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Abstract
Ensemble reinforcement learning, which combines the decisions of a set of base agents, is proposed to enhance the deci-
sion making process and speed up training time. Many studies indicate that an ensemble model may achieve better results 
than a single agent because of the complement of base agents, in which the error of an agent may be corrected by others. 
However, the fusion method is a fundamental issue in ensemble. Currently, existing studies mainly focus on static fusion 
which either assumes all agents have the same ability or ignores the ones with poor average performance. This assumption 
causes current static fusion methods to overlook base agents with poor overall performance, but excellent results in select 
scenarios, which results in the ability of some agents not being fully utilized. This study aims to propose a dynamic fusion 
method which utilizes each base agent according to its local competence on test states. The performance of a base agent 
on the validation set is measured in terms of the rewards achieved by the agent in next n steps. The similarity between a 
validation state and a new state is quantified by Euclidian distance in the latent space and the weights of each base agent 
are updated according to its performance on validation states and their similarity to a new state. The experimental studies 
confirm that the proposed dynamic fusion method outperforms its base agents and also the static fusion methods. This is 
the first dynamic fusion method proposed for deep reinforcement learning, which extends the study on dynamic fusion from 
classification to reinforcement learning.

Keywords  Ensemble · Deep reinforcement learning · Dynamic fusion · Deep Q-network

1  Introduction

Deep Reinforcement Learning (DRL) [18] achieves exem-
plary performance in many decision-making applications, 
e.g., Go [28], Auto-Driving [25], Robotics [18], Portfolio 
management [16], and Atari games [22]. DRL is a learning 
paradigm which aims to maximize the cumulative reward 
achieved by the interaction of an agent with an environment. 
Since an agent learns via the interactions with an environ-
ment without any supervision, one of the drawbacks of DRL 

is the training complexity [18, 25]. One possible solution is 
ensemble DRL [14, 34] which makes a decision by combin-
ing a set of base agents with reasonable performance. Many 
studies [5, 9, 26] suggest that an ensemble DRL model may 
achieve better results than a single DRL model because of 
the base agents’ cooperation, i.e., a misstep of a base agent 
can be corrected by the other agents. In addition, ensemble 
is more practical, as looking for the optimal agent is often 
time consuming and computationally taxing [3].

The fusion method plays an important role in ensemble as 
it decides how to combine the decisions of the base agents. 
Some studies assume all agents have the same ability by 
using majority voting [12, 14] and simple average [1, 34] 
fusion, but this assumption may not hold true in practice. 
Under such assumptions, these fusion methods may not per-
form well if the agents’ performance differs considerably 
since a majority of poorly performing agents may dominate 
the decision. Some other fusion methods are biased towards 
the base agents with better overall performance measured 
on the training or evaluation sets, e.g., a larger weight is 
assigned to the agent with better performance in weighted 
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average [4, 5]. However, a base agent may perform poorly 
on average but could have excellent performance in select 
cases. This valuable contribution may be ignored due to a 
small weight assignment. As a result, we observe that the 
existing static fusion methods do not take full advantage of 
base agents.

Our study aims to provide a fusion method that fully 
utilizes the ability of all base agents. Since an agent with 
exceptional performance in select situations should not be 
overlooked solely because of it’s poor overall performance, 
the contribution of each agent should be evaluated accord-
ing to it’s local competence, as opposed to overall compe-
tence, in test states. Dynamic fusion assigns a weight value 
according to the local competence of an agent on the region 
where a test state located. To overcome this drawback of 
static fusion, some studies propose dynamic fusion methods 
for classification problems [6, 10, 21], however, to the best 
of our knowledge, no dynamic fusion method has been pro-
posed for DRL yet. This paper extends the study of dynamic 
fusion from classification to RL.

One critical problem in dynamic fusion is how to calcu-
late the local competence for a new sample. In classification, 
a set of samples is collected as an evaluation set to evalu-
ate the performance of each base model, with classifica-
tion accuracy commonly used as a criterion [6, 15, 35]. The 
similarity of the new sample to every other sample in the 
evaluation set is then calculated. The local competence of a 
classifier is calculated based on the accuracy on a validation 
sample and its similarity to the test sample [6]. Therefore, 
the local competence is high if a base model correctly clas-
sifies the evaluation samples similar to the test sample and 
vice versa.

In contrast to classification, the performance evaluation on 
an agent in RL is much more complicated, because the per-
formance of an agent is affected by a sequence of actions as 
opposed to an independent decision in classification. Moreo-
ver, the decisions of an agent cannot be evaluated precisely as 
the data is not labeled. In our proposed model, the quality of 
an action decided by an agent on a state is quantified by the 
n-step cumulative reward, defined as the accumulative reward 
achieved in the next n steps according to a policy after tak-
ing an action. Another difference with classification is that 
validation data is usually given, and the validation set used in 
our model is generated randomly, aiming to represent all sce-
narios of an application. As a result, the performance of each 
base agent on the validation set is then evaluated in terms of 
the n-step cumulative reward. Additionally, the similarity of a 
given test state to each state in the validation set is defined as 
the Euclidean distance in the latent feature space learned by 
a base agent. The latent feature space is used because of its 
close relation to the decision, making it more meaningful than 
the more commonly used input space. Therefore, two states 
close to each other indicates that an agent should have similar 

performance. Finally, the weight of a base agent is adjusted by 
the current n-step cumulative reward and similarity measure-
ments, and the previous weight value is considered since the 
consecutive actions and states are closely related and play an 
important role in achieving good performance.

A Deep Q-Network (DQN) is used as a base agent to dem-
onstrate the proposed dynamic fusion method since DQN is 
one of the most popular DRL methods and gets exceptional 
results in many decision-making applications, e.g., Auto-Driv-
ing [25], and Atari games [23]. An ensemble DQN with our 
fusion method is evaluated and compared with the existing 
static methods in three Atari games [23], including Breakout, 
SpaceInvaders and Seaquest in terms of accumulative reward 
and running time.

The rest of the paper is organized as follows. The back-
ground of this study is discussed in Sect. 2. In Sect. 3, the 
proposed dynamic fusion method is devised, while the experi-
mental results and discussion are given in Sect. 4. The paper is 
concluded and future work is discussed in Sect. 5.

2 � Background

The related concepts of this study, including RL, DQNs, and 
ensemble DRL, are introduced briefly in this section.

2.1 � Reinforcement learning and deep Q‑networks

After an agent takes the action at in state st at time t, the envi-
ronment � returns the next state st+1 and reward rt . The cumu-
lative reward R is defined as the summation of rt for any t 
in an episode. An agent is defined as a policy function (i.e.,  
�� ∶ S → A ) mapping a state s ∈ S to an action a ∈ A , where 
� is the parameters of the agent. The aim of RL is to maximize 
the cumulative reward by a sequence of actions.

RL can mainly be divided into policy-based and value-
based RL. Policy-based RL returns the probability of an action 
[17, 27], while the value of an action is estimated in value-
based RL [20, 23]. The Q-Learning algorithm [32] is a popular 
value-based RL method. The action-value function 
Q�(st, at) = E�[r|st, at] represents the expected reward 
obtained by taking action at according to � at state st at time t. 
The optimal policy �∗(st) returns the action a yielding the 
maximum r in s among all available actions, i.e.,  
�∗(st) = argmax

a∈A
Q�(st, at) . The Q-values are updated itera-

tively according to the Bellman optimality equation defined 
as:

where � denotes the reward decay parameter which indicates 
the importance of future rewards. In traditional Q-learning, a 
Q-table is used to store the q value of each state-action pair. 

(1)Q�(st, at) = E�[r + � max
at+1

Q(st+1, at+1)]
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However, this method cannot efficiently handle a complex 
task containing a larger number of states and actions [23, 
30]. To overcome this issue, the Deep Q-Network (DQN) 
[23] is proposed, in which the mapping between a state and 
actions are estimated by a Deep Convolutional Neural Net-
work (DCNN). It extracts the information from a state in the 
pixel level, and outputs the Q value for each action. DQNs 
usually exclude the pooling layer in order to preserve the 
location information. Another difference is that DQNs use a 
separate target Q-network and experience replay to increase 
the learning stability. DQNs achieve excellent performance 
in various applications, e.g., Atari games [7, 23], autono-
mous driving [38] and robot manipulation [18]. However, 
the training complexity is one of the drawbacks in terms of 
the long training time and convergence problems.

2.2 � Ensemble deep reinforcement learning

Research of ensemble methods mainly focus on supervised 
[15, 29] and unsupervised learning [36, 37] , and their 
results show that ensemble performs better than a single 
model in certain situations [21, 31]. Rather than seeking an 
optimal model, a number of diverse base models with rea-
sonable ability are combined using a fusion method. Many 
studies [8, 24, 37] demonstrate that ensemble techniques 
outperform single ones experimentally, while some theo-
retical proofs show that ensemble techniques achieve more 
accurate results under particular assumptions, e.g., the base 
decision makers are independent of each other [11]. One 
possible explanation on the superiority of ensemble is the 
complement of base decision markers [11], i.e., a wrong 
decision from a decision marker may be corrected by others. 
There are only a few discussions on ensemble in DRL. All 
studies focus on static fusion [1, 13, 19], in which the way 
of combining base agents is fixed. Some basic summation 
functions, e.g., average and voting, are evaluated by assum-
ing the ability of base agents is similar [1]. The performance 
of base agents is considered in weighted average [4] and 
rank voting [33] in order to make a bias towards the agents 
with better performance. However, these methods may not 
fully utilize the knowledge of base models since the deci-
sions from base agents with poor performance on average 
are usually ignored. However, a base agent with poor aver-
age performance may be an expert in some states [10, 21].

3 � Proposed dynamic fusion 
of reinforcement learning

A base agent with poor overall performance may per-
form well in select states, but a static fusion method may 
not fully utilize this knowledge. This section introduces 
dynamic fusion which assigns a weight value of a base agent 

according to its local competence for a test state. A base 
agent with more satisfying performance in the local region 
of a state has more influence on the final decision. As a 
result, a base agent is not evaluated solely by its general 
performance.

The flow chart of our proposed framework is illustrated 
in Fig. 1. l diverse base agents �i are trained in the same 
environment � , where i = 1, 2, ..., l . The diversity of the 
agents can be caused by using different training algorithms, 
structures, and parameters of a model. The DQN is selected 
as a base agent for our framework demonstration due to its 
popularity and efficacy. �i(s) maps a state s to an action.

An evaluation set V is collected for dynamic evaluation, 
which is discussed in Sect. 3.1 and the performance of �i on 
s ∈ V ( U(s, �i) ) is evaluated according to the n-step cumula-
tive reward. As the evaluation process is independent from 
the new state, it can be carried out offline. A more detailed 
explanation is discussed in Sect. 3.2. Given a test state st 
at t, its similarity to s ∈ V is measured according to �i by 
sim(s, st, �i) (Sect. 3.3). The k most similar s ∈ V to st are 
then chosen to form a similar set I(st ,�i) . The local compe-
tence of �i on st ( LC(�i, st) ) is then calculated according 
to U(s, �i) , where s ∈ I(st ,�i)

 , as discussed in Sect. 3.4. The 
weight of �i ( Wi ) is updated at every v time-interval accord-
ing to LC(�i, st) , where t is the time for update (Sect. 3.5). 
Finally, the time complexity of our model is discussed in 
Sect. 3.6.

To apply our proposed ensemble method in an applica-
tion, l base agents should be first trained until convergence, 
where l can be determined according to the constraints and 
the difficulty of the application. An evaluation set V is then 
generated by randomly selecting states from the interaction 
between each base agent and the environment. The perfor-
mance of the base agents are evaluated according to their 
reward achieved in the next n steps starting initially at a state 
in V . During the test phase, the weights of the base agents 
are updated periodically according to their local competence 
on the most similar states in V to a test state. The decisions 
of a base agent on a test state is combined by the weighted 
average method.

Fig. 1   The flow chart of our proposed dynamic fusion method



1034	 International Journal of Machine Learning and Cybernetics (2021) 12:1031–1040

1 3

3.1 � Evaluation set

Similar to the dynamic fusion methods [6, 15] used in super-
vised and unsupervised learning, an evaluation set V is col-
lected to evaluate the local competence of an agent in our 
method. However, because V is not available in RL, it should 
be generated by interactions between the agent and the envi-
ronment. Samples in V should be able to evenly cover the 
distribution of states in an application. Considering the dif-
fering abilities of base agents, each agent contributes to the 
generation of V in our method. For each �i , |V|∕l states are 
randomly selected as initial states in e episodes, where |V| is 
the cardinality of V and l is the number of base agents. All 
initial states chosen by all base agents form V.

In addition, the size of V is also an important factor. 
According to the law of large numbers, the distribution of a 
larger V is closer to the distribution of the actual state space. 
However, a larger V also increases the time complexity of 
evaluation since each state in V is measured with a test state 
for each base agent in evaluation. The influence of V is dis-
cussed experimentally in Sect. 4.

3.2 � Performance evaluation

The performance of an agent can only be estimated as no 
supervision is available in RL. Given a state st , the perfor-
mance of �i on a given state st is defined as the expected 
accumulative reward in the next n steps with a discount fac-
tor, defined as:

where � denotes the discount factor, and R�i
t+i

 denotes the 
immediate reward obtained by �i in st+i . The expected value 
is considered due to the non-deterministic transaction func-
tion in RL. n determines the number of future rewards 
related to st . Generally, a small n is not preferable since 
observation on st may not be enough to achieve reasonable 
estimation, i.e., the values of U for most states may be simi-
lar. However, when n is large, the accumulative reward may 
not be closely related to the current decision.

3.3 � State similarity

The similarity between a pair of states is measured in the 
latent feature space of a base agent. Specifically, the distance 
measurement is carried out in the space of the last convolu-
tional layer of the CNN in the DQN. The reasoning behind 
using the latent space rather than the input space is that the 
latent space is more related to the actual decision. The deci-
sions of an agent on states close to each other in the latent 

(2)U(st, �i) = �(�n
i=1

(� iR
�i
t+i
))

space are expected to be similar. Let �i(s) be the output of 
the last convolutional layer of �i on s. The similarity of the 
two states ( s1 and s2 ) is defined as:

where dist is a distance function and the 2-norm distance 
measure is used in this study.

3.4 � Local competence estimation

The local competence, denoted by LC(�i, st) , describes the 
ability of �i in the region around st , and is estimated by U in 
(2) and sim in (3) using the validation set V.

Given an unseen state st , the k-nearest neighbors of st are 
selected from V to form the similar state set I(�i) according 
to (3) of �i . To have a fair evaluation on each agent, the final 
similar state set I  is calculated as the union of I(�i) for all 
base agents used in the evaluation, where |I| ≥ k . k controls 
the size of I  . A small I  may not be sufficient to obtain 
an accurate estimation on local competence. On the other 
hand, a large value of k may increase the difference between 
st and states in V , so that the measure does not focus on a 
local region.

LC(�i, st) is then defined as the average U of �i on each 
state in I  as follows:

As states in I  are closely related to st , better performance 
is achieved by �i on I  , and a higher local competence for st 
is expected.

3.5 � Dynamic weight assignment

The weight for st ( w(�i, st) ) is calculated to �i according to 
LC(�i, st) , defined as:

As consecutive states are highly dependent in RL, a sudden 
change of weights in base agents should be avoided. The new 
weight of �i ( W ′

i
 ) is adjusted by w(�i, st) from the previous 

weight Wi as follows:

where � denotes the update parameter, which indicates the 
degree of the influence of w(�i, st) on Wi.

The weight of a base agent is updated at every v time-
interval, where v ∈ Z

+ . A small v causes frequent updates on 
the weight, which increases the time complexity. Moreover, 
it may also cause unstable performance of our model since 

(3)sim(s1, s2, �i) = dist(�i(s1),�i(s2))

(4)LC(�i, st) = �s∈I(U(s, �i))

(5)w(�i, st) =
LC(�i, st)

∑l

i=1
LC(�i, st)

(6)W
�

i
=

{
w(𝜌i, st) t = 0

𝛼w(𝜌i, st) + (1 − 𝛼)Wi t > 0
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decisions in consecutive states should be closely related and 
generally the bias on base classifiers should be changed in 
a short period of time. On the other hand, the weight val-
ues may not accurately reflect the ability of base agents on 
the current states when v is too large. Therefore, as v plays 
an important role in our model, its value should be chosen 
carefully.

The final Q̃(st, at) for decision-making is obtained based 
on the following formula:

In order to prevent Qi ’s range from affecting the final deci-
sion, we used softmax on Qi before fusion. The algorithm 
will select the action at with the highest Q̃(st, at) value.

3.6 � Time complexity

In general, dynamic fusion uses more time than static fusion. 
Every time the dynamic weights are calculated, our method 
needs to calculate the distance between the current state st 
and every other state in the evaluation set V to find the near-
est neighbor subset I(�i) in the l feature spaces. Therefore 
the time complexity is O(kl|V|) . Although this method has 
a higher time complexity than static fusion, the metric of 
distance can be computed in parallel, which means that the 
calculation time can be reduced by parallel computation in 
some applications with high real-time requirements.

4 � Experiment

This section aims to experimentally evaluate and compare 
our proposed dynamic fusion algorithm with the static 
fusion methods in three Atari games, i.e., Seaquest, Spa-
ceInvaders, and Breakout. The experimental settings are dis-
cussed in Sect. 4.1. The comparative analysis of our dynamic 
fusion algorithm with other static methods and base agents is 
given in Sect. 4.2. The analysis on the parameters and state 
similarity are given in Sects. 4.3 and 4.4. Finally, the running 
time is discussed in Section 4.5

4.1 � Experimental setting

Three Atari games provided by the Arcade Learning Envi-
ronment (ALE) [2] are chosen. We follow the standard 
experimental settings [23], in which each observation is a 
screen capture resized to 84 × 84 pixels in gray-scale. A state 
is defined as the latest four observations.

The standard static fusion methods, including majority 
voting (vote) [14], average (avg) [1], and weighted average 
(wavg) [9], are compared with our proposed method. The 

(7)Q̃(st, at) =

l∑

i=1

Wt,i softmax(Qi(st, at))

weights of base agents in wavg rely on the average accumu-
lative reward in ten episodes in the evaluation:

where R(�i) denotes the accumulative reward of �i running 
ten episodes. For our method, the size of the evaluation set 
( V ) is set to 5,000. In order to have a stable evaluation on 
an agent on a state, n is set to 50 in the applications, where 
n is the number of steps in which the rewards obtained by 
an agent are used in evaluation. The award discount factor � 
is 0.99. k indicates the amount of the most similar states in 
the evaluation set to a new state, is set as {20, 30, 40, 50, 60} . 
The tradeoff parameter and weight update interval are set as 
� ∈ {0.1, 0.5, 1} and v ∈ {10, 50, 100} respectively.

A DQN [23] is selected as the base agent. Six base agents 
with different network structures, as shown in Table 1 are 
trained in order to increase the diversity. The softmax func-
tion is used to reduce the influence of the value domain of 
the Q values of different models in all the agents. An ensem-
ble system with more base agents generally achieves better 
performance [14], but will also increase the time and space 
complexity. The size of the agent pool should be determined 
according to resource limitation and difficulty of the applica-
tion. In our experimental setting, four out of these six agents 
are selected randomly to form an ensemble model in dif-
ferent applications. The setting details of the base agents 
are shown in Table 2. The other training parameters of the 

(8)Wwavg(�i) =
R(�i)

∑l

i=1
(R(�i))

Table 1   The structures of the base agents

Models Convolutional layers Full connection layers

model
1

8 × 8 conv 32/4 FC-512
4 × 4 conv 64/2 FC-action number
3 × 3 conv 64

model
2

8 × 8 conv 32/4 FC-512
4 × 4 conv 64 FC-action number

model
3

8 × 8 conv 32/4 FC-512
4 × 4 conv 64/2 FC-action number
3 × 3 conv 64
2 × 2 conv 64

model
4

7 × 7 conv 16/4 FC-256
3 × 3 conv 64 FC-action number

model
5

8 × 8 conv 32/4 FC-512
4 × 4 conv 64/2 FC-1024
3 × 3 conv 64 FC-256
2 × 2 conv 64 FC-action number

model
6

8 × 8 conv 32 /4 FC-1024
4 × 4 conv 64/2 FC-256
3 × 3 conv 64 FC-action number
2 × 2 conv 64
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DQNs are set as the ones in [23]. The average accumulated 
rewards of 50 independent runs are used as evaluation.

4.2 � Performance comparison

The dynamic fusion method is compared with the base 
agents and other fusion methods, and the results are pre-
sented in a box plot shown in Fig. 2. The y-axis indicates the 
accumulated reward. The red lines and green triangles repre-
sent the median and mean respectively. The top and bottom 
lines denote the maximum and minimum values, while the 
top and bottom lines of the rectangle denote the upper and 
lower quartiles. The circle denotes the outlier value.

An ensemble method is less stable than a single agent 
since an ensemble method has more freedom, i.e., the quar-
tile size of ensemble methods is larger. The degree of fluc-
tuation of the proposed dynamic fusion is more than in static 
fusion on average since the weights of base agents are evalu-
ated at each time interval. Our method is more stable than 
vote, avg, and wavg in Spaceinvaders, while in Seaquest and 
Breakout, our method has a higher degree of fluctuation than 
static fusion methods.

The average accumulated rewards of ensemble methods 
are always higher than their base agents with the exception 
of vote and avg in SpaceInvaders, i.e., the ensemble method 
generally outperforms its base agents. vote has the worst 

performance among avg, wavg, and our method. One reason 
for this poor performance is that vote simply chooses the 
most selected action, but ignores the degree of confidence 
on each action estimated by a base agent. Higher average 
accumulated rewards achieved by wavg in comparison with 
avg indicates that the static evaluation on a base agent is rea-
sonable. Our method achieves the highest average rewards 
among all methods in all applications, which confirms that 
the local competence of a base agent is evaluated reasonably 
in our method. Dynamical weight assignment to base agents 
can improve the performance of the ensemble system.

4.3 � Parameter discussion

Our proposed dynamic fusion method with different param-
eter settings, including � , k, and v, is compared with the 
best static fusion algorithm in each application, i.e., wavg in 
Seaquest and SpaceInvaders, and avg in Breakout, where � 
denotes the update rate of weights of base agents, k indicates 
the number of most similar validation states to a new state, 
and v represents the time interval of the weight update. The 
values in Fig. 3 represent the difference between the average 
reward achieved by our method with a particular parameter 
setting and the best static fusion algorithm. A darker red or 
blue cell indicates how much better or worse our method 
performs compared with the best static method.

In Seaquest, the performance of our method decreases 
with the increase of v, while the inverse can be observed 
in SpaceInvaders in which our method with a large v 
obtains better rewards on average. For Breakout, modi-
fying the size of v is insignificant and the highest average 
reward is achieved when v = 10 . A faster weight update 
for base agents is required in Seaquest since the strategy 
of the submarine needs to be altered when fishes mate-
rialize differently on the screen. A small v causes the 
RL system to be more effective at detecting the sudden 
appearance of fishes and adjusting its policy accordingly. 
However, the invaders do not appear suddenly and their 
positions are relatively stable in SpaceInvaders. There-
fore, no frequent adjustment on policy is needed. The RL 

Table 2   Models and training episodes of base agents in the applica-
tions

Seaquest Spaceinvaders Breakout

�
1

model model
1

model
1

model
3

episodes 2,500,000 15,000,000 2,000,000
�
2

model model
2

model
2

model
4

episodes 2,500,000 15,000,000 2,000,000
�
3

model model
5

model
3

model
5

episodes 2,500,000 25,000,000 4,000,000
�
4

model model
6

model
4

model
6

episodes 2,500,000 25,000,000 2,000,000

Fig. 2   Performance comparison of base agents, vote, avg, wavg, and our method in terms of accumulated reward
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system with either fast ( v = 10 ) or slow ( v = 100 ) policy 
updates performs well in Breakout. This is most likely 
due to the unchanging bricks and generally stable ball 
trajectory causing the agent to perform well with slower 
weight updates, but also take advantage of fast weight 
updates when the ball hits the brick corner and bounces 
back unpredictably.

In conclusion, Seaquest needs frequent updates but 
SpaceInvaders does best with slow updates. This explains 
why our method with larger and smaller values of alpha 
are preferable in Seaquest and SpaceInvaders respectively. 
For Breakout, our method with either v = 10 or 100 has 
good performance when � is equal to either 0.1 or 1, 
respectively.

k should be not be too large or small since a small k 
leads to a biased evaluation, while a large k may cause 
validation samples that are not similar to the new state. 
The experimental results confirm that the performance of 
our dynamic fusion method with the best combination of 
� and v achieves the best performance when k = 30 and 
40 in these three applications.

4.4 � State similarity analysis

The similarity in the last output of the feature map of the 
CNN is investigated in this section. A state is chosen as 
an example from each application and is shown in Fig. 4. 
Although states are converted to gray-scale before use, 
they’re shown in color for better visibility. Each col-
umn shows a state which contains four observations, i.e.,  
s = {O1,O2,O3,O4} and each observation is an 84 × 84 
image. Given a source state (source), the nearest states from 
a validation set are chosen in the latent space of the CNN 
(ours) and the input feature space (input).

In Seaquest, the position of the submarine in ours is 
closer to the one in source compared with input. Moreo-
ver, input does not contains fishes in the upper left corner. 
In SpaceInvaders, no obvious difference between ours and 
input can be observed. It may be because the decisions on 
SpaceInvaders are closely related to its original input screen. 
The bricks dominate the similarity in input in Breakout, i.e., 
the shapes of bricks in input is the same as source. However, 
ours focuses on the similarity of the plate locations and ball 

Fig. 3   Performance comparison of dynamic fusion algorithm and best other fusion method in terms of average accumulated reward
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trajectory. These examples illustrate that the similarity meas-
ured in the latent space of the CNN is more closely related 
to the decision of an agent compared with the one in the 
input space.

4.5 � Running time comparison

The average decision making time on a test state of the meth-
ods is shown in Table 3. It is clear that the dynamic fusion 
algorithm spends more time than static methods, which 
is consistent with the studies in classification [6]. This is 
because dynamic weight assignment during the test phase 
includes the similarity measure between a new state and the 
states in the validation set. Time is sacrificed to gain a better 
accumulative reward in our method. As the weight has not 
been updated for static methods, their decision times are the 
same. SpaceInvaders requires longer decision time than the 
other two applications since the models used in SpaceInvad-
ers learned a higher dimensional representation in the last 

convolutional layer, thus increasing time spent in the state 
comparison stage.

5 � Conclusion

Utilizing the full ability of agents is a key problem in ensem-
ble. The current studies on DRL ensemble focus on static 
fusion which assumes a base agent performs consistently for 
all scenarios, which may not be realistic in some applica-
tions. These methods only capture the general performance 
and ignore the capacity of an agent in a particular state. 
This assumption means that the ensemble systems cannot 
take full advantage of all base agents. This study proposes 
the first dynamic fusion method for DRL in order to fully 
utilize the ability of each base agent for different states. 
The weights are dynamically assigned to agents according 
to their local competence on the region around a test state 
during the test phase. A base agent is evaluated according 
to the states in the evaluation set collected by interaction 
between an agent and environment in terms of the rewards 
obtained in the next n steps. The similarity of a new state 
and a validation state is measured by Euclidian distance in 
the latent space of an agent. The weight of a base agent is 
updated in intervals according to its performance on valida-
tion states and the similarity between validation states and a 
new state. As a result, the importance of a base agent when 
making decisions will depend on its local competence on a 
test state , as opposed to the overall performance of the agent 
on all states. Experimental results confirm that the weight 

Fig. 4   Illustration of the most similar state measured in the input (input) and latent (ours) space

Table 3   Average times (in second) of making a decision on a test 
state of vote, avg, wavg, and our method 

Seaquest SpaceInvaders Breakout

vote 0.021s 0.042s 0.019s
avg 0.021s 0.042s 0.019s
wavg 0.021s 0.042s 0.019s
our method 1.402s 2.524s 1.401s
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assignment by our dynamic method successfully utilizes the 
ability of agents in three different applications. Our method 
sacrifices execution time to gain a higher reward. The results 
confirm that the performance of our method is better than its 
base agents and the static methods.

The validation set plays an important role in our method 
since it has been used to evaluate the local competence of 
an agent. Moreover, its size affects the execution time since 
the similarity is measured for each validation state and test 
state. How to choose a more representative validation state 
is a possible extension of this study. The validation samples 
can be chosen aiming at minimizing the difference between 
the distribution of the validation set and the real one.
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