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The rise of deep learning iIn ML ‘ N i

Deep neural networks have enabled major advances

In machine learning and Al
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Artistic Style transfer Convolutional Neural network




Autonomous driving : SAE/NHTSA N i
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Autonomous driving : Three Pillars N i

Sensing Path Planning Driving Policy
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Deep learning for ADAS : LDW M i

Training
I

¥ﬁﬁ ’ Res-like




Deep learning for ADAS : FCW/PCW N i

Vehicle detection & Pedestrian detection

Faster RCNN + Res like



The problems of DNNs when deploying N i

Computation intensive & Memory intensive

Challenging to deploy in end-devices

Cost & Latency & Power




Moore’s law in DRAMsSs M i
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Moore’s law slowdown in intel processors M Eii
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Cost per transistor is slowing down faster , due to fabrication costs



Silicon alternatives for DNNSs

<Flexibility

@O

MS BrainWave
Baidu XPU
Teradeep
Deephi Tech
etc.

Hard
DPU
1tinni

M i
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ASICs

Google TPU

Intel Nervana
Wave Computing
Movidius

etc.
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The power of deep learning on FPGA N Eli

- Excellent inference performance at low batch sizes

Ultra-low latency serving on modern DNNs(>10X lower than CPUs and GPUs)

Performance L o o
Minimize memory bandwidth via data re-distribution

_— Optimized algorithm to decrease the number of multipliers

— ldeal for adapting to rapidly evolving ML

N CNNs, LSTMs, MLPSs, Reinforcement Learning, etc.
Flexibility

Inference-optimized numerical precision

_ Exploit sparsity, deep compression for larger, faster models

Scale [ Compose multiple computing-engines together to support more models at the same time
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FPGA-powered platform solution erCNN N i

v' Fast: ultra-low latency, high-throughput serving for CNN models at low batch sizes
v" Flexible: adaptive numerical precision and custom operators

v" Friendly: compiler tool-chain for faster development & deployment

Pre-trained DNN model Compiler tool-chain CNNIE
in CAFFE, etc. P Soft DPU
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How it works: The Solution Stack N il

\ ‘g',.-""-

A framework-neutral federated compiler and runtime for
compiling pre-trained DNN models to CNNIE (soft DPUS)

Adaptive ISA for narrow precision DNN inference

Flexible and extensible to support fast-changing Al algorithms

CNNIE Soft DPU microarchitecture

Coarse-grain by layers, fine-grain with parallelism and pipeline

Highly optimized for narrow precision and low batch
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CNNIE : CNN inference engine N i

MO]} [0JJu0D

> Inter-Layers: Combined via FUs, coarse-grain parallelism

» Intra-Layers: Fully-pipelined/Multi-dims(input/output feature maps/kernel) parallelism, fine-grain
» Supported layers: Convolution/Pooling/ReLU/Interp/Fully connected/Element wise/Concat/Softmax
» Flexible numerical precision: fp16/int16/int8

» Winograd Optimization , the same performance with ~4x less DSP unit



Compiler toolchain : faster efficiency N Eii

s, - - - - == \
protxt Compiler (On-line/Off-line)
: Model Net layer > I
| caffemodel ) parse i |
I
: |
| Optimize — 2 | Mapping :
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| CNNIE |
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» Faster development
» Auto-mapping from model to primitives

» Compile mode: Online/Offline



Run-Time SDK API : Easy to use M i

Initialization Run in time End
» cnnieOpenDevice: Open device, alloc » cnnieRun: prepare data, launch cnnie » cnnieCloseDevice: Close
resource device, release resource

» cnnieGetOutputNum: get net output layer number

» cnnieLoadModel: Load model _
» cnnieGetOutputData: get net output data



Platform performance

Direct Convolution -> WinolD 1x2 -> WIino2D 2x2
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Platform performance & resources N il

Direct Convolution -> WinolD 1x2 -> Wino2D 2x2
_____

218600 12599 20719 28276

FFs/Registers 437200 18788 21906 30594
DSP 900 144 192 256
RAM 545 66 66 42

____
Ideal GOPS(200MHz) 115.2 230.4
Test GOPS(MAX) 53.0 104.0 215.8
Efficiency(MAX) 92.0% 90.3% 93.7%
DSP 1 1.3 1.8

When DSP increased by 30% and 80% , the computing performance increased by
100% and 300% respectively
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Deep learning for ADAS with FPGA Vel:ll

4_____________

Weight/Parameters

Courtzey — Madiui, MFE
3

Model
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Product solution - N Ei
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Deep learning for ADAS : Field test
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Deep learning for ADAS : Field test
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Adaptable.
Intelligent.
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