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material from social media - with context.” N
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Changing Reqmrements

cassandra

Internet Tweets: [5k-20k/min] Fetch

Every 10 min; v~ Real time

[100k tweets]

A
] ‘Lz:’iu;;:> .
- Content Analysis  §

Orchestrator

Search and Integration Tweets: [10M]



Opportunity

Data processing engines highly configurable
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Developers and users are overwhelmed
with configuration options ueta rses
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Substantial increase in configurability

Parameter: optimizer_prune_level (Boolean) [*MySQL*/
Desc.: Controls the heuristics applied during query optimization to prune
less-promising partial plans from the optimizer search space.

Values: QOor1
Usage: No user set the parameter in our dataset.

(a) Empirical, heuristic usages
Parameter: key_cache_block_size (Numeric) [*MySQL"/
Desc.: The size in bytes of blocks in the key cache.
Values: [512, 16384]
Usage: All the users stay with the default value 1024 in our dataset.

80% options ignored




Changing Reqmrements
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Why Options?

Design for performance vs configuration

No one size fits all
Workload, hardware differs
Different users make different tradeoffs

Options are deferred design decisions
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Binary Option: Encryption

Description: Encrypts data in the database file
via a user-defined password.

Influence on Configuration
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MODEL - Advanced queuing network design tool
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Optimization 4
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Goal: Find the fastest configuration or optimize a fitness function

Search problem, implementation given

Explored in many communities (databases, Al, systems, SE, ...)
Auto-tuning, hyperparameter optimization, algorithm selection

Evaluated by performance improvement or distance to optimum
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Model Inference



Configuration

Green Configurator -- Berkeley DB
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Green Configurator -- Berkeley DB

V| Page Size

Model Inference

Database size

S2ggsss38388s:83¢8¢8¢8

Database size

Goal: Predict configuration’s performance or
explain performance influence of options

Given implementation, use cases: Understanding, debugging, planning, ...
Typically sampling + learning, various techniques

Evaluated by prediction accuracy
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Binary Configuration Options Numeric Configuration Options

Coarse-grid solver Smoother Pre-smoothing Steps: [J
o IP.CG o Jac © RBGS 0 6
© RED_AMG © GS © RBGSAC Post-smoothing Steps: (J
© IP_AMG © GSAC © BS 0

“the HIPAC® expert was surprised to
see that pixelsPerThread
configuration option had only a small
influence on system performance”

Debugging
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One-At-A-Time Sensitivity Analysis
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Random Sampling + Regression

Individual Options
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Description: Encrypts data in the datahase file
via a user-defined password.
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Interactions?
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Random Sampling + Regression

Individual Options Interactions
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Individual Options Interactions
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Feature Selection

All options and Generate a Learning

interactions Subset (regression)

Goal: Select small set of features that best explain observations



Feature Selection

All options and Generate a Learning

interactions Subset I (regression)

select best subset

Goal: Select small set of features that best explain observations



Feature Selection

All options and Generate a Learning

interactions Subset I (regression)

select best subset

heuristics: try individual options first, then combinations of selected options

Goal: Select small set of features that best explain observations
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heuristics: try individual options first, then combinations of selected options




3.55-ref + 0.01-keyint + 0.05-bframes

1.87-ref + 0.10-keyint + 0.5-bframes + -
0.63:ref-no_asm + 0.19-keyint-no_asm + -
0.02-bframes-crfRatio + 1.8E-
0.8-keyint-rc_lookahead-rc_lookahead +
0.0003-bframes-crfRatio-crfRatio +
0.0002-gpSetting-qpSetting + 20.92:no asm + -
0.0004:no asm-keyint-keyint + 5.80E-

N7 Wfvrammmnc baviindy- LAaviiimndy 1 OCND A Acrvs ~rfD A+ A



Empirical Observations

Few options responsible for most of the variation
Interactions are important to explain variation

Few options interact



k. N
(&) o

number of refinements
N
o

3

S %
10 15 20

number of particles

25

25

120

115

10

5

0

Performance
behavior has
“structure”



LLVM

computation time (minutes)
0.04 0.05 0.06 0.07 0.09 0.17 0.26 0.39

=

—

(&)

R R RN
00

N

)
=
| -
Q
]
[
©
@)
S
e
o
-
Q
QO
=
-
-

[SoSym’18]



w
B~ 00N

number of model terms
= =N NN
N O O

o B~ @

8.0

7.2

Apache

computation time (minutes)
0.004 0.01 0.010 0.015 0.021 0.029 0.042 0.084 0.2

6.4

56 48 4.0
prediction error (%)

3.2

2.4

5
3
2

1.6

@
N
7))
&
L —
)]
d—

[SoSym’18]



3.55-ref + 0.01-keyint + 0.05-bframes

1.87-ref + 0.10-keyint + 0.5-bframes + -
0.63:ref-no_asm + 0.19-keyint-no_asm + -
0.02-bframes-crfRatio + 1.8E-
0.8-keyint-rc_lookahead-rc_lookahead +
0.0003-bframes-crfRatio-crfRatio +
0.0002-gpSetting-qpSetting + 20.92:no asm + -
0.0004:no asm-keyint-keyint + 5.80E-

N7 Wfvrammmnc baviindy- LAaviiimndy 1 OCND A Acrvs ~rfD A+ A



So Far: Model Inference

Sensitivity analysis: detect performance
interactions from small samples

Blackbox approach, simple, quite accurate,
works surprisingly well

Data and machine learning tools available

e.g., cgr?(!fu:r(/)} http://fosd.net/SPLConqueror



Open Challenges



Challenge: Finding Interactions
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Challenge: Workload/Environment
Changes







Better Learning

Various learning approaches explored:
linear regression, Gaussian processes, decision trees, DNN, ...
+ tuning of those



Better Sampling

PLACKETTE FRACTIONAL CENTRAL BOX
BURMAN FACTORIAL COMPOSITE BEHNKEN

A
/ A
Lot lx Lo ] [ lx x| i) vy &)
R e B ('m"‘)
-1 +#1 -1 +1 +#1 +#1 -1 -1 -1 +#1 -1 # .
a 1 -1 41 -1 41 41 41 -1 -1 -1 i1 “ . i
HBEEEE - « 2« a4 1 1 1 gt
H: =2 1/1/a 1444 1. 1
H SR I T .1 41 41 41 1 P **‘ .
B ENER D e G a o|s 5 ® . & ;
u Co U O TS T ] B RS G .E 4 eeememececeenseeeronens s ) ‘-E i %
BEEEEEEEEE + « G ~ 1 l :
o I Ol I S o e e Il B -1 Of L 4
IB8 -1 +1 41 +#1 -1 -1 1 #1 -1 -1 # - -4 \ i % .""
T e e e e _‘,J (SR “1,1,1) Padlee -
3 = §
‘&°y Factorxi x 9 kdf
1. . -0 -1 -] + +a -
* Ndmber of Runs: L™ - : :
* Levels: 5 » Levels: 3 levels per factor
I IR N T D 12 ’ i ”
[“-a,’-1"'0"and "+1') + ]  Design Points: at the “mid” points «

* No of Runs: 2 +2SP +CP edges of the process space & center



Active
S am p I i n g ,.‘

performance
r—-i-__

option value



7y
e
7y
O
O
afd
c
)
&
)
. -
-
7y
q°)
=
o0
=
@
-
-5
)
oc

LG4 S :
I mn vh iR R TR
PPN L chml, N,
_ R A R
v el - ﬁl.f!.i: cff;nf’f:lﬂ.'.f} -‘s).(.__a. .T..__.F
A L RA bR e Anpmasimhniaiel ...WM....,“_.F rflf Lok Pyt % a0 b b S ow i, T
'ﬁﬁwﬂﬁ.ﬂrﬂ :r)r;.,...,..._..._....u.._.p-..rr.a{_??.s...ﬂf: ﬂﬂ!..r.._.v o b 3, e, e T i valn sy
A by L mh by A A A ma el g it Lt gl s, ity S b B U P, o, s, N 4 B
Ankimbaialal sl khel it md e s bl n i in e, g i nd v M Ve 5 s , »
A R Y L LR LR LIS By i byttt B R T iy e e T By, ......r...... o
Al hat Al sl ki s e d SRS A O e e T e T S e e, e e B B T, S T, T, b,
b sbass st Melaialabai A nhahaialalb e o el ialal i sl om e L m e h,
!r:r.“ﬁ;fy..”ﬁ-ra:.“.r Avlsbrbwinjaynl s il J;....Jna:..._.rerfﬁ LR TP R TR PR R N AN
R w..r..n:ﬂrﬂﬂﬂrhwsﬂuﬂfhrﬁﬁf.ﬂ!_,.a._........_.. .uh_.,. LA St e T e G B L T
LR AL ah Al m b f,._.r.ﬂ.,,fu r:........._ ﬁ, ..“_p_,ﬂmw Jpl._,._....,.., .ﬁfhﬂf AL i it Sk e ey e,
e 1 T AR A A A et et e
A sl s SRR !f/..,n..ffa.r..f.r 7o T 0 1, A, s,
P, _&.H-frfl_..—..l.__ lﬁ.!...?.f..ffl-_l rl.-..’.

¥ .
L RN Yodoo b W gy 4 - S

ety e i, ....r#.._nf..-rfrr...

!




1S
N

Performance of real system
“similar” to performance
simu

lators

G e e St
SRR EA Rt R b
Vb Rhm v RS L R A e v
RRA o

A A b A A
e ek ke B o e ikt
elet SRR

AARL AL v A L
SRS LAREL AL AL . b

Anly B, Sy oy B
ek S8 o S By
i N,

R,
e S A,
ARSI AR

e Yt

[SEAMS’17]



-
"
-
-
-
-
.

]
L)
'
*
-
a®

yndybnoay L

duiuiea Jajsuel]



Workload and Hardware Changes

Most approaches assume fixed workload,
learned models specific to benchmark

Model workload and hardware variability as additional options



Transfer Learning

Machine
twice as fast

Throughput

_____

-----

Source



TABLE II: Results indicate that there exist several forms of knowledge that can be transfered across environments and can be used in transfer learning.

RQI RQ2 RQ3 RQ4

H1.1 HIL2 HIL3 H14 H2.1 H2.2 H3.1 H3.2 H4.1 H4.2
Environment ES M1 M2 M3 M4 M5 M6 M7 ME M9 MIO MII MIZ MI3 MIi4 MIl5 Mle MI7 MI8
SPEAR— Workload (#variables/#clauses): wq : 774/5934, wo : 1008/7728, wy : 1554/11914, w, : 978/7498; Version: vy : 1.2, vg : 2.7
eey : [ha — by, wi, va) S 1.00 022 097 092 092 9 7 7 0 1 25 25 25 1.00 047 045 1 100
ecs : [hy — by, wi, v L 0.59 2488 091 076 086 12 7 4 2 051 41 27 21 098 048 045 1 098
ecy @ [hy, wy = wa, vs) L 0.96 197 017 044 032 9 7 4 3 1 23 23 22 099 045 045 1 1.00
ecy @ [hy, w1 — ws, va) M 090 336 -0.08 030 O0.11 7 7 4 3 099 22 23 22 099 045 049 1 094
ecs : [hy, wy,vg — vy S 023 030 035 028 032 6 5 3 1 032 21 7 7 033 045 050 1 096
ecs : [h1, w1 — wa, v1 — va) L -0.10 072 -005 035 0.04 5 6 1 3 0.68 7 21 7 031 050 045 1 096
ecy: [hy — ho,wy — wy.ve =] VL -0.10 695 0.4 041 0.15 6 - 2 2 0.88 21 7 7 -044 047 050 1 097
x264— Workload (#pictures/size): wy : 8/2, wg : 32/11, wy : 128/44; Version: vy : r2389, vy : r2744 ,vg3 1 172744
ee; : [hy — by, wy, vg) SM 097 1.00 099 097 092 9 10 0 086 21 33 18 1.00 049 049 1 1
ecy @ [ha — hy,wy, vg) S 096 002 09 076 0.79 9 9 S 0 094 36 27 24 1.00 049 049 1 1
ecs @ [hi, w1 — wa, vs) \aI 065 006 063 053 058 9 11 8 1 0.89 27 33 22 096 049 049 1 1
ecy : [hy, wy = wg. val 0.67 006 064 053 056 9 10 7 1 088 27 33 0 09 049 049 1 1

ecs : [h1, wy, vo =

et Insight 1. Performance distributions can be transferred:

ecg : [ha — hy,wy

=t Potential for learning a non-linear transfer function.

ecy : [hy — ho, was

ecy : [ha, wy = wa, vq] S 0.96 1.27 083 040 035 2 3 1 0 1 9 9 7 099 N/A NA NA NA
ecy : [ha, wy =+ wy, vy M 0.50 1.24 043 0.17 043 1 1 0 0 1 4 2 2 L0 N/A NA NA NA
ecs : [h1, wi,v1 — v '\aI 0.95 100 079 024 029 2 4 1 0 1 12 11 7 099 N/A NA NA NA

1 o -~ awi noaa "o PN W - a i . s - a4 - noas wTA TR A wTI A T A

ecs @ [hi, we — w
ecy : [hog — hy, wy

a0 Wkt In5|ght 2. Configuration ranks can be transferred: Good

ec; : [hy,wy — wz

ecy : [hy,wy — wg

- nu-w configurations stay good for changing hardware.
o0y . I 3 - . - ranrw Pr— —— wra . = s e
t:,hii::;:f::ii S 091 554 0.80 000 091 14 1I S 0 0.85 6—1 65 ’%1 (HO OH 015 ().I2 0.64
ec-,-:[a'zl,'tr'-_w—}ws,. ! coe ae o aez o ams e o omee - o anse oot aas aaa asn
ecg : [hy, wy — wy

[

«-wwoum NSight 3. Influential options and interactions can be

eci : [hl. wg — Wk

oo d transferred: Relevant options in one environment stay

1y ! [hl, wyg — W

ES: Expected severity | t A t h f t

sac vt st [ @1IEVANT 1N OTNETN environments.

nbody: simulation of

h1: NUC/4/1.30/15/850; nz: NUC/ZI2 150 115UST DS SANON/ L/ 2,87 3/50US1 N4 AMAZON 12,4/ 1/330; 05 AMAZON 1/ 2.4M00.2/53300; N0: AZUTe/ 1/ 2.4/ 315051

Metrics: M1: Pearson correlation; M2: Kullback-Leibler (KL) divergence; M3: Spearman correlation; M4/MS5: Perc. of top/bottom conf.; M6/MT: Number of influential options; AS E) 17
MS8/M9: Number of options agree/disagree; M10: Correlation btw importance of options; M11/M12: Number of interactions; M13: Number of interactions agree on effects; [ ]
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Challenge: Workload/Environment
Changes

Challenge: Measurement Costs

Challenge: Finding Interactions
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Future Directions




Exploiting
Code Structure

#ifdef LOCKING

list *locks;

void lock() { /*...*/ }
void unlock() { /*...*/ }
#endif

void put(Object key,Object data){
#ifdef LOCKING

lock();
#endif
/*¥... %/

¥

#ifdef STATISTICS
int getDbSize() {

return calculateDbSize();
}

int calculateDbSize() {
#ifdef LOCKING

lock();
#endif
[*...%/

}
#endif



Tracking
Load-Time
Options

class ProxyService {
static boolean NATIVE_PROXY SUPPORTED
= Build.VERSIONJSDR INT >=12;

public void onSharedPreférenceChanged() {

boolean enableSharing = false;

if (INATIVE_PROXY SUPPORTED)

if (Context.getSysfemService("bluetooth"))
enableSharing = true;

if (enableSharing) {
// slow code

J
J
J



Whitebox Performance Analysis

Static/dynamic tracking of options w/ slicing & taint tracking

Which options influence performance-critical regions?
Which options interact?

-> Reduce number of measurements
-> Target measurements for likely interactions



Graybox Performance Analysis?

Python Locali- Naviga- Motion
Scripts zation tion control

Linux




Challenge: Finding Interactions IIenge

Challenge: Workload/Environment
Changes

class ProxyService {
static boolean NATIVE_PROXY_SUPPORTED
= Build.VERSION DK_INT >=12;

public void onSharedPreférenceChanged() {

boolean enableSharing = false;

if (INATIVE_PROXY_SUPPORTED)

if (Context.getSys#femService("bluetooth"))
enableSharing = true;

if (enableSharing) {
// slow code
}
!

Scripts

Locali- Motion
zation control

Data-

ROS Middleware
I base



Performance Analysis for

Highly-Configurable Systems

Green Configurator - Berkeley DB L s
A Binary Option: Encryption
- data in the database file
3 12 page stez Ta Ve Gemned prssmare,
B Influence on Configuration
‘& 4000 Bax ‘ﬂ Energy 5% [+ S0W/n; 1318/=ar) ‘”_."
= B e Performance o -15% 530 Transactions/s) =
= Tk Footprint N +18% (+329K8) ]
> 9] Indox Structures Memory (peak) —> +0,5% [250M8)
= 7 Btres Quality A +Securi ity E
S 3000F [7] Queue [F]
o ] Hash Quality = =
© ¥ Functional Featuras serfarmance. i
= Configurat L
7] Disgnostic e
2 20001 i e
2 ¥ Cache Size Merory  Footprint
@ c
@
> Interacts with:
<1000}
500 1000
Throughput (ops/sec) !

g

Throughput

class ProxyService {

!

Individual Options Interactions

Configurations
(e = T T S = T Y
L= R -~ T ]
[ =T R~ T T
= = O = = O
=] o O [ =
R O — -]
B, O B, QO O O
=] [=] - O o O
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B: B B Bs B B

36.5 -24.3 153 -25 54 03

static boolean NATIVE_PR SUPPORTED
= Build VERSIONSDR® INT >= 12;
public void onSharedPreférenceChanged() {
boolean enableSharing = false;
if (INATIVE_PROXY_SUPPORTED)

if (Context.getSys#¥emService("bluetooth")) ﬁi

enableSha = true;

if (enableSharing) {

o

14 0.05 0.06 0.07 0.09

4

4.0

LLVM ta

computation time (minutes

3.6

A7 0.26 039 0.75

32 28 24
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