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a b s t r a c t 

In this work, we present a methodology that enables an agent to make efficient use of its exploratory 

actions by autonomously identifying possible objectives in its environment and learning them in par- 

allel. The identification of objectives is achieved using an online and unsupervised adaptive clustering 

algorithm. The identified objectives are learned (at least partially) in parallel using Q−learning. Using a 

simulated agent and environment, it is shown that the converged or partially converged value function 

weights resulting from off-policy learning can be used to accumulate knowledge about multiple objec- 

tives without any additional exploration. We claim that the proposed approach could be useful in scenar- 

ios where the objectives are initially unknown or in real world scenarios where exploration is typically a 

time and energy intensive process. The implications and possible extensions of this work are also briefly 

discussed. 

© 2017 Elsevier B.V. All rights reserved. 
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. Introduction 

Intelligent agents are characterized by their abilities to learn

rom and adapt to their environments with the objective of per-

orming specific tasks. Very often, in reinforcement learning [1] ,

nd in machine learning in general, algorithms are structured to

e able to fulfill one specific objective, usually specified in terms

f a particular region in the feature space that is associated with a

igh reward. In general, environments are likely to contain multi-

le features, and different regions in the feature space may specify

ifferent objectives that could be assigned to the agent to learn. In

eal-world scenarios, however, the ability to efficiently learn more

han one objective during a single deployment could drastically

mprove the agent’s usefulness. In order to achieve this, the agent

ould need to be aware of regions in the feature space that could

ossibly play a role in its future tasks. 

Embodied artificial agents or intelligent robots are typically

quipped with a variety of sensors that enable them to detect char-

cteristic features in their environment. In the context of reinforce-

ent learning, when such an agent is placed in an unknown en-

ironment and is assigned an objective, it carries out some form

f exploratory behavior in order to first discover a region in the

eature space that fulfills this objective. Further exploratory ac-
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ions may help improve its value function estimates, which in turn

ead to improved policies to achieve the objective. We shall refer

o this original task as the primary objective , and to its associated

eature vector as the primary objective feature vector ( � ψ ). During

xploration, it is likely that the agent comes across other ‘inter-

sting’ regions which contain features that stand out with respect

o the agent’s history of experiences. We shall refer to these re-

ions of the feature space as secondary objectives , and to the as-

ociated feature vectors as secondary objective feature vectors ( � φ).

lthough these regions could be of interest to the agent for future

asks (which are currently unknown), they may be irrelevant to the

ask at hand. Hence, it is justified for the agent to ignore them and

ontinue performing value function updates for the primary objec-

ive assigned to it. 

However, the agent’s future tasks may not remain the same and

 new task assigned to it may correspond to a particular combina-

ion of features that it encountered while learning policies for the

rimary objective. In such a case, the fact that this region in the

eature space had been previously encountered cannot be lever-

ged since they were not relevant to the agent at that point of

ime, and were hence ignored. 

The above mentioned approach would result in a considerable

mount of wasteful exploration. This is because each new task as-

igned to the agent would require a fresh phase of discovery and

earning of the associated feature vector and value functions, re-

pectively. A more efficient approach would be to keep track of

ossible secondary objectives and learn them in parallel using off-

olicy methods [1,2] . In the context of off-policy learning, this can
nd off-policy learning of multiple objectives using adaptive clus- 
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be done by treating the policies corresponding to the secondary

objectives as target policies, and learning them while executing the

behavior policy which is dictated by the primary objective. De-

pending on the objectives, the actions executed by the behavior

policy may not be optimal with respect to the secondary objec-

tives. However, using off-policy learning, it is possible to at least

partially learn the value functions for the secondary objectives,

thereby significantly improving the efficiency of exploration. In ap-

plications such as robotics where exploration is known to be costly

in terms of time, energy and other factors, such an approach could

prove to be practical. 

In this work, we present a framework in which an unsuper-

vised, adaptive clustering algorithm is designed and used to cluster

regions of the feature space into different groups based on the sim-

ilarity of their associated features. Off-policy methods are used to

simultaneously learn target policies corresponding to these clus-

ters, each of which is treated as a secondary objective. The clus-

tering of features occurs as and when they are seen by the agent

while learning the primary task. The value function updates can

be performed using suitable off-policy methods, namely, tabular

Q − learning, Q − λ [3] or other more recent off-policy methods

[4] such as off-policy LSTD( λ) [5,6] , off-policy TD( λ) [2,7] , GQ( λ)

[8] etc., The results presented here, however, correspond to the

Q − λ algorithm. 

The primary objectives have an influence on the discovery and

learning of the secondary objectives, but only through its behav-

ior policy. As long as the agent executes some exploratory actions

while learning to perform its primary task, secondary objectives

can be discovered and at least partially be learned. In fact, even a

purely exploratory policy can be used. These aspects are discussed

in further detail in Section 5 . 

Ideally, our approach would obviate the need for a fresh phase

of discovery and learning when the objective is changed. How-

ever, the aim here is not to learn all the secondary objectives per-

fectly, but to identify them via the adaptive clustering algorithm,

and learn them at least partially through off-policy learning. Do-

ing so could provide the agent with a good initialization of value

function weights so that optimal policies for the identified possible

objectives could be learned in the future, if needed. 

2. Background 

Reinforcement learning deals with developing strategies for an

agent to act in its environment with the objective of maximizing

the expected value of a scalar reward. Most research in reinforce-

ment learning is based on the formalism of Markov Decision Pro-

cesses (MDPs) [9] . In this framework, an agent in state s ∈ S takes

an action a ∈ A to transition into a new state s ′ with a probability

P ( s, a, s ′ ). At each state, the agent receives a scalar reward R ( s, a ).

All reinforcement learning methods can be thought of as ways to

maximize the expected reward accumulated over time as the agent

interacts with the environment. The outcome of these methods is a

mapping from states to actions, referred to as a policy. If the learn-

ing agent learns the value function for the policy being executed, it

is referred to as on-policy learning, and if it learns the value func-

tion for an objective irrespective of the policy being executed, it is

called off-policy learning. 

In this work, our goal is to identify secondary objectives and

learn their corresponding policies in parallel while the agent ex-

ecutes its behavior policy based on its primary objective. Hence,

off-policy learning methods are a natural choice for the stated goal.

We use the Q − λ algorithm, which is an extension of tabular Q−
learning that is suitable for application in continuous state spaces.

The update equation for the tabular case is shown in Eq. (1) 

Q(s, a ) ← Q(s, a ) + α[ R (s, a ) + γ max a ′ Q(s ′ , a ′ ) − Q(s, a )] (1)
Please cite this article as: T.G. Karimpanal, E. Wilhelm, Identification a

tering, Neurocomputing (2017), http://dx.doi.org/10.1016/j.neucom.2017
here Q ( s, a ) is the Q−value corresponding to state s and action a.

 

′ is the next state, and a ′ is a bound variable that can represent

ny action in the action space A . α is the learning rate and γ is

he discount factor. 

The Q − λ algorithm performs a similar, but more involved up-

ate with weight vectors, and involves the use of eligibility traces

10] . Here, replacing traces are used for the Q − λ updates [11] . The

pdate equations for the Q − λ algorithm are mentioned below: 

← δ + γ max a ′ Q(s ′ , a ′ ) (2)

 ← w + αδe (3)

 ← γ λe (4)

here w is the weight vector, e is the eligibility trace vector, λ is

he trace decay rate parameter and δ is defined as 

= R (s, a ) − Q(s, a ) (5)

he elements of the eligibility trace vector (replacing traces) are

nitialized with a value of 1 if the corresponding features are ac-

ive. Otherwise, they are initialized with a value of 0. 

The Q−values mentioned in Eqs. (2) and ( 5 ) are stored in the

orm of weight vectors as: 

(s, a ) = 

∑ 

i ∈F act (s,a ) 

w i (6)

here F act ( s, a ) is the set of active features for an agent in state s ,

aking an action a . A more detailed summary of the algorithm can

e found in [1] . 

Although off-policy methods such as the ones described above

ave been well known and widely used over the years, their use

or autonomously handling multiple independent objectives has

een limited, primarily owing to very few precedents on unsu-

ervised identification of objectives in an agent’s environment.

ff-policy approaches with function approximation have also been

nown to have long standing issues with stability until recently

12] . Although approaches for handling multiple independent ob-

ectives in parallel are rather limited, a number of multi-objective

einforcement learning approaches that handle multiple conflicting

bjectives exist. A comprehensive survey of such methods can be

ound in [13] . 

The horde architecture of Sutton et al. [12] has been shown to

e able to learn multiple pre-defined objectives in parallel using

ndependent reinforcement learning agents in an off-policy man-

er. The knowledge of these tasks is stored in the form of gener-

lized value functions which makes it possible to obtain predictive

nowledge relating to different goals of the agent. Modayil et al.

14] and White et al. [15] also focus on learning multiple objectives

n parallel using off-policy learning. Apart from this, Sutton et al.

16] used off-policy methods to simultaneously learn multiple op-

ions [17] , including ones not executed by the agent. They mention

hat the motivation for using off-policy methods is to make max-

mum use of whatever experience occurs and to learn as much as

ossible from them, which is an idea that is reflected in this work.

In the works mentioned above, the multiple objectives that are

earned in parallel are pre-defined. However, in this work, we focus

n the case where the agent has no foreknowledge of the objec-

ives in its environment. The objectives are identified by the agent

tself via clustering. Hence, the agent learns independently in the

ense that as it moves through its environment, it identifies po-

ential objectives and at least partially learns their associated value

unctions in parallel. 

A similar approach is seen in Mannor et al. [18] , where cluster-

ng is performed on the state-space to identify interesting regions.

owever, their approach was not online and the purpose of their
nd off-policy learning of multiple objectives using adaptive clus- 
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ork was to use these regions to automatically generate temporal

bstractions. 

We use a variant of the K-means clustering algorithm [19,20] to

luster features that are characteristic of secondary objectives. The

pproach is similar to that of Bhatia [21] , where an adaptive clus-

ering approach is described. The difference lies in the fact that

n our method, in addition to the mean, statistical properties such

s the variance and number of members in each cluster are up-

ated online and used for clustering as and when the environment

s sensed by the agent. 

In general, the algorithm also bears similarities to some aspects

f adaptive resonance theory [22] . The procedure for finding and

pdating the winning cluster in our approach is similar to that

or comparing input vectors to the recognition field, and updat-

ng recognition neurons towards the input vector in adaptive reso-

ance theory. Perhaps the main differences in our approach are the

ature and function of the threshold/vigilance parameter. In our

pproach, the threshold is related to the variance of the cluster,

hich varies dynamically as more members are acquired by the

lusters. However, in both approaches, the threshold has an effect

n the resolution of the clusters. Overall, our clustering approach

s simpler, and it is only focused on being able to identify clusters

n an online manner, without much consideration to factors such

s biological plausibility. The details of the algorithm are discussed

urther in Section 4 . 

. Description 

In order to demonstrate the proposed approach for identifying

nd learning multiple objectives, we consider an agent in a 30x30

ontinuous space which contains obstacles, a region lit up by a

ight source, and a bumpy/rough area. We assume that characteris-

ic features corresponding to these regions can be detected by the

gent using its on-board sensors: a set of range sensors, a light de-

ecting sensor, and an inertial motion unit (IMU) to sense changes

n surface roughness. The range sensors on the robot are radially

eparated from each other by 72 degrees as shown in Fig. 1 , and

re capable of sensing the presence of obstacles within 1 unit dis-

ance. A sample of the environment is shown in Fig. 2 . 

Initially, the agent has no foreknowledge of the environment,

nd can move forwards and backwards, sideways and diagonally

p or down to either side. In addition to this, it can also hold its

urrent position. Thus, a total of 9 deterministic actions (called the

ction set A ) are available for execution. These actions are exe-

uted sequentially according to the behavior policy, which depends
Fig. 1. The simulated agent and its range sensors. 
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tering, Neurocomputing (2017), http://dx.doi.org/10.1016/j.neucom.2017
n the primary objective assigned to the agent. The time step for

ction execution is set to be 200 ms and the agent’s velocity is set

o be 8 units/s for the relevant actions. The features are a function

f the environment and of the state of the agent, which is com-

osed of the agent’s (x,y) position and its heading direction. Deriv-

ng these features from the agent’s state is critical to learning, and

s described below. 

.1. Agent features 

The agent is capable of sensing different f eatures in the envi-

onment using its sensors. The sensors are simulated to have 5%

aussian white noise. We shall refer to the resulting feature vector

s the environment feature vector ( � F e ) . For learning policies using

inear function approximation, additional features for the agent’s

ocalization are needed. We shall refer to the vector of these fea-

ures as the agent feature vector ( � F a ) . Hence, the full feature vec-

or for the agent consists of both these feature vector components

 

�
 F = 

�
 F e ∪ 

�
 F a ). All features used in this work are binary (1 or 0) for

he sake of simplicity. 

The feature vector � F e consists of the following: 

1. Feature indicating either the presence or absence of obstacles

as seen by any of the three range sensors. 

2. Feature corresponding to the presence or absence of light 

3. Feature corresponding to rough or smooth floor surfaces, as re-

ported by the IMU 

4. Feature indicating whether the agent lies within the range of

the specified target location 

The agent feature vector � F a is composed of 30 binary features

orresponding to each dimension in the 2-dimensional space. It is

oncerned with the localization of the agent, and is used for learn-

ng the required policies. In 

�
 F a , the feature value is equal to 1 for

he agent’s current position and 0 for all other positions in the

pace. Hence, the full feature vector consists of 64 (60 localization

nd 4 environment) feature elements. 

Only � F e is passed into the clustering algorithm to identify differ-

nt regions of interest, whereas the full feature vector is used for

he Q − λ updates. 

. Methodology 

Section 3 described the simulated environment, the agent and

he features it is capable of sensing. In this section, we describe

he methodology used to identify regions of interest in the feature

pace and how these regions, treated as secondary objectives, can

e learned using off-policy methods. 

.1. Adaptive clustering 

As described earlier, the feature vector sensed by the agent con-

ists of features relating to the environment as well as features for

ocalization of the agent. The agent is initially assigned an arbi-

rary primary objective, which is specified in terms of � ψ , which is

 particular configuration of � F e . In specifying � ψ , apart from the bi-

ary values that each feature can take, a ‘don’t care’ case is also in-

luded. During the task specification, if a primary objective feature

s associated with the ‘don’t care’ case, it implies that any feature

alue sensed for that feature is considered acceptable during the

earch for � ψ in the feature space. In learning the primary objec-

ive, the agent learns a policy that takes it from any arbitrary state

n the environment to a state where � F e matches the feature vector

escribed by � ψ 

As the agent moves through the environment in search of the

eature vector specified by �
 ψ , it is continuously presented with

ew 

�
 F e vectors. Our approach is to cluster these features as and
nd off-policy learning of multiple objectives using adaptive clus- 
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Fig. 2. Trajectory corresponding to one of the agent’s policies to navigate to the target location in the simulated environment. The environment contains features such as a 

region with light, a rough region, obstacles and a target location. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

t  

r

μ  

σ  

N  

w  

j  

m  

s

 

u  

n  

c  

a

4

 

v  

m  

o  

c  

a  

w  

t  
when they are seen. The K-means [20,23] algorithm is a simple

and popular algorithm used for unsupervised clustering. However,

it requires prior knowledge of the number of clusters present in

the feature space. This does not suit our application, as we as-

sume no prior knowledge about the environment. The algorithm

was therefore modified in order to make it adaptive, so that new

feature vectors that seem different from the others may ‘seed’ new

clusters. This is done by continuously updating the statistical prop-

erties such as the mean, variance and number of members in each

cluster, and by measuring the closeness of new features � F e to the

mean vectors of the different clusters. 

Each new cluster that is seeded is initially set to have non-

zero variance, which we shall refer to as the seed variance . This

is done in order to initially maintain a certain level of uncertainty

about the cluster. The uncertainty reduces as more number of sam-

ples are observed. As the agent moves through the environment,

the Euclidean distance between the environment feature vector � F e 
that it sees, and the mean vector of each cluster is calculated, and

the cluster corresponding to the minimum distance is chosen as

the ‘winning’ cluster. Next, the element-wise absolute distance be-

tween the mean of the winning cluster and 

�
 F e is computed. For

each element, if this distance lies within ‘n’ standard deviations

of the mean of that feature element, then the � F e belongs to that

cluster; if not, a new cluster is seeded. So ‘n’ can be considered

a tolerance parameter for the clustering algorithm. Each time a

cluster receives a new member, the mean and variance of each

of the j th feature element in the cluster is updated online using

the corresponding elements of � F e . The straightforward equations

governing the updates are defined by the first and second sta-
o  

Please cite this article as: T.G. Karimpanal, E. Wilhelm, Identification a

tering, Neurocomputing (2017), http://dx.doi.org/10.1016/j.neucom.2017
istical moments of the sensor measurement in Eqs. (7) and ( 8 ),

espectively. 

j ← − (N C ∗ μ j + F j 
e ) / (N C + 1) (7)

j 
2 ← − (N C ∗ (σ 2 

j + μ2 
j ) + F j 

e 

2 
) / (N C + 1) − μ2 

j (8)

 C ← − N C + 1 (9)

here μj and σ j 
2 are respectively the mean and variance of the

 th feature element in the cluster, whereas N C is the number of

embers in cluster C . The structure of the clustering algorithm is

ummarized in Algorithm 1 . 

Overall, the algorithm serves to cluster the feature space in an

nsupervised and adaptive manner without prior knowledge of the

umber of clusters that exist in the space. Each of the identified

lusters is treated as a secondary objective which is learned in par-

llel with the primary objective using off-policy methods. 

.2. Off-policy learning 

The clustering algorithm described in Section 4.1 groups feature

ectors � F e into different clusters in an adaptive and unsupervised

anner. As and when each new cluster is seeded, an associated set

f weight vectors (to learn the corresponding Q function) is also

reated. The mean vectors of each of these clusters is treated as

 secondary objective feature vector � φ, and the associated set of

eight vectors is updated using the Q − λ algorithm, based on ac-

ions resulting from the behavior policy. So during each episode

f learning of the primary objective, the secondary objectives
nd off-policy learning of multiple objectives using adaptive clus- 
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Algorithm 1 Adaptive clustering algorithm. 

1: Inputs : Feature vector � F e , variance threshold parameter n , num- 

ber of existing clusters K (initially set to 1), existing clusters C 

and their properties: mean 

�
 μ, standard deviation 

�
 σ (elements 

initialized with non-zero seed variance for a new cluster) and 

number of members N C K 
(initialized to 1 for a new cluster) 

2: for i=1:K do 

3: d i = Euclid ean _ d istance ( � F e , � μi ) 

4: end for 

5: win = { argmin (d) } 
6: if | (F 

j 
e − μ j 

win 
) | ≥ n ∗ σ j 

win 
for each feature F 

j 
e in 

�
 F e , then 

7: K = K + 1 

8: �
 F e ∈ C K 

9: else 

10: �
 F e ∈ C win 

11: Update the mean and variance of each element in the win- 

ning cluster 

μ j 
win 

← − (N C win 
∗ μ j 

win 
+ F 

j 
e ) / (N C win 

+ 1) 

σ j 
win 

2 ← − (N C win 
∗ ( σ j 

win 

2 + μ j 
win 

2 
) + F 

j 
e 

2 
) / (N C win 

+ 1) − μ j 
win 

2 

12: Update the number of members in the winning cluster 

N C win 
← − N C win 

+ 1 

13: end if 
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Algorithm 2 Identifying and learning objectives using clustering 

and off-policy methods. 

1: Inputs : Primary objective feature vector ( � ψ ), variance thresh- 

old parameter n , number of existing clusters K (initially set to 

1), starting state ( x start ), weight vector w O , Q − λ parameters for 

primary objective: discount factor ( γ ), learning rate ( α), explo- 

ration parameter ( ε), decay rate parameter for eligibility traces 

( λ) number of iterations for Q − λ ( N _ iter), existing clusters C 

and their properties: mean 

�
 μ, standard deviation 

�
 σ and num- 

ber of members N 

2: for i=1: N _ iter do 

3: state= x start 

4: �
 F e = get f eat ures f romstate (state ) 

5: while � F e � = 

�
 ψ do 

6: Take ε-greedy action and visit new state x new 

7: �
 F e new 

= get f eat ures f romstate ( x new 

) 

8: Cluster � F e new 

using algorithm 1 

9: if New clusters are formed, then 

10: Seed w new _ cluster and update K 

11: end if 

12: if � F e new 

== 

�
 ψ , then 

13: reward=high 

14: else reward=low 

15: end if 

16: Update w O using Q − λ equations 

17: for j=1:K do 

18: �
 φ = 

�
 μ j 

19: if � F e new 

== 

�
 φ then 

20: reward(j)=high 

21: else reward(j)=low 

22: end if 

23: Update w j using Q − λ equations 

24: end for 

25: x = x new 

26: �
 F e = 

�
 F e new 

27: end while 

28: end for 

Fig. 3. Different clusters detected by the agent for the environment shown in Fig. 2 . 

o  

p  

a  

i  

e  

fl  
dentified by the clustering algorithm are learned simultaneously

sing off-policy learning. At the same time, new secondary objec-

ives are identified by the clustering algorithm. If ‘M’ secondary ob-

ectives are identified, the Q − λ updates are performed ‘M’ times

n addition to the one time that the update is carried out for the

rimary objective. For these additional updates, the scalar rewards

re dictated by the associated secondary objective. The reward

tructure used here is simple, and all objectives are treated equally.

 reward of 100 is awarded for successfully achieving an objec-

ive, and a living penalty of 10 is associated with each step that

oes not correspond to the fulfillment of an objective. In addition

o this, irrespective of the objective, a penalty of 100 is assigned

or bumping into obstacles. More sophisticated reward structures

hat reflect the relative importance of the different objectives may

e explored in the future. The overall algorithm is summarized in

lgorithm 2 . 

. Results 

In this section, we summarize the results obtained by apply-

ng the methodology described in Section 4 to the agent and envi-

onment described in Section 3 . The sample environment used for

he simulations are shown in Figs. 2 and 5 . In these figures, larger

arkers corresponding to the agent’s path signify points closer to

he starting position of the agent. The configuration of the ob-

tacles in the environment is set up to be similar to the ‘puddle

orld’ problem [24] , in the sense that in order for the agent to

avigate to the required location, it may need to temporarily move

way from its target location. 

The agent executes an ε- greedy policy while learning a pri-

ary objective, during which it senses features � F e in its environ-

ent, and continuously sorts them into new or existing clusters

s dictated by Algorithm 1 . Fig. 3 shows the clusters identified by

he algorithm after the Q − λ algorithm is applied to learn the pri-

ary objective of navigating to the target location. In Fig. 3 , a to-

al of 7 clusters can be seen, each marked with a distinct texture

nd number. It is also seen that regions that have an overlap of

ifferent types of features are sorted as different clusters. For ex-

mple, the region near the top right corner of Fig. 3 contains a

luster (marked as cluster 7) which corresponds to the overlap be-

ween an area around the target location and the presence of an
Please cite this article as: T.G. Karimpanal, E. Wilhelm, Identification a

tering, Neurocomputing (2017), http://dx.doi.org/10.1016/j.neucom.2017
bstacle. In Fig. 4 , it is seen that during episode 1, this overlap-

ing area is not distinguished as a separate cluster. This changes

s the episodes proceed, and the overlapping area is eventually

dentified as a distinct cluster after episode 6. A similar overlap

xists (marked as cluster 6 in Fig. 3 ) around the area with high

oor roughness near the top left corner of the environment. This
nd off-policy learning of multiple objectives using adaptive clus- 
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Fig. 4. Progression of cluster formation with episodes of the Q − λ algorithm. 

Table 1 

Average number of clusters formed as clustering parameters seed 

variance and clustering tolerance ( n ) are varied. 

n = 0.1 n = 1 n = 1.1 n = 1.5 n = 2 

Seed variance = 0.1 6.82 6.65 1.93 1.36 1.39 

Seed variance = 1 6.77 6.33 1.47 1.19 1 

Seed variance = 100 6.49 6.51 1.63 1.06 1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2 

Percentage of starting positions picked uniformly from the environment, that 

lead to acceptable policies for the primary and selected secondary objectives. 

No. of episodes Objectives ε= 0.1 ε= 0.3 ε= 0.7 ε= 1 

100 Primary objective 51.97 60.32 71.35 81.62 

Light area 12.59 17.84 26.70 72.37 

Rough area 15.43 16.78 28.52 60.48 

300 Primary objective 69.92 72.57 80.76 82.13 

Light area 12.65 18.38 29.03 80.05 

Rough area 16.16 18.27 27.41 81.94 

10 0 0 Primary objective 78.62 82.35 88.24 90 

Light area 16.22 21.30 52.16 85.54 

Rough area 17.19 21.38 41.08 85.41 
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shows that with a larger number of samples, the clustering algo-

rithm is capable of distinguishing different combinations of feature

elements in the feature space in an unsupervised manner. 

Table 1 shows the average number of clusters identified as the

seed variance and the clustering tolerance n are varied. The val-

ues shown are compiled for 50 Q − λ runs with an exploration pa-

rameter ε = 0 . 3 for 10 0 0 episodes. The other parameters are the

learning rate α = 0 . 3 , the discount factor γ = 0 . 9 and the trace de-

cay rate parameter λ = 0 . 9 . These parameters were kept constant

for the Q − λ runs. The results shown in Table 1 suggest that the

clustering is sensitive to the clustering tolerance, as we may have

expected. The lower the value of n , the larger is the number of

clusters identified. As per Algorithm 1 , the condition for new clus-

ters to be formed is: 

| (F − μ) | ≥ nσ (10)

where F is the value of the feature element and μ and σ are the

mean and standard deviation of the associated ‘winning’ cluster.

From Chebyshev’s inequality, the probability of clusters forming is

bounded by: 

P (| (F − μ) | ≥ nσ ) ≤ 1 /n 

2 (11)

When n ≤ 1, the term on the right hand side of Eq. (11) is ≥ 1.

Since probabilities cannot exceed 1, all cases of n ≤ 1 are equiv-

alent in this sense. When n > 1, the probability reduces, and the

clustering performance drops. This could provide some explanation

for the trends seen in Table 1 . It also suggests that the clustering

tolerance n should ideally be set to a value ≤ 1 if clusters are to

be identified effectively. 

In addition to this, the performance of the clustering algorithm

is observed to be more or less independent of the seed variance.

This is because the variance of each cluster is continuously up-

dated with each visit to a state. As more samples are obtained, the

initial seed variance assigned to a cluster is quickly corrected to

be closer to its true value. For the given environment and agent,

the clusters were mostly identified during the early episodes of
Please cite this article as: T.G. Karimpanal, E. Wilhelm, Identification a

tering, Neurocomputing (2017), http://dx.doi.org/10.1016/j.neucom.2017
− learning. Fig. 4 shows a typical progression of cluster forma-

ion with the number of episodes. 

The clusters identified by the adaptive clustering algorithm are

assed on as secondary objectives to be learned using off-policy

earning. The mean vector of these clusters, which describe the

eatures represented by the cluster are then used to construct the

eature vectors of the respective secondary objectives ( � φ). 

For the case of feature vectors � F e with a large number of ele-

ents, the number of clusters identified is likely to be large. For

xample, when 60 additional features were added to the environ-

ent feature vector described in Section 3 , a total of 748 different

lusters were formed. In such cases, it may be more practical to

hoose a certain number of clusters based on some predetermined

riteria, and learn their associated policies. An example of one such

riterion would be the average value of the temporal difference

TD) error across the state-action space, with secondary objectives

orresponding to lower average error values being preferred. The

ypothesis is that since the reward structures for the different ob-

ectives are similar, objectives with the lowest average TD error are

ikely to have have been learned more reliably. Hence, the objec-

ives could be sorted in this manner according to the reliability of

heir associated Q−functions. 

Once the clustering algorithm identifies a secondary objective,

ts corresponding weight vectors are initialized, and its value func-

ion is learned by making use of whatever experience could be

ained from the agent’s behavior policy. At the end of each episode

f learning, the agent’s starting position is reset to a random non-

oal state. Ideally, after Q−learning, the agent should be able to

enerate optimal trajectories starting from anywhere in its envi-

onment subject to the assumption that each state-action pair is

isited infinitely often. Table 2 shows the percentage of starting

ositions, picked uniformly from the environment shown, which

ead to acceptable policies. The variation of this quantity with the

umber of episodes and different exploration parameters is also

hown. The policies being evaluated are generated by having the

gent take a series of greedy actions (as per the value functions

t has learned) till the goal state is reached. A policy (and its cor-

esponding trajectory) is considered acceptable if the path result-

ng from it is similar to the one computed using the A-star algo-

ithm [25] , which computes the optimal trajectory between two

oints, given perfect information regarding the environment. Poli-

ies whose resulting paths are more than 50% longer than those

omputed using A-star are not considered acceptable. The toler-

nce (50%) used here may seem very high, but this is because

he aim of our approach is to provide the value functions of the

econdary objectives with good initializations using whatever ex-

erience occurs; it is not to learn the secondary objectives per-

ectly. We posit that given the same behavior policy, the agent

ill be able to learn the optimal value functions corresponding to

he secondary objectives much faster when starting with good ini-

ial estimates. The comparison with A-star is performed in order

o evaluate the general quality of the value functions for different
nd off-policy learning of multiple objectives using adaptive clus- 
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Fig. 5. Trajectories corresponding to the policies for different objectives learned by executing the behavior policy for the original task. 
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bjectives. Each of the clusters shown in Fig. 3 is treated as a sec-

ndary objective, but only the values for meaningful secondary ob-

ectives such as navigating to the regions with light or those cor-

esponding to a rough area have been tabulated. 

The values from Table 2 suggest that in general, the value func-

ions resulting from policies that are more exploratory in nature

esult in acceptable policies from a greater percentage of start-

ng positions. This is expected, as more state-action pairs have a

hance to be visited when ε is set to be large. In general, the

ercentage also goes up marginally with an increased number of

earning episodes. This is natural, as a larger number of episodes

llow greater opportunity for more state-action pairs to be visited

ore frequently. 

Fig. 5 shows some of the sample learned trajectories for both

he primary objective (navigating to the target location) as well as

he two selected secondary objectives. The trajectories leading to

he ‘light’ and ‘rough’ areas in Fig. 5 correspond to policies that

ere learned by first identifying the relevant regions in the fea-

ure space as secondary objectives, and then simultaneously learn-

ng (partially) their associated action-value functions through off-

olicy learning. If each of the ‘N’ secondary objectives were to be

earned sequentially using Q−learning, ‘N’ additional phases of ex-

loration and learning would have been required. Here, the value

unction for all the secondary objectives are learned at least par-

ially from the experience gained while learning to perform the

rimary objective. Although the percentages in Table 2 seem to

ttain high values for the secondary objectives only under more

xploratory behavior policies ( ε = 0 . 7 and ε = 1 ), some knowledge

f the corresponding objectives is gained even when the behavior

olicy is set to be relatively greedy. Even this partial knowledge of

he secondary objectives could help provide some initial estimates

f the value function when optimal policies corresponding to these
Please cite this article as: T.G. Karimpanal, E. Wilhelm, Identification a

tering, Neurocomputing (2017), http://dx.doi.org/10.1016/j.neucom.2017
bjectives are required to be learned. In this manner, the efficiency

f exploration is improved to some extent, irrespective of whether

he agent’s behavior policy is greedy or highly exploratory. 

This point is further emphasized through Fig. 6 , where the

umber of episodes to convergence is measured and plotted for

ifferent objectives under different behavior policies. Here, conver-

ence is defined to be achieved when the agent is able to success-

ully navigate (have a trajectory length close to that specified by

he A-star algorithm) to the required regions from the majority of

ocations in the environment. In the simulations summarized by

ig. 6 , different objectives are set as primary ones, and the agent is

ade to learn them while discovering and learning secondary ob-

ectives in parallel. Once the primary objectives converge, the par-

ially converged weights of the secondary objectives are made to

ictate the behavior policy. Then, the number of episodes for these

econdary objective policies to converge is measured by checking

or convergence after each episode. Each data point in Fig. 6 is

btained by averaging the values of 50 Q − λ runs with the cor-

esponding ε values. The data points represented by solid shapes

ndicate primary objectives, whereas non-solid shapes represent

econdary objectives. 

From Fig. 6 the convergence for secondary objectives is ob-

erved to be faster in comparison to the case where the same ob-

ective is learned from scratch as a primary one. This is because for

he secondary objectives, learning is initialized with weight vectors

hat are already partially converged owing to the off-policy learn-

ng that occurred while learning the primary objective. For exam-

le, in Fig. 6 (a) ( ε= 0.7), the primary objective is set to be to navi-

ate towards the target location. The corresponding value function

eights converge in about 60 episodes. During this period, sec-

ndary objectives are simultaneously identified and learned. The

artially converged weights for two of these objectives (light and
nd off-policy learning of multiple objectives using adaptive clus- 
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Fig. 6. Number of episodes for convergence for different values of ε with different objectives set as primary. 
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rough region) are used to initialize the learning for the correspond-

ing objectives till convergence. It is seen from Fig. 6 (a) ( ε= 0.7) that

for the secondary objective of navigating to the rough region, con-

vergence is achieved in only about 17 episodes on average. This

is much faster than the case where the ‘rough region’ objective

is learned from scratch as a primary objective, where convergence

takes place after about 70 episodes as indicted in Fig. 6 (c) ( ε= 0.7).

For the secondary objective of navigating towards the light, con-

vergence is achieved in 14 episodes ( Fig. 6 (a), ( ε= 0.7)), whereas

it would have taken about 130 episodes (as seen from Fig. 6 (b)

( ε= 0.7)) if the light objective were to be learned from scratch as a

primary objective. 

In general, for more exploitative behavior policies ( ε= 0.1 and

ε= 0.3 in Fig. 6 ), improvements may still exist, but it is less drastic.

For example, when ε = 0 . 3 , the objective of navigating to a region

with light takes about 25 episodes fewer to converge when de-

ployed as a secondary objective as compared to when deployed as

a primary one. The reduced improvement is due to the fact that

agents under a greedy policy seldom deviate much from their path

towards the primary objective. As a result, secondary objectives are

visited less frequently unless they happen to lie along the optimal

path towards the primary objective. 

Hence, the effectiveness of the proposed methodology de-

pends on the agent’s behavior policy (whether exploitative or

exploratory) as well as on the configuration of different objec-

tives in the environment. However, in an arbitrary environment,

our approach could possibly enable a significant reduction in the

learning time (represented here by the number of episodes for

convergence) required to learn the optimal policy for a secondary

objective, even when relatively greedy policies are employed. 

6. Discussion 

As demonstrated in Section 5 , the value function weights, even

if partially converged, can make good starting points for carrying

out subsequent Q− learning episodes if improvement in the value

function estimates is needed. Although we used the Q − λ algo-

rithm in this work, other off-policy methods could also be used,

perhaps in conjunction with suitable abstraction techniques such

as tile coding [24,26] . 

In employing the approach described here, it is to be noted that

the secondary objectives identified during clustering may or may

not be of relevance to the agent in the future. Assessing the rele-

vance or relative importance of these objectives could be an area
Please cite this article as: T.G. Karimpanal, E. Wilhelm, Identification a

tering, Neurocomputing (2017), http://dx.doi.org/10.1016/j.neucom.2017
or further research. In addition to this, the construction of the re-

ard structure in a more informed manner could also be explored

urther. 

Nevertheless, we believe our approach could be useful in sev-

ral fields, with direct applications in transfer learning [27] , where

t could provide jumpstart improvements [28] when the partially

earned weights are transferred within or across agents. It can also

e useful in multi-agent applications [29,30] , as the value function

nformation of the secondary objectives could be communicated to

nother agent whose primary objective is similar in nature to one

f the original agent’s secondary objectives. This could be a much

ore efficient approach, as each agent need not explore the envi-

onment from scratch. The exploration performed by other agents

ould be leveraged by subsequent agents to carry out their indi-

idual tasks. 

. Conclusion 

The methodology developed and presented here demonstrates

ow the discovery and learning of potential objectives in an agent’s

nvironment is possible. Potential objectives are identified using an

nline, unsupervised and adaptive clustering algorithm. The iden-

ified objectives are then learned in parallel using off-policy meth-

ds. Both clustering as well as off-policy learning are demonstrated

sing a simulated agent and environment. The performance of the

lustering algorithm with respect to its input parameters is tabu-

ated and the findings are explained. The clustering algorithm is

hown to be capable of identifying most of the distinct regions in

he environment during the early episodes of Q− learning. Simula-

ions conducted to validate the utility of this approach reveal that

he agent is able to at least partially learn multiple objectives in

arallel without any additional exploration. This is especially true

hen the behavior policy itself is exploratory in nature. The fu-

ure scope, possible extensions to this work and its applications to

elds such as transfer learning and multi-agent systems are also

riefly discussed. Although the efficiency of our approach depends

o some extent on the nature of the behavior policy and the con-

gurations of objectives in the environment, we believe it presents

 potential to dramatically improve the efficiency of exploration for

einforcement learning agents in unknown environments. 
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