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Deep Learning is Broad

Wide spectrum of applications, wider spectrum of technology

Applbm Medical: genomics, radiology,

screening, protein sequencing

Social media and big-data
search:
Google, Facebook, Microsoft,

Baidu, NEC I&M Yahoo,
AT&T;. o

s ﬁ@ '@ﬁ;

Finance: TradeTrek, M.J. Futures, Alyuda g

ﬂ%&é{{,’oﬁ/mmuor@/

¥ Microsoft
Caffe ¥ TensorFlow CNTK

theano

+‘r

@xnet Caffe2

. torch

PYTORCH

Speech recognition: Apple,
Google, Nuance, Microsoft

What can | help you with? o
T

Vision/ADAS: Nvidia, Intel

/
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CNN: Convolution Performance is Key — How to Scale?

Cloud

OADAS (L4/5)  +50-100TOPs
@ omtons LYl
ADAS (L2/3) - M'ulti-net « Large batch
- 1-4TOPs : g'gh res - None-RT
* Real-time
@uicbie  midres
S . Real-time MACs/cycle @1GHz
« Mid net loT 100
* High res :
O|OT « None-RT Hlslaillz 2l
- 100GOPs ADAS(L2/3) 1000 - 4000
* Small net ADAS(L4/5) 10,000 — 20,000
* Low res
» None-RT Cloud 50,000 - 100,000
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Diversity Drives Neural Network Complexity
Net topology, layer count, feature map and kernel sizes differ significantly
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Conv and FC layers account for 90% load
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Convolution Operation Deep Dive

Convolution layer is multi-dimensional
« a 3-D input feature tensor convolving with a set of 3-D filter tensors

* Deep loop stack in software

 Large variation of input spatial dimension, channel depth and filter count

Operation:

c-1 R R
Folx,y,n Z Z Z W,r,c)*Fi(x+r,y+r,c) VxeEX,yeEY meM

Implementation as 8 nested loops:
for (b=0; b<B; b++)
Layers | for (1=0; I<L; I++)

Batch

—W for(m=0; m<M; m++)
H%mphagﬁt —» for (y=0; y<H: y++)
Ifmap width for (x=0; x<W; x++)

Folx,ym)=20
Cha””ds_ » for (c=0; c<C c++)
Kernel width > for (ry=0; ry<RY: ry++)
Kernel height

> for (rx=0; rx<RX; rx++)

Fo(lL,b,x,ym)+=WI,

n(rx,ry,c)* FIILb,x+1rx,y+1Yy,0)

OFMAP
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GEMM Approach Non-ideal for Embedded Al

* GEMM converts convolution into 2-D matrix multiply by brute-force
- IFMAP

« TxN array, linearize spatial dimension X*Y rows

+ Replication of activation data by R*R across C channels
« Filter Filter Matrix

* N*M array, R*R*C channel element rows, M filter columns M
ys ] i
[ mmomom
m m m m MM MM
Input Feature Map Matrix AmaE
p p <=0 |c=0|c=0 [c=0
=1 Je=1 e et
kx=0
ky=0 -1 Jc1 fed fe1
L =0 |c=0|c=0[c=0
N=RXRXC
1 kx=1
(x0,y0) (x1,y0) (x2,y0) x0y1) (xLy1) 2,y1) (x2,y0) 2y1) (2y2) ky=0 c1 et et fea
t=0 c=0fc=1].. fe-t Jes0fe=t .. fe-d Je0fest).. fed Je0fe=t|.. fet Jeofe=t].. et Je=Ofc=t).. fc-t fesOfca).. et fe=0fcet].. et fesofestf.. Jed (=) [l =
t=1 c-0 fc=1 c1eofe=1 . et feofestf.. fea fesofest].. fe fesofc=].. Je1 Je=0e=1]. c-1 fc=0fc=t].. fet fe=ofc=a].. fe E=0c=1 festc=h
t=2 c=o0fc=1[.. [ca fesofesa [ fe fesofesa ] [ea [eso]ema]. et Jeo]ea]. e [eofeea . et fe0 fest [ fet fesofesa .. fer (S A I o
t=3 =0 fc=1].. Jea [eofe1].. et fesofesa].. e fesofesa | fe fesofest].. fea feoe=t |- 1 Jesofest | e fesofesa]. fea ky=0 et let jed Je1 2] G| B
c=0 |c=0 |c=0c=0 =0 |c=0|c=0[c=0
c=1 |c=1 Jc=1 =1 =1 Jo=1 c=1 fe=1
kx=0 .. [
[ = Y 1 [ea [en [en
S c=0 |c=0 |c=0|c=0 =0 |c=0|c=0 [c=0
c=1 |e=1 Je=1 [e=1 =1 Je=1 e et
X ot
>< ky=1 [ed e e fed c1 fc1 fe o1
c=0 |c=0 |c=0|c=0 =0 |c=0|c=0 [c=0
” c=1 |e=1 Je=1 [e=1 =1 Je=1 e et
kx=2 .. [
| ky=1 fe1 ]t feafea e fereafer
c=0 |c=0 |c=0|c=0 =
c=1 |c=1 Je=1 fc=1 =1 Je=1[c=1 [c=
kx=0  fo | [
ky=2  [ed e [ fed c1 fc1 fet o1
c=0 |c=0 |c=0|c=0 = 0
c=1 |e=1 Je=1 [e=1 =1 Je=1 e et
kx=1 o | fe |
ky=2  [ea e feafea et [ [ea [en
t=T-4 c=0 [c=1 c-1 [c=0 fc=1 c-1 [c=0 |c=1 c-1 fe=0c=t | Je-1 Je=0fc=1].. fe-1 Je=0 fc=1]. c-1 Jc=0 fe=1].. c-1 fc=0 c= =0 [c=0 [e=0|c=0 = c=0
t=T-3 c=0 fc=1].. fc-1 Je=0c=1 c-1 fc=0 |c=1 c-1 fe=0c=1 [ Je-1 Je=0fc=1].. fe-1 Je=0 fc=1]. c-1 [c=0 fc=1[.. [c-1 Je=0c=1]. =1 Jc=1 Jc=1 [e=1 c=1 Jc=1 [c=1 Jc=
t=T-2 c=0c=1].. et |e=0fc=1 c-1 |c=0c=1 o1 fe=0c=1 .. |ed fes0fe=t .. Jet fe=0)e=tf.. Je1 fes0fe=af.. fe-d Jes0fe=t .. Je-t Jes0fe=a].. fe-1 kx=2
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NxN Plain GEMM Accelerator

* NxN, N=64 MAC array
— 64 independent vertical slices
— 64 accumulator rows

Stationary weight array
— 64 rows of kernel weights preloaded to
array cells in 64 cycles
Dynamic input/output vectors
— One 64B/cyc imap vector is fed to array
— One 64B/cyc omap vector is produced

Psum stationary array also possible

Limitations

— Rigid array configuration often under-
utilized in various layer dimensions

— High pipeline overhead
— im2col implodes memory footprint

— Inefficient for vector*vector, vector*matrix
without large batch

— Hard to partition for multi-core

ananp jnduj wol4

kernel vec: 64B

64 cols

64 rows

To Outgut %ueue
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Scaling the Dimensions to Accelerate

3 Chips
4 7
5 ——
1 .
1T 1 2 | 4 |
1-D » Select one hyperparameter

SIMD or SIMT Vectorized processing

Select two hyperparameters

Nominal network size:

» 50 layers
* 500M MACs } 1.5T MACs
* 60 fps

1D vector engine (GPU, DSP or HW):
* Frequency: 1GHz
* 1000 — 2000 MACs/cycle
« At the limit of datapath width
» Utilization hard to sustain

2D or 3D array engine:

2-D Concurrent processing of cross elements
Explore mutual data reuse
"';':'T """""""""""""""""""""
Select three hyperparameters
3D yperp

Organize as stacked 2-D sub-planes
Concurrent cross processing in sub-plane

Compute Elements

* Frequency: 0.5-1GHz

« 4K MACs/cycle

« 2D: 64x64

« 3D: 32x32x8

« Easy to achieve high utilization
« Data reuse minimize 10

* More complex scheduling
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Extract Parallelism for Multi-dimensional Scaling

Dimension

Batch of
images (B)

Layer (L)

Number of
kernels (M)

Spatial (X,Y)

Input depth
(€)

‘ Dep.

Indep.

Data dep

Indep.

Indep.

Accum.

Accum.

‘ Single Core Multi-Dimension Vectorization

Typically not applied because B <<V
May be applicable to narrow SIMD
Requires interleaving data from multiple “images”

NA, layers processed sequentially or pipelined in
different cores due to layer-to-layer data dependency

Most efficient for wide SIMD (M >> V and M%V == 0) )
Allow kernel weight or data reuse

Large local mem footprint due to parallel accumulations
Requires data and weight reorganization

Typically applied to X only when X >>V
Filter weight can be reused for entire vector
Inefficiency if X%V is non-zero

Inefficient for shallow layer with C <<V
Require vector reduction of the partial accumulator

values in SIMD ways y

Typically not applied due to odd and small R
Different rows of R in the same vector computes
different data, require data re-org, lack of reuse

‘ Multi-core (U) Parallel Load Split

Easy to distribute smaller batch to cores when B >> U
Reduce filter weight reuse (weight replication, reduced W reuse)
Latency to process one image not reduced, bad for RT application

No overlapping weights in cores, most effective weight reuse
Challenge is to balance compute load for different layers
Core-to-core data dependency requires core-to-core pipelining

Easy to partition for U cores without weight overlap when M >> U
May limit core-level SIMD vectorization on M when M < V*U
Input data is replicated across cores

Flexible to partition tiles to cores
Inefficiency when tile size becomes smaller than SIMD width
Filter weights replicated in cores processing different tiles Y,

Ineffective for shallow layer with C << U
Require final accumulation of intermediate results across cores

Typically not applied due to odd and small R
Require final accumulation for R values from different cores
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Accelerating Embedded NN at Edge

solution need to achieve high performance with architecture flexibility

Throughput and Efficiency for CNN

10000

« 1TMAC Performance

Performance @1GHz el R
; ° ( } [ )
’a_) o PY PY CNN DSPs
e Custom ISA to achieve é Vision DSPs
Power Efficiency high HW utilization = ° { I
S Vector DSPs
ks ° o ®
2w/ o ®o & °®
« Full DSP programming o o Embedded @ .
Flexibility capability for all NN ¢
Iaye rs Server GPUs

10
10 100 1,000 10,000 100,000

Billions of multiplies per second
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Viable Solution: Tensilica Scalable DSP Platform
DSP cores tailored for application specific needs

Tensilica Optimization Platform
Fully automated HW & SW tools generation

" ;S o :

:

- &

-
L]

LT b

loT/Multi Purpose Audio/Voice/Speech Communications

+ Scalable DSP » Encode & Decode - \l;l\?frt!:wwwideband

+ Always-alert + Voice trigger ireless

+ Sensor fusion / = Noise Reduction . LTEFSG,NFI
processing » Post-Processing + Smart Grid

+ Audio/Video/Speech » 150+ Codecs : Ezcal?r

» Comm's/Security

Tensilica Xtensa Architecture
Providing the Most Efficient Processors in Multiple Markets

| Custom instructions \ Set configuration | Choose processor I
(optional) ‘ options (optional) i template |
= v

Xtensa® Processor Generator

Xtensa Processor Generator Outputs
Application Source

CIC++

- Instruction Set Simulator [ Xoplorer IDE

GUI to all tools

. Fast Function Simulator

|
I
1 fuoxim) | GNU Software Toolkit
- - 1 (Assembler, Linker, Executable
XTSC Debugger, Profiler)
| sg;meg@ I ‘ Profile Using 1SS
Modelin XTMP Xiensa C/C++ (XCC)
il Cbased Compiler -
= System . Optimize
| Operating Systems - Instructions
I 1
v W
To Fab / FPGA System Development Software Development

« Scalable performance, consistent programming model

« Common baseline Xtensa architecture + application specific processing optimization
* Fully integrated HW/SW tool chain from user-friendly Xplorer IDE
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The Real-time Embedded Vision Al Pipeline

where intelligence and programmability meet

r’*‘vzié V|

(OSTERS - 0wt (ROSTER -~ 005w

Color

2D/3D Noise

| Lens Shading _ ggr;osalc Conversion Reduction
- Defect Correction Denoise Dewarping Image Stabilization
AF HDR/WDR

Scaling
Tone map Super resolution

Object detection
Stereo disparity
Optical flow

Hi-resolution NN
Object detection
Classification
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How is DSP Optimized for Embedded Vision/CNN?

Focus on computation efficiency and minimize memory access

Increase computation efficiency

v ISA level parallelism based on fixed point SIMD

v Balance memory and compute resource with VLIW

\\/ Specialized TIE instructions for special tasks

Reduce system memory access overhead

v" Improve access efficiency with local RAM

v Hide access latency with tiling and DMA

v Minimize cycle count for non-contiguous access
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Example of Special Instruction Extension (TIE)
Achieve significant performance while reducing power

Specialized TIE for histogram

//scalar C code //specialized TIE created for histogram processing

for (indxData = 0; indxData < len; indxData += 4){ for (int y = 0; y < height; ++y) {
data = (uint8_t) datain[indxData]; IVP_COUNTEQZANXS8 (vdst, sr, vecO, vecl); vhist0 = IVP ADDNX16(vhistO, vdst); // 0 .. 31
hist[data >> ShiftRight]++; IVP_COUNTEQ4NX8 (vdst, sr, vecO, vecl); vhistl = IVP ADDNX16(vhistl, vdst); // 32 .. 63
data = (uint8_t) datain[indxData + 1]; IVP COUNTEQANX8 (vdst, sr, vecO, vecl); vhist2 = IVP ADDNX16(vhist2, vdst); // 64 .. 95
hist[data >> ShiftRight]++; IVP COUNTEQA4NX8 (vdst, sr, vecO, vecl); vhist3 = IVP ADDNX16(vhist3, vdst); // 96 .. 127
data = (uint8_t) datain[indxData + 2]; IVP COUNTEQANX8 (vdst, sr, vecO, vecl); vhist4 = IVP ADDNX16(vhist4, vdst); // 128 .. 159
hist[data >> ShiftRight]++; IVP COUNTEQA4NX8 (vdst, sr, vecO, vecl); vhist5 = IVP ADDNX16(vhist5, vdst); // 160 .. 191
data = (uint8_t) datain[indxData + 3]; IVP_COUNTEQ4NX8 (vdst, sr, vecO, vecl); vhist6 = IVP ADDNX16(vhist6, vdst); // 192 .. 223
hist[data >> ShiftRight]++; IVP_COUNTEQANXS8 (vdst, sr, vecO, vecl); vhist7 = IVP ADDNX16(vhist7, vdst); // 224 .. 255

} }

Processing

256-bin, 16-bit cumulative ] /\ >50X
- ] . 70 /\

Performance >20X

1024-bin, 16-bit cumulative
256-bin, 16-bit distributive
1024-bin, 16-bit distributive

64-bin, 8-bit cumulative |E—— ! * Histogram

256-bin, 8-bit cumulative
* Histogram with TIE
64-bin, 8-bit distributive

256-bin, 8-bit distributive

mScalar ®mSIMD + VLIW = VPS5 Histogram TIE
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Tile fetch and writeback by software is inefficient,
blocking data processing

Build-in DMA performs data moving in parallel

— Parallel DMA access to local memory banks

— Dedicated NoC master port for DMA

— Multiple outstanding requests in pipe to memory
2D descriptor ring supports complex memory
access patterns

— DMA is aware of the row-dominant image storage
format by skipping row pitch at the end of each row

— 3D/4D tile stream can be composed using multiple
descriptors

— Flexible data alignment

DMA register-mapped inside processor to
minimize initiation/termination overhead

Ping-pong tile buffers in local RAM removes
dependency

Hiding Memory Access Latency via Tiling and DMA
Offload tile fetch and writeback

DSP Processing

EER B iDMA |
i 2R BB !
VEC VEC
LD ST
| Local RAM deso

4 banks

desc

desc

Tile
Writeback

Tile
Fetch
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Representative NN DSP Architecture Considerations
Uniquely design ISA to strive for processing efficiency

256 — 1024 8x8 multiple-accumulate operations per cycle

Vector-by-vector, vector-by-scalar operations with multiple accumulators

Flexible vectorization scheme to maximize HW utilization

Special addressing for load/store 3D tensor data

Acceleration for pooling, nonlinear activation layers

On-the-fly Coefficient Compression/Decompression
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NN ISA Architecture Optimization Concept (1)

Amortize |O cost across multiple computations

* Problem: Vector x Vector operations requires 2 SIMD loads + 1 SIMD store

» Explore Data Reuse prosperity in CNN
— Multiple filters applied to common IFMAP input data
— Multiple spatial locations of IFMAP convolve with same filter elements

» Optimization: perform vector x scalar for multiple scalars
— Amortize vector load BW and keep computation pipeline full

s63 s62 ... s2 s1 sO C C C11 c15 I T T (325E

Vecload 0

63 r62 ... 2 1 10 XX X X ------------------ X &
Vec load 1

X X X X Oxfel]l @ rresssssssssssaaas X (325
Vec load 2

xx R - x B
Vec load 3

X
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NN ISA Architecture Optimization Concept (2)

SIMD segmentation

* Problem: layer dimension much smaller than SIMD width

* Optimization: break wide SIMD into smaller segments
— Apply different scalar data to different segments to fully utilize HW resource

Segment 0 i Segment 1 . ‘

Vec load 0 o R .

63 162 ... r2 11 10 63 ... r33 r32 DY BN 31 ... 1 10 X
Vec load 1 | o
p63 ... p33 p32 Y BN 31 ... p1 po X
Vec load 2
63 62 ... a2 g1 qO 1

p63 p62 ... p2 pl po

I

| a33 32 JD ¢ BN 31 . a1 X
Voo e - P | X
! s63 s33 s32 | 1
$63 s62 ... s2 s1 sO ! A ss1 e s iSO
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Scale Vision Sub-system Heterogeous Multi-core
Flexibility to customize MP cluster under the same programming model
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Multi-core NN Load Partition Example
Split load across layer/batch/kernel

Operation: go \[ Bz B2 | B3
- R R ( C 0 sunn ||| eeen||eeen ||| enen )
onvi NED MNP\ || SN
Fo(x,y,n z Z z W(r,r,z)«FI(x+r,y+r,z) VxeX,yeY,neN L meEs m maun || aaan] |
For=TRTeT a0 | Aaze || Aza| | e
COHVJ EEEN mEEEn mEEEn EEEN
Jayers Impleine"ntat{on as nested loops: éﬁ: éﬁi é?ir: ::E/Ez
Ifmap batch I'f(layers_[lj.zz CjONV){ ( g\ﬁ: 5@;’: é@i: ::g’ij )
kernels @PFH'H;G’THH%;LHHH EEEE EEEE EEEE EEEE
tinan heine——" 107 (Mv=0; nv<NV; nv++) ConvZ | amg || dmg || A3 || avey
- p 'jtb > for (y=0; y<Y y+=5) > SIMD vectorization in NV or X ——llessmlssssilssss
linap chamnals > 107 (=0 x<K x4=9) i) i) i) hede
KZ;I;]CWj;I;Ie : > for (Z:OI' Z<Z; Z+ +) > EEER EEEE EEEn aEEEnR
Kernel height > for (ky=0; ky<KY; ky++) Convs Eﬁg EEEE E’?ﬁ T H
Z > for (kx=0; kx<KX; kx++) > <
Fo(x,y,n) += WL, (kx,ky,z) + FI(x + kx,y + ky, z) Non-conv|saas| |aass| |asss| |aass
]#endjf' ro L EEEN mEEEn mEEEn EEEN )
+ L and B loops are distributed across MP cores Cores are designated to certain layers and

- Nis split into two loops, NU, NV and N = NU*NV batches. Most efficient if layers can be load-

— NU is distributed across cores

balanced, no overlap in weight coefficients

— NV is handled by vectored SIMD across cores.
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Consistent and Comprehensive Vision Software Solution
Full ecosystem of software frameworks and toolchain across common architecture

o= Emm o o o o o Em Ew o

-’

Embedded

OpenCL C/C++

OpenVx Graph CNN Descriptor
(Caffe, TensorFlow) BN User Code
Il Cadence Compiler / Tool
. Xtensa NN Comp”er [ Cadence SW library / Runtime
OpenVX Toolkit (Float > Fix, quantization, optimization) [ Cadence Tensilica DSP

v : v

OpenCL C il ,
pen(LLVI\%mm = Xtensa C/C++ Compiler (XCC)
v

v ¥ ¥
MxPA OpenCL

: Tile Manager OpenVx Runtime CNN Runtime
Runtime

OpenCL CNN Function Library*
BIFL library (lib “XICNN")
v

I

II

OpenCV Imaging Library (lib “XI”)

* CNN library not supported on Vision P5

DMA Manager (libidma)

|
XTOS (Single Thread) or XOS (Multithread) or Commercial RTOS :
: . ovem T onaen Linux Host CPU
Imaging DSP Vision DSP NN DSP
- NG DA J
Y~ Y Y
Imaging Optimized Vision + CNN Enhanced CNN Dedicated
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Concept to Hardware - Embed Al in Five Streamlined Steps

NN Compiler NN Library Protium FPA Customer ASIC

“® TensorFlow : a
Caffe g“?j\

/ \

Architecture - Embedded o Platform
Design Training Profiling Optimization Validation
* Network Type » Performance * Quantization * Tiling * E2E Application
« Network Topology Enhancement « Layer Merging » Sequencing » Performance
« Network Depth * Layer Pruning « Layer Organization «DMA Validation
* \Vectorization * In-field Validation
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Conclusion

<

Wide demand for NN in embedded applications

* Diversified application needs drive various NN architectures

* Demand for higher and higher computation performance

- Embedded power profile and implementation cost drive optimization
Optimization of embedded vision/Al remains challenging
* Too many architecture variants makes it hard to optimize across

- Brute-force approach leads to higher power/memory BW, lower utilization
* Need multi-dimensional scaling without losing flexibility

Specialized NN DSP provides efficiency and flexibility

* Highly optimized ISA improves NN computation efficiency

» End-to-end full network implementation in image/vision pipeline

« SW framework and library automates NN implementation
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