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ABSTRACT ous for the original series reconstruction. Then we use our

A problem of supervised learning from the multivariate timegene_zric multivariate featur_e select_ion mechanism that filters

series (MTS) data where the target variable is potentiallyPUt irrelevant and ranks informative for the response fea-

a highly complex function of MTS features is considered.tures. Given our requirements on the data compression rate
This paper focuses on finding a compressed representation\ € choose a number of the most important features and re-
MTS while preserving its predictive potential. Each time se-Puild the model. The information loss rate is measured by the

quence is decomposed into Chebyshev polynomials, and tigdange in the estimate of the prediction error from the model

decomposition coefficients are used as predictors in a statisfuilt using all relevant features. We can balance between the
cal learning model. The feature selection method capable gompression rate and the predictive power of the model by

handling true multivariate effects is then applied to identifychanging the number of of the most important features used
relevant Chebyshev features. MTS compression is achieve@r the model construction.

by keeping only those predictors that are pertinent to the re- 1he outline of the paper is as follows. Sect@focuses
sponse. on the features that we extract from time series, Sections

3 and4 provide the background on the supervised learning
1. INTRODUCTION techniques, variable selection and ranking methods that we

used, SectionS and6 describe the experimental setup, and
The paper considers a problem of multivariate time serieghe discussion of the results.

compression. We start with a dataset where each sample con-

sists of several time series and a single response value. Indi- 2. CHEBYSHEV POLYNOMIALS

vidual series from the same sample correspond to the differ- . . .

ent variables with different physical characteristics generateft Variety of feature representations are used in practical ap-

by a process. Our goal is to reduce the representation size Blications for learning time series models. More common are

time series, and at the same time to preserve the importaFf'nC'paI, Components, Fouried][ and wavelet coefficients

information about the underlying process. 8]. In this paper we use.Chebyshev polynomials expansion
This work is motivated by the manufacturing applicationstO represent the time series. The problem of choosing a fea-

where a set of sensors log down various physical propertigs'® Pasis set is out of the scope of this paper, and we will

of a wafer processing over time. The number of time serie§0t 90 beyond noting that in our experiments Chebyshev fea-

varies from several dozens up to hundreds (an example fyres t(_asted against other more common indexing techniques

a set of Fourier coefficients of 2MHz signal averaged over ?n various datasets demonstrated comparable or better per-

window of 1 second). After a manufacturing step a wafer unformance. , , ,

dergoes a so-called metrology, where the process quality is , Chebyshev polynomial (se&2 for a brief overview and

verified by taking additional measurements from the wafer'€férencesy(x) = Tn(x) of degreen by definition is a poly-

One of our key objectives is predicting the performance oftfomial solution of the equation

the tool given sensors data. We achieve this by building a 42 q
supervised statistical model from historical data to predict 1-x) S xS ey, 1)
the metrology result. The quality of the model is assessed @ Tdx

by predicting response on a set-aside portion of the datasﬁ)here|x| <1 andn is a non-negative integer. For— 0
not use_d for learning, and calcylatlng a prediction error b o(x) = 1. Chebyshev polynomials can also be calculated
comparing the model output with the actual metrology re-,

X ing one of ful properties:
sult. The amount of raw data is much larger than what WéJS g one of useful properties

can store, but potentially could be very useful in predicting T 1(X) = 2XTh(X) — Tn_1(x), (2)
the process performance. In this context we are interested in
reducing the representation of time series data without sig- Ta(X) = Cos(n.cogl(x)). ()

nificantly altering the quality of the prediction, we are not . .
concerned here with the original signal reconstruction. This A Set of Chebyshev polynomialgTa(x)}n_o,, . Is or-
is why the approach taken here is different from the clasthogonal with respect to the weighting functifih— x?) ~1/2:
sical signal compression techniques. In order to stress this

distinction we will refer to this problem as supervised signal Tin(X) Tn(X)dX 1 7Gmn>0m=0
compression. — == =1 om0 , (4)
Our methodology combines methods of signal process- v1-x T

ing and learning theory. First, we extract a set of features
from each of the time series that is sufficient or superfluwheredmnis the Kronecker delta.
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Using the last property we can represent any piecewisat a nodet of the optimally pruned tred. The sum in
continuous functiorf (x) in the interval-1 <x<lasalin- (8) is taken over all internal tree nodes whegeis a pri-

ear combination of Chebyshev polynomials: mary splitter. Node impurity (t) for regression is defined

0 wheref oy is confinuous as i Zset(¥s — ¥)? where the meary and sum are taken

ZCnTn(X) = { 1001000 iy fiscontinuity points ° (5)  over all observations of the respongein nodet, andN(t)
is the number of observations in notle For classification

Here I(t) = Gini(t) whereGini(t) is the Gini index of nodé:
o A [ 10Tal00x Gini(t) = S pipt ©)
n n—l m s (6) i; 1)
A= { %’Rig . andp} is the proportion of observations irwhose response

label equals (y =i) andi and j run through all response
For a function{ f;}i—1__p defined on a discrete domain class numbers. The Gini index is zero whelmas observa-
we calculate the coefficients of the Chebyshev decompostions only from one class, and reaches its maximum when
tion using a straightforward formula: the classes are perfectly mixed.
One of the most recent advances in tree ensembles - GBT

G = A P fiTn(x) @) (gradient tree boostingb['6] has been proven to be among
- & \/ﬁ’ the most accurate and versatile state-of-the-art learning ma-
i chines. GBT is a serial ensemble where every new tree con-
2. 1 structed relies on previously built trees. At every iteration
wherex; = —1+5(i - 3). | of GBT a new tre€T, is fitted to the generalized residuals

Generally we start with a s¢Cq }n—o,.,p-1 0f sizePand  wjith respect to a loss functio#t
then use a supervised learning technique to remove redun-

dant features. IW(yi,F (%)
_[ IF(x) :|FF|1 o

3. TREE ENSEMBLES o . . .
) ) ) _ ) giving terminal regionsj;, j = 1,2,...,J. The correspond-
This section gives background on supervised learning teching constanty; are solutions

nigues that we employ both for the feature selection and for

the prediction. We try to address a problem of feature filter- y; =argmin ; Wy, R_1(X)+Y) (11)
ing, or removal of irrelevant inputs in a very general super- Y xRy

vised setting: the target variable could be numeric or cate- q

gorical, the input space could have variables of mixed typ&" 3

with non-randomly missing values, the underlying relation- X)=F_1(X)+V- (X eR: 12
ship of respons¥ and predictors< could be very complex R0 =R-1(0 ley“ ( i) (12)

with nontrivial interactions. The data could be massive in hereo 1i larizati ter (1 . ¢

both dimensions (tens of thousands of variables, and miWher |<.V <lisa regu arization parameter (learning rate.)

lions of observations). Ensembles of unstable but very fas e solution is given by

and flexible base learners such as trees (with embedded fea- F(x) = R(x), (13)

ture weighting) can address the most of the listed challenges. ) ] ) ]

They have been proven to be very effective for variable rankwhere the size of the ensemlilés chosen to avoid overfit-

ing in problems with up to a hundred thousand predictording (usually by monitoring validation errors.)

[1,19]. A more comprehensive overview of feature selection ~ GBT inherits all nice properties of a single tree, and also

with ensembles is given iiL{]. provides (as a byproduct) more reliable estimate of the vari-
A decision tree partitions the input space into a set ofble importance. The importance measiBpi¢ averaged

disjoint regions, and assigns a response value to each cori@eer the trees in the ensemble

sponding region. It uses a greedy, top-down recursive parti- 1L

tioning strategy. At every step a decision tree uses exhaustive VI(x) = L z VI(x,T) (14)

search by trying all combinations of variables and split points =1

to achieve the maximum reduction in impurity of the node.  GBT puilds shallow trees using all variables (on a sub-

Therefore, the tree constructing process itself can be C_Ons'gample of the training data), and hence, it can handle large

ered as a method of variable selection, and the impurity réjatasets with a moderate number of inputs. Very high di-

duction due to a split on a specific variable could indicate thenensional data (thousands or even several hundreds of fea-

relative importance of that variable to the tree model. Noteyres) is extremely challenging for GBT. A modification of

that this relative importance is based on a multivariate modelz T 1] suggests a different ensemble learning strategy so

and it is different from the relevance measured by standargpat processing of very high dimensional datasets is feasible
univariate filter methods. For a single decision tree, a meagith aimost no loss in prediction accuracy.

sure of variable importance is proposed3ft [ Random Foresf2] is a distinguished representative of
oy _ tree ensembles that extends the “random subspace” method
VI, T) *tez.m (%,1) ®) [7]. It grows a forest of random trees on bagged samples

showing excellent results comparable with the best known
whereAl (x;,t) = 1(t) — pLl (t.) — prl (tr) is the decrease in classifiers. Random Forest (RF) does not overfit, and can be
impurity due to an actual (or potential) split on variaBle summarized as follows:
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1. a numben is specified much smaller than the total num-use samples that were not used for building the tree (out-of-

ber of variables\ (typically n ~ v/N) bag), to select best split variable in a node. Split weight used
2. each tree of maximum depth is grown on a bootstrap sanfor variable importance estimation is also calculated using
ple of the training set out-of-bag samples.
3. at each nodea) out of theN variables are selected at ran- o
dom 4.0.2 B. Selecting important features.
4. the split used is the best split on theseariables In order to determine a cut-off point for the importance

The computational complexity for each tree in the RF  scores, there needs to becantrastvariable that is known

VN S lodS), whereS s the number of the training cases. to be truly independent of the target. By comparing vari-
Therefore, it can handle very large number of variables witfble importance to this contrast (or several), one can then
moderate number of observations. use a statistical test to determine which variables are truly
Note that for every tree grown in RF, about one-third of theimportant. We propose to obtain these artificial contrast vari-
cases are out-of-bag (out of the bootstrap sample). The oudbles by randomly permuting values of origimalariables
of-bag (OOB) samples can serve as a test set for the tra@€ross thé examples. Generating contrasts using unrelated
grown on the non-OOB data. distributions, such as Gaussian or uniform, is not sufficient,
The variable importance for RF can be defined as foPecause the values of original variables may exhibit some
GBT (14) by averaging the importances from individual SPecial structure. _
trees. Trees in ensemble are then broken iktashort sets of
We use GBT ensemble for response prediction since oudual size) = 10—50. Variable importance is then computed
response is a numeric variable and GBT is natively bettefor all variables, including the artificial contrasts for each set.
adjusted for the regression task given the sample size is ntsing sets is important when the number of variables is large
too small. At the same time Random Forest is used in ther tree depth is small, because some (even important) fea-
process of feature selection for performance reasons. It flres can be absent in a particular tree. To gain statistical
important to note that we could use any of these methods fdiignificance, importance score of all variables is compared

both tasks. to a percentile (we usetB") of importance scores of the
contrasts. A statistical test (Student’s t-test) is performed to
4. ENSEMBLE BASED FEATURE RANKING compare the scores ov&rseries. Variables that are scored
AGAINST ARTIFICIAL CONTRASTS significantly higher than contrasts are selected.

Relative feature rankingl¥) provided by the ensembles 4.0.3 C. Removing effects of identified important variables.

mentioned above, does not separate relevant features from i )
irrelevant. Only a list of importance values is produced with-After & subset of relevant variables were discovered by the

out a clear indication which variables to include, which toSteP B, we need to remove their effects on the response. To
discard. Also, trees tend to split on variables with more dis@ccomplish this, the response is predicted using only these
tinct values. This effect is more pronounced for categoricalMportant variables, and a residual of the response is com-
predictors with many levels. It often makes a less relevanuted. Then we return to the step A, until no variables remain

(or completely irrelevant) input variable more “attractive” to with scores significantly higher than those of the contrasts. It
split on only because it has high cardinality. is important that the step A uses all variables to build the

The main idea in11] relies on the following reasonable ensemble, and does not exclude identified important ones.

assumption: a stable feature ranking method, such as an en- Cléarly we could use the described feature selection
semble of trees, that measures relative relevance of an inpggheme with any classifier/regressor function which provides
to a target variablef would assign a significantly (in statis- variable importance from all variable interactions. To our
tical sense) higher rank to an important variaklehan to knowledge, only ensembles of trees can provide this conve-
an artificial variable created from the same distributiomas  Niently.
independently off. Here we give a brief description of the
algorithm described inlf1] that we used as a basis for our 5. DATA GENERATION
experiments.

The method is a combination of three ideA3:Estimat-
ing importance using RF ensemble of trees of fixed depth (

Due to confidentiality of the manufacturing process informa-
3t_ion we used a data generator designed specifically to mimic

6 levels) with the split weight re-estimation on OOB sampled"0St 0f the challenges we face in the real environment. Each
(gives more accurate and unbiased estimate of variable insample in the dataset consisting of several time series and the

portance in each tree and filters out noise variabBsgom- response value is generated using the following algorithm.
paring variable importance against artificially constructed:'rSt’ we generaté@N time series mdependent_ly from each
noise variables using a formal statistical test, &)dtera- other. We start with a trapezoid given by vertices randomly
tively removing the effect of identified important variables pg3'tr'grr:ggr:]naampgﬁgg'gfgurr?/g'tﬂ?e(s?feE'gl‘(aa)lZA;heenI;Vde

to allow detection of less important ones (trees and parall 9 yp 81

ensemble of trees are not well suited for additive models). Vr INtO the beginning and ending stages of the trapezoid re-
spectively. Harmonic variation of random frequency, phase

, . N and Gaussian-modulated amplitude, given by paramgter
4.0.1 A.Split weight re-estimation. are added to the middle part of the signal. Valueg of, and

A modified scheme for calculating split weight and selectingv, are sampled from a predefined distribution. The resulting
best splitin each node of a tree is proposed. The idea is to usenction is evaluated & equidistant points and aboti®o
training samples to find best split point on each variable, thenf Gaussian noise is added. An example of a final signal is
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presented in Figuré& (b). Then we use firdll time series to  of features could be decreased by an order of magnitude with
generate the respongdy computing a sum of a linear and therelative prediction error increase of about 20%.
quadratic forms from time series parametgrsvy,va}:

y=AV+VTBV+e. (15) *

09 1%

HereA is a vectorl x N, B is a matrixN x N ande¢ is Gaus-
sian noise. Elements & and B are samples from a pre- 8]
defined distribution function and are the same for the wholg -

dataset. The otheX time series are included to check the T~
robustness of the learning and compression engines to the
noise. Following an analogy with real data we refer to the
time series with numbaér(1l <i < 2N) as sensor. 0a |

test error
°
o
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—= () Figure 2: Test error vs. the number of the most important
features used for prediction.

2000 1

Figure3 shows the features that are selected as the most

1000 important. The first number in the feature name indicates the
sensor and the second — the Chebyshev coefficient. Note that
0 first 20 features come from only 5 sensors out of 20. Figure

4/ demonstrates the importance of sensors. The first series
. ) : . .in the chart corresponds to sensor importance defined as the
Figure 1:An example of generated time series. (a) Trapezoidy, i m estimated by the algorithm importance of the fea-
with random vertices; (b) Final signal with oscillation and y, o5 jerived from that sensor. The second series is the “true”
noise. sensor importance that is calculated from matriéesnd B

In the experiments we purposely used large signal 520 8 ICTHEE T SRR T b e Fartapating in
noise ratio. It would correspond to the most conservativ sponse generation. and the feature selection%l oritphm C% )
scenario in terms of data compression since the predictioﬁ? P 9 : 9 P

error degradation will be most noticeable with exclusion of.ured that. Note that 20 features with the highest importance
even weak features-predictors. (see Figure3) came from the 5 sensors with the top “true

importances (i.e. sensors that have the largest coefficients in
6. EXPERIMENTAL RESULTS AandB used to generate the response). .
Figure5 shows the original time series overlayed with
For the experiments we used a dataset with 20 sensors atwlo its reconstructions from Chebyshev coefficients selected
3000 samples created by the data generator described in the most important for prediction (top two, and top eight co-
previous section. Each time series contained measuremergficients). The signal reconstructed from two coefficients is
at 80 time points. We extracted 80 Chebyshev coefficientshifted down — zero coefficient corresponding to the series
from it (this corresponds to a lossless compression), but dumean was not used in the reconstruction.
to the nature of the data we used only first 25 of them. The

resulting dataset hazb- 20 = 500 predictors. First, we built 7. CONCLUSION
a GBT model on the full dataset to estimate the prediction '
error. Then, we ran a feature selection algoritdd] that fil-  We considered a problem of multivariate time series com-

ters out irrelevant features, and ranks predictors according faression in the supervised setting. Given a response variable
their predictive power. Next, we re-built the model using sev-we are interested only in informative (in terms of prediction)
eral most important predictors. Consistently throughout théeatures extracted from the multiple time sequences. Non-
experiments we used 70% of the samples for model construaformative (or less informative) features are disregarded -
tion, and the rest 30% for the prediction error estimation. compressed out. The amount of compression is balanced

Figure2 shows the dependence of the prediction error orwith potential loss of the prediction accuracy. The proposed
the number of features selected. The error graph is normatnethod uses an efficient basis function decomposition for
ized by the standard deviation of the response (the predictiomach time series, followed by an automatic and truly multi-
error of the trivial model - overall mean). The dotted line in- variate (any level of interactions) feature selection and rank-
dicates the level of prediction error when all 500 features areng mechanism that filters out irrelevant features (expansion
used — this is the lowest error we can get given GBT is notoefficients), and ranks important ones with respect to the
sensitive to the noise variables. One can see that the numb@sponse.
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Figure 3: A list of features together with their importance Figure 5: An example of (a) original time series; (b)

scores in descending order. The feature §)INCHEB(j)  its reconstruction from 8 Chebyshev coefficients (number

corresponds to th¢-th coefficient of Chebyshev decompo- 0,2,4,5,6,8,11,15) suggested as the most important for pre-

sition ofi-th time series. diction by GBT; (c) same as (b) for 2 coefficients (number 2
and 11).
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