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Abstract
A smart home aims at building intelligence automation

with a goal to provide its inhabitants with maximum pos-
sible comfort, minimize the resource consumption and thus
overall cost of maintaining the home. ‘Context Awareness’
is perhaps the most salient feature of such an intelligent
environment. Clearly, an inhabitant’s mobility and activ-
ities play a significant role in defining his contexts in and
around the home. Although there exists an optimal algo-
rithm for location and activity tracking of a single inhabi-
tant, the correlation and dependence between multiple in-
habitants’ contexts within the same environment make the
location and activity tracking more challenging. In this
paper, we first prove that the optimal location prediction
across multiple inhabitants in smart homes is an NP-hard
problem. Next, to capture the correlation and interactions
of different inhabitants’ movements (and hence activities),
we develop a novel framework based on a game theoretic,
Nash H-learning approach that attempts to minimize the
joint location uncertainty. The framework achieves a Nash
equilibrium such that no inhabitant is given preference over
others. This results in more accurate prediction of con-
texts and better adaptive control of automated devices, lead-
ing to a mobility-aware resource (say, energy) management
scheme in multi-inhabitant smart homes. Experimental re-
sults demonstrate that the proposed framework is capable
of adaptively controlling a smart environment, thus reduc-
ing energy consumption and enhancing the comfort of the
inhabitants.

1 Introduction
Advances in smart devices, mobile wireless communi-

cations, sensor networks, pervasive computing, machine
learning, middleware and agent technologies, and human
computer interfaces have made the dream of smart environ-
ments a reality. According to [2], a “smart environment” is
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one that is able to autonomously acquire and apply knowl-
edge about its inhabitants and their surroundings, and adapt
to the inhabitants’ behavior or preferences with the ulti-
mate goal to improve their experience. The type of expe-
rience that individuals expect from an environment varies
with the individual and the type of environment considered.
This may include the safety of inhabitants, reduction of cost
of maintaining the environment, optimization of resources
(e.g., energy bills or communication bandwidth), or task au-
tomation. An instance of such an indoor environment is a
smart home that perceives the surroundings through sensors
and acts on it with the help of actuators.

An important characteristic of such an intelligent, ubiq-
uitous computing and communication paradigm lies in the
autonomous and pro-active interaction of smart devices
used for tracking inhabitants’ important contexts such as
current and near-future locations as well as activities. Con-
text awareness is indeed a key to build a smart environment
and associated applications. As for example, the embedded
pressure sensors in the Aware Home [13] capture inhabi-
tants’ footfalls, and the system (i.e., smart home) uses these
data for position tracking and pedestrian recognition. The
Neural Network House [12], the Intelligent Home [11], the
Intelligent House n [8] and the MavHome1 [4, 17] projects
focus on the development of adaptive control of home envi-
ronments by also anticipating the location, routes and activ-
ities of the inhabitants. Intelligent prediction of such con-
texts helps in efficient triggering of mobility-aware services.

From information theoretic view point, an inhabitant’s
mobility and activity create an uncertainty of their locations
and hence subsequent activities. In order to be cognizant
of their contexts, the smart home needs to minimize this
uncertainty as captured by Shannon’s entropy measure [3].
An analysis of the inhabitant’s daily routine and life style re-
veals that there exist some well defined patterns. Although
these patterns may change over time, they are not too fre-
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quent or random, and can thus be learnt. This simple ob-
servation leads us to assume that the inhabitant’s mobility
or activity is a piece-wise stationary, ergodic, stochastic
process with an associated uncertainty (entropy), as orig-
inally considered for user tracking in mobile cellular net-
works [1].

In an earlier work [15], we designed an optimal algo-
rithm for location (activity) tracking in an indoor smart
environment, based on dictionary management and online
learning of the inhabitant’s mobility profile, followed by
a predictive location-aware resource management (energy
consumption) scheme for a single inhabitant smart home.
However, the presence of multiple inhabitants with their dy-
namically varying profiles as well as preferences make such
tracking much more challenging. This is due mainly to the
fact that the relevant contexts of multiple inhabitants in the
same environment are often inherently correlated and inter-
independent with each other. Therefore, the learning and
prediction (decision making) paradigm needs to consider
the joint (simultaneous) location tracking of multiple inhab-
itants. In our recent preliminary work [16], we proposed a
cooperative entropy learning policy for location-aware re-
source management in multi-inhabitant smart homes. This
approach adapts to the uncertainty of multiple inhabitants’
locations and most likely routes, by varying the learning
rate parameters and minimizing the Mahalanobish distance.
However, the complexity of multi-inhabitant location track-
ing problem was not characterized which we address in this
paper.

Furthermore, hypothesizing that each inhabitant in a
smart home behaves in such a manner that fulfills his own
objectives and maximizes his utility, the residence of mul-
tiple inhabitants with varying preferences might lead to
conflicting goals. Thus, a smart home must be intelligent
enough to strike a balance between multiple preferences,
eventually attaining an equilibrium state. If each inhabi-
tant is aware of the situation facing all others, a Nash equi-
librium is a combination of deterministic or randomized
choices, one for each inhabitant, from which no inhabitant
has an incentive to unilaterally move away. This motivates
us to investigate the multi-inhabitant location tracking prob-
lem from the perspective of stochastic game theory, where
the inhabitants are the players of the game. The goal here
is to achieve a Nash Equilibrium so that the system (i.e.,
smart home) is able to probabilistically predict the inhab-
itants’ locations and activities with sufficient accuracy in
spite of possible correlations. The major contributions of
this paper are summarized below.

1.1 Contributions of This Paper
• We characterize the overall (joint) location uncertainty

of multiple inhabitants in a smart environment. In par-
ticular, we prove that optimal (that attains lower bound
on the entropy) tracking and hence prediction of loca-

tion across multiple inhabitants is an NP-hard problem.

• Based on stochastic game theory and following the
Nash Q-learning approach, we develop a novel Nash
H-learning (where H stands for entropy) framework
that explores the correlation of mobility patterns across
multiple inhabitants and attempts to minimize the
overall joint uncertainty. This is achieved by devel-
oping a new joint utility function of entropy. We prove
that our game theoretic framework attains Nash equi-
librium. Minimizing the joint utility function helps in
accurate learning and estimation of inhabitants’ loca-
tions and activities. We also derive worst-case perfor-
mance bounds of this framework.

• While there exists an exponential number of possi-
ble routes (sequence of locations) followed by inhab-
itants in a smart indoor environment, we have devel-
oped an efficient scheme to predict the most likely
routes jointly followed by multiple inhabitants. This
scheme is based on the concept of joint-typical-set of
sequences in information theory, that provides only a
small subset of such sequences with a large probability
mass.

• The knowledge of the inhabitants’ contexts such as lo-
cations and associated activities, helps the smart home
to control automated devices in an intelligent man-
ner, thus providing sufficient comfort to the inhab-
itants. The predictive Nash H-learning framework
leads to a novel mobility-aware resource management
scheme that brings automation with energy consump-
tion and hence reduces the overall maintenance cost of
the smart home.

• We perform extensive experiments using real data col-
lected from the X10 controller ActiveHome kit [7], de-
ployed in the MavHome [18]. Experimental results
demonstrate that the Nash H-learning framework per-
forms better than predictive schemes optimized for in-
dividual inhabitants’ location/activity.

The rest of the paper is organized as follows. Section 2
reviews an information theoretic approach for optimal lo-
cation tracking of individual inhabitants, and its limitation
in optimally handling multiple inhabitants. In Section 3
we prove that the optimal joint location prediction problem
across multiple inhabitants is NP-hard. The game theoretic,
Nash H-learning framework that minimizes joint uncer-
tainty associated with multiple inhabitants, is presented in
Section 4. Subsequently, we prove its convergence to Nash
equilibrium and derive its worst-case performance bounds.
Section 5 described how to capture the inhabitants’ most
likely routes. Section 6 develops a predictive resource man-
agement scheme in multi-inhabitant smart homes, based on
the proposed game-theoretic framework. Experimental re-
sults in Section 7 delineates the efficiency of our frame-
work. Finally, Section 8 concludes the paper.
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2 Single Inhabitant Location Tracking
As mentioned earlier, an inhabitant’s mobility creates an

uncertainty of his location and thus activity. In order to min-
imize such uncertainty and adapt to fluctuations, one needs
to build personal mobility profiles dynamically. From in-
formation theoretic perspective, entropy [3] is an appropri-
ate measure to quantify this uncertainty. In the context of
personal mobility tracking in cellular wireless networks, a
profound result was established in [1], where the authors
proved that it is impossible for any location management al-
gorithm to track down an inhabitant by exchanging any less
information, on the average, than the uncertainty generated
due to its mobility. A model-independent, online compres-
sion and learning based algorithm was also proposed that
minimizes location uncertainty and meets this information
theoretic lower bound on entropy.

This approach was adopted in [15] for location predic-
tion that is optimal only for single inhabitant smart homes.
This predictive framework is based on symbolic interpreta-
tion of the inhabitant’s movement (mobility) profile, as cap-
tured by sampling the in-building smart devices such as sen-
sors, RFID readers, or pressure switches. More precisely,
the inhabitant’s movement history is assumed to be a string
ν1ν2ν3 . . . of symbols (e.g., sensor-ids) where νi is an ele-
ment of the alphabet set, ϑ. Given our daily life has repeti-
tive activity patterns, we argue that the inhabitant’s current
location is merely a reflection of his mobility/activity profile
that can be learned over time in an on-line fashion. Charac-
terizing such mobility as a probabilistic sequence suggests
that it can be defined as a stochastic process V = {Vi}.
The repetitive nature of identifiable patterns (routes) adds
piece-wise stationarity as an essential property, leading to
Pr[Vi = νi] = Pr[Vi+� = νi], for all νi ∈ ϑ and for
every shift �. The family of optimal Lempel-Ziv text com-
pression algorithms such as LZ-78 is suitable for efficient
encoding of these variable length routes or contexts (sub-
strings of symbols from the mobility profiles) such that the
overall entropy is minimized. For details, refer to [1, 15].

Before proceeding further, let us formally define entropy
and conditional entropy of random variables of a stochastic
process from information theoretic stand point [3].

Definition 1 For a discrete random variable X of a stochastic
process, with probability mass function p(x), its entropy is defined as
H(X) = −

∑
x∈X p(x) lg p(x). When p(x) = 0, the limiting value

“limp→0 p lg p = 0” is used.

Definition 2 For a set {V1, V2, . . . , Vk} of k discrete random
variables with probability distribution p(ν1, . . . , νk) = Pr [V1 =
ν1, . . . , Vk = νk], ∀ νi ∈ ϑ, the joint entropy is given by

H(V1, V2, . . . , Vk) =
∑k

i=1
H(Vi | V1, V2, . . . , Vi−1), where H(Vi |

V1, V2, . . . , Vi−1) is the conditional entropy of random variable Vi given
the previous (i − 1) random variables V1, V2, . . . , Vi−1.

The additive terms on the right-hand side carry necessary
information which makes the higher order context models
more information-rich as compared to the lower order ones.

As pointed out earlier, the above location tracking strat-
egy is optimal for individual inhabitant only. It treats every
individual inhabitant independently and fails to consider the
correlation between the activity and hence mobility patterns
of multiple inhabitants within the same home environment.
Intuitively, independent application of the above scheme for
each individual actually increases the overall joint location
uncertainty. Mathematically, this can be observed from the
fact that conditioning reduces entropy [3]. In other words,

Result 1 For a stochastic ergodic process χ containing the set of ran-
dom variables X1, X2, . . ., Xn, with distribution Pr(X1 = x1, X2 =
x2, . . . , Xn = xn),

H(χ) = H(X1, X2, . . . , Xn)

=

n∑
i=1

H(Xi|Xi−1, . . . , X1) ≤
n∑

i=1

H(Xi)

In the next section, we will discuss the intricacy of location
prediction problem across multiple inhabitants.

3 Multi-Inhabitant Location Prediction
The multi-inhabitant location prediction problem is de-

fined as follows: For a group of η predictions for η inhab-
itants residing in the smart home consisting of L different
locations, the objective is to maximize the number of suc-
cessful location predictions. The following theorem char-
acterizes the complexity of this problem.

��������	


����
���

�

Figure 1. Analogy of Set-Packing Problem

Theorem 1 The problem of maximizing the number of successful pre-
dictions of multiple inhabitants’ locations in a smart home is NP-hard.

Proof: We reduce this problem to the Set Packing problem,
which is known to be NP-hard [5]. The set packing prob-
lem arises in partitioning elements under strong constraints
on what is allowable partitions. The key feature is that no
element is permitted to be covered by more than one set.
As shown in Figure 1, the input to the Set Packing problem
is a set S = {S1,S2, . . . ,Sξ} of ξ subsets of the universal
set U = {1, 2, . . . , η} where η is the number of predic-
tion requests as defined above. The goal is to maximize the
number of mutually disjoint subsets from S. In other words,
given the condition that each element from the universal set
U can be covered by at most one subset from S, the objec-
tive is to maximize the number of mutually disjoint subsets
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from S. In order for our problem to be equivalent to the Set
Packing problem, each location as identified by the sensor
must be occupied by at most one inhabitant. We assume
that the sensor deployment and coverage in a smart home is
dense enough to make this distinction.

The maximum successful prediction process in a smart
home having L locations and η prediction requests, is equiv-
alent to the Set Packing problem with η subsets and a uni-
versal set U of L elements. At any instance of time, an
inhabitant i can actually reside under the coverage of one
or more sensors (locations), li. Then the prediction process,
predicti, for inhabitant i is a collection of its possible lo-
cations, i.e., predicti = {li}. Every such prediction is
mapped to a particular subset Si. Each single location (sen-
sor coverage-area), l, of the home is mapped to an element,
e, of a subset Si. The strategy that maximizes the number
of successful predictions is basically the one that maximizes
the number of disjoint subsets from S.

Therefore, it is computationally infeasible to find an opti-
mal strategy for maximizing the number of successful loca-
tion predictions across multiple inhabitants. In the follow-
ing, we devise a suboptimal solution based on game theory.
It attempts to reach an equilibrium and maximizes the num-
ber of successful predictions across all inhabitants.

4 Predictive Nash H-learning Framework
Hypothesizing that every inhabitant wants to satisfy his

own preferences about activities, we assume he behaves like
a selfish agent to fulfill his own goals. Under this circum-
stance, the objective of the system is to achieve a suitable
balance among the preferences of all inhabitants residing in
the smart home. This motivates us to look into the prob-
lem from the perspective of non-cooperative game theory
where the inhabitants are the players and their activities are
the strategies of the game. Moreover, there can be conflicts
among the activity preferences. Our proposed game the-
oretic framework aims at resolving these conflicts among
inhabitants, while predicting their activities (and hence lo-
cation) with as much accuracy as possible. Before going
into the details of our framework, we briefly review the rel-
evant concepts of game theory required for our purpose.

4.1 Stochastic Games and Equilibrium
Stochastic games model multi-agent systems where the

agents are the house and the inhabitants, pursuing their in-
dividual (often conflicting) goals. We assume there exists
no enforceable agreement on the joint actions of the inhab-
itants.

Definition 3 [9] An n-player stochastic game, Γ, is defined as a tuple
< S, A1, . . . , An, r1, . . . , rn, p >, where S is the state space and Ai is
the action space of player i; ri : S×A1×A2 . . .×An → R is the payoff
function for player i; p : S×A1×A2 . . .×An → Δ(S) is the transition
probability map, where Δ(S) is the set of probability distributions over
state space S.

Given a state s, the agents (inhabitants) independently per-
form their actions a1, . . . , an, for ai ∈ Ai, and receive
rewards ri(s, a1, . . . , an), for i = 1, . . . , n. The state s
changes to the next state s′ based on transition probabili-
ties, satisfying the constraint∑

s′∈S

p(s′|a1, . . . , an) = 1

In a stochastic game, the objective of each player is to
maximize the sum of rewards, with factor β ∈ [0, 1). If
πi denotes the strategy of player i, then for a given initial
state s, the objective of player i is to maximize the sum of
rewards:

vi(s, π1, π2, . . . , πn) =

∞∑
t=0

βtE(r1
t |π1, . . . , πn, s0 = s) (1)

where E(.) is the expected value.

Definition 4 [9] A Nash equilibrium is a joint strategy where each
agent is a best response to the others. For a stochastic game, each agent
strategy is defined over the entire time horizon of the game. Hence, in
a stochastic game Γ, a Nash equilibrium point is a tuple of n strategies
(π1∗, π2∗, . . . , πn∗ ) such that for all s ∈ S, i = 1, . . . , n and ∀πi ∈ Πi,

vi(s, π1
∗, . . . , πi

∗, . . . πn
∗ ) ≥ vi(s, π1

∗, . . . , πi−1
∗ , πi, πi+1

∗ , . . . πn
∗ )

(2)
where Πi is the set of all strategies available to agent i.

A fundamental result related to equilibria in stochastic
games states that every n-player stochastic game possesses
at least one Nash equilibrium point in stationary strate-
gies [14]. Let us now develop a suitable multi-agent learn-
ing framework that maximizes the number of successful lo-
cation predictions in smart homes.

4.2 Entropy (or H) Learning
We assume that the inhabitants are fully rational in the

sense that they can fully use their location histories to con-
struct future routes. Each inhabitant i keeps a count Cj

aj

representing the number of times an inhabitant j has fol-
lowed an action aj ∈ Aj for a specific route in the past.
When the game is encountered, inhabitant i believes the rel-
ative frequencies of each of j,s movements as indicative of
j,s current route. So for each inhabitant j, the inhabitant i
believes j plays action aj ∈ Aj with probability:

P(aj)i =
Cj

aj∑
bj∈Aj Cj

bj

(3)

This set of route strategies forms a reduced profile of
strategies Π−i, for which inhabitant i adopts a best re-
sponse. After the game, inhabitant i updates its possible
belief of its neighbor appropriately, given the actions used
by other inhabitants. We consider these counts as reflect-
ing the observations an inhabitant has regarding the route
strategy of the other inhabitants. As a result, the decision
making component should not directly repeat the actions of
the inhabitants but rather learn to perform actions that opti-
mize a given reward (or utility) function.
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The decision making component of a smart home uses
learning to acquire a policy that optimizes overall uncer-
tainty of the inhabitants’ activities which in turn helps in
accurate prediction of their locations and activities. For
this optimization, our proposed entropy learning algorithm
called Nash H-learning (NHL), learns a value function that
maps state-action pairs to future reward using the entropy
measure, H . It combines new experience with old value
functions to produce new and statistically improved value
functions. The proposed multi-agent Nash H-learning al-
gorithm updates with future Nash equilibrium payoffs.

To achieve the desired performance of smart homes, a re-
ward function, r, is defined that takes into account the suc-
cess rate of achieving the goal using system beliefs. Here
r is the instantaneous reward received which we have con-
sidered as the success rate of the predicted state. One mea-
sure of this prediction accuracy can be estimated from per-
symbol Hamming distance which provides the normalized
symbol-wise mismatch between the predicted and the actual
routes followed by the inhabitants. Intuitively, this measure
should have correspondence with the relative entropy be-
tween the two sequences [15].

A learning agent, indexed by i, learns about its H-values
by forming an arbitrary guess at time 0. We have assumed
this initial value to be zero, i.e., Hi

0(s, a
1, . . . , an) = 0.

At each time t, the agent i observes the current state and
takes its action. After that, it observes its own reward,
actions taken by all other agents and their rewards, and
the new state s′. It then calculates a Nash Equilibrium
π1(s′), π2(s′), . . . , πn(s′) at that stage and updates its own
H-values in the form:

Hi
t+1(s, a

1, . . . , an) = (1 − αt)Hi
t(s, a

1, . . . , an)

+ αt

[
ri
t + βNashHi

t(s
′)

]
,

where Nash Hi
t(s

′) =
n∏

j=1

πj(s′)Hi
t(s

′) (4)

For every agent, information about other agents’ H-values
is not given, so agent i must learn about those val-
ues too. Agent i forms conjectures about those H-
functions at the beginning of the game. We have assumed
Hj

0(s, a1, . . . , an) = 0, for all j and all s, a1, . . . , an. As
the game proceeds, agent i observes other agents’ immedi-
ate rewards and previous actions. That information can then
be used to update agent i’s conjectures on other agents’ H-
functions. Agent i updates its beliefs about agent j’s H-
function, according to the same updating rule it applies to
its own. Thus, we have

Hj
t+1(s, a

1, . . . , an) = (1 − αt)H
j
t (s, a1, . . . , an)

+αt

[
rj
t + βNash Hj

t (s′)
]
, (5)

Here the learning rate parameters αt and β are in the range

0 to 1. Figure 2 describes a pseudo-code of the Nash H-
learning algorithm.

Procedure NHL
Input: Individual entropy values
Output: Joint entropy values
Let the learning agent be indexed by i;

t := 0, Hj
t (s, a1, . . . , an) := 0, ∀s ∈ S and aj ∈ Aj ∀j

Repeat
Choose action ai

t;
Compute r1

t , . . . , rn
t , a1

t , . . . , an
t and st+1 = s′;

for (j := 1, . . . , n),

Hj
t+1(s, a1, . . . , an) = (1 − αt)H

j
t (s, a1, . . . , an)

+αt

[
rj
t + βNash Hj

t (s′)
]
,

where αt ∈ (0, 1) is the learning rate

and Nash Hj
t (s′) =

∏n

k=1
πk(s′)Hj

t (s′)
t := t + 1;

until (true)

Figure 2. Nash H-learning algorithm (NHL)

4.3 Convergence of NHL Algorithm
The convergence proof is based on two basic assump-

tions:

1. Every state s ∈ S and action ak ∈ Ak for k = 1, . . . , n
are visited infinitely often.

2. The learning rate αt satisfies the following conditions:
0 ≤ αt(s, a1, . . . , an) < 1; and αt(s, a1, . . . , an) = 0
if (s, a1, . . . , an) �= (st, a

1
t , . . . , a

n
t ). In other words,

the updates of H-functions occur only at the current
state.

Our proof relies on the following result, which establishes
the convergence of a general functional-learning process
updated by a pseudo-contraction operator, Pt. Let U be the
space of all utility functions.

Result 2 [9]: Let there exist a number γ such that 0 < γ < 1 and a
sequence λt ≥ 0 converging to zero with probability 1 such that |PtU −
PtU∗| ≤ γ|U − U∗| + λt for all U ∈ U and U∗E[PtU∗]. Then the
following condition holds:

Pr [(Ut+1 = (1 − αt)Ut + αt[PtUt]) → U∗] = 1 (6)

In other words, we can say that the iterative utility function Ut converges
to the Nash Equilibrium U∗ with probability 1.

Replacing the general utility function U by entropy-
function corresponding to H-learning, we get

Pr [(Ht+1 = (1 − αt)Ht + αt[PtHt]) → H∗] = 1.

For our n-player stochastic game we define the operator
Pt as:

PtH
k(s, a1, . . . , an) = rk

t (s, a1, . . . , an) + βπ1(s′) . . .

πn(s′)Hk(s′), for k = 1, . . . , n, (7)
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where s′ is the state at time t + 1 and πk(s′) is an equilib-
rium strategy at that stage of the game corresponding to the
utility function Hk(s′). We now state the main result along
with its proof:

Result 3 For a n-player stochastic game in smart homes, E[PtH∗] =
H∗ = (H1∗ , . . . , Hn∗ )

Proof: If vk(s′, π1
∗, . . . , π

n
∗ ) is an agent k’s equilib-

rium payoff and (π1
∗(s), . . . , πn

∗ (s)) is its Nash Equilib-
rium point, then the sum of rewards vk(s′, π1

∗, . . . , π
n
∗ ) =

π1
∗(s), . . . , π

n
∗ (s)Hk

∗ (s′) according to [9]. Based on this re-
lation, we can state that

Hk
∗ (s′, a1, . . . , an) = rk(s, a1, . . . , an) +

β
∑
s′∈S

p(s′|s, a1, . . . , an)π1
∗(s′) . . . , πn

∗ (s′)Hk
∗ (s′)

=
∑
s′∈S

p(s′|s, a1, . . . , an) × [rk(s, a1, . . . , an) +

βp(s′|s, a1, . . . , an)π1
∗(s′) . . . , πn

∗ (s′)Hk
∗ (s′)]

= E
[
P k

t Hk
∗ (s, a1, . . . , an)

]
(8)

Combining Equations (6)–(8), we conclude:

Result 4 The predictive H-learning framework given by the iterative
Equation (5) almost surely converges to Nash-Equilibrium. Thus,

Pr [Ht+1 → H∗] → 1,

where Ht+1 = (1 − αt)Ht + αt

[
rt + β

n∏
j=1

πj(s′)Ht(s
′)

]
(9)

4.4 Worst-Case Analysis
In a smart home environment, multiple inhabitants act

autonomously without an authority regulating their day-to-
day activities in order to achieve some “social optimum”
such as minimization of overall joint uncertainty across all
inhabitants’ locations and activities. In our system where
multiple inhabitants share a common resource, we use the
ratio between the worst possible Nash equilibrium and so-
cial optimum as a measure of the effectiveness of the sys-
tem. Basically, we are investigating the cost of the lack of
coordination as opposed to the lack of information (on-line
algorithms) or lack of unbounded computational resources
(approximation algorithms). The basic assumption in our
framework is that every inhabitant always attempts to bene-
fit from the underlying utility function associated with him.
Now the question is: how much performance is lost because
of this? The answer to this question provides the basis for
worst-case analysis or coordination ratio, given by the ratio
of worst possible cost and optimal cost. Note that, although
Nash Equilibrium attains a balance between the preferences
of all inhabitants, it is not necessarily optimal. The devia-
tion from optimality in this environment can be estimated
using this worst-case analysis.

Result 5 The worst-case coordination ratio for m inhabitants taking m

actions is given by Ω
(

lg m
lg lg m

)
.

Proof: The problem is identical to that of throwing m balls
in m bins and attempting to find expected maximum num-
ber of balls in a bin. The bound follows from [10].

We believe that this lower bound is tight and if Tm de-
notes the expected maximum number of balls in a bin, we
conjecture that the coordination ratio of any number of in-
habitants taking m actions is also Tm.

Theorem 2 The coordination ratio of any number of inhabitants with

m actions is at most T = 3 +
√

4m lg m

Proof: A quantity associated with an equilibrium in our
context is the expected entropy over all actions for a spe-
cific route. From this perspective, inhabitant i maintains
beliefs about the strategy of other inhabitants and predicts
the Expected Entropy Value (EEV ) of its individual action
ai at (t + 1)-th time step as follows:

EEV i
t+1(a

i) =
∑

a−i∈A

Hi
t+1{(s, a1, . . . , an)

∪(s, a−1, . . . , a−n)}
∏
j �=i

P(a−i)j (10)

We call it the Nash equilibria cost which we wish to com-
pare with the social optimum entropy, Ψ. More precisely,
we want to estimate the coordination ratio as the worst case
ratio C = max{Nash equilibria cost / Ψ} where the maxi-
mum ia taken over all equilibria. Computing the social op-
timum (Ψ) is an NP-hard problem (equivalent to partition
problem, see Theorem 1). However, for the purpose of up-
per bounding C, it suffices to use two simple approxima-
tions: Ψ ≥ max{Hi

t+1(s, a
1, . . . , an), EEV i

t+1(a
i)/n}

Using a martingale concentration bound known as the
Azuma-Hoeffding inequality [6], we will show that the util-
ity (entropy) of a given action j exceeds (T − 1)Ψ with
probability at most 1

m2 . Then, the probability that the max-
imum utility on all actions does not exceed (T − 1)Ψ is at
least 1

m . It follows that the expected maximum utility is
bounded by (1− 1

m )(T −1)Ψ+ 1
m (mΨ) ≤ TΨ. It remains

to show the probability that the utility of a given action j
exceeds (T − 1)Ψ is indeed small, at most 1

m2 .
Let Xi be a random variable denoting the contribution

of inhabitant i towards the utility of action j. In partic-
ular, Pr[Xi = H1] = P and Pr[Xi = 0] = 1 − P .
Clearly, the random variables X1, . . . , Xn are independent.
We are interested in estimating the probability Pr[

∑
Xi ≥

(T − 1)Ψ]. Since the entropy Ht+1 and probabilities P
may vary a lot, we do not expect the sum

∑
Xi to ex-

hibit the good concentration bounds of sum of binomial
variables. However, we can get a weaker bound using
Azuma-Hoeffding inequality which gives very good results
for probabilities around 0.5. In our case, the probabilities
are either 0 or 1.

Let μi = E[Xi] and consider the martingale St = X1 +
. . .+Xt +μt+1 + . . .+μn. Now notice that | St+1−St |=
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|Xt+1 − μt+1 |≤ Ht+1. We can then apply the Azuma-
Hoeffding’s inequality:

P [Sn − E(Sn) ≥ x] ≤ exp(−1

2
x2/

∑
i

Hi
t+1

2
)

Let x = (T − 3)Ψ. Since E(Sn) =
∑

μi =
EEV i

t+1(ai) ≤ 2Ψ, we get that the entropy of ac-
tion j exceeds (T − 1)Ψ with probability at most
exp(−1

2x2/
∑

i Hi
t+1

2). It is easy to establish that∑
i

Hi
t+1

2 ≤ max{mH2
1 , m(

∑
i

Hi
t+1/m)2} ≤ mΨ2

Thus, the probability that the entropy of action j exceeds
(T − 1)Ψ is at most exp(−1

2 (T − 3)2/m). For T = 3 +√
4m lg m, this probability becomes 1/m2 and the proof is

complete [10].

5 Inhabitants’ Joint-Typical Routes
The collection of indoor locations inside the smart

homes actually forms the routes (paths) of the inhabitants.
Although there may be an exponential number of possi-
ble routes in general, the inhabitants typically follow only
a small subset of these paths reflecting their mobility pro-
files in the long run. The concept of jointly-typical set and
asymptotic equipartition property (AEP) [3] from informa-
tion theory helps derive this small subset of highly probable
routes maintained by a particular inhabitant.

While the concept of jointly-typical set is valid for any
number of sequence-sets, for the sake of simplicity, we ex-
plain with the help of only two sets of sequences. Let Z
and Y denote discrete and finite sets, and let PrZ,Y be a
probability mass function on Z ×Y . Let zn = (z1, . . . , zn)
denote an n-length sequence of symbols from Z , i.e, zn ∈
Zn. Similarly, let yn denote elements of Yn. Also let,
(Zn,Yn) = [(Z1,Y1), . . . , (Zn,Yn)] denote an n-length
sequence of random variables drawn according to the prod-
uct measure on Zn × Yn obtained from PrZ,Y . Then
Prob [Zn = zn, Y n = yn] = PrZn,Y n(zn, yn)
=

∏n
i=1 PrZ,Y (zi, yi).

Result 6 The set of jointly typical sequences T (n)
ε =

{(zn, yn) ∈ Zn × Yn} for the joint probability mass func-
tion (pmf) PrZ,Y is a set of sequences which hold the follow-
ing relations |−1

n
lg PrZn,Y n (zn, yn) − H(Z, Y )| ≤ ε =>

|−1
n

lg PrZn (zn)−H(Z)| ≤ ε and |−1
n

lg PrY n (yn)−H(Y )| ≤ ε.

The most important feature of the joint-typical set is that
it is sufficiently small and contains most of the probability
mass of the set of sequences; i.e., Pr[(Zn, Y n) ∈ T (n)

ε ] →
1. This is basically the Asymptotic Equipartition Property
(AEP) [3] for stationary ergodic process. This encompasses
the inhabitant’s most likely routes and determines the aver-
age nature of the large route-sequences.

If Pr[φ1, φ2] denotes the joint-probability of the two
inhabitants’ contexts (routes) Y and Z, each of length
L(φ), their probabilistic difference is computed as: δ =

|Pr[φ1, φ2] − 2−L(φ)H(Z,Y )|. Clearly, δ provides the gap
between the ideal probability of typical routes and the prob-
ability of a particular route stored in the dictionary. Choos-
ing a higher value of δ leads to the inclusion of a large num-
ber of typical mobility-profiles and the framework starts de-
viating from the typical-set of routes. In our experiments,
we have used δ ≤ 0.01. Thus, the system captures a typical
set of inhabitant’s movement profiles from the H-learning
scheme and uses them to predict the inhabitants’ most likely
routes.

6 Resource and Comfort Management
The objectives of a smart home include how to efficiently

automate device control, provide the inhabitants with max-
imum possible comfort, minimize operation cost and con-
sumption of resource, say energy. By managing the uncer-
tainty related to the inhabitants’ location and activity, the
house becomes intelligent enough to make more accurate
prediction of inhabitants’ activities that help smart control
of automated devices and appliances. Reduction in explicit
manual operations and control, in turn, increases the inhab-
itants’ comfort. In the following, we develop a mobility-
aware resource management scheme for multiple inhabitant
smart homes. Minimizing energy consumption reduces the
maintenance cost.

6.1 Mobility-Aware Energy Conservation
Let us first consider two simple but extreme energy man-

agement schemes. In the worst-case scenario, a house may
use a static scheme where a certain number of devices (elec-
tric lights, fans, etc.) are kept on for a fixed amount of time
during a day. Intuitively, this results in unnecessary energy
consumption. On the other hand, in the best-case scenario,
devices are manually controlled every time while leaving
or entering particular locations inside the house. However,
such manual operations are against the smart home’s goals
of building intelligence automation and providing comfort
to the inhabitants. We believe a smart energy manage-
ment scheme ought to use predictive routes and activities for
smart control of devices, thus minimizing unnecessary con-
sumption of valuable resources. Devices like lights, fans or
air-conditioner operate in a pro-active manner to conserve
energy during the inhabitant’s absence in specific locations
in the home. These devices also attempts to bring the indoor
environment such as temperature and light control, to am-
icable conditions before the inhabitant actually enters into
those locations.

Let Qij denote the power of ith device in jth zone, ψ
denote the maximum number of devices which remained
turned on in a particular zone, R denote the number of
zones, t1 ≤ t ≤ t2 denote the time during which the de-
vice remains turned on, and let p(t) denote the probability
density function of uniform time distribution. Then the ex-
pected average energy consumed (E) due to lights and de-
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Figure 3. Entropy using H-learning
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Figure 4. Entropy using Nash H-learning

vices will be: E = t2−t1+Δt

2

∑R
j=1

∑ψ
i=1 Qij , where Δt is

the interval between the time for predictive device operation
and entry time of the first inhabitant in the zone.

6.2 Smart Temperature Control

We have developed a distributed temperature control sys-
tem with a goal to conserve energy. This control system is
intelligent enough to bring the temperature of specific loca-
tions (inside the home) to an amicable level before an in-
habitant enters those locations. The operation of tempera-
ture control is termed as preconditioning, the time required
is called preconditioning period, and the rate of energy re-
quired during this period is known as preconditioning load.
The predictive location management scheme estimates the
most probable jointly-typical-set of routes and near future
locations. For a specific pre-conditioning period, WT , the
constant rate of energy at full capacity is supplied to bring
down the temperature to the appropriate comfort level. The
shorter the duration of WT , the larger is the precondition-
ing load. In order to estimate this preconditioning load, it is
required to know the characteristics of air temperature vari-
ation caused by constant unit rate of heat extraction from
the specific locations. This temperature variation and pre-
conditioning period can be estimated using Newton’s Law
of Cooling, which states that the temperature changes at a
rate proportional to the relative temperature of the surround-
ings. Thus, if θ(t) denotes the temperature at time t, then
according to this law: dθ(t)

dt = −k(θ − τ) => θ(t) =

τ + (θ0 − τ)e−kt => k(t1 − t2) = − ln
[

θ(t1)−τ
θ(t2)−τ

]
.

In the cooling mode, once the air conditioning is stopped
(inhabitant’s departure from specific location of the house),
the temperature of that region increases rapidly. The same
mechanism is repeated whenever the inhabitant is about to
move into the specific locations inside the house. The pre-
conditioning period is followed by the conditioned period,

when the room temperature is kept constant at a reference
level.
6.3 Estimation of Inhabitants’ Comfort

The comfort is a subjective measure experienced by the
inhabitants, and hence quite difficult to derive analytically.
In-building climate, specifically temperature, plays an im-
portant role in defining comfort. Moreover, the number
of manual operations and the time spent by the inhabitants
in performing daily activities also contribute to the inhab-
itants’ comfort. We define the comfort as a joint function
of temperature deviation, Δ(θ), number (M) of manual de-
vice operations, and time (τ ) spent for those activities by

the inhabitants. Thus, Comfort = f
(

1
Δ(θ) ,

1
M , 1

τ

)
.

Our mobility-aware resource management framework at-
tempts to reduce empirical values of these controlling para-
meters, thereby increasing the inhabitants’ comfort. Note
that the reduction of joint entropy by using our proposed
NHL algorithm described in Figure 2, endows the house
with sufficient knowledge for accurate estimate of current
and future contexts (locations, routes and activities) of mul-
tiple inhabitants in the house. Successful estimate of these
contexts results in adaptive control of environmental condi-
tions and automated operation of devices.

7 Experimental Study
In this section, the proposed Nash H-learning frame-

work is implemented and we conduct a series of experi-
ments to study its performance on a group of three inhabi-
tants in a smart home equipped with smart devices and wire-
less sensors. The inhabitants wear rado frequency identifi-
cation (RFID) tags and are tracked by RFID-readers. The
house is equipped with explicit monitoring of inhabitants’
activities and locations for performing a trace-driven simu-
lation of the inhabitant’s mobility followed by the resource
management scheme.

Proceedings of the Fourth Annual IEEE International Conference on Pervasive Computing and Communications (PERCOM’06) 
0-7695-2518-0/06 $20.00 © 2006 IEEE 



0 10 20 30 40 50 60 70
20

30

40

50

60

70

80

90

100

Days

A
ve

ra
ge

 S
uc

ce
ss

−
R

at
e 

of
 L

oc
at

io
n 

E
st

im
at

io
n

Inhabitant−1
Inhabitant−2
Inhabitant−3
Inhabitant−4
Visitor−1
Visitor−2

Figure 5. Prediction Success using H-
learning

0 10 20 30 40 50 60 70 80
0

10

20

30

40

50

60

70

80

90

100

Days

P
re

di
ct

io
n 

S
uc

ce
ss

Individual Prediction−success of Inhabitnat−1
Individual Prediction−success of Inhabitnat−2
Individual Prediction−success of Inhabitnat−3
Joint Prediction−success

Figure 6. Prediction Success using Nash
H-learning

7.1 Simulation Environment
We have also developed an object-oriented discrete-

event simulation platform for generating and learning in-
habitants’ mobility profiles, and predict the likely routes
that aid in the resource and comfort management scheme.
In order to collect the inhabitant data associated with his
life-style for testing, the appliances in the MavHome are
equipped with X10 ActiveHome kit and HomeSeer [7],
thus allowing the inhabitant to automatically control the ap-
pliances. The identity of the inhabitants, their locations and
activities are captured by wireless sensors placed inside the
home. The inhabitants wear the RF-tags, which are sensed
by the RF-readers to gather their identities. The sensors
placed in the smart home work in coordination with RF-
readers to explicitly monitor the activities of the inhabitants
inside the home. The raw data [17][18] as shown in Table 1
is first parsed using parsing tools like Perl and Tcl to remove
unnecessary information. The different column headings
from the table have the following meanings: Mark as time
stamp, Zone and Number as unique sensor identifier, State
as binary ‘on’ or ‘off’ of the sensor, Level as specific value
if on, Source as the network mode. Subsequently, we use
that data to validate the mobility-aware resource manage-
ment scheme. The energy and comfort management frame-
work is compared with two reference platforms: (i) energy
management without any predictive scheme, and (ii) energy
management associated with per-inhabitant location predic-
tion. The results are presented by sampling every sensor at
a time and performing simulation experiments for a period
of 12 weeks over 4 inhabitants and 2 visitors.
7.2 Performance Results

We resent the set of simulation results into three cate-
gories. First, we demonstrate the accuracy of our proposed

Table 1. A snapshot of the collected raw data

Mark Zone Number State Level Source

09 : 47 : 30 i 5 1 100 X10
13 : 04 : 45 a 1 1 100 X10
13 : 06 : 22 c 4 0 0 X10
13 : 16 : 32 S 1 1 10 ArgusMS
13 : 16 : 33 S 2 1 152 ArgusMS
23 : 59 : 04 V 21 0 0 ArgusD
23 : 59 : 12 V 21 1 100 ArgusD
23 : 59 : 12 V 21 0 0 ArgusD

predictive framework in multi-inhabitant smart homes and
compare the results of the proposed Nash H-learning
framework with a simple H-learning algorithm [16]. We
also show the storage and computational overhead associ-
ated with the framework. Finally, we discuss its advantage
in terms of energy conservation and inhabitants’ comfort.

7.2.1 Predictive Location Estimation
Recall that the Nash H-learning framework aims at reduc-
ing the location uncertainty (entropy) associated with in-
dividual as well as multiple inhabitants. Figure 3 shows
the variation of the individual and joint entropy over the
entire time period of the simulation using the H-learning
approach which reduces the joint entropy quickly to a low
value. While the entropy of a resident inhabitant lies in the
range ∼ 1–3, the visitor’s entropy is typically higher, for
example ∼ 4. This is because the house finds the location
contexts of the visitors more uncertain than the residents. In
comparison, Figure 4 shows that initially the entropy associ-
ated with all three individual inhabitants is around 4.0 using
the Nash H-learning framework. As this predictive frame-
work gains knowledge about the inhabitants’ life-style, the
individual entropy values reduce to 1.0. Therefore, the joint
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entropy is quite less than the total entropy of all the in-
habitants. Initially, the joint entropy value is close to 8.0,
but gradually it reduces to almost 1.0. The total entropy,
on the other hand, lies in the range 4.0–10.0. In this way,
the entropy minimization procedure formulated by Nash H-
learning helps increase the efficiency of the location estima-
tion technique.

The goal of our first experiment is to investigate into the
dynamics of this entropy. The Nash H-learning framework
also leads to higher success rate than simple H-learning.
Figure 5 demonstrates that our co-operative H-learning
strategy is capable of estimating the location of all the resi-
dent inhabitants with almost 90% accuracy within 3 weeks
span. The house takes this time to learn the joint movement
patterns of all inhabitants. The success rate of location esti-
mation for visitors is however 50%–60%. In contrast, Fig-
ure 6 shows the variation of prediction success for individ-
ual inhabitants and joint prediction success using Nash H-
learning framework. Initially, the success-rate is pretty low
as the system proceeds through the learning stage. Once
the system becomes cognizant of inhabitants’ profiles, the
success-rate increase and saturates at a particular value. The
individual prediction process does not consider the correla-
tion among different inhabitants. Thus, it fails to capture
some important contexts and results in comparatively lower
prediction success upto 80%. The joint prediction, how-
ever, takes the correlation among different inhabitants into
account and results in higher success rate (close to 95%)
than the simple H-learning framework.

The collection of the inhabitants’ joint typical-set is the
key behind the development of efficient energy and tem-
perature control system in the smart home. As discussed
earlier, this joint-typical set is a comparatively small sub-
set of all routes (of all inhabitants) containing most of the
probability mass (i.e., set of most probable routes). Figure 7

provides the percentage of total routes categorized as indi-
vidual and joint typical routes. We observed that the size of
the individual and joint typical set is initially less than 50%
of total routes. This size then gradually shrinks to as low as
about 10% as the system captures the relevant contexts of
the inhabitants’ movement profiles.
7.2.2 Energy Savings and Comfort

With a goal to maximize the inhabitants’ comfort with mini-
mum energy consumption, the predictive framework makes
the system knowledgeable of the inhabitants’ profiles. The
smart temperature control system with the energy manage-
ment scheme makes intelligent use of these profiles to con-
serve energy. Figure 9 shows that using the predictive
framework, the daily average energy consumption can be
kept about 4 KiloWatt-hour (KW-Hr), in comparison with
20 KW-Hr without predictions. Figure 10 shows the reduc-
tion of manual operations and time spent for all the inhabi-
tants. The Nash H-learning framework aids the system with
sufficient automation, by reducing the overall manual oper-
ations performed by the inhabitants and the time spent be-
hind all such operations which in turn increases the overall
comfort.
Remark: We observe from Figure 8 that our multi-
inhabitant, joint prediction scheme based on the Nash H-
learning framework has low storage (memory) overhead.
In particular, the storage required for joint location predic-
tion is about 10 Kbytes, compared to the total storage of
about 40 Kbytes for the existing per-inhabitant prediction
scheme [15]. Moreover, the average time complexity per
day in the smart home for the multi-inhabitant framework
is reduced by 40%.

8 Conclusion
In this paper, we have developed a novel mobility-aware

resource management framework in a multi-inhabitant
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smart home. Characterizing the mobility of inhabitants
as a stationary, ergodic, stochastic process, the framework
uses the information theoretic measure to estimate the un-
certainty associated with all the inhabitants in the house.
Recognizing that the direct use of per-inhabitant location
tracking fails to capture the correlation among multiple in-
habitants’ locations or activities, we have proved that the
multi-inhabitant location tracking is an NP-hard problem.
We also formulated a non-cooperative learning paradigm
based on stochastic game theory, which learns and estimates
the inhabitants’ most likely location (route) profiles by min-
imizing the overall entropy associated with them. The con-
vergence and worst-case performance bounds of this frame-
work are also derived. Automated activation of devices
along the predicted locations/routes provide the inhabitants
with necessary comfort while minimizing energy consump-
tion and cost.
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