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Intfroduction & Motivation

Deep learning is widely applied across industries

Model learning greatly benefits from GPUs

GPU as a service: $200-million market in 2016 with a 30% CAGR

Goal: performance models with good generality
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Convolutional Neural Networks
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CNNs are characterized by their architecture and hyper-parameters

Slide 3 - I POLITECNICO DI MILANO



Contributions

Per Layer Models

End to End Models
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Layer Computational Complexity

Layer Forward Backward

Conv HfoCincout (2HfoCin + 1) Cout
FC HinWinCinCout 2]{invvincfinc(out

Loss 4Cout — 1 Cout + 1
Norm 5C()ut + Cn — 2 8C0ut -+ Cn —1
Pool HWeCyut (HeWr + 1) Coug
RGLU BCout 4Ciout

Derived from architecture and hyper-parameters
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Per Layer Models

t; = Bor + Bic + €

Learn linear regression models per layer

_ECNN _ IZtAl

leL

Sum terms according to CNN architecture
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_L End to End Models

Extract from historical data the execution time of the network in its

entirety

Vary batch sizes and number of iterations

Apply linear regression

Affine dependency
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Experimental Settings

Several well-known convolutional neural networks

AlexNet
GoogleNet
VGG-16

ImageNet dataset (ILSVRC12)

Intel Xeon 10-core processor and NVIDIA Quadro M6000

3,072 CUDA cores
12 GB dedicated RAM, 317 GB/s bandwidth

7.0 TFLOPS in single precision
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GoogleNet Pooling Layers
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Large errors with only one model for pooling layers
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GoogleNet Pooling Layers
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Linear Regression Coefficients

Category (3% [ms] fw [?—5} BSW [ms|]  BbW {?—5}
Conv/FC 1.83e—1 3.43e—10 3.15e—1 3.65E—10
Norm 1.64e—2 7.11E-9 1.0l1e—1 6.87E—9
Pool S=1 223E-2 127E—8 1.52E—1 1.93e-8
Pool S >1 144g—-2 1.45e—-8 6.11E—-3 5.67E—S8
ReLU/Drop 891g—-3 1.17—8 1.18E—2 1.33E—8

Models obtained from GooglLeNet timing data
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Actual vs Fitted Plot - Per Layer
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Actual vs Fitted Plot - Per Layer
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Actual vs Fitted Plot - End to End
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End to End Models Extrapolation Capabilities
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Conclusions & Future Work

Accurate per layer model with good generalization capability

End to end model linked to the specific CNN, resulting in different
accuracy/generality trade-offs

Multi-GPU, multi-framework modeling

Capacity planning based on performance prediction

Optimal job scheduling relying on performance models
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_L '!'he End

Thanks
for your attention!
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Multi-GPU results
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10 20 30 40 50 60 70
Number of features
GPUs number Extr. Extr. Inner Modules number
GPU Type GPU Type
Network Framework K80 M60 | GTX 1080Ti M60
AlexNet PyTorch 7.21 12.18 498 Network | Framework | Max N. IMs 1 2 4
TensorFlow | 24.75 | 17.27 8.77 ResNet PyTorch 4 2351 | 2795 | 17.40
ResNet.50 |_EyTorch 511 | 9.04 11.76 ResNet | PyTorch 5 2485 | 2511 | 16.75
TensorFlow | 24.58 | 18.29 6.54 ResNet PyTorch 6 26.76 | 2040 | 16.63
VGG-19 PyTorch 12.20 | 1598 24.13 ResNet PyTorch 8 17.06 793 | 15.99
TensorFlow 8.84 | 13.52 13.65
[ ]
Batch Size Exir.
GPU Type
P600 K80 M60 GTX 1080Ti
Network Framework 1 2 1 2 3 4 1 2 3 4 1 2 4 8
AleNet PyTorch 1112 | 785 174 | 333 | 181 | 066 || 619 | 349 | 658 | 075 || 043 | 162 | 115 | 416
exiNe TensorFlow || 9.83 | 10.04 || 230 | 261 | 428 | 282 || 719 | 636 | 691 | 696 || 406 | 536 | 114 | 1.12
ResNet.50 |_PyTorch 1064 | 1197 || 076 | 7.83 | 3.09 | 453 || 360 | 20.04 | 958 | 464 || 1262 | 11.93 | 2063 | 4.29
esiNe TensorFlow || 237 | 1435 || 1025 | 1.27 | 1.84 | 683 || 208 | 279 | 3.07 | 2149 || 068 | 644 | 143 | 12.06
. PyTorch - [ 13.88 | 21.71 | 2763 | 965 || 10.74 | 1854 | 1381 | 768 || 2498 | 1740 | 293 | 1406 | 18
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