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Healthcare

BED NO 3 PED DEMO

« Data

- Multiple records of vital signs: blood pressure, temperature, pulse
« Objective

— Monitor patient’s health

UNIVERSITY OF MINNESOTA
Driven to Discover:

Structured VAR Estimation



Activity Recognition
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 Data

- Multiple wearable sensors: accelerometer, gyroscope, barometer

« Objective

- Track person’s activity
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Aviation Systems
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« Data

- Flight sensors, pilot commands, weather information
« Objective

- Monitor flight, detect anomalous activity
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Data Modeling

® Data

* Dynamic, multivariate
®* Objective

* Monitor activity, make predictions

®* Vector AutoRegressive model (VAR) [Lutkepohl ’07]
T = A1xi 1+ -+ Agxi_qg + €

e z; € RP - multivariate time series
« A, € RP*P  -model parameters, d > 1- order of the model

N /\/’(0, E) - Gaussian noise: E(étetT) — 3, E(GtEtT+T) —0,7#0
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Estimation Problem

* Estimate A;'s
* let(xzg,x1,...,x7)be VAR output across T + 1steps
rqg=A1xq9-1+ -+ Agxo + €4

rr = A1xr_1+ -+ Agxrr_qg + €T
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Estimation Problem

* Estimate A;'s

Y=XB+FE

‘ vectorize

vec(Y) = (Ipxp ® X)vec(B) + vec(E

y € RVP 7 c RNdep2 B e RdPQ € € RNP

4

y=42B+¢€
®* Regularized estimator

1

—lly = ZBI3 + AwR(B)

3 = argmin
BeRP*

R() - regularization norm Ay > 0 - regularization parameter



Regularized Estimator

A

(3 = argmin
BeRdP?

QNHY ZIBHQ + ANR(B)

* Examples of regularizations

* |18l =2, 8] - Lasso

* |Bllcz = Xi_i IBc.|l2 - Group Lasso

* |Bllser = a||B]l1 + (1 — a)||B||aL - Sparse Group Lasso

* Blowr = 3%, ¢il Bl for ¢; > ... > ¢qp > 0 - Order Weighted Lasso (OWL)
®* Main properties

« Samples {y;, 2;} are correlated

* R(-) - general regularization norm

® Questions

 How many samples {¥;, z; } needed to get accurate estimate 3?

* How toselect A\n?
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Related Work

®* Linear Regression
* Main assumption: data is i.i.d.

* [Wainwright ‘09, Meinshausen et al. ‘09, Bickel et al. ‘09] R(-) is L,
» [Negahbanetal. ’12] R(-)is any decomposable norm
* [Banerjee etal. ’14] R(-)is any norm

* Most work is focused on L regularization
* [Lohetal.’11] R(-)isLy; considered only first-order VAR

 [Song & Bickel’13] R(-) is L and group [,;; assumptions on data dependency
 [Han & Liu’13] L+- based formulation under Gaussian noise

* [Kock & Callot“15] R(-) is L1 ; exploited martingale property o data

* [Basuetal. ’15] R(-)is Lq; any-order VAR; spectral analysis of VAR
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Our Work

* Establish estimation guarantees for VAR under general R(-)

®* Our approach is based on
® Error analysis framework [Chandrasekaran ’12, Amelunxen ’13, Banerjee “14]

— Restricted eigenvalue condition
— Regularization of parameter characterization

®* Generic chaining argument [Talagrand ‘06, Mendelson '07]
— Notion of Gaussian width

®* VAR spectral analysis [Basu et. al. ’15]
— Characterize correlation structure of the data

®* Martingale properties of data [Lutkepohl ‘07, Shamir ’11]

— Bound sequential dependencies in the data
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Error Analysis Framework

® Return back to our estimator

~ . 1
3= argmmz—NHy — ZﬂH% + AN R(3)

BeRdp?
®* Denote error between true and estimated parameter
A=p-p
® Qur task
e Establish conditions on
- N (sample size)
- AN (regularization parameter)
* Bound the error
[Al]2 < 6,6 >0
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Results

* Select number of data samples such that N > O(w?(0))

« w(O)- Gaussian width of an error set

®* Choose regularization parameter such that Ay > O (

)

* w(Qg)- Gaussian width of unit norm ball

* Norm of estimation error is then bounded by |A|, <© (w\(/QNR)) v

* High probability statement

* Norm compatibility constant:  _ g, RU)

Ué&cone(Qg) HU| |2

(FAVIPY
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Special Cases

®* Examples (VAR regularized estimation)

Al <O < Slog(dp)> - Lasso

N

|Afl2 <O

log(K
G(m + og ))> - Group Lasso

- Sparse Group Lasso
N ) P P

S - sparsity

9 log(dp) SG - group sparsity
1Al <O o \/ ° g LA Order Weighted Lasso
K - number of groups

m - size of Iargest group

C = Z’L 16

[0» 1]

A2 < O <\/O‘S log(dp) + (1 — a)sg(m + log(K))




Experiments: Synthetic Data

* Investigate scaling of errors and lambda

* Simulated first-order VAR
* Parameters: p € [10,600], s € |4,260], N € [10,5000]
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Experiments: Synthetic Data

* Investigate scaling of errors and lambda
* Simulated first-order VAR

* Parameters: p € [10,600], s € |4,260], N € [10,5000]
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Experiments: Aviation Data

®* Compare different VAR regularizations

First-order VAR

Norms: Lasso, Group Lasso, Sparse Group Lasso, OWL, Ridge

* NASA flight dataset
Selected 300 flights, 31 parameters, sampled at 1Hz; landing part of flight
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MSE 32.2 32.2 32.7 32.2 33.5
Sparsity 32.7 44 .5 75.3 38.4 99.9
5 5 ) 5 : 5" 5
Sparsity | ; 12 ) ;
Pattern |, . i 1. -
25 a5 - 25 25 25 “m
30 EREN 30 30 30 3
10 0 30 10 0 10 20 30 10 20 30 10 20 30
Reg‘;\zarization Lasso OWL Group Lasso | Sparse Group Ridge
orm Lasso
|
Th a n k yo u - UNIVERSITY OF MINNESOTA

Driven to Discover:



