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Introduction

Machine Learning is now
part of our daily life

@

|;|E It is used from embedded
systems to supercomputers
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Why Performance Estimation

Self-Driving Cars Face recognition (e.g., Mobile Phone)

Needs high performance Needs low power

Fast executions Do not need fast execution

Needs powerful accelerator J Less powerful accelerator
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Improve Design Process

Classical Development

%R -

TIME
INTENSIVE,

PRICY, NEEDS GPU

EXPERTS

AGRA

Automatic Performance
Estimation

‘ ‘No GPU
Faster,

experts
. needed
Low costs,

Design
better,

(
Less prototyping,
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State-of-the-Art Approaches

Need actual Device

e Use Performance Counter
e Performance Counter are not unified
e Profiling works on machine code

Static-Code-Analysis

e Do not consider conditional jumps/branches
e Can over- or underestimate
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Parallel Thread Execution

/! Generated by LLVM NVPTX Back-End
.version 6.0

.target sm_61

.address_size 64

e CUDE = PTX reqntid 256, 1, 1{

.reg .pred Gep<ld;

e Is an virtual ISA mov.u32 %rl3, %ctaid.x;
mov.u32 Y%rl4, %tid .x:
shl.b32 %rl15, %rl13, 10;

« Portable between NVIDIA Shl b33 frl6, rld, 2

GPUs setp.lt.u32 %pl, %rl, 718296:

@%pl bra LBBO0_2;
bra.uni LBBO_1;
LBB0O_2:
Id . param .u64 %rd10, [fusion_135_param_0]:
LBBO_1 :
ret;}
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Methodology
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Dynamic Code Analysis

HyPA

Static Analysis Dynamic Analysis

Instruction Identification Instruction Set Simulation

v v

Register Emulation

v

Divergent Branch Detection

Y

Instruction Graph Generation

Filtered Instruction Graph
Generation

CNN Profile

AGRA

2 5, St

SHLD32 TS, %16, 9

—
Wl %2, 16384;

setp (32

mov.u32 %r7, %tid.x;

mov.u32 %r6, %ctaid.x;

shl.b32

shl.b32  %r8, %r6, 9; %r1, %r7, 2;

or.b32

setp.lt.u32 %pl, %r2, 16384;
@%p1 bra LBB3_2;

%r2, %rl, %r8;
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Predictive Model

 Five different Algorithm
* Linear Regression
« K-Nearest Neighbors
« Random Forest Tree
* Decision Tree

&

e XG Boost Small Dataset Fast Execution
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Results

How good are the predictive models?
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Regression
Model

COm pa ring Linear Regression 8.07%
diffrent ML- K-Nearest Neighbors  5.94%

Regression
MOdElS Random Forest Tree  7.12%

Decision Tree 5.73%

XG Boost 7.59%

MAPE

R2

-0.0034

0.34

0.22

0.45

0.14

-0.4439

0.08

-0.12

0.19

-0.24
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Results

1.6 original 161 original
E prediction I prediction

1.4+ 144

Regression Model
2o 2 o5

0.6 0.6

Linear Regression 8.07% -0.0034 -0.4439

0.2 0.2 4

" (\p.&"" (\7&‘;’ (3,@‘0 (ﬁ“‘ Qvo“v t\éﬂ " Q,-;? Q,-P"" Q:;v"h Q:}“ﬂ Qvo"(\ “7?9

‘@a@ Q\o""& & & 4 G° & It & & 4 G
& o & & & & & & & &
H 0,
(&) Decision Tree predicted (5) KN prediced K-Nearest Neighbors  5.94% 0.34 0.08

161 original 161 original

1] EEE prediction 14 E prediction

121 1.2
Random Forest Tree 7.12% 0.22 -0.12
£ 0.8 = pa

0.6 0.6 4

0.4+ 0.4

0.2 0.2 . e

a1 ‘"R A B 1 R Decision Tree 5.73% 0.45 0.19

(\7?‘? c;*"" -:?-@& (\7.*"\ Qvo“Q ‘\7.69 Q'»“h Q;r"‘? (;:96 07}\ Qvo"o ‘\7';9‘
R XG Boost 7.59%  0.14 0.24
. 0 . =VU.
(c) Gradient Boosting predicted (d) Random Forest Tree predicted
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Most Influencing Predictors

Trainable
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Executed
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Memory
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Execution Time

Execution Time Comparison « Time of PrOflllng  Time Dynamic Code
6000 (nvprof): Analysis
« Min 314s « Min 6.8s
« Max 1037s « Max 60.2s

4000 « Time Predictive Model
« Min 1s

5000

3000
« Max 11s
2000
1000 CRN Naive Approach {5} Ours (s)
iy n=1 n=2 =3 mn=4 =5 n=b =T |lpm tgea|m=l =2 n=3 n=4 =5 =6 =7
cihicieninel b3 | 663 | 663 1306 1,080 1632 3315 3078 4631 11 248|358 468 370 6E8 708 UOK 1018
efficienmet bd | 778 | 778 1556 2334 3112 3800 4668 5446 0 240(330 420 510 600 600 7RO 7.0
0 efficientnet b3 | 930 | 050 1900 2850 3800 4750 5700 6.610| § 403|483 563 643 723 803 883 063
cfficieninet b6 | 936 | 936 1872 2808 3768 4680 5616 6352 8 602|682 762 842 922 1002 1082 116.2
1 2 3 4 5 6 7 8 9 efficientmet b7 [ 1,037 [ 1,037 2074 3,111 4,148 5185 6222 7259| 1 &8 |78 88 08 108 118 128 13.8
. Xception 314 | 314 628 W2 1256 1570 1884 2198| § 236|316 W6 476 356 636 Tl6 TG
== Naive Approach ====Ours MobileNet V2| 343 | 343 68 1,020 1,372 1715 2,058 2401 & 122|202 282 362 442 522 602 682
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Conclusion

N4
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Future Work

« Combining with power estimation
« Multi-Objective Optimization
« Improve dynamic code analyzer
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