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Abstract of “Policy Transfer in Lifelong Reinforcement Learning

through Learning Generalizing Features” by Zhiyuan Zhou

Brown University, May 2023.

The ability to rapidly generalize is crucial for reinforcement learning to be practical in real-world tasks.

However, generalization is complicated by the fact that, in many settings, some state features reliably

support generalization while others do not. We consider the problem of learning policies that can be reused,

or transferred, by identifying state features that generalize across tasks drawn from the same distribution.

We propose an ensemble approach, where we use an attention mechanism to learn an ensemble of minimally

overlapping state features, leading to an ensemble of policies. We then use a bandit algorithm to learn to

identify the generalizing feature in the ensemble and capitalize on that to learn a transferable policy. We

show that our approach leads to fast policy generalization for eight tasks in the Procgen benchmark and

successful policy transfer in the Atari game Montezuma’s Revenge.
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1 Introduction

In recent years, Reinforcement Learning (RL) has outperformed humans in many Atari games [Mnih et al.,

2015], learned to play world champion level Go [Silver et al., 2017] and mastered many robotic manipulation

tasks [Levine et al., 2016, 2018]. While these achievements are undeniably impressive, they focus on solving

tasks in a single controlled environment. The learned policy would often fail when the environment takes

on even minor changes. For example, RL agents are known to fail to solve video games when the visual

input changes, even though the game dynamics stay exactly the same [Cobbe et al., 2019, 2020]. In the

real world, environments constantly change and the task is drawn from some task distribution. For RL to

realize its promise in real-world applications, the learned policy must be able to solve all tasks drawn from

that distribution. For example, an RL agent should be able to use the same policy to open doors, regardless

of the door’s color and material. In this work, I aim to use RL to learn a single policy that can solve a

distribution of similar tasks.

To mimic learning in the real world, RL agents should not have access to the task distribution a priori.

Instead, the agent will encounter tasks drawn from the distribution sequentially, and learn how to bootstrap

from prior tasks to efficiently solve the new task with minimal re-learning. This is usually framed as the

lifelong or continual RL [Khetarpal et al., 2022] problem. The core difficulty here is that, in practice,

the policy will be first learned in a small number of specific tasks instances—possibly just one—without

foreknowledge of the circumstances under which it will be applied again in the future. In such cases, there

may be many state features over which the initially learned policy could be defined, but not all of which

will support reuse. Therefore, the learned policy will overfit to the initial task [Zhang et al., 2018, Justesen

et al., 2018, Dubey et al., 2018]. For example, a single policy to open a door might be equally well-defined

using features describing the door’s location in a global map or features describing the location of its handle

relative to the agent, but only the latter will generalize to new doors.

To avoid this overfitting problem, I propose to learn policies that can be reused, or transferred, across a

distribution of tasks by learning to identify which state features can be generalized and reused. I consider

the lifelong learning setting, where the agent is trained sequentially on a series of similar tasks drawn from

the same distribution, and aim to efficiently solve the later tasks with minimum re-training by transferring

the previously learned policy. I introduce a method where the RL agent learns a collection of diverse state

features using an attention-based ensemble [Kim et al., 2018]. When the agent is trained on the very first

task, the RL agent will use each of the individual features to learn a policy to maximize the performance

(in terms of discounted return), resulting in an ensemble of features. As the agent encounters more and

more tasks from the same distribution, it uses a bandit algorithm to identify the single feature that supports

policy learning across all tasks, deeming it the generalizing feature. We evaluate the algorithm empirically
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and show that it leads to better generalization and fast learning on seven out of eight games from the Procgen

generalization benchmark [Cobbe et al., 2020] and the Atari game Montezuma’s Revenge. The code for this

thesis can be found at https://github.com/zhouzypaul/policy-transfer-lifelong-rl.

2 Background and Related Work

2.1 Reinforcement Learning

In the episodic RL setting, an agent operates in a Markov Decision Process with state space S and action

space A. p(st+1|st, at) denotes the probability of transitioning from state st to state st+1 with action at.

At each time step, the agent receives a scalar reward defined by the reward function r(st, at). The agent’s

goal is to maximize the cumulative discounted reward over an episode by finding a policy π(a|s) that selects

actions at each step.

2.2 Learning from a Distribution of Tasks

There have been many lines of work aimed at learning tasks drawn from similar distributions. In transfer

learning [Taylor and Stone, 2009] the goal is to learn on a source task and perform well on a similar target

task. However, it has limited real-world applications because it only models two types of tasks, and the

real world offers a much wider distribution of similar tasks. Meta Learning [Finn et al., 2017] bears the

goal of quickly solving a new task using a small number of example after training on a distribution of tasks.

However, it makes the assumption that the distribution of training task is known before hand, which do not

always hold true for real-world application. Finally, continual or lifelong learning [Khetarpal et al., 2022]

studies the incremental development of complex behavior over a sequence of tasks. Central to lifelong RL is

the ability to build on previous behavior and adapt quickly to new situation. It is the natural framework in

which to study generalization in RL when the sequence of tasks comes from the same distribution that can

be solved with a single policy. Lifelong RL does not assume access to the distribution of tasks, and learns

to adapt and generalize previously learned behavior to new tasks. It is the most accurate framework of how

RL can operate in the real world. Therefore, we adopt this framework to study policy transfer.

2.3 Policy Transfer in Reinforcement Learning

In this work, I use “policy transfer” and “policy generalizaiton” interchangeably, referring to the policy’s

ability to be reused in similar tasks from the same distribution. There have been various methods on policy

transfer in RL [Taylor and Stone, 2011]. Abel et al. [2018] proposed a method to transfer policy and value

functions as a way to initialize a new jump-started policy in a new task, but can only deal with simple tabular

https://github.com/zhouzypaul/policy-transfer-lifelong-rl
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domains. Successor features and the generalized policy improvement framework proposed by Barreto et al.

[2018] can successfully transfer policies across tasks, but can only deal with tasks with the same transition

dynamics but different reward functions. Sherstov and Stone [2005] have shown successful action transfer by

building an action prior from learned task to prune the large action spaces in new task, but cannot deal with

changes in the observation space. Policy transfer has also been shown in the context of hierarchical RL under

the options framework. Konidaris and Barto [2007] showed that an agent-centric representation, analogous

to an egocentric space, would be sufficient for porting options across tasks. However, this requires a hand-

designed agent-centric observation space that is not available for all tasks. Gupta et al. [2017] learn skills

in an invariant feature space which enables generalization across morphologically different robots. However,

the invariant feature space cannot generalize across tasks. This work differs from all previous approaches

by using diversity to learn transferable policies. I propose to learn a diverse set of state feature, and as

the agent encounters more and more tasks, learn to identify the feature that supports generalization across

tasks.

2.4 Diversity through Ensembling

One way of constructing diverse sets of features is by building an ensemble. Ensemble methods train

multiple learners on the same task, resulting in a combined model that outperforms each individual model.

The quality of the ensemble depends on the quality of each individual and the diversity among them. The

attention-based ensemble proposed by Kim et al. [2018] is a deep learning framework, originally intended for

deep metric learning, that encourages learning a diverse ensemble of features. The objective for the ensemble

is to minimize a combination of the training objective loss and a divergence loss:

L({xi}) =
∑
m

L
(m)
train({xi}) + λdivLdiv({xi}), (1)

where {xi} is a set of training samples and L
(m)
train is the training loss for the m-th learner. In RL, the training

loss could be the temporal difference loss, for example. The divergence loss, Ldiv, is weighted by λdiv and

defined as:

Ldiv({xi}) =
∑
i

∑
p,q

max(0,mdiv − dY(Bp(xi), Bq(xi))
2) (2)

where Bp(xi), Bq(xi) are the embedding outputs of learners p and q, dY is a distance metric in the embedding

space, and mdiv is a margin. Optimizing L({xi}) incentivizes learners to individually perform well on the

training task while learning maximally different feature embeddings.
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3 Policy Transfer through Generalizing Features

The main challenge to learning a transferable policy is that policies usually overfit to the tasks they are

trained on, and cannot generalize to new situations. Ideally, a single policy should be able to be reused across

similar tasks. The key to transfer is learning state features that generalize across the task distribution. For

example, when learning a transferable open–door policy, the RL agent should learn to ignore state features

such as the color and texture of the door, and only focus on the knob position—the generalizing feature. In

this section, I will show how policy transfer can be achieved through learning the generalizing feature using

an ensemble. By learning an ensemble of diverse features, we increase the chance of finding a feature that

generalizes to new tasks. I will first introduce the ensemble of policies method, and then show how a bandit

algorithm can be used to learn the generalizing feature.

3.1 Ensemble of Policies

Figure 1: Agent architecture for learning an ensemble of policies using an attention-based ensemble.

Figure 1 shows the agent architecture I use to learn an ensemble of policies. It utilizes an attention-based

ensemble [Kim et al., 2018] as a feature-learner to learn N distinct feature embeddings. These embeddings

are then inputted to N individual reinforcement learners to learn N candidate policies.

Each feature-learner consists of three components: a spatial feature extractor, an attention module, and

a global feature extractor. The spatial and global feature extractor are shared among all learners, but each

learner has an individual attention module. The attention module encourages each learner to attend to a

different aspect of the input through optimizing a divergence loss, thereby promoting diversity. The input

is first passed through the shared spatial feature extractor to obtain the spatial feature embedding ϕ. This

embedding is then passed to each attention module to obtain the attention mask, which is multiplied with
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the spatial feature embedding to form an attention embedding ηi. Finally, each attention embedding is

passed through the global feature extractor to get the final feature embedding µi. The µi’s are optimized

to be maximally different from each other through the divergence loss Ldiv in Equation 2. Each feature

embedding µi is fed into the corresponding reinforcement learner. This method does not put any constraints

on the reinforcement learner, and therefore it can be any RL algorithm. The ensemble minimizes the loss

defined in Equation 1 with Ltrain as the RL loss. Minimizing this loss incentivizes the agent to learn a good

policy using each of the feature sets, while keeping feature sets different from one another.

3.2 Bandit Algorithm

At the beginning of each episode a single ensemble member, known as the leader, is selected to govern

action selection and all members are trained on the experiences collected. The choice of leader has a major

impact on the ensemble performance when transferring to new tasks. If the leader is transferable, then the

ensemble will perform well during transfer. Otherwise, the ensemble will likely fail. Since we repeatedly

select a new leader every episode, it is natural to frame this choice as an N -armed bandit [Sutton and Barto,

2018] where each policy is an action and the discounted cumulative return is the reward. We select the

leader using UCB [Auer, 2002] to balance exploration and exploitation. We select leader Lt at time step t

as follows:

Lt = argmax
i

[
Rcum

t (i) + c

√
ln t

Nt(i)

]
. (3)

Rcum
t (i) is the cumulative reward of ensemble member i at time t, Nt(i) denotes the number of times

that i has been elected leader prior to time t, and constant c controls the degree of exploration. The first

part of Eq. 3 can be understood as exploiting good arms, and the second part exploring others.

4 Experiments

4.1 Procgen Experiments

We showcase the effect of the attention-based ensemble on Procgen [Cobbe et al., 2020], a popular

benchmark for evaluating generalization in reinforcement learning. Procgen is a suite of procedurally gen-

erated game environments, each offering many levels. Each level is a unique instance of the game, differing

in appearance—for example background color or object shape—but represents the same underlying game

mechanism. We evaluate our approach on 8 games: Bigfish, Climber, Dodgeball, Heist, Jumper, Maze,

Miner and Ninja.1 We choose these 8 games because Cobbe et al. [2020] showed that these are the 8 hard-

est games for generalization across different levels—They exhibit the largest gaps in learning curves when

1To reduce the computation resources required, we set the difficulty level to easy.
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trained and tested on different levels. Following Cobbe et al. [2020], we used Proximal Policy Optimiza-

tion (PPO) [Schulman et al., 2017] as the learning algorithm, but our method is compatible with any RL

algorithm. The training loss Ltrain is the PPO loss detailed in Appendix A.2.

Figure 2: Visualization of the attention masks of a 3-policy ensemble trained on Coinrun, with intensity
represented by color. Each attention mask focuses on a different set of features.

4.1.1 Visualizing Attentions

To provide intuition on the effect of the attention modules, we visualize the attention masks at a single

time-step of a 3-policy ensemble trained on the game Coinrun2 in Figure 2. Areas of high attention (yellow)

are accentuated by the attention module, while areas with low attention (dark purple) have little effect on

the final feature embedding space. Each ensemble member attends to different aspects of the image, and

each represents a different set of features. Attention mask 1 focuses on the game background, while attention

mask 2 focuses on the way and attention mask 3 focuses on the game character and its surroundings. For

other levels of Coinrun where the walls are of different shapes and the background of different colors, the

third feature is generalizing feature.

4.1.2 Lifelong Learning on Procgen

We adapt the training scheme of Procgen to better align with the lifelong learning paradigm, as follows.

For each game, we randomly select 20 training levels. The ensemble trains for 500k steps on each level

sequentially, maintaining knowledge obtained in previous levels. To evaluate, we compare the average within-

level performance across the 20 levels. (In other words, we average the learning curves of the 20 sequential

levels into one succinct learning curve.) Here, performance is quantified by the mean episodic reward when

evaluated on random levels drawn from the selected 20. In Figure 3, we plot the discounted episodic reward

2We choose Coinrun instead of the other games we experiment on because its game screen is clean and easy to interpret.
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Figure 3: Learning curves of different ensembles of policies on 8 Procgen environments. The 4 different
agents have an ensemble of 1, 2, 3, and 5 policies, respectively. Multi-member ensemble agents outperform
the baseline agent on six of the environments. (3 random seeds; error bars denote standard error.)

achieved on each game, comparing a baseline (singular) PPO agent to three ensemble agents with ensemble

sizes 2, 3, and 5. To maintain comparability, we implement the PPO agent using the same ensemble

architecture with only 1 learner in the ensemble, making the divergence loss in Equation 2 zero and hence

equivalent to a standard PPO agent.

For seven out of the eight games, ensemble outperforms or performs as well as the PPO baseline, showing

better skill transfer across levels. Across these seven games, all ensemble sizes perform better or as well as

the baseline. This demonstrates that we can always choose to use an ensemble agent over the baseline RL

agent, without the need to tune the ensemble size, to achieve performance gain in expectation. All ensemble

agents perform worse on the single game Miner, and we hypothesize that it is because of Miner needs a

different exploration–exploitation tradeoff in the bandit algorithm. We further hypothesize that ensemble

can perform better than the baseline agent on Miner with more fine-grained bandit hyperparameter tuning

or different bandit algorithms. Overall, these results demonstrate that our method can learn transferable

policies.

We note that the optimal ensemble size varies for each game. This is expected because differing com-

plexities of the games result in different numbers of possible useful features. When the ensemble size is too

small, the learned feature representation may not be fine-grained enough to generalize. This can be seen in

Figure 3 in Bigfish and Ninja, where a larger ensemble size leads to increasing performance. On the other



8

hand, an excessive number of ensemble members can also degrade performance by spending too much time

exploring policies that do not generalize, and not enough time exploiting ones that do. An excessive number

of ensemble members can also split the generalizing feature up among a few learners in the ensemble, and

therefore no single learner will be able to learn the generalizing feature. We can see this degradation in

performance in games Climber, Jumper, and Maze.

4.1.3 Perturbation Study on Bandit Algorithms

To justify choosing Upper Confidence Bound algorithm in Equation 3 as the bandit algorithm, we compare

UCB’s performance to three other bandit algorithms:

1. Sliding-window UCB: Badia et al. [2020] proposed a simple non-stationary bandit algorithm based on

UCB to adapt to the change of reward distribution over time. It is a slight modification of the classic

UCB algorithm, adding a sliding time window to deal with reward distribution of a limited time frame

and adding ϵ-greedy exploration.

2. Exp3: Auer et al. [2002] proposed Exponential-weight algorithm for Exploration and Exploitation

(Exp3) to deal with non-stationary bandit problems. Exp3 assigns weights to each arm and use these

weights to determine the probability of selecting each arm. The weights are updated based on the

received rewards, with higher rewards leading to increased weights. However, to ensure sufficient

exploration, the algorithm also introduces uniform random action selection.

3. UCB with gestation: We propose to modify the classic UCB algorithm with an initial gestation period,

when the bandit chooses actions uniform randomly. After the gestation period, it chooses actions based

on the UCB algorithm. The gestation period is designed to give time for the ensemble-agent to learn

good state features before judging their generalization ability.

We evaluate the four different bandit algorithms on the game Bigfish, and the learning curves are shown

in Figure 4. Both sliding-window UCB and Exp3 makes ensemble agents learn slower. This is because they

alternate exploiting different learner as leaders and cannot identify the generalizing feature. This is perhaps

expected as they are both non-stationary bandit formulations, and they spend much more time exploring

the different learners over time rather than exploiting them, leading to slow learning. Both the stationary

bandit algorithms, UCB and UCB with gestation, helps ensemble agents outperform the baseline, and have

similar performances. For simplicity and to reduce the need to tune the gestation time hyperparameter, we

choose to use UCB as the bandit algorithm for all experiments.
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Figure 4: Learning curves of four different bandit algorithms on the game Bigfish. (3 random seeds; error
bars denote standard error.)

4.1.4 Perturbation Study on Bandit Exploration

We also draw attention to the importance of the exploration constant c in the UCB algorithm (Equa-

tion 3). If c is too small, there is insufficient exploration when learning to choose the leader, essentially

collapsing the ensemble agent to a 1-member ensemble. If c is too big, then the ensemble agent will learn

slowly because it spends too much time exploring the different leaders and not enough time exploiting them.

The effect of different exploration constant can be seen in Figure 5.

4.2 Montezuma Experiments

We further test the capabilities of our method in the Atari game Montezuma’s Revenge, where the

agent must learn to control a character through multiple rooms filled with enemies, obstacles, and treasures.

Montezuma’s Revenge is a natural environment for testing policy transfer in lifelong RL because local policies

learned in one place can be naturally reused in other places. Here, we consider the ClimbDownLadder policy,

in which the agent starts on or above a ladder and climbs down the ladder to the next horizontal platform.

This policy can be utilized in multiple ladders across the game, even though they are visually different.

Figure 6 depicts four such ladders.

We selected 9 ladders in the game, and trained the RL agent sequentially on those ladders. When training

on ladder k, the policy is initialized with the learned policy from training on ladder k − 1. Here, we use an

ensemble size of N = 3, and use Deep Q-Network [Mnih et al., 2015] as the RL algorithm, as is common for



10

Figure 5: Learning curves of different exploration constant c in the UCB algorithm on game Maze. (3
random seeds; error bars denote standard error.)

Figure 6: Four ladders in Montezuma’s Revenge
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Atari games. Figure 7 shows the number environment steps required for the policy to reach a 90% success

rate for each room. It shows that the number of steps requires to reach a high success rate drastically

decreases as more and more ladders are encountered, demonstrating effective policy transfer. Notice in

Figure 6 that the ladders are visually very different. This demonstrates that our method is still able to see

past the visual differences and find the generalizing feature for ladders. It is also worth noting that, as in

this experiment, transferable policy can be viewed as a “smart initialization method” when encountering a

new task from the same task distribution.

Figure 7: Number of steps taken to reach a success rate of 0.9 for the ClimbDownLadder policy (averaged
over 10 seeds).

5 Conclusion

We tackle the problem of policy transfer in lifelong reinforcement learning. We propose to use an

attention-based ensemble to learn multiple minimally-overlapping state features, and use a bandit algo-

rithm to learn to pick out the generalizing feature from the ensemble. We validate this approach on the

Procgen benchmark and found faster generalization performance on seven out of eight games. We also ex-

periment on Montezuma’s Revenge and found our method can successfully transfer policy across tasks and

work well as a policy–initialization method.

One interesting direction for future work is to make the optimal ensemble size remain the same across

different environments. Another fascinating direction is to extend the policy–ensemble method into the

options framework in hierarchical RL to learn transferable options.
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A Architecture and Hyperparameters

A.1 Attention-Based Ensemble Architecture

The attention-based ensemble has three components, a spatial feature extractor, global feature extractor

and attention module. The spatial feature extractor consists of a convolutional layer with 32 channels, kernel

size of 3 and stride 1 followed by a max pooling layer with a kernel size of 2. Each attention module is a

convolutional layer with 32 channels and has a kernel size of 1 and stride 1. We do not include bias in this

layer. Furthermore, the attention outputs are normalized to between 0 and 1 with min-max normalization.

The global feature extractor consists a convolutional layer, with 64 channels, kernel size of 3, and stride

2, followed by a max pooling layer with a kernel size of 2. The output will also be flattened into a one-

dimensional feature embedding.

For experiments on Montezuma’s Revenge, the global feature extractor has an appended Gated Recurrent

Unit [Cho et al., 2014] layer with a hidden size of 128. We found having this layer to improve generalization

performance.

A.2 PPO

Our PPO policy network consists of two linear layers, where the output feature size is 256 and 15,

respectively. The weights of the second layer are initialized with a (semi) orthogonal matrix, and the bias to

0. The output of the policy is fed into the value network to predict the value. The value network is simply

a linear layer with output feature size 1.

The PPO agents are optimized according to the loss function proposed by Schulman et al. [2017]. At

time step t, the loss of the network θ is the combination of three parts

LCLIP+VF+S
t (θ) = −Et[L

CLIP
t (θ)− c1L

VF
t (θ) + c2S[πθ](st)].

The clipped objective is

LCLIP
t (θ) = E[min(rt(θ)Ât, clip(rt(θ, 1− ϵ, 1 + ϵ))Ât)],

where Ât is an advantage estimator. The value function loss is

LVF
t = (Vθ(st)− V targ

t )2.

Finally, S denotes an entropy bonus.

A.3 Q Network

For experiments on Montezuma’s Revenge, the ensemble of policies has the same structure of an attention-

based ensemble followed by policy networks. Each policy network is a q function, parameterized by a neural
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network with two linear layers. The first layer outputs embeddings of dimension 64, and the second layer

outputs q values of dimension 18. The policy selects actions using an epsilon-greedy scheme, where the

epsilon parameter is being decayed linearly through time.

The updates to the q function uses samples collected and stored in a replay buffer. We weight each

sample with Prioritized Experience Replay [Schaul et al., 2015].
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B Environment Settings

B.1 Procgen Environment

For all the experiments in Procgen, we use 8 parallel environments to speed up learning. The discount

factor is set to γ = 0.999. We always center the image observations on the game character.

We normalize the reward function using the Parallel Algorithm Chan et al. [1982].

The results in Figure ?? report the discounted episodic return for every time step. Furthermore, the

episodic rewards are smoothed over a sliding window of 100 episodes.

B.2 Montezuma’s Revenge Environment

We use a frame stack of four previous time steps and standard Atari wrappers by DeepMind.
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C Experiment Hyperparameters

Table 1: PPO ensemble of policies hyperparameters.

HYPERPARAMETER VALUE

c1 0.5
c2 0.01
Clip (likelihood ratio & value function) 0.2
Maximum L2 norm for gradient clipping 0.5
Agent update period 256
Batch size 1024
Number epochs per gradient update 3
Learning rate 5× 10−4

λ-return 0.95
Replay buffer size 105

Bandit exploration weight c 500
Embedding distance function Euclidean distance
mdiv 1000

Table 2: Q-function ensemble of policies hyperparameters.

HYPERPARAMETER VALUE

Hidden layer output size 128
Discount rate 0.9
Target update interval 10
Exploration algorithm Linear decay epsilon greedy
Initial epsilon 1.0
Final epsilon 0.01
Epsilon decay steps 106

Ensemble size 3
Replay buffer size 105

Batch size 32
Learning rate 2.5× 10−4

Bandit exploration weight c 100
Embedding distance function Euclidean distance
mdiv 1
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Table 3: Bandit Algorithms hyperparameters.

HYPERPARAMETER VALUE

exploration constant c (UCB) 300 for Maze, 500 otherwise
exploration weight γ (Exp3) 0.1
window size (sliding-window UCB) 90
β (sliding-window UCB) 1
ϵ (sliding-window UCB) 0.5
gestation period (UCB with gestation) 1, 000, 000 steps
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