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ABSTRACT

Most mobile devices nowadays can simultaneouslynecnto
different access networks with different charastess at different
times. Most solutions proposed for such an enviemmare
reactive in nature. For example, when networkseaieuntered,
the device performs a vertical handover to the adtthat offers
the highest bandwidth. But the cost of handover may be
justified if that network is only available for shat time.
Knowledge of future network availability and its pedbilities
would help to proactively handle the handover psscenore
intelligently. Network availability prediction isfen addressed as
user path predictions with network coverage mapsohtrast, we
model it as a more robust context prediction pnoblhat can use
any of the available context variables like GSM ¢8| WLAN
AP, whether the power cable plugged, number of lgeapund
etc.

Specifically, we propose a Semi-Markovian conteredjiction

model to predict WLAN availability. As collectinghe processing
context consumes power, we propose a method to eack

context variable according to their contributiorts grediction

accuracy. We also employ the same method for opitigiimodel

parameters. Real user data collected in our expetsrshow that
when WLAN status is static, prediction errors aeanty zero and
even in changing environments, error is less thé® 2n average
and the obtained context variable ranking is rgelis
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1. INTRODUCTION

There are number of access possibilities for a lesee user
nowadays, starting from low bit rate 2G GSM and GfeRvorks
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to high bit rate 3G networks as well as wireless\isAwvith many
tens of Mbps. The coverage area of each network &jgo varies,
typically bit rate limited networks covering largareas and high
bandwidth networks covering small patches (Hot Spot

Today's mobile devices are increasingly containimyltiple
radios which allow them to connect simultaneouslydifferent
access networks. Due to change of the environnfetheanobile,
it encounters different networks with different ebpities. Some
networks may appear all the time whereas some \((Lg\N) do
so only for shorter periods. When networks appedrdisappear,
the general criterion is to perform vertical hanelev/from high to
low bandwidth networks if loosing the high bandwuidt
connectivity or low to high if encountering suchogonetworks.
But the availability of high bandwidth networks mag too short
such that after or within the handover, the coveragt fades
away. In other cases where the hand over is frdmnglato a low
bandwidth network upon week signal strength, whengrocess
is nearly done the high bandwidth network may reappln many
of these cases, the vertical handover decisiorbeagreatly aided
by the knowledge of future availability of network&nd not just
for handovers; if it is unlikely that a specific tnerk will be
encountered in the near future, power can be sayedimply
switching off the respective interface [1].

Let us take a simple scenario of a daily commutareling on a
train where his Smart Phone encounters WLAN APy owlar
stations and 3G otherwise. Also let us assumehtas having a
VoIP call while the email client is accessing therver
periodically to download new emails. Presence ofANLlasts
only for short periods when the train doesn’t sébstations and
handovers for VoIP should be avoided in such cas®ugh
WLAN appears suddenly. On the contrary, the eméaht just
periodically accesses the server and such accesmesbe
synchronized with WLAN presence at stopping staiqand
probably at non stopping ones as well, with daadfer resuming
facilities) as the application can wait without icegable
performance degradation to the user.

Although there are number of proposals in termsdofain

specific mobility models coupled with network maged domain
unspecific mobility models, modeling in terms ohtext without
any domain knowledge to predict availability wigspect to time
has not received considerable attention. This papénarily

addresses that problem and our contributions afelas/s.

« We model availability prediction as a robust, cahte
sensor agnostic prediction problem which uses any
available context information like GSM cell IDs, Wi
AP presence, whether LAN is connected, whether



power cable plugged, number of Bluetooth devices with assumptions like constant user speed, fixdll siee and

around etc.

shape etc which may not necessarily be the casality.

« We present a method to rank all context variables [11] contrasts between two approaches for higlelleontext

according to their contributions to predictions tbat

the unimportant variables can be removed to sawepo
and processing without much (or at least knowrgatff

on the quality of the predictions.

prediction, as a high level context formation firahd then
prediction, to a low level context prediction armtrfiing high
level context from predicted low level ones. Theontext
prediction approach based on local alignment methedaid to
incorporate a constant learning mechanism and leetalpredict

* We show from real user data collected in our 5, arpirary number of future contexts. A contexediction

experiments that the prediction errors are neaghp z

architecture is proposed in [3] for knowing usetidites in

when availability is static and even in dynamic fyure as a stepwise process of feature extractiassification,

situations (transit times) the difference betweetua
and predicted probabilities go up only to 26%
average. Further, the ranking of context variatdes

justified by prediction results and the same metfsod

found to be useful in optimizing model parameters.

Also the QoS of the same network may change atreffit times
depending on several factors like how many peoplessing.
Although we limit our work only to predicting prese of
networks in this paper, the same methods would ilyedzt

extended for predicting not only presence, butigupbrameters
like available bandwidth etc. as well.

We present related work in section 2 and in se@iowe discuss
modeling contextual information for predictions aptbpose a
Semi-Markovian approach. Section 4 presents exeatiah and
evaluation details with results followed by the cision and
future work in section 5.

2. RELATED WORK

Predicting in mobile communications research isnmet. But our
approach is different in the sense that it usesaaaifable context
information to predict network availability withgpect to time in
a heterogeneous environment without using any domspécific
knowledge and gradually learns important variatdes as to
remove irrelevant ones saving processing and polwefl] for
power saving aspects, they tried with recording@sM cell 1D
and whether a WLAN was available for every 5 misuféhe ratio
of number of times it was available over numbetiroés recorded
in a particular cell gives how probable to encourgeWLAN
network in that GSM cell. But it lacks in that ibes not give any
indication of how probable the user would be untié¢rAN
coverage within a finite duration of time ahead.mi&ir
approaches with domain independent mobility modela be
found in literature as surveyed in [10]. In [5] yhevaluated such
location predictors with extensive Wi-Fi data coted in a

campus environment and found simple low order Marko

predictors working as well or better than the mammplex
compression-based predictors, and better than drider Markov
predictors. But such proposals are mostly in alsimgetwork
environment and do not give any indication of adaility in a
time frame ahead.

The network availability prediction can be treatesdan embedded

task in user mobility predictions as in [2], wheneobility
prediction is used for resource scheduling purposeéth
availability of (Bluetooth) connectivity being a dwn priory.
Like wise, a lot of domain specific user path pectidn
approaches like [4], [12], [13], [14] can be coupleith network
coverage maps or more sophisticated QoS maps [& ia find
availability of networks in future. But these maslare designed

labeling and prediction. The latter has been acdishgd with a

ON" Markov predictor and statdbey seem to be generally suited

well. [9] Discusses various usages of context predictiand
further suggests an architectural solution for mtézh. All these
context prediction endeavors concentrate on hitghe contexts
like user activities, situations etc, and are oéffe from our
approach where we use it for network availabilitgdiction that
is something we can sense in future time and camdes to
revalidate the predictors.

3. MODELING

Availability of a particular kind of network typee(. WLAN)
primarily depends on where the user will be and twthe
networks covering that location are. The exact useation is
hardly observable (e.g. GPS is generally not abvkblandoors
where the users spend most of their time — in efflbome,
traveling etc). But by using factors like GSM cél, LAC,
WLAN AP name and their signal strengths, probabdypmed
with GPS, we can get a better hint about wheresh&ven if we
observe the location as above, it is not sufficienpredict what
networks he will have as the future availabilitypdads on the
behavior of the user as well. For example, dueaid Wweather the
user may decide to go home early, or he is havitengthy call
and staying in the office for some more time. Thisans that
there is other information like his acceleratione tapplications
running in the mobile, temperature etc which mayt laibout the
behavior of the user [7], [8] and may be benefiaigbredictions.
So we can think of this entire situation as a malate
probability distribution with lots of complex inependencies
among them. The picture below shows this graplicall
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Figurel.: Interdependencies between variables.



We can think that the behaviors of all the variatdee dependent
on each other; although we cannot observe exadibt they are

(their interaction may be according to the diretsiof arrows for

example). This forms a Markov Random Field. So dhstem of

all the variables (not all shown here) evolves withe and we

can observe some of these variables. What we wdatdw is the

availability of a network type, say WLAN at a fututime (i.e. to

know the value of a particular random variableditufe).

Imagine the system is sampled for every “m” seconds us
assign a random variable for each factor at eaofpléag time
point as below (only 4 factors considered for desti@tion).

Time (in units of m sec) 1 2 3 ..t

WLAN Availability X, X, Xy .o X
GSM Cell ID a a, a, . &
GPS b, b, b, .. b
Acceleration C, C, Cy G

Here t is the current time. What we want to know is WLAN
availability at time t+1. Let us represent that variable
with X, ,,. The best estimate we can get for the probabiity

X IS F’(Xt+1 / XABC) where X represents all variabls,
Afor & and so on and [J (12..1).

Our effort is to get this best estimate accuratefgh less
computational complexity. In general, we know peopiave
regularities in day to day activities, for examplee daily
commute of an office worker. He comes from homé¢ht® office
and goes back in the evening (regular places anes)i He may
even browse a particular news web site on the veax Kregular
activities). He takes the same train everydayuleegpaths). We
can think of the above system pertaining to thecrilesd user
transferring from one set of realizations of valealto another set
and repeating this transfer daily (over some tiragqd). If we
have a trace of the system for few weeks, theserpatcan be
learnt and would be able to predict future valuesagch variable.
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Figure 2. : Context prediction approach.

Context State

We can right away think that numerical methods liato
regressive moving average can be used here, lsublotariables
being symbols; it puts forward the question as tow hto
meaningfully convert them to numbers. Alternatedyim [3], we
can follow a context state prediction approach withadditional
interpretation step as in figure 2.

The idea is to classify all the variables at a tiam derive a
“context state” for each sampling time point. Ttika history of
the system would show how states transferred dwetitne and
such patterns can be learnt as transition proliasilirom state to
state. Then, the required value has to be intagrétom the
predicted state.

Markov Modeling (of order n) is a good candidate &iate

predictions. If we had identified the number of et states, we
would have learnt the transition matrix which givesv probable
it is to transfer from one state to another in tlext sampling
point. One major disadvantage of the Markov moslétsiinherent
geometric state stay time distribution. If the mabtility of

transferring from one state to itself {9, the probability that the

state would last fold sampling intervals ispu_lwhich may not

necessarily be the actual distribution. Furthery sampling
period (30 seconds) is very short compared to titegs of some
states (for example, at night, the same state wiastdor hours as
the surrounding situation is rather static). Intsoases, the order
of the model has to be increased so that it takasyrmore past
states to capture “real” state transfers, as otkerthe transition
probabilities would be overwhelmed by transfersifrone state to
itself. But with the order of the model, computatb complexity
increases exponentially. That means in order n Mankodel

having states withK realizations, the computations are in the
order of K"

Semi-Markov gives the answer for above. It still dals the
process as a Markov process but state stay tinmebecdecoupled
and separately modeled. For example, a simple goeoé stay
times would give the expected duration in thatestBYy this way,
the order of the model can be maintained within agaable
limits while capturing real state transfers and timederling
process can be decoupled from the absolute sampiimg and
separately learnt. This is a very good interpretafor our system
as the behavior of a user can be thought of asgaesee of
activities (or states) and the start time of thguseice can vary (he
may come from home in the morning at 7:00, 7:30. &@n top of
that, the stay times can also vary but still thgusece happens
daily, to say, coming from home, then to the traiation and
taking a train, then to the office, back to theistain the evening
and returning home. Semi-Markov’'s power is to gaptthis
sequence irrespective of stay times of states &sdlate start
time of the sequence. Thé' mrder Semi-Markov (where a state
cannot transfer to itself, but only to a differemte) can be
expressed mathematically as below.

P(S../S, St = P(Sia /S0 Sipy) @

Here S, is the current state. The next stal®,; given all the

previous states depends only on previous “n” staiesused this
model in our analysis withn=0and n = 1.



Coming back to our best estimate described in #ginning, it
now becomeP(XV+l / XABC), and in the same way all X, A,

B and C represents random variables in each stateaf each
sampling point). Now let us take the case wherehaee the
history of only X, B and C. In that situation we wd get the best

estimate aP(XV+1/ XBC). According to Bays theorem, these
two probabilities are related as follows.

P(A/ XBC)

P XBC) = ——~—
(x../ x8C) P(A/ XBCx,,, )

OP(x, ., / XABC)
)

So the second estimate is deviated from the fistimate by a

factorP(A/ XBC)/ P(A/ XBC)(HI). If the variables A are
conditionally independent oX,,; given X, B and C, both sides
of the equation become the same. This tells us thate is no
harm to include all the variables to estima{g,,, but if we drop
one which is conditionally dependant wil,,, , the best estimate
is changed by a factor governed by how A ai{,, are
dependant.

This result can be used to get a notion of the mapce of
context variables in predictions. We can remove aré&ble at a

time and find out the probabilitieE(Xvﬂ/XBC),

P(XV+1/XCA) etc. and check how different they are from the

best estimatiorP(XV+1/ XABC). In general, if the difference is

more, the more the absent variable tells us a¥gyt and
accordingly we can rank them based on their relexan

4. EXPERIMENT, ANALYSIS& RESULTS

We instrumented four mobile phones to log following
measurements for every 30 seconds.

e Time of the day (morning/evening)

¢ WLAN AP availability

¢ LAN availability

¢« Power on AC or not

¢ Number of Bluetooth devices around
¢ GSM Location Area (LAC)

All above variables are binary except the last whee took each
encountered LAC as a separate realization. In aisalye used a
moving average of 5 data points of Bluetooth aneckbd
whether it is above (or below) some threshold. &Aaneple data
vector looks like “0-0-0-0-1-LACa”, which reads froleft as
“morning” - “WLAN not available” — “LAN not availale” —
“power not on AC” — “number of Bluetooth devicesand is
higher than the threshold” — “location area a”.

We gave our mobile phones to four users to useeis personal
phone for 3-4 weeks. For logging, we used in-hdusk software

as well as two open source software applicatioiedtciliceTrack
and RilTest (both for GSM), after doing some maiifions to
their code for logging purposes. We encounteredesdifficulties
initially and some logs were partially usable. lesample, HTC
TyTn phone switches off the WLAN interface in sleapde and
Imate-Kjam switches off the WLAN interface when LAN
connected. The former was avoided by setting alwagtive
mode. The latter was corrected in log files usirsg@pt. Another
problem with TyTn is it switches off the Bluetodtiterface after
2-3 days of continuous running, although it shoastive” on the
interface details. Some log files of the fourthrusere unusable
due to this reason. Due to inconsistencies of lleg bf the &
user, only evening parts were used for analysis.

In our evaluation, as encountered number of diffestates were
less (below 200) and for easy interpretation fraedjted states
back to variables, each such combination of vaembivas

assigned a unique state. First, we learnt ordemd 2 state

transition matrices for each user using their ahifl weeks data.
For order 1, the next state depends only on theéiqure state and
for order 2, it is previous two states. These roafriwere used
with the next day log file of the correspondingnfee evaluation.

For the day after that, the log file of the daydvefwas also used
and absorbed to the matrices. So for the last thay,matrices

contained information of all previous days’ data.

4.1 State Transition Probabilities

Our first attempt was to observe the probabiliéstate transfers
given by the matrix when such a transfer has haggheim other
words, let us assume the states have transferrefdllowing
manner in evaluation log file.

Transfer

S1—’52—’83—’54

WLAN Status 0 1 0 1

This says that state 131) which is a WLAN unavailable state
(WLAN status given directly undeSl is “0") has transferred to
WLAN available 52 state (WLAN status “1”). Similarly state
S, has transferred t&; and then toS, .

At the second transfer from state 3J) to state 3 §,), we

calculated from the matrices, the “state transfebgpbility” that
the state 2 would transfer to state 3 (in orderof)having
transferred from state 1 to 2 initially, from statéo 3 (in order 2).
Further, from state 2 to 3, WLAN status has chan§ed
“availability” to “non-availability”. So we found wt the
probability given by the matrices to transfer fretate 2 to a state
where WLAN would not be available (in order 1) ocaving
transferred from state 1 to 2 initially, from st2t¢o a WLAN not
available state (in order 2), by integrating ovetree WLAN non-
available states after state 2 (this is “WLAN tf@anprobability”).
These probabilities were found for all the sta@nsfers in the
evaluation log file and such “state” and “WLAN" trsfer
probabilities for a user for a particular evaluatiday are shown
below in figure 3.
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All such probabilities for a particular user weregged over all
five evaluation days and the results of all useesaa below.
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Figure 4. : Averagetransfer probabilities.

We can see that although predicting the next sSpestifite is less
accurate, predicting the WLAN availability in nestate is around
66 % in both order 1 and 2 models on average, even80% for

the 2 user. Further, we don't see any noticeable gaimdigg

order 2 in next state’s WLAN availability prediati® or next
particular state predictions. Third and fourth g5erediction

results are comparably low and can be accountelégsrtraining
data. For example, for the fourth user, the reduacfs mainly

caused by the first day’s results where the matneere not quite
matured. They were around 15% for state predictaosaround
35% for next state’s WLAN status prediction. Buwvéwds the end
of evaluation days, they gave better results.

Our main objective is to get an idea of how probabils to have
WLAN available in next few minutes (we did it forrBinutes).
That means, out of next 5 minutes, for how manyut@s we will
have WLAN available. Above results suggest us titeen using
state transition matrices for predictions, it issleaccurate only
taking the next most probable state but accuranybeaimproved
by taking all those states where WLAN is availaljte not
available, depending on the aggregated probaliktyng above
0.5). If we consider the same example given prehguand
imagine that we are at the state 2 now, so theotstate in order

1is S, and in order 2, it isS, having transferred fromS,

initially. For the stay time duration for a statee simply averaged
all encountered stay times of that state. We cgatdhe stay time

for the state 2 directly from the matrices. Thedprion is such
that the current state would last for that duratmad the WLAN
status is current state’s WLAN status till the eridhe duration.
If the predicting time point is further ahead oistlexpected stay
time duration, then as step 2, we found out thet peabable
states where WLAN is available (or not availablpeataling on
the probability). The duration for that step is éakas the
weighted average of such next states’ stay timegghting factor
being the number of transfers recorded from theectrstate to
those particular states. For the third step, wé &dbthe probable
state transfers from states in step 2 and seldébtest next states
having same WLAN status and above 0.5 aggregatausfar
probability. Duration for the step 3 is taken sarly as described
above, by averaging the selected states’ stay tihiks wise, we
ran this algorithm on the matrices until we cameaitpa step
where predicting time point is within the duratiofithat step. The
predicted WLAN availability status is the WLAN gtatof those
states in that step. We did predictions for eaatirfutes blocks of
the day. By dividing actual availability minutes dapredicted
minutes by 5, we got the actual and predicted itibes. The
results of order 1 and 2 for a particular evaluatiate for a user
is shown below (the mid of the graph where proligbis
constantly 1 is shrunk).
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In general, we could observe that when WLAN is adé (or not

available) continuously, predictions for those diores are nearly
accurate. But we were rather interested in findheg differences
between the predicted and actual probabilities imiutes

durations when they were fluctuating in transites, to see the
quality of predictions even in dynamic situatiodscerages of

such differences of four users are diagrammed belidigure 6.
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We can see that order 2 over performs (differeameeless and
26% on average) than order 1 model in most of fegsualthough
we did not see any gain of using order 2 model thaer 1 in
next state’s WLAN status predictions (figure 4).

4.2 Relevance of Context Variables

The next interesting question is finding how eaabtntext

information variable contributes to the final pmedn results.

According to our conditional independence check hoet
discussed in section 3 following equation (2), wereh
demonstrate it for the order 1 model where the state depends
only on the previous state. That means,
availability/non availability depends on the prewostate only.
We calculated the average difference between pilityatf next

WLAN given all previous variables and the same givall

previous variables except a particular one. Tha@mag by
assigning variable names as follows,

State WLAN Time Power LAN Blue GSM
Current X, a, b, C, d e
Next X141

we calculated the probabilitP(Xv+1/Xvavbvcvdvev) from

the data. Then we calculated:’(xvﬂ/avbvcvdvev) (i.e.

without previous WLAN) and found the average praligb
difference from above (with all variables) and samy, removed
one variable at a time and calculated average Dpilitya
difference without that particular variable, fol #ie variables.
The results are tabulated below.

Table 1. Context variablerelevancies

User | Time | WLAN | Power | LAN Blue. | GSM
1 0.040 0.114 0.028 0.007 0.092 0.151
2 0.034 0.147 0.076 0.000 0.045 0.149
3 - 0.117 0.027| 0.000 0.087 0.105
4 0.076 0.127 0.082 0.001 0.056 0.144

For almost all users, it appears that in generayipus WLAN
and GSM status details are of prime importance. Ld®ails
were of little importance most of the time. Thefiuser used only
the LAN cable, both for LAN connection and chargimgrposes
without using a separate charger. The relevantéffor him is
very small compared to power. The obvious explamatn his
case is, given the status of power, LAN statusniglicit, but not
the other way highlighting the fact that, in preetiwhenever the
USB cable is plugged, power status becomes aveilat after
but for LAN status to become available, it takemedittle more
time for automatic configurations. Therefore, aligb the LAN
status is obvious when the power status is givemep status is
not completely shown by LAN status as the powetustanay
have been available before (after) the LAN statesomes
available (not available). Other users hardly usahl cable and

the WLAN

LAN availability was more an independent event frather
variables. The third users “Time” relevance is absas only
evening data was used due to inconsistencies dflésgas stated
in the beginning.
To see the effects of these findings, we removedet®bth
variable and GSM variable, one at a time and oleskrthe
probability differences caused on the predictiofisSominute
blocks ahead (as in section 4.1 last part). |dehly differences
without GSM should be more than that of Bluetoatboading to
above figures, as for all users GSM relevance Vg higher
than the Bluetooth relevance. The below diagramwshactual
probabilities, predicted probabilities with all iables, same
without Bluetooth and without GSM for a particulaser in a
particular day for order 1. (The mid of the grapthene probability
is constantly 1 is shrunk).
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And averaged prediction probability differences & users for
order 1 are as below.
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Figure8.: Order 1 prediction probability difference.

We can see that removal of GSM affects predictesults in all
users than Bluetooth except for third user. But lsis GSM and
Bluetooth effects appear to be close and this eaacbounted for
their relevance for both variables being very clés# user 2 and
4, the Bluetooth relevance is low (only 0.045 & 850from the
table 1) and we cannot observe a clear differenetveden
“without Bluetooth” and ‘with all variables” in bbtcases. For the
order 2 model also, a similar check is applicableerg in
conditional independence check, the details ofiptesstwo states
have to be considered.



4.3 Parameter Tuning

The same conditional independence check can be taséghe
parameters of the model. In our evaluation, wesdiasl number
of Bluetooth devices around, to two categories rgm”
meaning it is below some number “n” and “1” for abothat
number. This “n” can be calculated in such a way thproduces
maximum relevance in probabilities. We did the sameck as in
4.2 without Bluetooth, when cutoff threshold is s@tl up to 6,
and found probability deviations from when all adnles are
considered and they were accumulated. The restdtgraphed
below. The values are normalized by dividing frdra tnaximum
value encountered in the 1 to 6 range for each user
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Figure9. : Bluetooth relevance against Bluetooth
threshold

From the above diagram, we can see that for usandl3, the
maximum occurs on threshold 4 whereas fra2d 4" users they
are 3 and 2. It is actually these thresholds weatused in our
previous analysis. To see the effect on predicpoobability

difference from actual, we calculated average [oteh

probability differences for optimum threshold amd threshold 1
for each user. The below column graph shows thdtssfor order
1 model.
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Figure 10. : Order 1 prediction probability difference
for different Bluetooth thresholds.
We can clearly see in most of the users that wetlyetleast
probability difference from actual, with optimalréshold except
in user 4. We looked into that user’s results ocheavaluation
day and found that the difference is caused byfitseevaluation
day results where the matrices contained informatd only
limited number of log files due to the fact thatiBlooth interface
goes down over continuous running for more than f&ays as

stated in the beginning. For him, the optimal thodd gave better
results when the matrix was learnt gradually otetadays.

We checked the predicted probability differencesmfractual
when the threshold is optimal and 1, for order Zet@s well and
found that they are compliant with our method aliio we
considered only the previous state’s variables ethend not
previous two states’. Figure 11 shows above refuitsrder 2 for
all users.
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Figure11. : Order 2 prediction probability difference
for different Bluetooth thresholds.

5. CONCLUSION AND FUTURE WORK
Network availability prediction helps to optimize ireless
resource utilization of a mobile device in a hegemeous network
environment. We have shown with real user dateectgt in our
experiments that the WLAN availability can be prted using
any available context information of the devicehwvd Semi-
Markovian state model, without using any domain céfe
knowledge. Our results show that predicting WLANaitability
status over next 5 minutes blocks performs neagljeptly when
WLAN status is not changing. Even in changing sitres, the
WLAN availability probability difference between taal and
predicted goes up only to 26% on average. Also,ptesented
method to rank context variables according to theportance in
predictions found to be realistic and with that,ingportant
variables can be removed saving power and proggssirthe
device without much (or at least known) effect be fuality of
predictions. It was further shown that the samehogttcan be
used for optimizing parameters of the model, agastified by
results.

We will look into incorporating more context infoation for
predictions with refined models and with more u$ata. Further,
we will work on extending the same methods to mtedetwork
QoS parameters as well together with availabilipllowed by
introducing the prediction knowledge in a mobileide to utilize
wireless resources optimally.
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