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Project Goals

1. Real-time Semantic Segmentation of HD
Video (1Kx2K@60fps)

2. Hardware-friendly neural network
architecture

3. Proof-of-Concept using GPU
4. ASIC
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Semantic Segmentation — CityScapes Dataset




How to do it?
Autoencoder, Naturally

Encoder

Decoder
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backward/learning
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ICNet

Long, J., Shelhamer, E., & Darrell, T. (2015). Fully convolutional networks for semantic segmentation. In Proceedings of the IEEE conference on computer vision

and pattern recognition (pp. 3431-3440).

Zhao, H., Qi, X., Shen, X., Shi, J., & Jia, J. (2018). Icnet for real-time semantic segmentation on high-resolution images. In Proceedings of the European Conference
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mean loU
(Intersect over Union)

What we want for semantic segmentation?

Accuracy vs frames per second
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Network design tradeoffs

* Performance (Accuracy) Accuracy vs Operations Per Image Inference

 Cost 3 What‘w,e Wank messson st
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o ResNet-34
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* Inferencing
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* Energy consumption
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Network Design
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Dense Connectivity

Densely connected convolution networks CVPR 2017 oral presentation slide
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DRAM Traffic vs Run-Time

Real GPU DRAM R+W Traffic (GB)

250
0 5 10 15 20 25 30 7 . !
18 1 1 1 1 1 (_SJ- 225 - ARM S Trafflc VS. .
U .
o 2 50 | Real Runtime D-r100
o~ A---A E (cycle-accurate simulation)
o 14 | FC:D ref100 e
E FC-D 103 (GFLOP=142) S 150 | D-103
S12 } (GFLOP=134) = |
= AA <125 | o | D-67
FC-H ref100 2 ! .
% 10 B (GFLOF):‘]S‘])(* DA FC-D67 g 100 | SegNEt\-l(ss% Reduction
5 g |
UIJ 8 } ECii 84 & 5 3—56 @ DenseNet
Iz FCN8S 2 50 |
P g | (cFLOP=279) A FC-D 56 g HarDNet
o LT >
= e C ) E 25t @ 5SegNet
% 4t ‘--__6‘ FC-HT76 A00O Real DRAM Traffic vs. @
8 O®  Seghet runime 00 05 1 15 2 25 3 35 4 45 5§
2 | FCHes - : : - : :
AOCO 0 vs. runtime Simulated Traffic by ARM Scale Sim (GB)
0 : : : Figure 3: Runtime vs. DRAM traffic measured by the simulation of ARM Scale.
0 1 2 3 4

TIO (GB) @ float32

NTHU-CS YLLIN



Low DRAM Traffic (Run-Time) and
High Accuracy
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To make an ASIC

USD100/10W

ASIC

USD8000/300W

SPECIFICATIONS
L -
TeslaV100 Tesla V100
PCle SXM2
GPU Architecture NVIDIA Volta
NVIDIA Tensor . Vision
[N
Cores ————
[} N
NVIDIA CUDA® 5 120 ] ) Al
Cores | T v e
o ngin

Double-Precision 7 TFLOPS 7.5 TFLOPS g e
Performance
oingle-Precision 44 7FLops 15 TELOPS

erformance
Tensor 112 TFLOPS 120 TFLOPS DDR3
Performance
GPU Memory 16 GB HBM2
Memory
Bandwidth 900 6B/sec
ECC Yes
Interconnect
Bandwidth® 32 GB/sec 300 GB/sec

System Interface

PCle Gen3 NVIDIA NVLink

Form Factor PCle Full
Height/Length SXMz2
Max Power 250w 300w
OI'T\SIJI'HPIIOI'\
Thermal Solution Passive

Compute APls

CUDA, DirectCompute,
OpenCL™, OpenACC
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> 99% Computes are
2D Convolution

(Multi-Channel, Multi-Filter)

: r (m = 8 umiut BPE; H+
X Dout filters for {m = 8; m ¢ numOutputlayers; si++)
tor {n = 8; n < numlnputlavers: n+s)
for (h = 8; h < outputHeight; h++)

for (W= 8; w < outputiidth; w++)

for (1 = @; 1 € kernelHeipht; it+t)

for (7 = @; 7 < kernelWidth; j++)

out[m] [h] (] +-

A Comprehensive Introduction to Different Types of Convolutions in Deep in[n][h = 5 'llll*.*' "5+]]"
Learning -- Towards intuitive understanding of convolutions through kernel[m][n][1][3];
visualizations
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2D Convolution with Systolic Array

Output Stationary

Input Feature Map

. -

Citation: Ananda Samajdar, Yuhao Zhu, PauIWhat mey gﬁ

IEHWW Mattina, and Tushar Krishna. Scale-sim:
Systolic cnn accelerator. arXiv preprint arXiv:1811.02883, 2018.
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Memory bound vs Compute Bound
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Results

* Network
e 69-Layer Convolutional Neural Network (Other versions: 84, ...)
* 3.8M parameters
e 59.685G Operations per 1Kx2K frame inference

* PyTorch on GPU Implementation

e 80fps on a TWCC nVidia Tesla V100 32GB GPU (300Watt, USD8,000)
e 59.658Gops * 80/ 120Tops ~ 4% utilization

* Preliminary ASIC Design
* 9216 MACs (Mutli-Add) = 18,432 PEs
e Peak performance 9.216 Tera ops @ 500 MHz
* 3.846M Clock Cycles to inference a 1Kx2K frame
e 59.685G / (3.846M * 18432) ~ 85% utilization



Thank youl!!



