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Scaling your code can harbor
performance surprises ...
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*Goldsmith et al., 2007

Communication
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Performance model

Formula that expresses a relevant performance metric as a
function of one or more execution parameters

S Analytical (i.e., manual) creation
i challenging for entire programs
15 | I
* Incomplete
= 12| Identify coverage
& kernels
H o9l
N
o « Laborious,
.| Create difficult
models y
0 1 | | |

29 210 211 212 213

Processes
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Empirical performance modeling

DARMSTADT
Performance measurements
with different execution
parameters Xi,...,X,
|
t4 .
ts Machine t=f(xq, ., xpy)
ts J learning
|
tho Alternative metrics:
th-1 : J FLOPs, data volume. ..
n
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Applications
v

I'L 'r" M |ll

Run-to-run variation / noise

"

== Cost of the required experiments
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How to deal with noisy data

* Introduce prior into learning process

« Assumption about the probability distribution generating the data

~ « Computation

« Memory access
<+ Communication
« 1/O

Time Effort
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Typical algorithmic complexities in HPC
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Computation

LU
t(p)~c

FFT
t(p)~c

Naive N-body
t(p)~p

Samplesort
t(p)~ p’

uonE2IUNWWON
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Performance model normal form (PMNF)

- Single parameter

fx) = z cx + p* - logl¥ (x) [Calotoiu et al., SC13]

k=1

Linear

Search regression +

Parameter . space

Quality
assurance

»

selection Cross-

configuration validation

n m
f(x]_) )xm) = z Ck Hx;kl . logékl(xl)
k=1 =1

Heuristics to

reduce search
space

Multiple parameters [Calotoiu et al., Cluster’16]
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Extra-P 4.0

Cor Value
5.546x10™" + 9.889x107™ * g**+ .., 110510

0.065 - 3.886x10™ * p'7* * loga(p... 0.212
MPI_Comm_rank 6910610 + 356710 ~ d' /4. 12110
MP|_Comm_size 1.894x10°% + 9.315x10°" * &' ¥ 7 L. 9.180x107"
~ Sohve
LTimes

T —
et 0.208 - 0.018 * logx{p) + 5179 10... 0.132

| Testary N+ 173 P d -

MPI_isend 0.507 « 7518107 * 4"/ * loga(d... 0.863

MPI_Waitall 0.101 - 5.78910° * &*#** loga(d... 0535
MP|_Finalize 2216210 + 1245107 * p's4 v, 2959107

Available at: https://github.com/extra-p/extrap
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MPI implementations
[Shudler et al., IEEE TPDS 2019]
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Platform ___| Juqueen __| Juropa__|Piz Daint _

Allreduce [s] Expectation: O (log p)
Model O (log p) O (p°°) O (p%°" log p)
R? 0.87 0.99 0.99

Match v ~ X!
Comm_dup [B] Expectation: O (1)
Model 2.2e5 256 3770 + 18p
R? 1 1 0.99

Match v v X
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Kripke - example w/ multiple parameters @ADL
) N

[SweepSoIver

Main computation kernel

Expectation — Performance depends on

P
MPI_Testany

Main communication
kernel: 3D wave-front 4
communication pattern

Expectation — Performance depends on
cubic root of process_count

problem size
[~ d * g {

Kernels must wait on
each other

|

Actual model:

t=5+d-g+0.005-3p-d-g

Actual model:

t=7+3p+0.005-3p-d-g

[ Smaller compounded effect discovered }

\

J

*Coefficients have been rounded for convenience
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Experiments can be expensive
Need experiments, = #parameters
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50

40

30

20

Problem size per process

V22 Low memory (5555 High jitter

O O O O —
O O O O ©)
= O O O ©) O =)

10

4 8 16 32 64
Processes
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Multi-parameter modeling in Extra-P

Combine them in the
most plausible way
(+, *, none)

Find best single-

parameter model

¢ log(p)+c, p
¢, "1og(p)+c, p-log(p)

¢, log(p)+c, p°
¢,"log(p)+c, - p*-log(p)

G +Cp ¢, p+c, p-log(p)

¢ +¢, - log(p) ¢ pre, p’

¢ +c.oprlog(p) ¢ p+c,-p’-log(p)
ctesptlog(p) ¢ prlog(p)+e, p’

¢, p-log(p)+c,  p*-log(p)

¢ p’+c, p’log(p)
\

¢ +c,'p 2000
1500
1000

500

awnun

Generation of candidate models
and selection of best fit
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How many data points do we really need?
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. 50 ] o o o L 2
]
g_ 40 El O ®) ®) ®)
@
o 30 E O O o o
N
k7
g 20 B ®) ®) ©)
re)
o
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|
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Processes

11/2/21 | Technical University of Darmstadt, Germany | Felix Wolf | 15



Learning cost-effective sampling strategies
[Ritter et al., IPDPS’20]

Ground truth _
Evaluation

d Function generator h Prediction

f(xlf"‘f'xm) = chl_[ xlik; 10g2b (xl)

PR Ss Empirical model

30eqPa9

Reinforcement learning 1
agent

J
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Heuristic parameter-value selection strategy

Gather on additional
measurement

4 )
Measure min.
amount points [ Final model ]
required for modeling
- /

\ 4

If cost

yes

<

budget

Create a model using
Extra-P

v

(assumed to be
cheapest)

\_ )

\ 4

[ Create new model ]
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Synthetic data evaluation
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5
Training Evaluation o
—— 15%
4 10% ——
— 5%
5% s
" 1 -10%
3 & -15% ——
:; . _— -20%
E @
= | e
1
0
0 20 40 60 80 100 120 140

processes p
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Synthetic evaluation results

1 parameter, 5% noise

Repetitions
2 4 6

- 7 o
- 80%

- 60%
-40% 2 1 B |

— 20%

Percentage of accurate models*

5/100% 9/12% 11/ 13% 15/ 17% 25/100%

Measurements used / Percentage of cost
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Synthetic evaluation results

3 parameters, 5% noise

Repetitions

Percentage of accurate models*

13/ 1.7% 15/1.8% 25/2.2% 751 1% 12
Measurements used / Percentage of cost
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Synthetic evaluation results
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Percentage of accurate models®

‘Repetitions

2 4 6

17 10.1%

4 parameters, 5% noise

18/0.12% 25/0.17% 125/1.2% 250/4.2%

Measurements used / Percentage of cost

625/ 100%

100%

{ 80%

-{ 60%

140%

| 20%
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Synthetic evaluation results
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4 parameters, 1% noise

‘Repetitions
2 4 6

Percentage of accurate models®

17/01% 18/0.12% 25/0.17% 125/1.2% 250/4.2% 625/ 100%

Measurements used / Percentage of cost

100%

80%

60%

40%

20%
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Application #Parameters Cost savings | Prediction
[%] error [%]
FASTEST 2 0 70 2
Kripke 3 3 99 39
Relearn 2 0 85 11
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Noise-resilient performance modeling TECHNISCl

[Ritter et al., IPDPS’21] DARMSTADT

» Performance measurements » Neural networks are resilient to
frequently affected by noise noise — when noise is part of

= Regression struggles with their training
increased amounts of noise —
especially w/ more parameters

Original Reconstructed
]

100% application behavior P

X | noise

1 Parameter:

0 . . .
3 Parameter: 100% application behavior

Adapted from: https://developer.nvidia.com/blog/ai-can-now-
fix-your-grainy-photos-by-only-looking-at-grainy-photos/
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Noise-resilient adaptive modeling

DNNSs often better at guessing models in the presence of noise

Transfer learning

DNN Performance
modeler model

Performance _ _ Final
measurements -{ Estimate noise J [ Select best model

Classic Performance
(sparse) model

modeler

Adapted. Original © 2021 IEEE

no
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Noise-resilient performance modeling
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Synthetic evaluation DARMSTADT
Median relative error
(at unseen point, two ticks in each dimension) °
m Adaptive mRegression —
30% 11
|
25% 0 S,
20%
15%
10%
o
o, N
20% 50% 100%
Noise level

Adapted. Original © 2021 IEEE
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Noise-resilient performance modeling
Case studies — Results

|

. . |
Median relative error I
|

m Adaptive mRegression 0
80% -
70% - 69,79% Noise < 5%:
60% - only the regression
modeler is used
50% -
40% -
30% 1 22.28%
20% - 13.45% 16,23%
10% - 7.12% 7.12%
0% - . | B

Kripke (Vulcan) FASTEST (SuperMUC) RELeARN

Adapted. Original © 2021 IEEE
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Noise-resilient performance modeling
Case studies — Noise

z - p—
2 150 - — maximum M max tmax = 160.26
-E X mean 7
2 .
=T qp -, median
= 2 minimum #pin
2
8 9—1) 50 L nmax — 53’67 x ﬁ — 49056 nmax — 0.67
Z5 i =17.44 ) i1 = 0.65
. Noin = 3.66 ——tmin =751 7 npin = 0.64
M | | |
Kripke FASTEST RELeARN

(Vulcan) (SuperMUC) (Lichtenberg)

Adapted. Original © 2021 IEEE
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[Naumann et al., in preparation] DARMSTADT

Sparse Better?
50 O O (0] O O 50 O O O O O
. 40 0O o} o) o) o) o 40 ] o) o o o
2 30 O o o) o) o) 2 30 0 0 o) A o)
Q Q
£ 20 0O o O o o £ 20 0O A o o o
10 . L4 L L L 10 ) ° o o °

4 8 16 32 64 4 8 16 32 64
Processes Processes
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Optimized measurement point selection a2
via Gaussian Process Regression (GPR) — Introduction DARMSTADT

2.0

=-=== target function prediction
»  training data 20 credible region
Ueds 0 ) 6 3 10

> |

From: Leclercq, Florent. (2018). Bayesian optimization for
likelihood-free cosmological inference. Physical Review D. 98.
10.1103/PhysRevD.98.063511. Used with permission.
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Optimized Measurement Point Selection Rt
Gaussian Processes DARMSTADT

Gaussian Process (GP): Series of normal distributions

[ Mean function ] [ Covariance function }
20
— f{X)
e Observations
15 { —— Prediction

B 95% confidence interval

-10
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Optimized measurement point selection
Gaussian Processes

Idea: Use covariance function

: : High Promising

‘| 4 N
N { Candidates J

~ Measurement costs
01 have to be considered!
o /

] Cost-benefit calculation

00 25 5.|0 7.'5 10|
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Results

Synthetic evaluation (3 parameters)

Relative error < 20%
(at unseen point, 2 ticks in each direction)

5% Noise 7.5% Noise 10% Noise
m Sparse mGPR mHybrid

100
98
96
9
9
9
8
8

o O N H

% of accurate models

(0))

Additional measurements
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y '
I
0 2

Measurements needed
(in addition to the minimal measurement set)
60
50

40

30

5% Noise 7,5% Noise 10% Noise
m Sparse mGPR mHybrid

(@)

o

(@)
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Results

Budget needed

(Compared to complete measurement set)

5% Noise 7,5% Noise 10% Noise
m Sparse mGPR mHybrid

40

35

3

o

2

o

2

(@)

% of budget used

1

a

1

(@)

a

(@)
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Parameter selection
[Copik et al, PPoPP’21]

* The more paramters the more experiments

« Modeling parameters without performance impact is harmful

Input parameters Which

parameter

influences
which

function?

Taint Program

analysis

SEL VN
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Thank you!
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