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Abstract—The Proximal Policy Optimization (PPO) is a pol-
icy gradient approach providing state-of-the-art performance
in many domains through the ‘“surrogate” objective function
using stochastic gradient ascent. While PPO is an appealing
approach in reinforcement learning, it does not consider the
importance of states (a frequently seen state in a successful
trajectory) in policy/value function updates. In this work, we
introduce Preferential Proximal Policy Optimization (P30) which
incorporates the importance of these states into parameter
updates. First, we determine the importance of each state based
on the variance of the action probabilities given a particular
state multiplied by the value function, normalized and smoothed
using the Exponentially Weighted Moving Average. Then, we
incorporate the state’s importance in the surrogate objective
function. That is, we redefine value and advantage estimation
objectives functions in the PPO approach. Unlike other related
approaches, we select the importance of states automatically
which can be used for any algorithm utilizing a value function.
Empirical evaluations across six Atari environments demonstrate
that our approach significantly outperforms the baseline (vanilla
PPO) across different tested environments, highlighting the value
of our proposed method in learning complex environments.

I. INTRODUCTION

Many Reinforcement learning (RL) approaches rely on
value functions to estimate the expected return from a given
state, which in turns, guide agents in selecting appropriate
actions. However, not all states possess equal significance.
Recently, Anand and Precup [1] proposed Preferential Tempo-
ral Difference (PTD) Learning that employs a state-dependent
preference (i.e., importance) function, denoted as (3(s), to up-
date the value function according to each state’s perceived im-
portance. Consequently, states with low preference experience
infrequent updates and reduced likelihood of being employed
for bootstrapping the target, while those with high preference
witness more frequent updates and exert a greater influence
on bootstrapping the target. They showed this state-dependent
preference technique can enhance the effectiveness of the value
function in reinforcement learning by selectively emphasizing
high-value states and suppressing low-value states.

While the PTD approach provides a mechanism to incorpo-
rate state importance in Temporal Deference learning regime,
it is explored and tested in simple environment such as cart-
pole problem, where calculating beta states (i.e., 3(s)) is based
on knowledge of environment variables, such as cart pole
position, velocity, and angle. For more complex environment
(such as Atari 2600 games) with numerous different states
and actions adapting approaches such as PPO leveraging state
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importance is very useful. Finally, PTD approaches define
beta states manually based on the domain knowledge from
the environment. This makes the applicability of the PTD
approach limited to simple environments.

To that end, we introduce a novel Preferential Proximal
Policy optimization (P30) algorithm equipping vanilla PPO
with a mechanism leveraging state importance. First, inspired
by [2], we determine state importance ST for state s. Then, we
smooth ST using Exponentially Weighted Moving Average [3]
and normalize the values, generating ((s). This allows [3(s)
to be any number between O and 1 (as opposed to fixed beta
values, such as 0.1 or 1 used in the PTD approach).

Subsequently, we modify the Generalized Advantage Es-
timation (GAE) algorithm [4] to incorporate §(s), yielding
the Generalized Beta Advantage Estimation (GBAE). This
modification results in higher bias and lower variance for the
advantage estimate if the current state is high-value, and vice
versa for low-value states.

Lastly, we integrate the automatically computed (3(s) values
and GBAE into the Proximal Policy Optimization (PPO) algo-
rithm [5], creating the Preferential Proximal Policy Optimiza-
tion (P30) algorithm. In particular, P30 replaces traditional
advantages with $-advantages and updates the value function
according to (3(s) values. We compare P30 with PPO to
demonstrate that our approach achieves greater performance
in Atari environments [6], including MsPacman, Seaquest,
Breakout, River Raid and Qbert. Our contributions are sum-
marized as follow:

1) We incorporate state importance into the GAE algorithm
based on modified objective function formulation tai-
lored to our proposed algorithm.

2) We propose a Preferential Proximal Policy Optimization
(P30) approach introducing state importance and advan-
tage calculated based on GBAE.

3) We develop an automated process for determining beta
values, thus eliminating the need for manual configura-
tion.

4) We demonstrate the efficacy of proposed P30 in image-
based environments, highlighting the versatility of the
algorithm across diverse settings.

II. BACKGROUND

We model our problem as a Markov decision process (MDP)
with discrete action space A and state space S. The action
space depends on the environment (such as Atari 2600 games
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like Breakout, Seaquest, and Enduro). The agent interacts
with the environment in state s; € S and selects an action
a; € A based on its current policy, 7y (a¢|s¢). Upon executing
an action, the environment provides a reward 7;,1 based on
the current state s; and action a, with ¢ denoting the current
timestep. The primary objective of the agent is to update the
network parameters 6 in order to discover the optimal 6 which
gives the best of set of rewards for the policy and value
functions.

Our proposed algorithm builds upon key components such
as Preferential Temporal Difference Learning (PTD), Gen-
eralized Advantage Esimtation (GAE), and Proximal Policy
Optimization (PPO). The following sections provide concise
overviews of these essential elements.

A. Policy Gradient

Policy gradient algorithms, including Advantage Actor
Critic (A2C) [7], PPO [5], and Phasic Policy Gradient (PPG)
[8], update the policy based on the current policy distribution.
All experiences used to update the policy are derived from the
current policy unlike off-policy methods where they update
from previous experiences under different policies. The policy
gradient can be expressed in its general form as follows:

Vo J(0) = E[Z Vologma(a|si) Gi. ey
t=0

In this expression, Gy can be replaced with TD advantage
0t =1+ V™ (s441) — V™ (s¢) where V™ is the value function
generated by the critic, Advantage function A™ (s, a;), GAE
fltG AE(%)‘), or the return Gf in PTD approach. The goal in
policy gradient methods is to maximize the expected total

reward by repeatedly estimating the gradient.

B. Preferential Temporal Difference Learning

Anand and Precup [1] employed a preference function 3, to
emphasize the importance of the state for the update as well
as the target. The preference function is within the range of
[0, 1] and if B(s) = 0, the value function will not be updated
when the state is visited, and if 3(s) = 1, the state will be
fully updated. This allows skipping states that are partially
observable and generate the information for fully observable
states instead. There is a trade-off, as not updating a state may
cause its value to be completely inaccurate and consequently
create a biased update when used as a target for previous states.
They [1] proposed beta returns Gf to avoid biased updates
when ((s) = 0. They introduced a 8 return that bootstraps
according to preference:

G} =1 +7[B(5:41)V (se41) + (1 = B(s141))GPya). ()

Moreover, they created both the offline PTD algorithm and
online PTD algorithm. This means that the PTD algorithm can
be updated after every episode or set of timesteps using the
offline version, or updated every timestep while the algorithm
is interacting with the environment.

III. METHODOLOGY

To fully leverage the capabilities of our proposed algorithm,
we incorporate three essential components. First, we compute
the State Importance SI, which is passed through the Ex-
ponentially Weighted Moving Average (EWMA) function to
smooth the SI values. We then apply Min-Max Normaliza-
tion to normalize these S values within the range [0, 1],
which become our beta values ((s). Next, we employ the
Generalized Beta Advantage Estimation (GBAE) to generate
beta advantages fltG BAE These beta advantages are used to
calculate the policy loss for the P30 algorithm. We then
compute the value loss by using regression on the mean-
squared error with the generated beta-values, combining the
policy loss and value loss with entropy to create the P30 loss.
This loss is subsequently utilized to update the network. In
the following sections, we provide an in-depth explanation of
the core techniques employed in the P30 algorithm.

A. Generalized Beta Advantage Estimation

We build GBAE upon GAE [4] by incorporating state
preference function 3(s) into the advantage estimating func-
tion (3). This allows GBAE to assign different levels of
importance to states according to the environment. Moreover,
this incorporation allows GBAE to adaptively control the bias
and variance of advantages for different states.

It is worth mentioning that the GAE algorithm focuses on
finding a balance between bias and variance in the advantage
estimation by combining the properties of Temporal Differ-
ence (TD) learning and Monte Carlo (MC) methods [4]. In
GAE, the parameter A\ controls the balance between bias and
variance, with A = 0 adapting TD properties and A = 1
demonstrating MC properties. However in GBAE, with A =0
the algorithm adapts TD properties and A = 1 demonstrates 3
return with baseline properties (G4 - V(s;)).

In GBAE, the state preference function [5(s¢11) is incorpo-
rated into the advantage estimation, as shown in the following
equation

AGBAECA) — 5, 4 (1= B(s141)) (YN AGBAE . (3)

where v is the discount factor, typically set to 0.99, and
A is a horizon control variable which allows the model more
focused on immediate results or distant future rewards with
the constrained 0 < A < 1; ;41 represents the preference
function for the next time-step; d denotes the advantage,
defined as 7 +~V (s¢+1) —V (s¢); and r; represents the reward
at each timestep t.

With this modification, GBAE provides more flexibility
in controlling the bias and variance of advantages based on
the importance of states in the environment. In cases where
the state preference function assigns a high importance (e.g.,
B(s) = 1) to a particular state, the advantage for that state will

IGithub Link: https:/github.com/MegaTlash/P30.
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exhibit a higher bias and lower variance. On the other hand,
when the state preference function assigns a lower importance
(e.g., B(s) = 0), the advantage will have lower bias and higher
variance. This results in more targeted and efficient learning
process. We found that this biasing mechanism enhances the
performance of our algorithm by incorporating state prefer-
ences into the PPO policy optimization process.

B. Automatic Calculation of B function

The proposed algorithm is built upon the concept of state
importance. We utilize [(s) in the Preferential Temporal
Difference (PTD) approach to assign different levels of sig-
nificance to various states.

We define the importance of a state based on two criteria:
the potential for exceptionally high or low rewards, and the
presence of a definitive action that leads to these rewards. That
is, states are considered important as they introduce a bias
in the algorithm towards actions that lead to these extreme
rewards. Conversely, states yielding comparable rewards, with
a near-uniform distribution of action probabilities given a
particular state, are deemed unimportant.

State Importance SI is calculated as the variance of the
probability distribution p(a¢|s;) multiplied by the absolute of
VT (St>

SI(s:) = Var[p(at|st)] * [V (s¢)] (@))

where V7 (s) represents the value function from the critic.
However, the evaluation of state importance is not a standalone
process. In order to consider the impact of significant states
on their neighboring states over time, we incorporate an
Exponentially Weighted Moving Average (EWMA) smoothing
technique. This approach guarantees that states preceding and
following a crucial state receive an enhancement in their
importance scores. As a result, the agent’s learning is guided
through a more effective sequence of updates.

The resulting ST values are then passed through the EWMA
function [3],

xp=axSI(st) + (1 — ) xxe_q. (5)

Here, x; is the smoothed value at time ¢, and « is the
smoothing factor. o determines the weight given to the current
observation versus the previous smoothed value. By adjusting
the hyperparameter alpha, the degree of smoothing in a time
series can be controlled. A larger alpha value assigns greater
weight to the most recent observation, leading to a decrease
in smoothing. Conversely, a smaller alpha value gives more
weight to the previously smoothed values, resulting in greater
smoothing of the time series.

The smoothed SI values (x;) are then normalized using
the Min-Max Normalization algorithm, transforming them into
the range [0, 1]. The normalized smoothed state importance
measure eliminates the necessity of predefining 3(s) condi-
tions, as suggested by the authors of Preferential Temporal
Difference Learning [1]. Consequently, we directly integrate
this measure into our proposed Generalized Beta Advantage

Estimation (GBAE) framework, as defined in (3). By doing so,
we enhance both the PPO policy and value functions, further
augmenting the capabilities of our algorithm.

C. Preferential Proximal Policy Optimization

Preferential Proximal Policy Optimization (P30) is a modi-
fied Proximal Policy Optimization algorithm [5] that integrates
the state-preference function (s) and GBAE algorithms (as
the advantage estimator) to update its policy and value func-
tions. While the policy structure remains identical to PPO,
P30 replaces the advantage function estimator /LGAE with
the GBAE-based advantage estimator AtGBAE in the policy
loss computation. This change enables the P30 algorithm to
prioritize important states over less important ones during
updates. The policy update for P30 is defined as:

LEETIP () = min(ry(0)ASBAE clip(ri(0), 1—e, 14+€) ATBAF

(6)

where 6 denotes the policy parameters, r;(6) = %

is the importance sampling ratio between the current policy

7o and the old policy .., ASP4P0Y is GBAE, and € is a
hyperparameter controlling the policy update size.

In P30O’s policy, instead of having normal advantages where
each advantage is uniformly the same for bias and variance,
it will have beta advantages that exhibit high-bias and low-
variance if the state has high 3(s) values and vice-versa for
low 3(s) values.

Furthermore, P30 introduces the automatic calculation of
beta states 3(S), using method in section III-B . This approach
allows the algorithm to automatically adapt the beta states
based on the environment, overcoming the limitations of
using static thresholds for determining beta states, as seen in
previous works [1]. The following is the value loss for the
P30 algorithm

N
LYF(G) = Z ﬂ(sn)(VG(Sn) - Vh)2~ (7N

Vo (s¢) is the predicted value of state s; by the value function
parameterized by 6, and V,, is the target value for state s;
which we used as the discounted returns. The computation for
the value function loss in P30 also differs from that in PPO.

We combine both the policy loss, value loss, and an entropy
bonus S like in PPO [5] to create the P30 objective function

LyHPEVERS(9) = LT (0) =1Ly T (0)+c2S[mo) (s0))-
®)

Where LEEIP represents the policy loss, LY ' denotes the
value loss, and S7y is the entropy bonus, which encourages
the network to explore. The following pseudo-code for P30 is
a modification of OpenAl’s Spinning Up documentation [9].
In summary, P30 extends the original PPO algorithm by
incorporating the state-preference function and GBAE to pri-
oritize higher ST during policy and value function updates.
This modification enhances the algorithm’s performance in
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Algorithm 1 Preferential Proximal Policy Optimization (P30)

1: Input: Initial policy/value function parameters 6

2: Output: Final policy/value function parameters 60

3: fork=0,1, 2, ..N-1 do

4; Collect trajectories Dy, = 7; using policy mx = 7(6y)

where t represents timestep in trajectory ;
Compute rewards from environment (7;)

6: Compute method for Automatically Calculating Beta
States B(s) (section III-B)

7: Compute AGBAE ysing GBAE with beta states /3(s;)
based on current value function Eqn. (3)

8: Calculate policy loss using PPO-Clip objective and

AGBAE Eqn. (6)

W

9: Calculate value function loss using mean-squared error
Eqn. (7)

10: Combine policy loss, value loss, and entropy bonus;
update network Eqn. (8)

11: Determine 61 based on Eqn. (8) objective function

12: end for

complex environments and provides a more flexible approach
to learning in situations with non-trivial observation spaces.

IV. EXPERIMENTS

In this section, we present the results of our proposed
Preferential Proximal Policy Optimization (P30) algorithm
and compare it with the baseline Proximal Policy Optimization
(PPO) [5] across 6 different Atari 2600 environments. We eval-
uate the performance of both algorithms by comparing their
average returns over the last 10 episodes (Fig. 1) and returns
for each episode (Fig. 2) after training for 20 million timesteps.
We also calculated the variance for each environment (Fig.
3) to showcase if each algorithms have similar or different
variance.

A. Training Details

In order to ensure a fair comparison between our proposed
Preferential PPO (P30) algorithm and the baseline PPO,
we maintained identical hyperparameters for both algorithms.
The code for the PPO and P3) algorithm was adapted from
CleanRL [10]. Both models employed a learning rate of
1 x 1073, which yielded the best results across all tested
environments. The algorithms took 256 steps before updating,
and each algorithm was trained concurrently in 256 environ-
ments. The discount factor v and the trace decay parameter
A were set to 0.99 and 0.95, respectively. The number of
minibatches and epochs were both set to 8. All environments
were trained for a total of 20 million timesteps. The neural
network architecture for both the actor and the critic consisted
of three convolutional layers and two linear layers, with
rectified linear units employed as activation functions.

B. Atari 2600 Environments

We utilized a suite of six Atari 2600 environments [6]
provided by OpenAI’s Gym toolkit [11] to train and evaluate

our algorithms. These challenging environments, requiring
complex decision-making, serve as popular benchmarks for
RL algorithms:

o Breakout: A classic arcade game (1976) where players
use a paddle to break bricks with a bouncing ball. The
agent receives points for breaking bricks.

o Freeway: Released in 1981, this game involves control-
ling a chicken to cross a busy freeway while dodging cars.
The player receives points for each successful crossing.

e Qbert: A 1982 puzzle game where the character Qbert
navigates a pyramid structure, avoiding enemies and
changing cube colors. The agent receives by changing
color of the cubes to their destination or defeating enimes.
They also gain points for completing a level.

« River Raid: A scrolling shooter game (1982) in which
agent control a helicopter, destroying enemies and col-
lecting fuel over a river. The game awards points for
destroying enemies and collecting fuel.

o MsPacman: Developed in 1982, agent navigate Ms. Pac-
Man through a maze, eating dots and avoiding ghosts.
The agent can also eat power pellets that allow Ms. Pac-
Man to eat the ghosts for a limited time, gaining extra
points.

o Seaquest: A 1983 game in which players control a
submarine to rescue divers, avoid mines, and collect
treasure. The agent is rewarded for rescuing divers,
collecting treasure, avoiding mines, destroying enemies
and resurfacing for air.

These diverse environments offer a strong assessment of
the RL algorithms’ performance and decision-making abilities
while the reward structure in each environment encourages the
development of efficient strategies and intelligent navigation.

1) Atari Envpool Environments: Efficient exploration and
learning from a large number of environments is a key chal-
lenge in RL. To address this issue, we employed CleanRL’s
Envpool code [12], which utilizes the Envpool Python library
for creating and managing a pool of environments. This library
enables the efficient execution of multiple environments in
parallel, reducing the total time required for training.The
Envpool package allows for parallelization of the training
process across multiple CPU cores or GPUs. This significantly
accelerates the training process and reduces the total time
required for experimentation.

In summary, the Envpool package provides a powerful tool
for efficiently exploring and learning from a large number
of environments in RL. By leveraging the package’s flexible
interface and built-in tools, we can substantially improve the
efficiency and scalability of our RL algorithms.

2) Initialization of Networks: In our work, we used or-
thogonal initialization for the critic network. The motivation
behind this decision is that orthogonal initialization tends to
produce a more stable learning process in deep networks by
preserving the variance of inputs through the layers [13]. This
can prevent issues such as the vanishing or exploding gradient
problem. We found that this initialization strategy worked well
in our context and helped to maintain a balanced importance
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Fig. 1: These figures represents the average returns of each environment where the blue line is the proposed algorithm (P30)
and the orange line is the baseline model (PPO). We first took the average of the last ten episodes and then calculated the
average between 10 different runs at each episode. We then graphed the average of each episode to determine which model

has better returns through training.

across states in the critic’s learning process. We did experiment
with other initialization strategies but found that orthogonal
initialization provided the best results in our experiments.

C. Training Results

We trained both P30 and PPO algorithms on each of the 6
environments using 10 different random seeds and calculated
the average returns for each run over specific episodes. This
approach ensures a fair comparison between both algorithms,
as RL algorithms are prone to high variance [14].

Our results indicate that P30 was able to achieve higher
performance during the training phase, with P30 achieving
superior returns in most environments. In the Breakout envi-
ronment, P30 outperforms PPO significantly during training.
Around the 5 million timesteps mark, the algorithm obtains
higher rewards and learns a new strategy to generate substan-
tial rewards. Fig. 1 for Breakout demonstrates that the final 10
episodes’ average, across the 10 environments, reached a peak
reward of 600. Examining Fig. 2, we observe that Breakout
sometimes attains rewards around 700. It is possible that
training the algorithm with more timesteps would lead to even
greater rewards. Fig. 3 displays the variance of training runs,
indicating that P30 maintains substantially lower variance up
to 15 million timesteps in the breakout environment. This
observation correlates with Fig. 2, where, starting from 15
million timesteps, there is a more significant increase in the
variation of returns per episode.

For the Freeway environment, P30 achieves similar training
returns as PPO. While P30 is only slightly below PPO in terms

of returns around 12.5 million timestep mark, it was still able
to achieve exactly the same return at 20 million timestep. The
difference is approximately 0.5 points between PPO and P30.
Comparing the variance of both P30 and PPO in Fig. 3, we
find that they are quite similar.

In the environments of River Raid, MsPacman, and Qbert,
P30 consistently outperforms PPO, achieving higher training
returns. For the MsPacman environment, P30 demonstrates
higher returns during training across 10 distinct environments,
as depicted in Fig. 1 and Fig. 2. We adjusted the EWMA’s
alpha value to 0.75 during training, instead of 0.9 like in the
rest of the environments (except for River Raid). In the River
Raid environment, P30 managed to secure higher rewards
than PPO, with approximately 1000 more returns. We set the
EMWA value to 0.6 for this environment, deviating from the
commonly used value of 0.9, leading to better performance.
The variance of these environments—MsPacman, River Raid,
and Qbert—are similar, as exhibited in Fig. 3. Near the
conclusion of training for MsPacman and River Raid, P30
experiences a notable spike in variance across 10 different
training runs. This anomaly arises from the algorithm yielding
higher returns in certain episodes and lower returns in others.
For example in River Raid environment, the algorithm is
capable of reaping rewards up to 10,000-11,000 in most
episodes but reverts to around 8,000 in others, hence the
dramatic variance. In the Qbert environment, P30 maintains a
lower variance throughout the training, with a spike occurring
around the 17.5 million timesteps mark.

In the Seaquest environment, the training returns in Fig. 2
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Models
Atari Task P30 PPO
Breakout 668.6 +60.9 363.4 +£25.1
Freeway 22.9 £0.6 22.8 0.5
Seaquest 2552.5 +11.6 1806.0 £6.4
River Raid | 8898.0 +£88.4 8096.7 +£107.2
Qbert 18462.5 +770.4 16855.0 +£751.8
MsPacman | 5015.0 +156.9 1975.0 £77.1
TABLE I: This table presents the performance results of

two RL models: PPO and P30. The models were trained
and evaluated on a range of different environments, with the
average scores computed across 10 independently randomly
seeded runs for each environment. The scores reported in the
table represent the mean of the 10 trails for each model and
environment, along with the corresponding standard error.

show that the algorithm begins to diverge from PPO around the
10 million timesteps mark. P30 rapidly attains higher returns
at 10 million timesteps and quickly surpasses PPO. When
comparing the returns per episode, the algorithm exhibits a
larger returns variance. In Fig. 2, the algorithm has a maximum
return of greater than 4500 but a minimum return of greater
than 2000 around the 20 million timesteps. This observation
is evident in the variance Fig. 3, where, around the 15-20
million timesteps, the algorithm displays a considerably higher
variance.

D. Testing Results

In order to assess the performance of P30 and PPO with a
trained model, we trained a single model for each algorithm
on every environment using a randomly initialized seed. Sub-
sequently, we tested these models on 10 different randomly
seeded environments. Our results can be found in Table 1.

In the Breakout environment, the P30 model exhibited su-
perior performance during testing. Upon retrieving 10 different
runs from the P30 model, the algorithm achieved an average
reward of 668.6, which is approximately 300 average reward
points higher than that of PPO.

Significant improvements were also observed in the
Seaquest, Qbert, River Raid and MsPacman environments. In
the Seaquest environment, the P30 algorithm demonstrated
an increase of approximately 800 average rewards. For Qbert,
the algorithm displayed an increase of around 2000 aver-
age rewards. In the River Raid environment, the algorithm
demonstrated an impressive surge of approximately 800 in
comparison to PPO. One of the most pronounced gaps between
P30 and PPO average returns was observed in the MsPacman
environment. While PPO attained an average reward of ap-
proximately 2000, P30 reached an average reward of 5015.0,
indicating an increase of nearly 3000 rewards. In the Freeway
environment, PPO have extremely similar rewards P3O that
its comparison is negligible.

V. DISCUSSION

The experimental results obtained from our study suggest
that the proposed P30 algorithm demonstrates potential as a

RL algorithm for Atari environments. P30 outperforms the
baseline Proximal Policy Optimization (PPO) algorithm in
several environments. P30’s capacity to learn varying beta
values based on SI enables the comprehensive utilization
of the beta value range between [0,1], thereby enhancing
the algorithm’s overall performance. The algorithm exhibits
remarkable performance in environments such as Breakout,
Qbert, MsPacman, River Raid and Seaquest, where the signifi-
cance of specific states is particularly crucial for obtaining high
rewards. Our analysis reveals that P30 emphasizes states with
high SI that are essential for its updating and bootstrapping,
which accounts for its improved performance compared to
PPO.

The variance of the P30 algorithm and the baseline PPO
algorithm is generally comparable, with exceptions such as
Breakout, Seaquest, and River Raid, where the variance is
higher.This is due because of the increase of rewards is more
substantial, and the algorithm’s ability to explore various states
and identify those with high SI is critical. For instance, in
Breakout and River Raid environment, the algorithm for each
episode was able to score very high returns in one episode and
then in another episode it would have normal returns. This
can be because the algorithm was able to discover a novel
scoring method from these high-importance states, resulting
in a significant reward increase.

In conclusion, our experimental results indicate that P30
is a promising RL algorithm for Atari environments, with
improved performance in 5/6 environments. The proposed
algorithm’s capacity to learn varying beta values based on
SI highlights its potential to enhance overall performance
compared to the baseline PPO algorithm. However, further
analysis is needed to ascertain the algorithm’s effectiveness
across a more extensive range of environments.

VI. RELATED WORK

Anand and Precup [1] presented a comprehensive and
insightful study on Preferential Temporal Difference (PTD)
Learning. They evaluated their approach in grid-based tasks
with fully observable and partially observable states and the
Cart-Pole environment [11]. In the Cart-Pole environment, the
beta values were determined based on thresholds for cart-pole
velocity, angle, and position, assigning a static value of either
1 for states surpassing the threshold or 0.1 for those that did
not. However, this method is impractical for environments with
non-trivial observation spaces (e.g., MuJoCo Environments
[15]) or when states are represented as images, such as in
Atari environments and uses predefined static beta value.

A related family of algorithms is Emphatic Temporal Dif-
ference (ETD) [16] algorithms. These algorithms employ an
interest function to reweight updates. Specifically, ETD utilizes
the interest of the previous state to generate Emphasis at
a given time. The updates are then modified based on the
Emphasis values, resulting in distinct Emphasis updates for
two different trajectories that converge at the same state.
Although ETD and PTD share the idea of reweighing updates
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Fig. 2: These figures represents returns of each environment where it takes 10 different runs at each episode and computes
the average. This is different from taking the mean of the last ten episodes and plots what return the model provides for each

episode. The blue line is the proposed algorithm (P30) and the

orange line is the baseline model (PPO). The darker line for

both orange and blue are the smoothed version of the returns of PPO and P30 which is displayed with the lighter version.

according to the agent’s preference, ETD adopts a trajectory-
based update method, while PTD employs a state-dependent
parameter to adjust the updates.

The paper “Emphatic Temporal Difference Learning for
Deep Reinforcement Learning Agents” [17] tackles the insta-
bility issues encountered in Temporal Difference (TD) learning
algorithms when combined with function approximation and
off-policy sampling, a problem known as the “deadly triad”.
The authors propose an extension of the Emphatic Tempo-
ral Difference (ETD()\)) algorithm to deep reinforcement
learning agents to address this. ET'D(A) algorithm ensures
convergence in the linear case by weighting the T'D(\)
updates, but applying ETD(\) naively to popular deep rein-
forcement learning algorithms, which use forward view multi-
step returns, results in poor performance. Hence, the authors
derive new emphatic algorithms for use in these contexts.
The paper explains the background on forward view learning
targets and ETD()), then proceeds to adapt ETD()) to
the forward view. The authors introduce a new multi-step
emphatic trace for n-step TD and discuss further algorithmic
considerations, including extensions for variance reduction,
for the V-trace value learning target, and for the actor-critic
learning algorithms.

Preferential Temporal Difference (PTD) learning shares cer-
tain connections with the work of Chelu, Precup and Hasselt
[18], who developed a backward model for predicting potential
predecessors of observed states. They employed a planner-
aware model, where the planner is responsible for credit
assignment but the model is not model free.

VII. CONCLUSION AND FUTURE WORK

In this study, we introduce a novel algorithm, Preferen-
tial Proximal Policy Optimization (P30), which modifies the
Proximal Policy Optimization (PPO) algorithm. P30 em-
ploys beta values calculated using State Importance SI, Min-
Max Normalization, Exponentially Weighted Moving Average
(EWMA), and beta advantages derived from the Generalized
Beta Advantage Estimation (GBAE) algorithm. We evaluate
the performance of the P30 algorithm in comparison to the
baseline PPO algorithm across 6 Atari environments and
conduct 10 distinct runs for each environment to account for
variability in training returns.

Our results reveal that P30 outperforms PPO in 5 out
of the 6 environments, specifically Breakout, MsPacman,
Qbert, River Raid and Seaquest. We observe that the vari-
ance between the two algorithms is generally similar, with
the exception of Breakout, River Raid and Seaquest, where
the algorithms discover more effective methods for reward
acquisition and consequently exhibit higher variance towards
the end of training.

For future research, we propose assessing P30 in Mujoco
environments [15], which are renowned for their complexity
and numerous internal observations. P30 could streamline
the search for optimal beta values by utilizing SI with Min-
Max normalization and EWMA and potentially achieve high
rewards in some of Mujuco’s environments. Additionally,
we recommend testing the algorithm in partially observable
environments, as P30’s employment of SI could result in
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Fig. 3: To quantify the variance of the proposed algorithm and baseline model, we computed the variance of their performance
over 10 independent randomly seeded runs on each environment. Specifically, we retrieved the variance of the total rewards
obtained at each episode and plotted the results on a graph. Lower values on the y-axis indicate less variance, which is desirable
for reproducibility. The proposed algorithm is represented by the blue line, and the baseline model by the orange line. Each
line has been smoothed so it can be read easily. The darker line for both orange and blue are the smoothed version of the
returns of PPO and P30 which is displayed with the lighter version.

enhanced performance by allocating greater attention to states
that yield high importance.
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