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Abstract. W are using machine learning to construct a failure-suscoptibility rankineg of
lewsclers Lhad supply electricity o Lhe borooghs of New Yaork ity Uhe electricity system is
inherently dynamic amd dreiven by envirommental conditions and olhar anprediclable Getors,
anc thus the ability to cope with concept drift in real time s central to our solution. Ouar
approach builds on the ensemble-based notion of learning from expert advice as formulated
in the contivens version of the Weighted Majority algovithm |16]. Oue method is able 1o
adapt b a changing coviromment by periodically boilding and adding new maelioe learning
moclels (or “experts™) hased on Lhe latest data, and letting the online learning framework
choose what experts to use as predictors based on recent performance, Chir system is cur-
rently deploved and heing tested by New York City's alectricity distribnition eompany.

Keywords: Concepl, Drilt, Online Learning, Weighted Majority Algorithm, Rank-
ing

1  TIntroduction

We are developing a machine learming online system that rambks feeders that supply electricity
Lo the boronghs of New York Cily according (o Lheir susceplibility 1o impendiog Giloee in real-
time, Primary foeders constitute a critical part of the distribution grid of New York City; feeder
failures put networks, control centers, and field crews nnder considerable stress, especially daring
the sunnner, and cost willions of dollars o Operations and Mainlenance expenses aunually, Our
worlk is foensed on 943 indergrommed primary feoders, distribiating electricity to the New York City
boroughs of Manhatlan, Brooklyn, Queens, and the Brone, Being able wo predicl incipiend fGilores
in close to real-time could enable crews and operators to take short-torm preventative actions thus
redneing the risk of failure. More details on this application and anesrlier ineswmation of onr system
car be [owwd in [8], In this paper we presenl an ooline wachine learning rankiog system [or (he
fecders ranking problem that is able to cope with concept drift antomatically,

Related Work. The problem of dealing with concept dreift in the context of learning rom data
strenms is receiving wmeh attention recently, see e 100200 200 8, 11, 22, 24 26]. Most of these
algoritluns divide the inpul stream of data oo subsels of sequential dala (or "dala windows" ), and
repeatedly build prodictive models using only one or several contignons windows of data at o time.
These slgorithms wainly differ io how a siogle or s combivation of window-specific models are nsed
to make [uture predictions. We distinguish two broad categories: the ones that maintain a single
model and replace it with newer ones to cope with the comeept drift |6, 20, 5. 7], and ensemble-hased
wethods that keep a sel of wodels and wse combinalions of the existing models Lo wake prediciions,
Enscmble-based algorithms that use averages or weightod averages for future predictions inclade
[21, 22,24 31 All these algorithms are sitnilar in that they nse hearisties to estimabe the predictive
accuracy of the ensemble models and use these to welgh models’ predictions. Additionally, the
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works of Klinkenberg el al. [11. 12, L3 19] describe and compare several siralegies [or dealing with
concept drift such as sclecting base learners adaptively, selecting window size adaptively, sclecting
euatnples adaptively, efe.

Chur solution falls into the latter category of ensemble-based learners, The main difference is that
instead of nsing henristics or boosting-like combinations of inderlyving models we follow the frime-
work ol Tearning from eoperd advice. This Dramework has been [horoughly stodied o the Hheory
community, and offors very strong performance guarantees [16, 2, 23, 4. 1, 13

Onar solntion extends the existing alporithns in several waya: (1) 1 baodles coneepl deill by contin-
ually adding new cxperts to the cosemble, (2) it has been adapted to the problem of ranking, and
(3] i nses seversl ad-hoe parameters to control varions aspects of the leaming and meta-lesrning.
The algorithm ol [14] uses a sinilar idea of adding and dropping experts throughoul the execulion
af the algorithm but differs from our approach in the tvpe of base learnors they use. in the set
of tunable parsmeters, and o the fact that we are performing ranking instead of classification or
ropEression.

2 The Feeder Ranking Problem

Char machine learming ranking svstem is part of a large-scale rescarch project that is underway at
Clolnmbia University in collsboration with Consolidated Bdison Company of New York (8. Tere
we describe some of the basics so that the reader can understand the context in which the machine
learning algorithm is being developed.

Data Inpuls. The dala available Lo the sysiew is very diverse. nol ooly in patuwre Dol also in
location, type, format. cte. A significant amount of work has been devoted to understanding,
processing and merging (his data iulo albeibote-value veclor dalasels that can be wsed by slandard
machine learning alporithms. Brictly, the main input data sources are:

— Btatic Data: attributes comprising this category are mainly phvsical characteristics of the
feedders snch as age and composition of sacl feeder section as well as attributes refllecting
connectivily and topology of the network, These values change rarely; when they do [e.g.,
some feeder section is replaced or new feeders are added ) we mammally change the appropriate
values,

— Dynmamic Data: attributes in this category change over time. We distinguish two tvpes hased
on Lhe walbure of the data awd ils rate of change, Cudoge dala: lisls all the ilures happened
starting in 2001 up to date. This data is updated daily and stored in a relational database.
Lood-related data: onr systemn receives messnrements of the cmrent losd-related attribntes of
several componenls ol Lthe elecloicity system. The data weeds Lo be agpregaled by leeders in
some cases. New data comes in intervals of voughly 20 minutes, accumulating at a rate of
several bnndred mezabyvies per day o real-time. Thess are stored o a relationsl database.

Machine Learning datasels. Using (he available inpul data, we assemble Lealning and Lesl sels
in the following manmner:

— Training datasets: given s start aod end date, we assernble training datasets by nsing all
[ailures that have ocowrred between the start and end date as positive examples, and we sample
non-failores i the sone period of time that serve as negative examples. The attributes that
are added [or each feeder ineluded in a training sel (be it by [ailure or by sampliog) are the
static attributes and the most recent dymamic values by the time of failure. These datasets are
meant, for building ranking models. that is, for bailding the Sexperts™. #

% To be precise, we have experimented with alternative ways of assembling datasets bt for brevity we
will pmit an cxplanation of these in this paper.
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Test datasets: tesl dalasels are assembled wiltl respect Lo a given dale and Lime by oblaioing
the most recent readings of all dynamic attributes and goncrating a table that lists for cach
foeder these vilnes together with the static walnes,

Ranking, Learning and Evaluating Performance. Whenever new readings of the dyvnamic
attribmtes are received (in intervals of abont 200 mitmtes ). a new test dataset 35 assembled and all
experts’ models are applied Lo this new tesl dalasel. When a raonking model is applied (o a Lest
datasct, the result is a ranking of the feedors, that is, o list of all the feeders in the cloctricity system
Llestl are sorted v whal Lhe model believes s more likely Lo fail down o less likely (o fail, Ilence, we
construct one fecder ranking per expert approximately every 20 minutes. The final ranking cutput
b omir svstern is a welghted average of (some of the) experts” ranlkings (see Seetion 3 below).

Learning occurs at night: all the failures of the previous dayv arve inspected and the performance of
cawch expert is evalnated based on the rank of the foeder that failed just bofore cach fajlore, The
welghls of each expert are updaled [ollowing the onlive learning scheme, Additionally, we build
new cxperts periodically and add them to the corrent ensemble. Poor-scoring cxperts noed to be
dropped so that the wnber of experts does not grow indefinitely. To build new experts, we are
using SVAMs and MartiRank® on the training datasets as described above,

Let F—{f.oo0, it bea set of feeders that failed om a given date. To evaluate the performance of
eacll experl e, we use Lhe normalized average rank of Lhe [ailed [eeders, according Lo the [ormula

PERFORMANCE(e; JF) — 1 — —

whore ranf;(f) represents the vank of the failed feeder f aceording to foeder manking by export
ey just belore Lhe Lime [ [ailed and 943 35 (he (olal nnmber of eeders in our rankings, For ex-
ample, it there are 3 failures ranked 100, 231, and 51, then the corresponding performance is
1 — —i {mm'—,ﬁ'_}l'l'r"—l] sz (LH65. Motioe that the higher np io the feeder ranking a failore = the better
(higher) the performance is; 0.5 is the expected value il rankings are random. We use the same
formmla to evalnate the overall systom’s performance as reported in Section 4

3 Description of the Algorithm

O ouline ranking algoritlun is based oo the priociple of learniog lrom experl advice, and deaws
on ideas from the Continuons Weighted Majority algorithm [16]. It is in essence a meta-learning
approach that predicts by combining the rankings of a set of individual algorithms or “experts”.
The meta-learning alporithm keeps track of cach cxpert’s performance and uscs it in detcrmining
its comtribntion to the final prediction. Oor set of experts consists of machine leamning models thiat
are trained using dillerent data windows om dillerenl points o Lime, Given a lisl of ilews, each
mode]l predicts a ranking that intends to maximize the area ander the ROC corve (AUC) [9]. In
the binary case, the items are ranked according to the algorithm’s confidence that their label is
‘1. To cope with concept drift, new models, trained with the most recent data. are periodically
added to the sxisting ensemble. In order to avoid growing an infinitely large ensemble, models are
removerd aeeording Lo a lunetion of their age and perlormance; the age ol a model is the number
of days sinee its creation.

Periodically, we train and add vew models (o (he currenl ensemble. A pacameter [ delermines how
aftcn this happens, i.c., new models will e added every fiterations. When new models are created,
wer assign each of themn a weight to be nsed as an Individnal performance messare. We add these
wodels Lo 1the ewsemble of experts used by Lthe algocitlun o waking ils predictions. The expert
ensemblie 35 then presented with aoset of itoms to rank and cach cxpert makes a soparate prodiction.

! MartiRank [8] is a ranking algorithm based on the hoosting framework in [17].
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Fig. 1. Psendocode for our online ranking algorithm.

The alporitlun combines Lhese predictions by ranking the items aceording Lo their weighled average
rimlke. It then reccives the trae ramking of the items and npdates the weights of the cxperts in the
ensemble. The weight update lonelion is similar 1o the one discussed o [16]. where (he weighl is
multiplicd by a function of the loss. The loss of cach expert in the cnsemble is a measure of its
performance. relative to the other experts.

There are several nput parameters that can be used to tune the performance of the algorithm.
Ther learning rate (3 < [0, 1) i nsed 0 the weight update funetion to adjnst the fraction by which
the welghls are redoced. A larper value of 3 corresponds Lo slower learning rale, waking the
algorithm more forgiving to cxperts that make a mistake by reducing their influence by o smaller
fraction. The budgel N determiness the munber of models that the algorithm ean keep track of at
each iteration, Since we do not use a static set of experts as in the traditional weiphted majority
approach, wo have to make sure that onr ensemble docs not grow infinitely when we add now
wodels, We can also adjust 1he muoober of wodels (hat the algorithon wses for prediction. To the
traditional approach, the advice of all experts in the cnsemble is combined to make the final
prediction. By nsing 4 parsmeter M for the munber of predictors, we can ey bo forther enhance
the performance, combining only the advice of top performing experts.

Sinee we add and remove models from onr expert. ensemble thronghont the algorithm, additional
parawelers are lolroduced. Lel n be the nuwmber of pew wodels added W the ensemble. This
paramcter n depends on how many machine learning algorithms we use (cwrently two) and on
how many training sets we assernble (we viry the training data windows, corrently set 1o 7 sl 14
days). When these new models are added, they are assigned an initial weight wyey. This weight can
be also adinsted to reHoeet onr trost o these new models, amd should be relative to the weights of
the existing models in ihe ensemble. We use a parameler p that determines whal weighl to assign
new models as a porcentile in the range (@i, Waae] for the minimum and maximum weights of the
existing models. We also need 1o decide what models to drop when the ensetnble size grows larger
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Fig. 2. ONLINER ANK performance over basceline methods for Summer 2006 (left) and Winter 2006 (right ),

than N, We order Lhe experts according (o a lhnelion of 1heic perlormance sl age, where a s &
parameter uscd to set the exponential decay by age. Peewdocode of owr online ranking algorithm
camt be fonmdd o Figore |

4 Experimental Results

In this seetion, we present varions experiments with the goal of studyving and evaluating the onling
ranking system, The data used for these experiments was collected between June 2005 and Decem-
ber 2006, The defamlt paramnetors we nse are leaming rate § = 0.9, budget & = 5, enzemble size
M = 10, wew wodel requency [ = 7, age decay a = 0.9%, and pew weightl pereentile p = 1.7, For
convenicnee, some of the results use slightly different parameters, we state this where it applics,

We look st the performance of the systemn over time by plotting the normalized average rank of
failures per day on a continuous timeline as explained o Section 2.

We compare onr resnlts to those of two separate bazeline sxperiments. Uhe fivst one nses o ranking
version ol the Perceptron algorithun [18], Since we are inlerested o generaling a ranking. we sl
test the Pereeptron model on cach one of our feeders and sort them according to their distance from
the bonndary in descending order. The second baseline comparizon involves nsing s siople model
throughout the wheole man. This model has been hand-tuned by cxperts who have an insight into
the behavior of the systemn and can estimate which attribmtes carmy more weight toward the final
outeowe, The performance ol these baseline approaches can be seen alongside ouwr online ranking
method in Figure 2 for the summer of 2000 and for the winter of 2006, We can soe that for both
the summer and the winter months onr online ranking approach out performs both the Perceptron
and the fixed model, In this cxperiment we uscd cnscible size M = 50,

We examine the effects of varving the valne of a single parameter while keeping the rest constant.
Figure 3 shows the performance of the system during the simmer of 2000 for different values of
cxports N which corresponds to the masdmnm mamber of pxports that the algorithm can seleet from
Lo wake ils prediciion. We can observe (hal (he pecformanee of (he system is directly correlated
with the number of existing experts. Intuitively, when there is a larger pool of models to select
from, we have o higher chamee of selecting the top performing models amongst them, especially if
the predicting ensemble size A is amall.

Another parametor that wo are intorested in observing s the new models” woight pereentile p,
which determines owr degree of beliel in the ncoming wodels, The peclormance of the ouline
ranking system with varying weight percentile during the summer of 2006 can be seen in Figure 3.
Assipgning new models the lowest weight in the range 5 understandably o poor choice sinee new
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Fig. 3. Online system performance with varying budget N during Saonoer 2000, here M — 1 (left) and
varying new weightl percentile poduring Suoroer 2000 (righl ).

wiodels are Leained willl (he most recend data, thos carrving an up lo date information about (e
system. Un the other hand, assipning too high a weight may force the system to use the newest
wiodels always, which may not be a good choiee i1 an older maodel bas been fonnd o work well,
We find counterintuitive thai the variation in performance in this experiment is so small; we are
in the process of triing to fgnre ont why this is so throngh more experimentation.

5 Conclusions and Future Work

In this paper we have presemted an online machine lesrming system being developed for the prob-
lem of ranking leeders thal provide eleciricity Lo New York Cily accordiog to their likelihood Lo
impending failure. Our inital results are encouraging and we are in the process of further devel-
oping and evialnating onr svstem in lerms of oplimal parameter toning, both for this partienlar
application as well as under diflerent types of concept drift, We are plamning to include an engine
for the detection of coneept drift, so that instead of periodieally adding new experts wo will only
add (hemw when a change is detected [6], We also wanl Lo control the diversily of (he ensemble,
which has been found to improve predictive performance [22]. Finally, we are investigating includ-
ing i meld-learning bayer that wonld exploil resalis seen in previons vears, eg iF o model wis
successful in the previous summer but was retived during the winter, it should be rescued back
in the npeoming smmmoer it similar envivonmental conditions reappeasr. Fxamplos of other systems
Lhal exploil re-oceurring contexls are [25, 26],
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