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DYNAMIC(AUTOTUNING(

Introduction 
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It#is#a#way#to#constantly#improve#performance/energy#with#
low#developer#effort#over#a#wide#range#of#run9:me#situa:ons#

Capability(to(customize(
applica;on(knob(values(Made((

Automa;cally((

At(RunA;me(
according(to(

different(situa;on(



•  Applications are parameterized to facilitate the portability 
and improve the productivity (best practice) 

•  Large set of application knobs with not so easy relations 
with the extrafunctional properties 

•  Complex architectures including frequent updates and novel 
evolutions 

Application Tuning: Why? 
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Support(for(performance(
portability(on(wider(range(of(

today(architectures((

Possibility(to(easily(exploit(
upcoming((or(future)(

plaMorms(



Automatic Vs Manual Tuning 

SETUP( Config( RUN( RUN(… Config( RUN( Config( RUN(

Results(
Analysis( Delay(

Nights,(WEs(and(
Holidays(

Manual Flow 

SETUP( RUN( RUN( RUN( RUN( RUN( RUN( RUN(… RUN( RUN(

Automatic Flow 24/7!((
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•  The application requirements might change at runtime 
•  E.g. Depending on the observed scene 

•  The extra-functional properties might be input dependent 
•  Input features (e.g. input size, autocorrelation) 

•  The extra-functional properties might depend on the system 
workload 
•  Shared computational resources 
•  Core frequencies 

Dynamic: Why? 
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Each application is considered an autonomic agent, which is 
capable of self-management. 

Dynamic: The autonomic computing vision  

Kephart,)Jeffrey)O.,)and)David)M.)Chess.)"The)vision)
of)autonomic)compu>ng.")Computer)36.1)(2003))
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●  selfIconfigura>on)
●  selfIhealing(
●  selfIprotec>on)
●  selfAop;miza;on(



Multi-objective optimization problem 

Performance)

En
er
gy
)

Design)Point)
Pareto)Fron>er) out(=(f(input ))
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•  Approximation adds complexity 
‒  Most of a code base can’t handle it 
 

•  … but many expensive applications or kernels are naturally error-tolerant  
‒  Make use of analog inputs  

‒  E.g. operating noisy real-world data from noisy sensor 
‒  Provide analog output  

‒  E.g. targeting human perception 
‒  Provide multiple good-enough results or no unique answer  

‒  E.g. web search  
‒  Compute iteratively towards convergence 

‒  E.g. convergent applications over the number of iterations.  
 
 

 

Approximate Computing Applications 
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V.(Chippa(et(al.“Analysis(and(characteriza;on(of(inherent(

applica;on(resilience(for(approximate(compu;ng(”(DAC(2013.((



Possible Application Domains…  

9 

Image#Processing#
Big#Data#Analy:cs#Robo:cs#

Drug#Discovery#

Graph#Analy:cs#

Traffic#Predic:on#

Mul:media#

…(where(100%(of(accuracy(not(always(required(

HOWEVER … 



… we have to pay attention 
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No Traffic 

No Intrusion 



Extra-Functional Properties 
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Func;onal(Descrip;on(

What)to)do…))

How)It)is)done…)

ExtraAFunc;onal(Proper;es(



Extra-functional properties 

 = (input ) 

•  Size (i.e. of the file) 
•  Accuracy (i.e. PSNR) 
•  Dimension (i.e. Resolution) 

•  Throughput/Latency 
•  Power/Energy consumption 
•  Resource utilization 

•  Algorithm Selection 
•  Application Parameters 
•  Parallelism 
•  Code Perforation 

•  Flag selections 
•  Loop transformations 
•  Float-to-Fixed point Conversion 
•  Parallel Pattern Replacement 
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Target problem definition 

(=( (input ) 

Which values should we use? 
The best ones? What do you mean with "best"? 

One single configuration? 
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Let’s have an example… 
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2 eyes = 3 dimensions

Left camera Right camera

Reference disparity
K.(Zhang(et(al.(“CrossABased(Local(Stereo(Matching(Using(Orthogonal(Integral(
Images”.(IEEE(Transac;ons(On(Circuits(and(Systems(For(Video(Technology(2009(



Tunable Stereo Matching 
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Left camera Right camera

Reference disparity

*(Paone(et(al.(“An(Explora;on(Methodology(for(a(Customizable(OpenCL(StereoAMatching(
Applica;on(Targeted(to(an(Industrial(Mul;ACluster(Architecture("(In(CODES+ISSS(2012(

1)

2)

3)

QoR 
Disparity 

Error 

5)Applica>on))
Knobs*)



Trading-off accuracy 
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5FPS)1FPS)
Performance((

10FPS)

1

2

3

Extra-functional requirements: 
What if … 
1.  Performance = 4FPS 
2.  Performance = F(Speed) 
3.  Min Energy; QOR>50%; Perf>=1 
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1 2 3

2FPS)0.5FPS) 4FPS)
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Idle(

Applying(
VFS(

D.Gadioli(et(al.(“Applica;on(Autotuning(to(support(run;me(
adap;vity(in(mul;core(architectures”(SAMOS(2015(

D.(Palossi(“SelfASustainability(in(Nano(Unmanned(
Aerial(Vehicles:(A(Blimp(Case(Study”(CF(2017(



Autotuning Problem 

The definition of "best" should be expressed as a multi-objective 
constrained optimization problem 
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 = (input ) 
Select K1…Kn to optimize EFP(out/f) subject to EFP(out/f) 

constraints, and considering input characteristics 



Autotuning SoTa Overview 



Classification of autotuning approaches: 
•  Type of the decision  
•  How they are packaged into the application 
•  Approach to the decision 
•  When to apply 

Applications Autotuning: State of the Art 
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P.(Balaprakash,(J.(Dongarra,T.(Gambling,(M.(Hall,(J.K.(
Hollingsworth,(B.(Norris,(R.(Vuduc(–(Proceedings(of(IEEE((



•  Compiler options 

•  Code transformations and data layout:  
•  I.e. Fusion, Interchange, Unrolling, Tiling 

 

 
•  Algorithm selection  

•  Select among different implementations of functionally equivalent versions of the 
algorithm (i.e. for sorting: bubble, merge, quick, heap, radix, bucket…) 

•  Parallelization:  
•  Parallel patterns, #workers, OmpThread, multi-level parallelism parameters 

•  …Approximation parameters 
 

Type of decisions 
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A.(Ashouri,(W.(Killian,(J.(Cavazos,(G.(Palermo,(and(C.(
Silvano.(A(Survey(on(Compiler(Autotuning(using(Machine(

Learning.(ACM(Compu;ng(Surveys((CSUR)(

D.(Bacon,(S.(Graham,(O.(Sharp.(Code(Transforma;ons(for(HighA
Performance(Compu;ng.(ACM(Compu;ng(Surveys((CSUR)(

J.(Ansel(et(al.(“PETABRICKS:(a(language(and(compiler(for(
algorithmic(choice”(PLDI09((



•  Application parameters 

•  Task skipping  

•  Multiversioning 
•  Considering different performance/accuracy trade-offs 

•  Approximate Memoization  
•  User partial key for the lookup 

Type of decisions: Application-level approximations 

Video Resolution #MC Samples 

…
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•  Application parameters 

•  Task skipping  

•  Multiversioning 
•  Considering different performance/accuracy trade-offs 

•  Approximate Memoization  
•  User partial key for the lookup 

Type of decisions: Application-level approximations 

Video Resolution #MC Samples 

…

Computation model that represents an approximate application as a pipeline 

M.J.(San(et(al("The(any;me(
automaton."(ACM(
SIGARCH(Computer(

Architecture(News.(2016.(
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•  Application parameters 

•  Task skipping  

•  Multiversioning 
•  Considering different performance/accuracy trade-offs 

•  Approximate Memoization  
•  User partial key for the lookup 

Type of decisions: Application-level approximations 

Video Resolution #MC Samples 

…

Computation model that represents an approximate application as a pipeline 

M.J.(San(et(al("The(any;me(
automaton."(ACM(
SIGARCH(Computer(

Architecture(News.(2016.(

V.(Vassilliadis(et(al("(Exploi;ng(
Significance(of(Computa;ons(for(
EnergyAConstrained(Approximate(

Compu;ng"(IJPP(2016.(23 



•  Application parameters 

•  Task skipping  

•  Multiversioning 
•  Considering different performance/accuracy trade-offs 

•  Approximate Memoization  
•  User partial key for the lookup 

Type of decisions: Application-level approximations 

Video Resolution #MC Samples 

…
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•  Application parameters 

•  Task skipping  

•  Multiversioning 
•  Considering different performance/accuracy trade-offs 

•  Approximate Memoization  
•  User partial key for the lookup 

Type of decisions: Application-level approximations 

Video Resolution #MC Samples 

…

DSL or annotation based approaches)
J(Ansel(et(al.(“PetaBricks:(a(language(and(
compiler(for(algorithmic(choice”(PLDI(2009(

B.(Woongki(et(al("Green:(a(framework(for(
suppor;ng(energyAconscious(programming(
using(controlled(approxima;on."(PLDI(2010(25 



•  Application parameters 

•  Task skipping  

•  Multiversioning 
•  Considering different performance/accuracy trade-offs 

•  Approximate Memoization  
•  User partial key for the lookup 

Type of decisions: Application-level approximations 

Video Resolution #MC Samples 

…

(p#&&#0xffff0000)#

M.(Alvarez(et(al("Fuzzy(Memoiza;on(for(Floa;ngA
Point(Mul;media(Applica;ons"(TCOM(2005.(26 



-  Precision Scaling 
-  FP64->FP32->FP16 
-  Float2Int 
-  Custom precision 

 
-  Loop Perforation 

 

Type of decisions: Compiler approaches 

Modulo)
Perfora>on)

Trunca>on)
Perfora>on)

Randomized)
Perfora>on)

rand( )

S.(Misailovic(et(al.(
"Quality(of(service(
profiling."(ICSE(2010(
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-  Precision Scaling 
-  FP64->FP32->FP16 
-  Float2Int 
-  Custom precision 

 
-  Loop Perforation 

 

Type of decisions: Compiler approaches 

Modulo)
Perfora>on)

Trunca>on)
Perfora>on)

Randomized)
Perfora>on)

rand( )

S.(Misailovic(et(al.(
"Quality(of(service(
profiling."(ICSE(2010(

N.(Ho(et(al.("Efficient(floa;ng(
point(precision(tuning(for(
approximate(compu;ng,"(

ASPADAC(2017.(
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-  Precision Scaling 
-  FP64->FP32->FP16 
-  Float2Int 
-  Custom precision 

 
-  Loop Perforation 

 

Type of decisions: Compiler approaches 
N.(Ho(et(al.("Efficient(floa;ng(
point(precision(tuning(for(
approximate(compu;ng,"(

ASPADAC(2017.(

Modulo)
Perfora>on)

Trunca>on)
Perfora>on)

Randomized)
Perfora>on)

rand( )

S.(Misailovic(et(al.(
"Quality(of(service(
profiling."(ICSE(2010(
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•  Library-based 
•  Mainly Performance-critical routines 
•  Parameterization and tuning engine are not 

exposed 

•  Compiler-Level 
•  The code transformations and variants are 

injected by the compiler/code generation 
framework 

•  The tuning engine can be embedded into the 
compiler or parameters are exposed for tuning 

•  Application-Level 
•  The programmer parameterizes the application 
•  External tuning frameworks 

How they are packaged 
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R.(Whaley,(J.(Dongarra,(“ATLAS:(Automa;cally(tuned(linear(algebra(
sotware,”(SC98((

M.(Frigo,(S.(Johnson,(“The(design(and(implementa;on(of(FFTW3,”(
Proc.(of(IEEE(2005(

R.(Vuduc,(et(al.(“OSKI:(A(library(of(automa;cally(tuned(sparse(
matrix(kernels,”(Journal.(of(Physics,(2005(

M.(Puschel,(et(al.(“SPIRAL:(A(generator(for(plaMormAadapted(
libraries(of(signal(processing(algorithms,”(JHPCA04(

A.(Tiwari(et(al.(“CHiLL:(scalable(autoAtuning(framework(for(
compiler(op;miza;on,”(IPDPS09(

B.(Norris,(et(al.(“Annota;onAbased(empirical(performance(tuning(
using(ORIO,”(IPDPS09(

J.(Ansel(et(al.(“PETABRICKS:(a(language(and(compiler(for(
algorithmic(choice”(PLDI09((

D.(Gadioli,(et(al.“SOCRATES(A(A(seamless(online(compiler(and(
system(run;me(autotuning(framework”(DATE18(

J.(Ansel(et(al.“OPENTUNER:(An(extensible(framework(for(program(
autotuning,”(PACT14(

D.(Gadioli(et(al.(“mARGOt:(a(Dynamic(Autotuning(Framework(
Targe;ng(Adap;vity(and(Controllable(Approxima;on”(TCOM19(



•  Search-Based 
•  Complete enumeration (small configuration space) 
•  Heuristics used to navigate the configuration space 

•  Genetic algorithms, simulated annealing, particle swarm 
optimization 

•  Mix of global and local searches 

•  Model-based 
•  Pure analytic model of the performance  

•  Requires a huge knowledge of the target problem 
•  Source code based model 

•  Based on static code analysis 
•  Requires to generate the modified code 

•  Training-based 
•  Subset of configurations are evaluated and a predictive model 

is built using Machine Learning techniques 

•  Hybrid 
•  Sequence of Model- and Search-based techniques 

Approach to the decision 
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A.(Rasch,(et(al.(“ATF:(A(Generic(AutoATuning(
Framework,”(HPCC17(

R.(Miceli(et(al.,(“AUTOTUNE(A(pluginAdriven(approach(
to(the(automa;c(tuning(of(parallel(applica;ons”(2012(

J.(Ansel(et(al.“OPENTUNER(…(,”(PACT14(

B.(Norris,(et(al.(“…(ORIO,”(IPDPS09(

R.(Whaley,(J.(Dongarra,(“ATLAS…”(SC98((

G.(Mariani,(et(al.(“Scaling(Proper;es(of(Parallel(
Applica;ons(to(Exascale.”(IJPP16(

P.(Balaprakash(et(al.(“Can(search(algorithms(save(
largeAscale(automa;c(performance(tuning?”(ICCS11(

J.(Bergstra,(et(al.(“Machine(learning(for(predic;ve(
autoAtuning(with(boosted(regression(trees,”(INPAR12(

T.(Mar;novic,(et(al.(“OnAline(Applica;on(Autotuning(
Exploi;ng(Ensemble(Models”(arXiv19(

G.(Palermo,(et(al.(“ReSPIR:(A(Response(SurfaceAbased(
Pareto(Itera;ve(Refinement(for(DSE”.(TCAD09(

G.(Mariani,(et(al.(“OSCAR:(An(Op;miza;on(
Methodology(Exploi;ng(Spa;al(Correla;on”(TCAD12(

M.(Zuluaga,”SMART(design(space(sampling(to(predict(
ParetoAop;mal(solu;ons.”(LCTES12(



•  During Porting 
•  Mainly for libraries 
•  The code is tuned to adjust data layout and 

parameters to the new architecture 

•  Offline 
•  The configuration space is profiled and the optimal 

configuration is applied  

•  Dynamically at RunTime 
•  Autotuning decision can be improved during the 

application runs 
•  Possibility to use a larger production environment 
•  Decisions are taken considering input data 

characteristics and execution context 

When to apply 
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compiler(for(algorithmic(choice”(PLDI09((
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Programs”(ASPLOS(2016(

H.(Hoffmann(et(al.("Dynamic(knobs(for(responsive(
powerAaware(compu;ng."(ASPLOS(2012(



Off-line Profiling and On-Line 
Monitoring 



The Knowledge of the system behaviour is the key point for any decision 
•  Offline case: How to configure? 
•  Online case: How to re-configure? 

The Knowledge is the key 

Energy/Power/
Latency are easily 

measurable…  
 

What about 
approximation 

effects?! 
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Why taking care of approximation effects? 
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Need for monitoring/profiling the Quality of Result (QoR) 

Controlling the Approximation 
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Controlling the Approximation 

Golden((
Model(

Approximate(
Model(

Checker(

It(has(to(be(noted(that(
establishing(a(suitable(error(
measure(is(highly(applica;on(

dependent…(
 

Applica;on(
Inputs(

OffAline(

OnAline(
…(and(the(value(is(
data(dependent(

Need for monitoring/profiling the Quality of Result (QoR) 
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OnLine Monitoring 
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RollAback(
Or(reconfigure(

Golden(Model(

Approximate(
Model(

Checker(
Applica;on(

Inputs(

Data(Output(

Checker(

Approximate(
Model(

Output(
Es;ma;on(

RollAback(
Or(reconfigure(

Golden(Model(

Approximate(
Model(

Checker(

Approximate(
Model(

Approximate(
Model(

Sampled(
Monitoring(

Golden(Model(

Approximate(
Model(



Online Monitoring: an example 

Applica>on)
Inputs)

Approximate)
Results)

&)Robust)

CPU(

NPU(

Recover)

Detect)

Rumba(
Khudia(et(al.(“Rumba:(An(

Online(Quality(Management(
System(for(Approximate(
Compu;ng”(ISCA(2015(

Error-Aware  
Input classification Output Temporal Similarity 
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•  Pure autotuning approaches    
•  Error = f(x,i)  

Off-line Quality Profiling 
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•  Pure autotuning approaches    
•  Error = f(x,i)  

Off-line Quality Profiling – Static Autotuning 

At design time: 
1.  Instrument the application 
2.  Perform a Design Space Exploration 
3.  Store the Pareto front 

–  APPLICATION KNOWLEDGE 

knob1)=)5)
knob2)=)1)

Objec>ve1)=)1000)
Objec>ve2)=)50)

Operating Point 
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Configuring a Tunable Application 

Input)

Tunable)Program)

Target)Plaaorm)

RunI)
Time)

AppAKnobs(

DeployI
Time)

Configuration 
file 
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•  Pure autotuning approaches    
•  Error = f(x,i)  

•  Proactive and/or reactive approaches:  
•  Error < K => x’ : f(x’,i) < K  

Off-line Quality Profiling – Dynamic Autotuning 

EFP)
Models)Dynamic(

(Autotuner(

Input) Features)

RunI>me)
Tunable)Program)

EFP)
Models)

EFP)
Models)

EFP)
Models)

Target)Plaaorm)

RunITime)

Knobs(

Goal)

DesignITime)

Monitors)

43 



•  Pure autotuning approaches    
•  Error = f(x,i)  

•  Proactive and/or reactive approaches:  
•  Error < K => x’ : f(x’,i) < K  

Off-line Quality Profiling – Dynamic Autotuning 

D.(Gadioli(et(al.(“mARGOt:(a(Dynamic(Autotuning(Framework(
Targe;ng(Adap;vity(and(Controllable(Approxima;on”(TCOM19(

X.(Sui(et(al.(“Proac;ve(Control(of(
Approximate(Programs”(ASPLOS(2016(

H.(Hoffmann(et(al.("Dynamic(knobs(for(responsive(
powerAaware(compu;ng."(ASPLOS(2012;(H.(
Hoffmann((”JouleGuard:([…]"(SOSP(2015(

mARGOt)

PowerDial)
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Online*

Control*System*
•  Use*machineOlearning*based*approach*to*build*error*model*fe*and*cost*

model*fc*
•  Assume*p(i)"is"equal"for"all"inputs ""

–  easy"to"change"assumpKon"if"needed*

22*

Offline*

Blue"boxes"provided"by"programmers"**

Error*
Model*fe*

Cost*
Model*fc*

Model*Builder*

Training*
Inputs*Training*
Inputs*Training*
Inputs*

Error*
Metric*

Controller*

Input* (ε,*π)*

Tunable*Program*

Cost*
Metric*

Profiler*

CAPRI)



IRA – Input Responsive Approximation 

Removing Offline Quality Profiling 

mARGOt - AGORA 

T.(Mar;novic(et(al.(“OnAline(Applica;on(Autotuning(
Exploi;ng(Ensemble(Models”(arXiv:1901.06228(

M.(Laurenzano(et(al.("Input(responsiveness:(using(canary(
inputs(to(dynamically(steer(approxima;on."(PLDI(16.(
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http://www.antarex-project.eu/ 

Thanks also to… 
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