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Case Study



“SocialSensor quickly surfaces trusted and relevant 
material from social media - with context.”

Content AnalysisOrchestrator

Crawling

Search and Integration

Tweets: [5k-20k/min] 

Every 10 min: 
[100k tweets] 

Tweets: [10M] 

Fetch

Store

Push

Store

Crawled 
items

FetchInternet



Changing Requirements

Content AnalysisOrchestrator

Crawling

Search and Integration

Tweets: [5k-20k/min] 

Every 10 min: 
[100k tweets] 

Tweets: [10M] 

Fetch

Store

Push

Store

Crawled 
items

FetchInternet

100X

10X
Real time



O
pp

or
tu

ni
ty Data processing engines highly configurable

> 100 options > 100 options > 100 options





320 options

more combinations than estimated

atoms in the universe

optional, independent



Substantial increase in configurability 80% options ignored

Developers and users are overwhelmed 
with configuration options [Xu et al. FSE’15]
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100X more user
cloud resources reduced 20%
outperform expert recommendation



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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Performance Analysis:
Goals



Performance
Modeling

for Design

Optimization &
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Optimization
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Optimization

Goal: Find the fastest configuration or optimize a fitness function

Search problem, implementation given

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

Evaluated by performance improvement or distance to optimum
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Model Inference

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



Sensitivity Analysis



One-At-A-Time Sensitivity Analysis
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Random Sampling + Regression
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Interactions?



Benchmark execution: 30 sec
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Index reduces by 20 sec

Benchmark execution: 35 sec
+ Encryption

Encryption adds 5 sec
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320 options

more combinations than estimated

atoms in the universe

optional, independent
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Feature Selection

Goal: Select small set of features that best explain observations

All options and 
interactions

Generate a 
Subset

Learning 
(regression) Model
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Feature Selection

Goal: Select small set of features that best explain observations

All options and 
interactions

Generate a 
Subset

Learning 
(regression) Model

select best subset

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



Round 1
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Round 1 Round 2

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

Round 3 Round 4



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·qpSetting·qpSetting + 20.92·no_asm + -
0.0004·no_asm·keyint·keyint + 5.80E-
07·bframes·keyint·keyint + 0 50·no asm·crfRatio 



Few options responsible for most of the variation

Interactions are important to explain variation

Few options interact

Empirical Observations



Performance 
behavior has 
“structure”



[SoSym’18]



[SoSym’18]
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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.,                      http://fosd.net/SPLConqueror 



Open Challenges



Challenge: Finding Interactions



Challenge: Measurement Costs



Challenge: Workload/Environment 
Changes



Recent Advances



Better Learning

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



Better Sampling

89
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Reducing Measurement Costs



Performance of real system is 
“similar” to performance in 
simulators

[SEAMS’17]
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Workload and Hardware Changes

Most approaches assume fixed workload,
learned models specific to benchmark

Model workload and hardware variability as additional options



Tr
an

sf
er

 L
ea

rn
in

g

Target

Source

Machine 
twice as fast



Insight 1. Performance distributions can be transferred:
Potential for learning a non-linear transfer function.

Insight 2. Configuration ranks can be transferred: Good 
configurations stay good for changing hardware.

Insight 3. Influential options and interactions can be 
transferred: Relevant options in one environment stay 
relevant in other environments.

[ASE’17]



Learn to Sample

[FSE’18]





Future Directions



#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

Exploiting 
Code Structure



101

Tracking
Load-Time
Options

class ProxyService {
static boolean NATIVE_PROXY_SUPPORTED 

= Build.VERSION.SDK_INT >= 12;
public void onSharedPreferenceChanged() {

boolean enableSharing = false;
if (!NATIVE_PROXY_SUPPORTED) 

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

if (enableSharing) {
// slow code

}
}

}



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?

ROS Middleware

Python 
Scripts

Motion 
control

Locali-
zation

Naviga-
tion

Linux

Data-
base
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