger batch sizes aka. larger batch rollouts would give bet-
ter and more accurate results. This however is not scalable since large rollouts
implies large data buffers to store encountered states, actions, and rewards.
We need a method that can estimate the gradient above without the need
of a large data buffer. This is crucial for long-horizon tasks. While the agent
may update the gradient in batches, the algorithm can also use the current
observation and reward to estimate the gradient. This is known as Continual

Policy Gradient.
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Continual policy gradient method do not update the agent using stored
batches. Instead, it can only use information for the current and next step to
update the agent. Thus, the following data is available to the agent at each
timestep: s, ag, ¢, S¢+1. The algorithm must only use this information to up-
date agent. From the equations above, we can see that types 1-3 cannot be
implemented directly since they require an episode rollout to calculate advan-
tages. Types 4-6, on the other hand, can be modified to implement continual
policy gradient. These advantages, however, suffer from high bias due to its
over reliance on the critic network. A bad critic initialisation may prevent the
policy from ever converging.

3 Generalised Advantage Estimation and TD(\)

A popular advantage estimate to combat the drawbacks of the other methods
is the generalised advantage estimate which unifies one-step TD and Monte-
Carlo methods. This advantage estimate is inspired from the T'D(A) method,
first introduced by Richard Sutton. The GAE is defined as an exponentially
weighted average of n-step TD errors:

where A7 = S A* ey "V (s4m) — Vi(se)

More importantly, the sum above can be written as a discounted sum of TD
residuals.
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where 8} =1, + YV (s141) — V(s¢)

GAE offers many advantages which are discussed in later sections. One
benefit is it allows us to choose the level of bias we want for our task. Choosing
A = 0 is equivalent to a one-step TD residual advantages. This has high bias but
low variance. On the other extreme, A = 1 results in the Monte-Carlo estimate
(type 2).

GAE tries to solve a big issue in reinforcement learning known as the credit
assignment problem. The difficulty lies in the long time delay between actions
and their positive or negative effect on rewards. GAE simply assigned credit
in an exponentially weighted way such that actions just preceding rewards are
assigned more credit than later ones. However, instead of one-step or n-step
TD, all actions may be updated in a trajectory.
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The figure above shows the relative performance of various advantage esti-
mators discussed. The graph show the best performance observed over 4 trials
on the Acrobot-v1 tasks from the classic control suite in gymnasium. This task
requires cumulative effort of actions to generate reward. Therefore, assignment
credit to distant actions or even all actions is a good choice. The curves show
that GAE (A = 0.9) perform very well. Moreover, it also showed the least
variance among all the advantage estimators.

4 Continual GAE with Eligibility Traces

The previous section showed that GAE is a good advantage estimator to choose
to balance variance and bias. Another benefit of GAE is that it can be refor-
mulated to work with continual policy gradients. This might seem improbable
given that GAE consists of an average of n-step returns which require episodic
rollouts. However, from the previous section notice that the estimate can also
be written as a discounted sum of TD errors:
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To make this estimate continual, we employ a mathematical trick known as
eligibility traces which store a temporary record marking the occurrence of an
event. For deep neural networks, we associate a trace for each weight in the
network. At each step, we update the trace be decaying the existing trace and
adding the gradient associated with the action V logmy.
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Eligibility traces can be implemented in Pytorch by designing a custom
optimizer for the actor and critic networks. We associated a trace for each
weight in the network. Furthermore, special functions must be implement to
set/reset the trace and also broadcasting the TD error across the networks. The
link to the code can be found here.
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Continual GAE - Lambda
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The first figure compares the performance of batch and continual GAE. We
can see that both approaches converge to the same solution. The second figure
test the algorithm on the same environment with different values of \. We can
see that the algorithm converges the fastest with A = 1.

5 Challenges and Future Work

5.1 Normalized Advantages

Most standard implementation of policy gradient algorithm normalize the ad-
vantages for every batch using the mean and standard deviations of the ad-
vantages. Many gymnasium tasks do not converge until the advantages are
normalized. Some examples include the Pendulum and Acrobot tasks from
gymnasium library.

Continual policy gradients do not store individual advantage estimates. There-
fore, it is difficult to find the mean and standard deviation of advantages. One
simple normalization technique involves dividing the advantages with the cur-
rent maximum advantage encountered. This however, still doesn’t provide sta-
bility improvements to make continual gradients work for the above tasks.

5.2 Proximal Policy Optimization

PPO algorithm needs the old policy to make sure that the new policy doesn’t
deviate too much. Since continual policy gradient never stores information
about the old policy. PPO works by clipping the objective function so that the
gradients are not too large.

One possible technique to prevent continual policy gradient to diverge is to
clip the eligibility traces instead. This approach is related to a technique known
as replacing traces, but applied in the deep learning setting. The figure below
shows the performance of clipped traces compared with standard accumulating
traces.
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5.3 Exploration vs. Exploitation

An open problem in policy gradients
and reinforcement learning methods
in general is the exploration vs. ex-
ploitation dilemma. The importance
and role of stochasticity in learning
is unclear. Current policy gradient
methods use some form of stochas-
ticity when outputting action. The
level of stochasticity can also be con-
trolled by adding an entropy term to
the agent’s objective. This prevents
the agent from exploiting always and
forces it to explore once in while.
Other promising approach is hier-
archical reinforcement learning
(HRL). In HRL, we divide a com-
plex problem into a hierarchy of tasks.

The agent is trained on simple tasks and the goal is to transfer knowledge learn
from those simple tasks to solve more complicated problem. The knowledge
transfer problem is however difficult to solve since it is directly related to gen-
eralization. Future algorithms which combine continual policy gradients with
hierarchical learning have the potential to learn complex tasks in the real-world.
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