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Logistics

Paper review 1 is available on gradescope
due Tuesday midnight

Office hour change
Kexin: 11AM-12PM Friday

Paper presenters
send slides to Kaushik by Wednesday noon

archeologist role still open



Today’s class

Introduction to approximate query processing

Measuring user experiences

Help us learn your names!



Data Is growing exponentially

IDC survey Google -

« >707B data created worldwide * 2.51B of monitoring data

in 2021 collected per second ]
g 2.5 [ ,

Machine generated data E 2F .

» Server event logs o 15 -

« Sensor readings 5,__“ 1+ -

° o 05 -
~ T ~ = 0

i = 01,708,310 o ,o’l .0 (00

[1] C. Adams, et al.. Monarch: Google’s Planet-Scale In-Memory Time Series Database.
PVLDB, 13(12): 3181-3194, 2020. 4



Data outpaces compute

40 Years of Microprocessor Trend Data

10’ :

3N I N W S YV - =
N .

Transistors
(thousands)

Single-Thread
Performance
(SpecINT x 10°) plateaued

Frequency (MHz) o

Typical Power
(Watts)

Number of
Logical Cores

i | Power Wall
1970 1980 1990 2000 2010 2020
Original data up to the year 2010 collected and plotted by M. Horowitz, F. Labonte, O. Shacham, K. Olukotun, L. Hammond, and C. Batten 5

New plot and data collected for 2010-2015 by K. Rupp



Today: a lot of data remain unused

Example: infrastructure monitoring ﬁ

Infeasible to inspect all data

In practice:

 data only accessed for post-hoc
root cause analyses

Top SV orgs say: < 6% data read

=




Future: iImpracticable to process all data

Literature: Approximate Query Processing

SISSEEE =T

L
Data Compute Result

@ + —

Less Data Less Compute Approximate Result



Approximate Query

Processing: Use Cases

Data exploration: exact answers NOT always required

Goal is to quickly report the leading digits of answers

e.g., avg salary $59,000+$500 (with 95% confidence) in 10 sec

vs. $59,152.25

N 10 min



Approximate Query Processing: Use Cases

/' |loadmoredata |  Expect almost no errors: 0.5% B

Dat

What have you learned?
g Remember

A Missing 330 of 380 groups. Please reduce the number of groups by changing the query. Q

(30«

8M -

e 7™ —

6M —

O sec

SM —

“|I|‘I“IlIlmlll||l||l||l||lll!ll!llpllqnqnql
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count
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Approximate Query Processing: Use Cases

OLAP: online analytical processing

Aggregate queries (COUNT, SUM, AVG)

SELECT agg FROM table
WHERE condition
GROUP BY dmensions



AQP: Basic approaches

Online vs. offline
» Online: sample data at query time
« Offline: precompute synopses to use in place of data

Online <« > Offline

o | e
Data e

11



Online: Query-time Sampling

Table

ant
ant
bee
cat

10
12

40

Query

SELECT SUM(Y)

|dea

Estimate query answer using a
random sample of the rows

12




Sampling: Uniform samples )
h s

Uniform sample
tuples are sampled with the same probability

How to implement

Fixed-sized sampling (e.g., simple random sampling with or
without replacement): assign each tuple a number from 1 and N
and select samples with a random number generator

Bernoulli sampling: each tuple has probability p of being in the
sample more efficient



. . AR
Sampling: Confidence Interval N

-

95% Cl of x + a means that the true value of the query answers is
within + a of the current estimate x with 95% probability.

True or false:
 90% Cl is wider than a 95% CI for the same data. F

* A 95% confidence level means that 95% of the sample data lie
within the confidence interval. F

* There is a 95% probability that the 95% CI calculated from a given
sample will cover the true value of the population parameter. T

14



. . AR
Sampling: Confidence Interval N

-
S: samples, n = |S|, o: std, u: sample mean
Method 90% CI (1) Assumption
Central Limit Theorem 2% 5 I8 (z*=1.65) asn — o

Vn

ol 0%

u-3o M-20 HI'U 0 pio u+20 ll1+30

X —



Sampling: Confidence Interval / =

-
S: samples, n = |S|, o: std, u: sample mean
Method 90% CI (1) Assumption
Central Limit Theorem 7 % 28 ;%1 65) asn — oo
"R
Chebychev P(IX — | < ko) > 1——(k — 3.16) Finite non-zero o
Hoeffding _— <o 2nt? a<X<b

Bootstrap via resampling



Sampling: Confidence Interval / =
-

Bootstrap: resample data with replacement

resamples statistics

Resample 1
” JAJMIL__ 1 N
Original Data The Bootstrap Distribution
Resample 2

-ﬁ{”ﬂu — 5, — i
g, e L L

\ Resample B /

L




Online Aggregation [HHW’97] aw | g

Sampling at query time RN
Answers continually improve, under user control

X - W o College | Count |GPA
+ Postgres95 Online Agq "0 2 553933
‘ 208 3.0174129

186 3.5308642
AVG

Q] 2.6336
14% dove [

GPA per College

A

B

D

E 167 3.0384614
H 177 3.1497006
K 191 3.0500000
L 185 3.0730338
I 209 3.1683416
™

[=]

Q

R

W

Z

175|3.2116563
177 3.1225805
169 3.3609271
184 3.5167599 |
183 3.2289157
22|3.0227273

S8888888888888
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https://dl.acm.org/doi/10.1145/253260.253291

. AT
More readings on error bars N

-

Presenting uncertainty to users:

How Visualizing Inferential Uncertainty Can Mislead Readers About
Treatment Effects in Scientific Results

How Progressive Visualizations Affect Exploratory Analysis

Producing reliable error bars:

Knowing When You're Wrong: Building Fast and Reliable
Approximate Query Processing Systems

19


https://dl.acm.org/doi/10.1145/3313831.3376454
https://ieeexplore.ieee.org/document/7563865
https://sameeragarwal.github.io/mod282-agarwal.pdf

Sampling:

Predicates, G

ROU

SY [ raw
Data

1

SELECT X, SUM(Y) .. GROUP BY X
SELECT SUM(Y) .. WHERE Z > 10

What can go wrong with uniform samples?

selective predicates and small groups
=> very few samples / inaccurate estimates



Sampling: Stratified samples

Population Strata Random selection
t.? 2
- 22 0 e e e e eeeeesee 2 eeeeeeeeeoe
: 'i'i" EXXEXXEEEX EXEEEEEREX
f 28 e e e e e e e e 00 0ee 2 eeeeseeseeeee
f;fi. e EERREREEERE EXRREEERERN
' ' ' .' . ' oooooooo _> oooooooo _’
t . : § t e EEEERENEN teeeeee Y
2 ' o e 8 e e e ® ® e ® e e e 4 ® e ® ® e e e e e 0
t i'-i'i' EEEEEEEEN FEEEEEEREX]
tt ¢

Every member of the population is in exactly one strata

Used to highlight differences between groups in a population

nf—
n
—_—

s2 <«

Sample
EEK
EEX
XXX
XXX
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Congressional samples / —
R - 3

House
uniform random sample of the entire relation

Senate
uniform random sample from each group
e.g., grouping attribute T = state, N/50 samples from each state

Congress
split the budget between House and Senate

22


https://dl.acm.org/doi/abs/10.1145/335191.335450

i
g

f

Sampling: JOIN S -0

T2

.
:

T KRR
S I
a 1 a 4 a 1 a 3
b | 2 b | 5 a 1 a | 4
b | 6 b 2| b |5
1 50% Uniform 1 50% Uniform b 2 b | 6
Sample Sample
S2 ‘ 50% Uniform
e AP
2 1| ac i S(T1 > T2)
JL A B C D
S1 11 S2 a 1 a 3
A B C D) b 2 b 5
a 1 a 3

Sample before join Join before sample

23



Sampling: JOIN :

-

Join before sample
 Joins are expensive!

Sample before join

* joining two uniform samples that are each p fraction
(0 < p < 1) of the original tables will only produce p?
of the output tuples of the original join

* joining two 1.1.d. samples is an identical, but not
iIndependent, sample of the join

24



. . AT
More readings on sampling ..

-

Smart stratified samples:
Learning to sample: counting with complex queries

Handling JOINSs:

Experiences with Approximating Queries in Microsoft’s
Production Big-Data Clusters

Joins on Samples: A Theoretical Guide for Practitioners.

25


https://dl.acm.org/doi/10.14778/3368289.3368302
https://www.microsoft.com/en-us/research/publication/experiences-with-approximating-queries-in-microsofts-production-big-data-clusters/
http://www.vldb.org/pvldb/vol13/p547-huang.pdf

Online: small overheads and small gains

Example:
« Online aggregation ]
« Query-time sampling 2! .

Pros Online Offline
* No precomputation

* General /m
RaW sample <+
cons | ,
 Not accurate => w’ﬁ

limited performance gains

Random
sampling

v

[1] J. Hellerstein, P. Haas, H. Wang. Online aggregation. In SIGMOD, pages 171-182, 1997.
[2] S. Kandula, et al. Quickr: Lazily approximating complex ad-hoc queries in bigdata clusters.
In SIGMOD, 2016. 26



AQP: Basic approaches

Online vs. offline
* Online: sample data at query time
» Offline: precompute synopses to use in place of data

Online <« > Offline

SYNOpses pummm

27



Offline: Materialized Views

What it is: caching results of a query (exact)

Order table
Partition Row Shipping Total Order
key key address invoice status
001 1 (Order ID) | 11082013 | One Microsoft way | $400 In
(Customer ID) Redmond, WA process
98052
005 2 11082013 | One Microsoft way | $200 Shipped
Redmond, WA
98052

Orderltem table
Partition Unit

Materialized View

key Row key Product Price Amount Total " Product Total  Number of
Partition key Row key Name sold customers
1 (Order ID) [001_1 (Orderitem ID) | XX $100 2 $200 Electronics 001 (Product ID) | XX $30,000 |500
1 001_2 YY $40 5 $200 (Product category)
2 002 1 77 $200 1 $200 Electronics 002 YY $100,000 | 400
Customer table
Billng . Shipping total sales value for each product
key Row key Information address Gender Age
US East 001 *=4430001 One Microsoft way | Female | 30
(region) (Customer ID) Redmond, WA
98052
US East 002 r*xx2006 One Microsoft way | Male 40
Redmond, WA
98052

28

Source: https://docs.microsoft.com/en-us/azure/architecture/patterns/materialized-view



Offline: Materialized Views

Need to be maintained

Application

Application

data is the o _
source of truth Materialized view

is read-only

Orderid Account

Materialized View

30 Shirts
Orderld Itemid Qty 30 Shirts 4
1 30 2 31 Pants 3
1 31
2 30 2

Source: https://docs.microsoft.com/en-us/azure/architecture/patterns/materialized-view

29



Offline: Materialized Views

Useful when

 Data is difficult to query directly

 Creating temporary views can dramatically improve query performance
« Can act directly as source views for the Ul, for reporting, or for display

Not useful when
* The source data is simple and easy to query.
* The source data changes very quickly



Offline: precomputed samples

Input: storage budget
(optional) information about the query workload
Output: a sample of the dataset

How is this different from query-time sampling?
Samples are precomputed and do not change from query to query

BlinkDB: Queries with Bounded Errors and Bounded Response Times on
Very Large Data

31


https://people.eecs.berkeley.edu/~apanda/assets/papers/eurosys13.pdf

o
Offline: Data Cubes —r

a3
Dimensions pay data cell
part
supplier |
customer
Measure supplier
sales | |

— >

customer

SELECT SUM(sales) ..
GROUP BY part, supplier, customer

32



Offline: Data Cubes

Do not want to recreate the cube from

scratch each time
/ data cell
Solution

Materialized views

Problem
Which views to store?

33



Offline: Data Cubes

Problem
Which views to store?

data cel
nart, supplier, customer (6M) /

nart, supplier (0.9M)
nart, customer (6M)
supplier, customer (6M)
supplier (0.01M)

part (0.2M)

Customer (0.1M) I
none (1)

34



Offline: Data Cubes

Problem
Which views to store?

Given fixed storage budget, how many and which
GROUP BYs should we materialize to get reasonable
performance and minimum average query cost?



Implementing data cubes efficiently [HRU906]

The lattice structure
psc 6M

nart, supplier, customer (

nart, supplier (0.9M) / ‘ \
nart, customer (6M)

supplier, customer (6M) pe 6M ps 0.8M sc 6M
supplier (0.01M) ‘W|
part (0.2M) p 0.2M s 0.01M ¢ 0.1M

one () T

none 1

36


http://ilpubs.stanford.edu/102/1/1995-34.pdf

Implementing data cubes efficiently [HRU906]

The lattice structure shows dependency:

() < (p, C) psc 6M
(S, C) < (p, S, C) / ‘ \

pc 6M ps 0.8M sc 6M
Query cost « #rows processed ‘ |
Greedy algorithm to select the 2 0.2M s 0.01M ¢ 0.1M

best query group to materialize \ ‘ /

none 1

37


http://ilpubs.stanford.edu/102/1/1995-34.pdf

Offline: mergeable summaries 3

Billions of events/day of mobile app telemetry data pg

i0S

Android
Query for 99-th percentile

Group By Operating system

\/W Where Location = USA

Quantile Query

p99 latency
p99 latency

Use case: compare the 99" percentile response latency across
different operation systems



Offline: mergeable summaries

Can be merged without loss of accuracy

§‘© l
X '
oS CAN, v7, i0S 6.1 CAN, v7, iOS 6.2 CAN, v7,i0S 6.3
- I ~ | L~ ~ | I Mergeable
2 T - NI ///Summaries
P . . ' .
§ USA, v7,i0S 6.1 USA, v7,i0S 6.2 : USA, v7, i0S 63/:// Aggregation
| e
& N o VR0 5 1 1 IR T
< | 6.3
: I (T T T T |
| | |
: . I : Merged Aggregate
USA, v8, iOS 6.1 USA, v8, iOS 6.2 | USA, v8, i0S 6.3 : s : USA., iOS 6.3 :
|
| | I
/\ [\'—\ I /\ | | I
' | I |
S | o |

39



Offline: mergeable summaries

Summary size related to error guarantee

Type Examples

Quantiles Q-digest, GK sketch!]

Distribution Histogram

Distinct value HyperLoglog, K minimum value sketch, count—min sketch!#

Heavy hitter SpaceSaving!Z, MGI3]



Offline: large overheads and large gains

Example:

* precomputed samples ') Pr§§§g“p2‘§§d

« materialized views 2! ) R
Pros Online Offline

* Fast and accurate

« Require large storage Jate "\

« Or not general

[1] S. Agarwal, B. Mozafari, et al. BlinkDB: Queries with Bounded Errors and Bounded Response
Times on Very Large Data. In Eurosys, pages 29-42, 2013.

[2] V. Harinarayan, et al. Implementing Data Cubes Efficiently. In SIGMOD, 1996 i



AQP summary

Online (at query time)
Uniform sampling
Confidence interval
Stratified sampling
Sampling for JOINSs

Offline (precomputation)
Materialized views
Precomputed samples
Data cubes
Mergeable summaries

42



Benchmarks: T

PART

PARTKEY

NAME

MFGR

°C-H

ORDERS

BRAND

SUPPLIER

SUPPKEY

ORDERKEY

CUSTKEY

ORDERSTATUS

TOTALPRICE

ORDERDATE

NAME

ADDRESS

NATIONKEY

REGION

REGIONKEY

NAME

PARTSUPP
PARTKEY LINEITEM
SUPPKEY | ORDERKEY .
AVALQTY PARTKEY
SUPPLYCOST SUPPKEY
COMMENT LINENUMBER
QUANTITY
CUSTOMER |
CUSTKEY
e NATION
oS NATIONKEY
NATIONKEY NAME
...... REGIONKEY .
COMMENT

COMMENT

8 tables
22 query templates

43



Benchmarks: TPC-DS

Reason

Income_Band

Store_Returns

Household_Demographics

Customer_Demographics

Customer_Address

Customer

Store
Date_Dim
Store_Sales Time_Dim
Promotion
ltem

24 tables

99 query templates

44



Measuring the user experience

= \\
0*“’3 /




Types of

—valuation: what’s the goal?

Usability Evaluations/Testing
ldentify good and bad aspects of an interface
Characterize how a user interacts with a system

Formative vs. summative evaluations
exploration validation

User Studies

|dentify and characterize difference between conditions
Observe how manipulations affect user interactions

Adapted from MSU CSE 6663



Example

Smart Nightlight

(" p—— 50%
Favorites
| I

Auto-on at 7:13 PM

Config History

Configuration

Schedule

Color Cycle

Simulate sun: (

Linked Accounts

Twitter
Facebook

+ Link Account

History

Usability Evaluations
Can the user turn the light on/off?
Can the user set the light’s color?

User Studies

Does the amount of time It takes a
user to adjust brightness vary
between V1 and V2 of the interface?

Adapted from MSU CSE 6663

47



Study Design

Assigning participants to conditions

Between subjects Sample — ! ';' — S
Each participant evaluates 1 condition #¢¢#¢¢¢
You compare these groups titteie o
Groups should be similar (verify!) — 1t 'i' —» [
Within subjects -
Every participant tests everything TTHITT -
\ery important to randomize order! sisi80s pementA T i

48



Study Design Example

Between subjects

Within subjects

49




Independent vs dependent variables

Independent variables (cause)
Manipulated by researcher (e.qg., blue or orange)
Participant characteristics (e.g., demographics)

Dependent variables (effect)
Measured through study instruments
Not controlled by researcher



Data to collect

Qualitative
collected via observation, interview etc.
collection itself does not constrain data
usually non-numeric (e.g., language, videos)
Quantitative
collected through some form of direct measurement
summary of what happened (e.g., success, time, error)
usually numeric or can be compared on humeric scales
..e., the dependent variables



Tip: start with qualitative data

Qualitative data gives good overview of where problems are
Quantitative data tells you something is wrong but not where to fix

The “Thinking Aloud” method (ask users to talk while performing tasks)
tell us what they are thinking

tell us what they are trying to do

tell us questions that arise as they work

tell us things they read




How to measure

Self-report

reported directly by a participant

subject to many biases

common, useful and easy to administer
Behavioral

measured through observation

may Nnot capture users experience fully
Physiological

heart rate, skin conductance, etc.



How to measure: self-report

Questionnaire: Likert Scales
forced choices: yes/no hccenmss- el st R
SCal e res p O n S eS ;?rr:;nsglt;sgf:;:r:: -if-1 —e2-w3-bl-5--6—-7-— Strongly Agree
open-ended responses tis simple to use

Strongly Disagree —-1-=2-=3--4---5--6--7--- Strongly Agree

Itis fun to use
Strongly Disagree —-1-=2-=3--4---5--6-7--- Strongly Agree

Designing questionnaires is an art in itself  tdoes everthing lwould expectitto do

Strongly Disagree «-1-=2-=3--4---5--6--7--- Strongly Agree

Odd or even number of values R
HOW many pOIthS on a Scale? gt'rsog%gggrf:db; wee Qe Jomelyenn§oene=-7 === Strongly Agree

Use validated, commonly used self-report questionnaires:
System Usability Scale (SUS)

54


https://www.usability.gov/how-to-and-tools/methods/system-usability-scale.html

How to measure: behavioral

Direct

researcher observes and records participant activity
Indirect

video recorded and analyzed later

participant records activity (e.g., diary entries)



How to measure: behavioral

Percent Correct, by Task Levels of Success, by Task
(Error bars represent the 90% confidence interval) 100%
]
90%
90%
. - 80%
80%
& _ - - 2 70%
c 70% - B
g -3
S 60% - S 60%
& 50% - £ 50% B Failure/Quit
s k]
-2 40% - ‘;é; 40% O Some Problem
)
) 3]
,§'__’ 30% - I E, 30% @ No Problem
20% - 20%
o
10% 10%
O% n T T T T T T T T T 0
Login Navigate Search Find Find Read Addto Update Checkout Check 0% T T T T
Category Author Review Cart Address Status Login Search Find Book Add to Cart Checkout
Task Tasks

Binary success Levels of success

Source: Albert, Bill, and Tom Tullis. Measuring the user experience: collecting, analyzing, and presenting usability
metrics. Newnes, 2013. 56



How to measure: behavioral

80%
70%
60%
50%
40%
30%
20%

Efficiency (Completion/Time)

10%
0%

Efficiency (Task Success per Minute)

“il“lt

Task1 Task2 Task3 Task4 Task5 Task6 Task7 Task8

Efficiency

L

L
sy Smss EEsEs

= i Em
T T T

# actions

Source: Albert, Bill, and Tom Tullis. Measuring the user experience: collecting, analyzing, and presenting usability
metrics. Newnes, 2013.
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Mean Task Time (secs)

How to measure: behavioral

Mean Time per Task (seconds) B
(Error bars represent the 90% confidence interval) Error Rate by Condition

60 40%

35%

. T

30%

N
o
—

w
o
L

N
o

Percent of Participants Making an Error

_ < 25%
: 20%
_ £ 15%
10% -
| 5% -
0 0% -

10
Task Task Task Task Task Task Task Task Task Task Task Task Task Task Task Task Task Task Task
1 5 3 4 5 8 7 8 9 10 11 12 13 14 15 16 17 18 19 Control Condltlon Condltlon Condltlon Condltlon Condltlon Condltlon Condltlon Condltlon

Time on Task Errors

Source: Albert, Bill, and Tom Tullis. Measuring the user experience: collecting, analyzing, and presenting usability _,
metrics. Newnes, 2013.



How to measure: behavioral

heatmap.|s

Dynamic Heatmaps for the Web

heatmap.js is a lightweight, easy to use JavaScript library to help you visualize your
three dimensional data!

Eﬂgagemeﬂt patterns https://www.patrick-wied.at/static/heatmapjs/
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IRB: Institutional Review Board

https.//oria.gatech.edu/irb
Experiments conducted at universities require ethical oversight

Consider: risk to participants, data privacy etc.

Protocols must be reviewed and approved by IRB
Status updates must be submitted to IRB
Study might quality for Exempt Review (but still need to apply)


https://oria.gatech.edu/irb

IN summary

Articulate the questions you want your evaluation to answer
Select the instruments you will use

Develop a clear protocol and adhere to it

Have a data analysis plan before conducting your study
Start early with IRB



Your tasks for next class

Paper review 1 is available on gradescope
due Tuesday midnight

Paper presenters
send slides to Kaushik by Wednesday noon

archeologist role still open

Post on Plazza for teammates



