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* Data Analysts have to make sense of data by engaging in
Exploratory Data Analysis (EDA)[1].

* Reviewed Kaggle kernels; analysts first get an overview of

the data and then zoom-in.[2] (Goal is to create predictive models.)

* Viewed as; Aggregate Queries executed over different
ranges
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"Our goal Is to provide efficient explanations for aggregate queries and to
assist analysts in EDA by providing insight."
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Some Notation First

* Datacan be considered as b= [bl, o bd] c Rd

random row vectors

* We consider queries with a Center- 4= (X, 9), X € Rd,é’ e R
Radius Selection (CRS) operator

* Essentiallya CRS defines a data- )(X’ 9) b : HX — sz é 9

subspace
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ExF: Explanations as Functions

* Understanding the data generation process;e.g., 700
. . . . . argma:rely
How data points increase in number in a particular = 232
area in spatial analytics. 3
g 400
& > 300
O]
. : . @ 200
 Exploit the function f for prediction instead of S 100 ad-hoc Queries
. . c Original Query
CompUtlng aggregate querles' (035) 0 .a.rgmingy —=— Explanation Function

-100
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6@ Query parameter
* Solve optimizations efficiently, i.e., approximating

minima and maxima is trivial. Example: Explanation Function as a Piecewise-
Linear Regression Model.

* Giveinsights as to what the rate-of-change (a;'s) are
for an Aggregate given different parameters (6).
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Formal Definition for ExF

Given Query-Answer pairs of the form : q = (X, 0, y), X € Rd, cR,yeR

seek a function that approximatesthe true f(]D)(X, 9)) ~ f(ga X)
function defined by the aggregate queries

Objective: minimize the Expected Explanation Loss (EEL)

A

f* = argmin /XERd /96R+ f(0;x), f(0;x))p(0,x)dOdx,

fer
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Objective Revisit

200

* Evidence: queries form clusters; ref: real workload [3],

* Hence, our idea is to fit local explanation functions over
optimal groupings of queries instead of a global one.
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Revisited Objective: minimize the Expected Explanation Loss (EEL) via local explanation functions
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Short: Identify the evolving behavior of aggregate queries w.r.t parameter
values, without accessing any data.
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How? Overview

Initial Trained
LRs,RRs,LPMs LRs,RRs,LPMs

* Query-Driven approach

v _____
v e

Pre-Processing Mode : Training Mode : Explanation Mode
g USE pas t a nd I ncom I ng q uer I es q tO Clustering of Query-Space, Training of the LRs and RRs Framework is ready to explain
SO/Ve the revisted Optimization Initialization of LPMs, LRs, RRs and LPMs aggregate queries
pr oblem. 1. Obtain optimal groupings 2. Adjust groupings and 3. Provide explanations
and fit PLRs models

Wi,..., WL

Location Representatives (LR)

Radius Representatives (RR) u]_,]_, °« o o 7u1,l uk,l) o o e 7uk,l

Local Piecewise-Linear Models fl,la c ooy fl,l fk,la c ey fk’l
(LPM)



How? Pre-processing Phase

* Initialize groupings and PLRs using
Pre-Processing Step.

* Using K-Means [4] to partition the
Query Space :

1. On query centers x (extract
location representatives w)

2. On query radii O (extract
radii representatives u)

* Using MARS [5] to fit PLR models
on radii

query q =[x, 0]

d-dim. location space
L1 Location Representatives

1-dim. radius space
.2 Radius Representatives

radius 0

Ups

0 Uy Uo
Jassociation

fk1(9§Wk) -

ﬂ/\/.

radius 0

Regression space
L.3 PLR Models

explanation
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How? Training Phase

* Refine the optimal parameters on-line

* For every new executed query, adjust associated groupings & model.

. P@®lw)
query q =(x, 6) 4
X @
iy ;
W, @ Awl = i =l .5 e >
eza-ul‘l: - u,, radius@
11
&s

E ' Offline Adjustment of PLR
S N Models

radius 0



Explanation Mode

* As multiple models
are fitted, explanation
function alternates
between different
functions for an ever
increasing radius.
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Experimental Evaluation

e Evaluate accuracy and efficiency of the proposed method.

e Construct synthetic query workloads over real datasets.
* Synthetic query workloads simulate exhibited user behavior.

* Measure how well our model approximates the true function and
whether it can provide answers to aggregate queries; Coefficient-of-
Determination (R%) and NRMSE.

* Measure efficiency for training and explanation provision.



41| University

7 of Glasgow
Accuracy Efficiency
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Thank you for your attention.

Questions?
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