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Figure 1. The loT market will be massive

loT installed base, global market, billions
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THe INTERNET OF THINGS
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Edge Computing

The ability to do advanced on-device processing and analytics is referred to as “edge computing.”
Edge computing is a counterpart to the cloud computing

Edge computing provides new possibilities in loT applications,

machine learning for tasks such as object detection, face recognition, language processing, and obstacle
avoidance
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Instead of sending streams of images/videos to the cloud
for processing, in-situ pre-processing is performed

Advantages: Saving in network and computing resources,
reducing latency, improving security and privacy (personally
identifiable information vs. demographic information)

[E.g.] Proactive in-car service - natural language interface
using Edge computing allows smart speakers to react more
quickly by interpreting voice instructions locally.



Heterogeneous computer architectures are adopted for edge
computing - integrating diverse engines such as CPUs, GPUs
and DSPs — in loT devices so that different workloads are
assigned to the most efficient compute engine, thus
improving performance and power efficiency.

[E.g.] The Hexagon DSP with Qualcomm Hexagon Vector eXtensions on
Snapdragon 835 has been shown to offer a 25X improvement in energy
efficiency and an 8X improvement in performance when compared
against running the same workloads (GoogleNet Inception Network)
on the Qualcomm Kryo CPU.

From <https://www.qualcomm.com/news/onq/2017/08/16/we-are-making-device-ai-ubiquitous>




Convolutional Neural Network CNN Implementation on Altera FPGA using OpenCL
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Heterogeneous Computer Architectures
e CPUs
e GPUs
* Vector Processors

e |mage/Signal Processors
* FPGAs



Suppose you want to add two vectors of numbers.
There are many ways to spell this — programming paradigms.

C uses a loop spelling Matlab uses a vector spelling

for(i=0;i<n;++i) ali]=bl[i]+c[i]; a=b+c;



SIMD uses a "short vector" spelling SIMT uses a "scalar" spelling

void add(uint32_t *a, uint32_t *b, uint32_t *c, __global___ void
int n) { add(float *a, float *b, float *c) {
int i = blockIdx.x * blockDim.x +
for(int i=0; i<n; i+=4) { threadIdx.x;

//compute c[i], c[i+1], c[i+2], c[i+3]
ali]=bl[i]+cl[i]; //no loop!
uint32x4_t b4 = vidiq_u32(b+i); t
uint32x4_t c4 = vildiq_u32(c+i);
uint32x4_t a4 = vaddq_u32(b4,c4);
vstlq_u32(a+i,a4d);



L1
Y Y L ¥
w Comd Caral o Caral
PRET 103 Al EE
EE % E ﬁgrﬂ w D | [neowrro | necrereu MEONFPU | MEoNFPU ﬂ ,E_
. S A | 7B [ [2xE | 2B | [ssac| [5G [0 328 2@ | |oses
%’“ o | Bt | | i | | Eoe | B0 | Bcor | B0 | |
e | ene | Ene | Eoe Gace! | eme | ene | enc | eoo | (G20
= [Dua] —
= o= ! Bt 7| gttt -
> i o=V T GPU 4 A 13 A w EE Certen [ (ECC) = DRAM
== =K | =B =B | smm | | DC300 ;E | J v 3=5 - THB | e v
= BEM | DMEM EM | DR i E mm E R
EE WEMIF WEAIF 2 LT = ] |l MEM [ECC] | 10FD =
=7 = ;;:u. Dua | | Sho%e w wn Igu':“c'; :{%' BM | mipus
TR wh=h  bhes 'Y S wa?— S T Y T SR e T N T
i Yy by il J Yy Y I wa A | i, e A F e Vi
: Higrarchical NIC 301 AXI Bus System incl. ED) | AXBS bus system incl. EDG
[xRDC | _xaoc || xgoc | XRDC & I |] XRDG |
o bis bis o= | Wl g @ g = DRAM- W 3 i gg L f s &
#| o] o [ =8 L O] b all etnarg Fl z bits z
Y I'S’:.E-g'z'!g ““‘al;‘r‘a-m
= ¥y ;iréﬁr EDC o TFAD
= E:E:gﬁ 3 =z QuadSPI ROM Peripheral
T = - Peripheral riphera
ISP0  [=—— = | SRAM Controller Bricige 1 MOR Flash Ctrl cirl Bridge D
- ISP1 _‘_l—h-"‘—'n. multi ported
S IsP2 == | mutti banked
ol 2xd bits
CRAM = w - i
E g 5PN - - 2
| HIBIE o L ] & YYYyY ¢ L J ¢ 32 bit MMDC_0 32 bit MMDC_1 Y [ SWT O
»| H.264 Decoder LPDDR2 IBIE)DDHLE 4euanis 96KB - ?‘I?MT-&
" 4NB SRAM DDR3(L) (L) g ROM | gl BIT O
JPEG Decoder |« 24+E gﬂé‘k‘*‘ DDA-PHY DDF-PHY 8 Coob| 4 <> STCU
- Exterral NOF. Flash MG
e = ;:I St = CGM RGM,
§ 8 ﬁgg PGU, ME
AALAAAALAALALAAMALLAAAMRAL AAAAAALALALALAL
# Yy Y YT rYYYYTYYTYYYYYYYYYY Y HFE YYYYYYYY
gz — - ll-l G.E GI Sl = L= o -
S = % - g"ullmlﬂ'll-'_ |E:|E|F L I5le ﬂxle_lfl
2== gmmt'a == E 3 S é =2 EQ' a a0
NXF S3 2V CBER AR Rs s sz aR0e P ihseszhne
= s o
Y YYVYVONTY ¥ I VVTYYY



Engine
1KB
Rl
BU

A53 core
complex

ZHDOL ——

AXBS bus system incl. EDC

STCU
MC
CGM, RGM,
PCU, ME

ey -
-~ -

FAIAIG-O) |

1 ) 4
Higrarchical NIG 301 AX] Bus System incl. EDJG

ZHWDDL ———

A 1591

[
-
== |nternal
[ 3

External DDR/QSPI

=
=
(%)
—l—ll
e
a

1
a >
A BT

SIUET §

SHUET ¥

JHL#Jl.#JLJHHLIL#JL#JliHHLIL#JL#JhHL JHHHLL#JHHHHL
YY YT Y Y Y YTYYYYYYTYYYYYYYYYY YVPYYYYYYYYY

NXP S32V

]
VIVIVYVYY VY OINYTYEY

v




Each engine has a best efficiency on certain type of functions. To let the complete system working at
highest efficiency each engine needs to work in parallel in pipeline mode.

Transformation
Filtering ElC Feature
Extraction Classificati

Processing and

Conditioning s

Info Extraction

Typical APEX functions

Whatever Kermnel based filter:

Sobel X

1 1 Median
Typical ISP functions clonran
Black Level and Dead Pixel processing
Black level, Vignetting Integral Image
Exposure control, color balance analysis FAST
Geometric distortion corrections, chromatic aberration BRIEF
HDR ARB
De-mosaic Bayer pattern FIR
RGB->YUWV420, channel gain .
Spatial de-noise Kirsh
Gamma correction Laplace filter
Image Scaling Gaussian

RGB to YUV
YUV 2 RGB
YUV 420 to RGB565
Harns Comer
Shi—Tomasi Corner
Lens Cormrection







Programming Paradigms

OpenACC OpenMP OpenCL CUDA
- data paral- - data paral- - data paral- - data paral-
lelism lelism lelism lelism
Parallelism - asynchronous - asynchronous - asynchronous - asynchronous
task parallelism task parallelism task parallelism task parallelism
- device only - host and device - host and device - device only
- memory hier-
- memory hierar- archy - data and - memory hierar- - memory hierar-
. h ati h h
Architecture “ .. c(.}mlfmtdtmn e oo
. - explicit data binding - explicit data - explicit data
abstraction i o i .
mapping and - explicit data mapping and mapping and
movement mapping and movement, movement
movement
Synchroni- - reduction i bEI,I‘I‘ICI: - barrier; _
.. - reduction J - barrier
. - join .. - reduction
zation - join
Framework im- compiler directives compiler directives C/C++ extension C/C++ extension
plementation for C/C++ and for C/C++ and
Fortran Fortran




NVIDIA GUP: GeForce_GTX_480_Fermi - Single Instruction Multiple Thread (SIMT) architecture
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CUDA and OpenCL terminology correspondence.

Work-ltem
(CUDA thread)

H

Work-Group
(CUDA thread block)

Kernel execution instance
(CUDA kernel grid)

|‘ Hgﬁh‘%ﬁhg‘hg ‘ mgnahgahg&g ﬁﬂ%ﬁﬁ%ﬂﬂg ‘|

Compute element
(CUDA core)

ﬂ

Compute unit
(CUDA Streaming
Multiprocessor)

Compute device
(CUDA-enabled GPU)




time

The SMs schedule and execute threads in lockstep
groups of 32 threads called warps.

Warp Scheduler Warp Scheduler

Instruction Dispatch Unit Instruction Dispatch Unit

Warp 8 instruction 11 Warp 9 instruction 11
Warp 2 instruction 42 Warp 3 instruction 33

Warp 14 instruction 95 Warp 15 instruction 95

Warp 8 instruction 12 Warp 9 instruction 12

Warp 14 instruction 96 Warp 3 instruction 34

Warp 2 instruction 43 Warp 15 instruction 96




CogniVue's APEX vision processor core architectures

APEX-1282 Core
APU (64x CU) APU (64x CU)
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Multi-Channel DMA

Block Fetching m—
Engine
Horizontal - Ext. Peripheral

https://www.bdti.com/InsideDSP/2015/06/30/CogniVue




Example vector operator -

vec16s operator- ( vec16s va,
vec16s vb

) vec16s a = (vec16s) src[0];

Vector Subtraction vec16s b = (vec16s) src[1];
Parameters _

va Source vector vec16s res = a-b;

vb Source vector
Returns

(va-vb)

| llll-lllllllllllll-llll!!!!l
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Understand vif

vec08u VO,V1;

vecléu VR;
vif (VO < V1) // condition
{
VR = V0O + V1; // TRUE
}
velse
{
VR = VO0O; // FALSE
}
vendif

CMEM final after executing the velse statement and the second predicated
instruction.
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viload example; vsin

1

0.8

¥

Typical fast sin can be build with a look-up table with 361

elements and use the angle as the table index

We can think to build the vector vsin in the same way.

v_angle is now a vector and vsin(v_angle) returns a vector with

res{i} = sin(v_angle{i})

v_angle

.data global 36l VSIN_t VHw -
0x0000 Ox0000 0x0000 Ox0000 e FfSin(-180) * 32768 veclés USIN_t[BGl] s
0xFEE3 OxFEE3Z 0xFEE3 0xFEE3 fFsin(-179) * 32768 const vecles *VSIN =&§VSIN t [Q] :
0=FDC5S 0xFDCS 0xFDCS 0xFDCS ffsin(-178) * 32768 —
0=FDC5S 0xFDCS 0xFDCS 0xFDCS fFfsin(-178) * 32768 16 . 16 1
OxFEEZ OxFEE3 0xFEE3 0xFEES . f/sin(-1) * 32768 veclés v_sin(veclés v_angle)
0x0000 Ox0000 O0x0000 O=0000 e FfSin (0} * 32768 {
0x011D 0x011D 0x011D 0x011D . fFsin(l} * 32768
0x0238 0x023B 0x023B 0x023B ... fisin(2) * 32768 return vload (VSIN, v angle} E
0x011D 0x011D 0x011D 0x011D . fFsin(l79) * 32768 }
020000 O0x0000 0x0000 Ox0000 — f/=in[180) * 32768
WV _reszs = sin(v_anglezs)= sin{-100) = 0x81F2 that needs to be ( >>135)
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Field programmable Gate Array (FPGA) is another Choice!

Development

Floating-Point
Processing

Processing / €/\ . Timing Latency

Interfaces

Performance & Power Efficiency

3 . .
- Size Processing / Watt
©

) —

& TreA o Flexibilit Backward

g VIRTEX” \ —FPGA Y Compatibility

= £ XILINX ASIC

Q0

<

)

L




Island-style global FPGA architecture. A unit tile consists of Configurable Logic Block (CLB),
Connect Box (CB) and Switch Box(SB).
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Heterogeneous MPSoC

Xilinx's 16nm UltraScale+

Processing System
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Management
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SoC Design Challenges

IP Quality Verification
Test Methodology Deep submicron effects
[P Updates Integration

~|P verification S
Testing equipment Limitations

Advance Process
Tools Simulation Models

IP Completeness IP reuse

Power Management

system partitioning S —



Data streaming

Stagel Stage2 - StageN Output

General algorithm execution model




Pipelining

Input Tiled input

lile #1

Tile #2

Stagel(CPU)

Stagel(CPU)

Tile #N Stagel(CPU) Stage2(GPU)




Pipelining

Do the 1** tile on CPU

Passintermedate
data

iRl Finish 1% tile processing

Do the last tile
on GPU
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Data Mapping and Remapping

e Coalescing global memory accesses to minimize number of memory

transactions

e Improving memory locality of next-stage thread access
e Improving memory locality of inter-thread accesses

threads

— MAP

threads

RARARRERESN

il

Figure 6: Row-major to column-major transformation.

threads

MAP

—

Figure 8: Diagonal strip matrix transposition.




Memory Hierarchy

CPU

Registers

Cache

Level 1
Level 2

Level 3
Main memory
Physical RAM and Virtual Memory
Storage Devices

ROM, Hard Drives and Removable Devices

Size: ~1KB
Latency: ~1 cycle
Cost/Bit: Very high

Size: ~32KB to 2ZMB

Latency: <3 to 5 cycles
Cost/Bit. High

Size: ~1GB
Latency: <200 cycles
Cost/Bit: Low

Size: ~1TB
Latency: ~10,000,000 cycles
Cost/Bit Very low



INPUT

Convolutional Neural Network
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OpenCL Memory model
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