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 How to Design a Deep Learning Accelerator (DLA)

* Analytical Performance Modeling
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* Importing Network Algorithms as prototxt + generate analytical model spreadsheet
* Find suited configuration and scaling parameters in analytical model

 Validate first results, and explore architecture for dynamic and power aspects using
Virtual Platforms

* Summary
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Increasing number of Al Accelerators

By 2025,
market ramp 1&1(

of Al in 19

16

datacenters .

5 12

@ 10

$17 B
Billion K

2018
2019 2020 2021 2022 2023
2024
2025

Source: Qualcomm Al Day Speaker Presentation 2019
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Deep Learning Technology Trends

New Neural Network algorithms Z
— Higher accuracy, lower size and less processing X Neural
— But: less data re-use, less cycles per byte § Network
Neural Network Compiler optimizations Neural
— Loop-tiling, -unrolling, and -parallelization Network
— Splitting and fusing of Neural Network layers Compiler

— Memory layout optimization across layers ,

_ " Accelerator

\
— Optimized code generation to utilize available

hardware accelerators

Deep Learning Accelerator optimizations

— Schedule workload on parallel hardware engines |

.....

— Optimize and reduce data transfers .
to and from memory 2019
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Al SoC Design Challenges

Brute-force Processing of Huge Data Sets

* Choosing the right algorithm and architecture: CPU, GPU, FPGA, vector DSP, ASIP
— CNN graphs evolving fast, need short time to market, cannot optimize for one single graph
— Joint design of algorithm, compiler, and target architecture
— Joint optimization of power, performance, accuracy, and cost
* Highly parallel compute drives memory requirements
— High on-chip and chip to chip bandwidth at low latency
— High memory bandwidth requirements for parameters and layer to layer communication
* Performance analysis requires realistic workloads to consider dynamic effects
— Scheduling of Al operators on parallel processing elements
— Unpredictable interconnect and memory access latencies

Large Design Space drives Differentiation by

a@ Al Algorithm & Architecture
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* Analytical Performance Modeling

 Shift Left Architecture Analysis and Optimization with Virtual Prototyping

* Example
* Importing Network Algorithms as prototxt + generate analytical model spreadsheet
* Find suited configuration and scaling parameters in analytical model

 Validate first results, and explore architecture for dynamic and power aspects using
Virtual Platforms
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How to design a DLA?

validate
back-annotate

Analytical Models

+ Good first order
+ Results within minutes
- Omits dynamic effects

gl |

accellera validate
back-annotate
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High-Level Architecture

+ Good for hardware exploration
+ Simulations in minutes/hours
Varying Accuracy

Bosm

Functional LT Model (VDK)

+ Good for SW development

+ Simulations in minutes/hours
+ Trace Ops, Memory accesses
- Low Timing Accuracy

_

validate
back-annotate

RTL Simulation

+ Perfect accuracy

- High computational needs

- High turn-around costs

2019
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Analytical Performance Models
Simple Example: Amdahl’s Law [1]

Ahmdal's Law

1
Sspeedup — (1 . p) -I— p
_ 1
Sh_l}{)lo Sspeedup = 1—p

[1] Validity of the Single Processor Approach to Achieving Large Scale Computing Capabilities (1967)

e Simple insightful formula, with restricted applicability, though.
« “All models are wrong but some are useful” (George Box, 1978)
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Analytical Models — Roofline Models (1)

)4

o pp(freqg i, #resources)

10° - ¢=== Theoretical maximum
compute power
_10%4 v
s ILP or SIMD
observed m—) 3 103
£
erformance g :
P g 100 Only Thread-Level Parallelism
1071 4
10t 100 o e 100
Operational Intensity [Operations/Byte]
L 2 operations 0.25 ops
8 bytes fetched —~~  byte
2019
Roofline: an insightful visual performance model for multicore architectures (Williams, Waterman, Patterson,2009) P
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Analytical Models — Roofline Models (2)

103_
_ 102_
@ 1014
g
=
a 1094
slope = /101_
maximum
memory
bandwidth

accellera
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Q Roofline: an insightful visual performance model for multicore architectures (Williams, Waterman, Patterson,2009)

10

10°

101

Operational Intensity [Operations/Byte]

L 2 operations

25

=0
8 bytes fetched

102

ops
" byte

103

&=== Theoretical maximum
compute power
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Q Roofline: an insightful visual performance model for multicore architectures (Williams, Waterman, Patterson,2009)

Analytical Models — Roofline Models (3)

103 4

102 _

compute bound | s

memory bound

101 -

Performance [

100 -

1071

Appl

App0

T

10° 10!
Operational Intensity [Operations/Byte]

102

103
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Analytical Models — Roofline Models

_ , operations
per formance = min(  per formance,.,p,  OPintensity - Mem_bandwidth, .. ) OPintensity = bytes
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32 | - 32 | -
peak floating—point peﬁ‘ormanc:e
»w 18 o 2 floating-point balancs] s« 16
N L
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2 r TLP only 2
1 ............................ - 1
1/2 1 i i L 1 i 1/2 -l i i
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Operational Intensity (Flops/Byte) Operational Intensity (Flops/Byte) 20] 9
Roofline: an insightful visual performance model for multicore architectures (Williams, Waterman, Patterson,2009) E@“&\’Eﬁ“ﬁ
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Example: Analytical Model for CNN Convolutional Layer (1)

Convl of AlexNet

input cube filter kernels output cube
input cube
<i:::::::::> k [ffji] = iiiE!HiIII'>
\\\\\\\\//
227%x227x3 96x11x11x3 55x55x96

for(row=0; row<oh; row++){
for(col=0; col<ow; col++){
for(k=0; k<oc; k++){ . .
for(ti=0; ti<ic; t i ++){ Convolution algorithm
for(i=0; i<kh; i++){
for(j=0; j<kw; j++){

L : outputfm [ k ] [ row ] [ col ] +=

kernels[ k ][ ti ][ 1 ][ J I*
inputfm[ ti ][ swxrow+i ][ shxcol+j ]; W%m‘1

=
accellera) | 1111 ~
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kernel output cube

" ERSS
=

Maths Textbook Npjac = O0n " Oy - 0 ky, - ky - 1,

=55-55-96-11-11-3
= 105,415,200
2019
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Example: Analytical Model for CNN Convolutional Layer (2)

Convl of AlexNet

input cube filter kernels output cube But: here we assume unlimited

amount of local memory

x ) Ej _
\/ {
227x227x%x3 96x11x11x3 55x55x96

Npjac = 0p " Oy 0 ky, - kp i, =55-55-96-11-11-3 =105,415,200
dMAC = difmap + dkernel = (iw' p-lc+ kw' kh e k) - B; = 0.38MiB
= Operational Intensity I = ZMAC ~ 278 ops/B /

MAC
accellera
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Example: Analytical Model for CNN Convolutional Layer (3)

Convl of AlexNet

input cube filter kernels output cube Opposite extreme: we assume no

local memory
\/

on-chip

P

227x227x%x3 96x11x11x3 55x55x96

Npjac =0 " Oy 0y ky, - kp i, =55-55-96-11-11-3 = 105,415,200

dMAC =2- Npac Bi ~ 420MiB

N ) I ] . | = nMAC 1 B
Operational Intensity dac - ops/ DRAM
2019
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Example: Analytical Model for CNN Convolutional Layer (4)

Convl of AlexNet

input cube filter kernels output cube Practical setup: limited amount

of local memory

x _ on-chip
* =
\\\\\\\\//

227x227x%x3 96x11x11x3 55x55x96

for(row=0; row<oh; ro
for(col=0; col<ow;
for(k=0; k<oc;
for(ti=0; tiq

for(j=0;
L : outp 2019
ker‘nels[ < i i d ‘ nput'Fm[ti] [SW*PO\AH‘i] [Sh*COl'l‘j ] 3 DESIGN AND VERIFICATION®™
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Example: Analytical Model for CNN Convolutional Layer (5)
Conv1l of AlexNet — with very simple tiling

input cube filter kernels output cube Practical setup: limited amount

of local memory

E § % * i =

119x227x3 96x11x11x3 27x55x96

115x227x3 28x55x96

input cube filter kernels output cube
k
Ter k2 : T
_ ' Swlw + ky — Suw -
Width + Height k1 . t Th
l kO ¢

+ Channel
+ Kernel Tl“ng \ Tk Tw DESIGN AI\IDVEF\%:Q-;!‘IZN'“
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Example: Analytical Model for CNN Convolutional Layer (6)

Convl with tiling

input cube

T. ,

Swly + Ky — Sw

|

N

spIy + kp — sp,

filter kernels

k3
k2
k1 -
kO
=4

SYSTEMS INITIATIVE

output cube

for(row=0; row<oh; row+=Th){ off-chip
for(col=0; col<ow; col+=Tw){
for(to=0; to<k; to+=Tk){
for(ti=0; ti<ic; ti+=Tc){
//load output, weight and input
on-chip

//on-chip compuation
for(i=0; i<kh; i++){
for(j=0; j<kw; j++){

output[too][trr][tcc] +=
weights[too][tii][i][]]
input[tii][sh*trr+i][sw¥*tcc+]j]

33333}

for(trr=row; trr<min(row+Th,oh); trr++){
for(tcc=col; tcc<min(col+Tw,ow); tcc++){

#pipeline
for(too=to; too<min(to+Tk,k); too++){
#unroll
for(tii=ti; tii<min(ti+Tc, ic);
#unroll

tii++{

//store output
338

Source: Optimizing FPGA-based Accelerator Design for Deep 2019

Convolutional Neural Networks, Cheng Zhang, 2015
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Example: Analytical Model for CNN Convolutional Layer (6)
Conv1 with tiling

dinput = — - : : :
T T T Th

(Tc : (ShTh + 'If-h — Sh) : (SwTw + -‘Lff*w - Sw))

input cube filter kernels output cube
. k o4 on . T k3
dyeiaht = = - : . AT Ty, - ke °/ T;
T.Le'ﬁght .Tc Tk Tw Th ( cLt k w h;) 3wTw 4+ k‘w — 8y k2 ‘k/, Th
| k1 -, !
kO
Now it gets more tricky: Taking into acount non-integer
N I / >
relations of tiling parameters and channel dimensions: ™. Ty v
spTh + kp — sp,
d*‘ht"[ -‘[ -"(TTk'k~kh)
e I. Ty | Ty I ‘ v Tiling also brings the operational intensity
I Oup on _ _ closer to the optimum HW utilization point
dinput = ic* | 7| - ( | | ((ShTh + kp — Sh) - (SwTw + kw — Sw))
1} Tw Th
(0 mod Ty) | ; _ :
+ _ ((SpTh + kp — Sh) - (Sw - (04 mod Tyy) + kyy — Sy)) I
T, 2019
; Pn,. mod I,,)}_ w LTo) 4 Fon = S4) « (S« T o+ ooy — S : DESIGN AND VERIFICATION®
accellerd) [z femin). g min-s l DV

< (Sw + (0w mod Ty) + ky — Su

)
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Example: Analytical Model, Mapping Conv to HW Resources

HOST
CPU

DRAM

SYSTEMS INITIATIVE

MCIF/SRAMIF

IRQ/CSB

CDMA_DA

wM;WT CONV_CORE
Il
SDP
PDP
I

CDP_RDM.

CDP_WDM cobp
I

RUB_WDMA

RUBIK

BDMA_RDM

BDMA_WDM

SRAM

NVDL

#MAC cells can be configured to scale

input nga\
T, : T o peum up/down peak performance
e
5 : T / 1
| 5 / ¥
. WXE---G}—;-psum /

Tiling parameters and MAC Cell number and depth should

match tiling parameters

input cube filter kernels output cube
k3
Ter k2 T
SwTy + ky — Su L T
k1 T b th
ko ¢
l I 2019

\ \ DESIGN ANDC VERIFICATION"™
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4.7.1 Convolution

Roofline model
LeNet

MAC operations

ﬂw'ﬂh'ﬂc'kw‘kh'ig_:;

MAC cycles

i k i ) . i ‘
EWW['I;-IWM] [n-!wm,-‘ On * O ~ ks - 1

dinput = dopma_par

SYSTEMS INITIATIVE

Perfomance [GMAC/s]

_ poolt
I-_h = '!,w = [m] - H.tmﬂ.DMA * ngc

Operational Intensity (Operations/Byte)

103 4

102-

101_

100 -

107t 4

2019
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4.7.1 Convolution

Roofline model
LeNet

MAC operations

ﬂm'ﬂh'ﬂc'kw'kh'zg—::;

MAC cycles

ig k N . . .
Iyrwpl-q;-ag,m.l [:ruwwl,-‘ Op - Oy - Ky -

dinput = dopma_par

SYSTEMS INITIATIVE

Perfornance [GMAC/s]

103 4

102 4

10! 4

100 4

1071 4

dg-by

m] -atomppya - lgre

ih-iw-[

Operational Intensity (Operations/Byte)

: —
1 ‘
I 1 :
I 1 :
I 1 !
LCQ nv2 J_!:onvL
'1 P
1 :
1 ]
‘ : —|{ spp
S s PDP

2019
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Analytical Model as Python Generated Spreadsheet

Expressions represent both Algorithmic and HW -> calculate attainable performance

A B C D E F G H J K L M N |0 P Q R 5 T U v W X ¥ z AR AR

1
clock_sp mem_ba
depth_m data_siz dma_ato eed  ndwidth cbuf siz elem_pe elem pe
2 num_mac_cell ac cell e axi_atom m [Mhz] [MBs] e[kiB] r cycle x r cycle y
3 16 64 2 64 32 1000 12300 512 16 4
4
5
A
kernel_ elem per packing i packing_o

] name type  ifmap_w ifmap_h ifmapc w kernel_h kernel_n stride w stride_h pad_w pad_h group bias output w output_h output_c surf_num needs tiling d_input d_kgroup d_output map_to sdp_mode comp n ut
7 convl CONV 24 224 3 7 7 64 2 2 3 3 1 True 112 112 64 1 1 1605632 4704 1605632 CONV, X1 ALU  PER_KERNEL LOOSE  LOOSE
8 bn_convl BN 112 112 64 | .l 1 112 12 64 4 FALSE 1605632 0 1605632 X1 _ALU, X1_MUL LOOSE  LOOSE
g scale_convl SCALE 112 112 64 1 112 112 64 4 FALSE 1605632 0 1605632 X1_MUL LOOSE  LOOSE
10 convl_relu RELU 112 112 64 1 112 112 64 4 FALSE 1605632 0 1605632 X1 _RELU LOOSE  LOOSE
11 pooll PoOL 112 112 64 3 3 2 2 0 0 1 33 Eich 64 4 FALSE 1605632 0 387200 PDP LOOSE  LOOSE
12 res2a_branchl CONV 35 55 64 1 1 64 1 1 0 0 1 True 35 B 64 4 FALSE 387200 2048 387200 CONV, X1_ALU  PER_KERNEL LOOSE  LOOSE
13 bn2a_branchl BN 33 35 64 1 33 Eich 64 4 FALSE 387200 0 387200 X1_ALU, X1_MUL LOOSE  LOOSE
14 scaleZa_branchl SCALE 35 55 64 1 35 55 64 4 FALSE 387200 0 387200 X1_MUL LOOSE  LOOSE
15 res2a_branch?a CONV 35 35 64 3 3 64 1 1 1 1 1 True 35 35 64 4 FALSE 387200 18432 387200 CONV, X1 _ALU  PER_KERNEL LOOSE  LOOSE
16 bn2a branch2a BN 33 55 64 1 33 b 64 4 FALSE 387200 0 387200 X1 ALU, X1_MUL LOOSE  LOOSE
17 scale2a branch2a  SCALE 55 55 64 1 55 55 64 4 FALSE 387200 0 387200 X1_MuL LOOSE  LOOSE
18 res2a_branch2a_relu RELU 33 35 64 1 33 i 64 4 FALSE 387200 0 387200 X1_RELU LOOSE  LOOSE
19 res2a_branch2b CONV 35 55 64 3 3 64 1 1 1 1 1 True 35 B 64 4 FALSE 387200 18432 387200 CONV, X1 ALU  PER_KERNEL LOOSE  LOOSE
20 bn2a_branch2b BN 33 35 64 1 33 Eich 64 4 FALSE 387200 0 387200 X1_ALU, X1_MUL LOOSE  LOOSE
A scale2a branch2b  SCALE 35 55 64 1 35 B 64 4 FALSE 387200 0 387200 X1_MUL LOOSE  LOOSE
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Exploring different numbers of MAC cells and their depth

bandwidth [GB/s] bandwidth [GB/s]

12.8 12.8
12.0 12.0
11.2 11.2
10.4 10.4
9.6 9.6
8.8 8.8
8.0 — 8.0
7.2 — U
6.4 — 6.4

ResNetl8

(depth, width) (depth, width)
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Analytical Model Summary

What is achieved and what comes next?

What we have seen:
+ Good first order analysis of static effects
+ Results within minutes

Requires deep understanding of 10°; - ;
both algorithm and architecture | i i
— 1074 i ECOnV1
What is not covered T 0] i —
- Implementation overhead is hard  §
to predict and not ,priced in“in g 103 i 5
first round | | |
. . 10'_1-E : :
- Omits dynamic effects | ; ;
- Joint performance and power ey T T T T T
iS difficult Operational Intensity [MAC/Byte]
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How to design a DLA?

validate
back-annotate

Analytical Models

+ Good first order
+ Results within minutes
- Omits dynamic effects

gl |

accellera validate
back-annotate

SYSTEMS INITIATIVE

High-Level Architecture

+ Good for hardware exploration
+ Simulations in minutes/hours
Varying Accuracy

Bosm

Functional LT Model (VDK)

+ Good for SW development

+ Simulations in minutes/hours
+ Trace Ops, Memory accesses
- Low Timing Accuracy

_

validate
back-annotate

RTL Simulation

+ Perfect accuracy

- High computational needs

- High turn-around costs

2019
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Shift Left Architecture Analysis and Optimization

NN Workload Mo

Power,
Snccelfiintes
HAHHA O w oA

Al
SoC
Model

SYSTEMS INITIATIVE

IIXIX X

Neural
Network

Neural
Network
Compiler

= [ e

Deep il sk A
“Learning i

“~ Accelerator

[

T RPN L]

Multizcore

2019
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Platform Architect Ultra

Providing a Comprehensive Library of Generic and Vendor Specific Models

Capture Workload Model

=30 @
@

SYSTEMS INITIATIVE

Capture Architecture Model

; T — .
a0 ,
saos mawpog Pankoma

| :g i .t sec srcy o
rum ot e '

.o s pore s

=t} >

=)

* Task-based and trace-based

i = workload models
— * Cycle accurate processor for
e —— ARM, ARC, Tensilica, CEVA

* RTL Co-simulation/emulation

T Arm s

';!— ot

e rourst_rooin

r - etay
.
- . p—— aetaut

{ omam o ! 8 array_ospin

wr_mas_starve

P

* Generic multiport
memory controller
(GMPMC)

* DesignWare uMCTL2
memory controller

* DesignWare LPDDR5
memory controller

* Co-simulate with RTL

SYNOPSYS'

V4
ZIRC " CEVA

—

Interconnect Models

Generic:
¢ SBL-TLM2-FT (AXI)
*SBL-GCCI (ACE, CHI)

IP Specific:

e Arteris FlexNoC & Ncore
e Arm AHB/APB

e Arm PL300

e Arm SBL-301

e Arm SBL-400

e Synopsys DW AXI

SYNOPSYS arm

ARTERISOE /

2019

DESIGN ANDC VERIFICATION"™

DVLCOIN

CONFERENCE AND EXHIBITION



https://www.google.de/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=2ahUKEwjk_fj1isLgAhXCaVAKHbTwBakQjRx6BAgBEAU&url=https://github.com/foss-for-synopsys-dwc-arc-processors&psig=AOvVaw0jsFxqxK3GUhCwVrlSyrA0&ust=1550469437436507

Workload Modeling and Mapping

 Workload Model
— Task level parallelism and dependencies

— Characterized with processing cycles and
memory accesses

e SoC Platform Model

— Accurate SystemC Transaction level models of
processing elements, interconnect and memory

 Map workload to platform

cycles:

rd bytes:
wr_bytes:

* Analyze performance metrics
— End-to-end constraints
— Workload activity

— Utilization of resources

— Interconnect metrics
* Latency, Throughput, Contention _" m_
e Qutstanding transactions

SYSTEMS INITIATIVE

0 cycles: 2000
0x200 rd bytes: 0
0 wr bytes: 0

Memory
subsystem

Virtual Prototype

2019
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System Level Power Modeling

e Workload Model

— Task level parallelism and dependencies

— Characterized with processing cycles
and memory accesses

e SoC Platform Model

— Accurate SystemC Transaction level
models of processing elements,
interconnect and memory

e System-level Power Overlay Model

— Define power state machine per
—

component

— Bind power models to
Virtual Prototype

— Measure power and
performance based

SYSTEMS INITIATIVE

on real activity and utilization

736290
()

736290
g

Energy/Power
recording

Memory
subsystem

i idle

’ IP Power Model

019
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Platform Architect Ultra Al Exploration Pack (XP)

Exploration & optimization of Al designs

—r 7

]
p

. s o e
* Automated generation of workloads from Al TR Y- e
e Fesssswsaa®®
frameworks - (g ATWBlocks » T REREERE Ry 5
+B seml_tm_proc_element
— Al Operator Library for Neural Network modeling ;"‘?fff:;im p A aEE
 E.g. Convolution, Matmul, MaxPool, BatchNorm etc. » j:fj;f’”m p BEEEEEEEy 5
+ § ConvTranspose ﬂ
— Example workload model of ResNet50 Neural Network ) i FPegpessea®®
- . . .;...LngScﬂmEx ﬁ o A | E £
— Utility to convert prototxt description to workload model - v NN
f--MExPcu:]

using Al operator library

Operator Library workload model

e Al centric HW architecture model library @ | 7] gar=

— VPUs configured to represent Al compute and DMA engines B u — Tw ME,: &
i < 3 .
— Interconnect and memory subsystem models » E =t
— Example performance model of &= I i § fisss
NVIDIA Deep Learning Accelerator (NVDLA) =
. o . NVDLA Performance
* Al centric analysis views: memory + processing Model Example 2019

DESIGN ANDC VERIFICATION"™
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Workload Model of One Convolution Layer

Coefficients n Al algorithm params Mapping params
Coefficients 2 . —
Coefficients 1 in_img_h 32 in_img_bufi_base 0
in_img_w 32 in_img_buff_size 4096
Output num_in_chnls 3 in_kemel_buff_base 4096
(| in_kemel_h 7 in_kemel_buff_size 1024
. /\ A- in_kernel_w 7 out_feature_buff_base 0
Zwi*ci ! y S
num_filters 64 out_feature_buff_size 4096
> map n padding_h 3 in_img_fetch_scaling 1
. padding_w 3 lin_kemel_fetch_scaling 1
Convolution map 2 / Channels stride_h E B :
stride_w 2 num_ops_scaling 1
read Feature map 1
: .
Input '
calculate write output in_img_fetch_byles 39721 Scaling parameters reflect
. in_kemel_fetch_bytes 9408 .
convolutions feature maps ; . s the DLA architecture —can
um_ops .
read i .sas4 | D€ taken from analytical

model.

coefficients

2019
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Agenda

* Deep Learning Market and Technology Trends

 How to Design a Deep Learning Accelerator (DLA)

* Analytical Performance Modeling

 Shift Left Architecture Analysis and Optimization with Virtual Prototyping

iExample

* Importing Network Algorithms as prototxt + generate analytical model spreadsheet
* Find suited configuration and scaling parameters in analytical model
 Validate first results, and explore architecture for dynamic and power aspects using

Virtual Platforms

* Summary

IIIIIIIIIIIIIIIIIIIIIII
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Example: Resnet-18 (Inference) with NV-DLA

Resnetl8 task graph
Resnetl8
Import prototxt Neural
Network

Goals:

@ 100 ms latency, @ minimize power, @ minimize energy

Optimize Hardware configuration:
— SIMD width

— Burst size, outstanding transaction
NVDLA platform ’ d S 5019

a@ —speed of DDR memory and of data path s et lon

EEEEEEEEEEEEEEEEEEEEEEE
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ResNet-18 Workload model generated with Al-XP

(et eoTesk:) B3 B o @ Fitter 7 (A 2w m| B JE--T E i i
Name Type convi brn_convl  scale_conwi ] @v
in_img_h 32 32 32 Oy
2 | Start in_img_w 32 32 az lin) .
3 data num_in_chnls 3 3 3
4 Al_Operators:Conv in_kernel_h 7
5 Al_Operators:BatchNorn| in_kernel_w 7
6 scale_convi Al_Operators:Scaling num_filters 64
7 |convi_relu padding_h 3
8 pooll || padding_w 3
a res2a_branch1 stride_h 2
10 | bn2a_branchi stride_w 2
11 |scale2a_branchi in_img_buff_base 0 0 0
12 |res2a_branch2a in_img_buff_size 4096 4096 4096
13 | pooll_mux in_kernel_buff_base 4096
14 | bn2a_branch2a in_kernel_buff_size 1024
15 |scale2a_branc out_feature_buff_base (o] (] (o]
16 |res2a_branch2... out_feature_buff_size 40986 40986 4096
17 | res2a_branch2b in_img_fetch_scaling 1 1 1
18 | bn2a_branch2b in_kernel_fetch_scaling 1
19 | scale2a_branc out_feature_scaling 1 1 1 'F ?
20 |res2a num_ops_scaling 1 1 1 I I
21 |res2a_relu in_img_fetch_bytes 3072 3ove2 3072 'F
22 |res2b_branchza in_kernel_fetch_bytes 9408 I
23 | bn2b_branch2a num_ops 4800512 21504 3072
24 |scale2b_branc... out_feature_bytes 16384 3072 3072
25 |res2b_branch2. . out_feature_h 16
26 |res2b_branchzhb out_feature_w 16
27 |bn2b_branch2b num_chunks 1 1
28 | scale2b_branc. .. Type
29 | reszb use_global_stats true
30 | res2a_relu_mux z mode Global
L [+ in_scalar_buff_base (i
m in_scalar_buff_size 4096
in_scalar_fetch_scaling 1|
— in_scalar_fetch_bytes o |

2019
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AXI

Example: Brief Overview of NVDLA

HOST
CPU

DRAM [«

INTR

SYSTEMS INITIATIVE

MCIF/SRAMIF

IRQ/CSB

CONV_CORE

M|

SDP

PDP

CDP_RDM,
CDP_WDM,

RUB_WDMA

T

BDMA_RDM

AXT

BDMA_WDM

=

CDP

RUBIK

Convolution Engine (CONV_CORE)

* Works on two sets of data: offline-trained kernels (weights) and input
features (images)

* configurable MAC units and convolutional buffer (RAM)

* Executes operations such as tf.nn.conv2d

Single Data Point Processor (SDP)

* Applies linear and non-linear (activation) functions onto individual data points.

* Executes e.g. tf.nn.batch_normalization, tf.nn.bias_add, tf.nn.elu, tf.nn.relu,
tf.sigmoid, tf.tanh, and more.

Planar Data Processor (PDP)
* Applies common CNN spatial operations such as min/max/avg pooling
* Executes e.g. tf.nn.avg_pool, tf.nn.max_pool, tf.nn.pool.

Cross-channel Data Processor (CDP)

* Processes data from different channels/features, e.g. local response normalization
(LRN) function

* Executes e.g. tf.nn.local_response_normalization

Data Reshape Engine (RUBIK)
« Performs data format transformations (splitting, slicing, merging, ...) .. (2019
* Executes e.g. tf.nn.conv2d_transpose, tf.concat, tf.slice, etc.
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VP Simulation Results of Initial Configuration

0fs |50 us |10[J us |150 us |200 us |250 us |3DD us |350 us |400 us |450 us |500 us |550 us
4 P P R N P R R R R P R N
F MCO Task Trace bn2b_branch2a:MCO Task=0.0 I I I ;l
bn_convl:MCO Task=0.0
Grouped: HARDWAREV| ) cony1:MCO Task=0.0 [1 1|8 I 1 1
~ % RUNNING in_img_fetch:MCO Task
- in_kernel_fetch:MCO Task
™ ¥ NoSlicing processing:MCO Task #1 [#2 | =
Cnnﬁgure...l w Executic out feature:MCO Task 1] I} [ I

co n\.ri_re lu:MCO Task=0.0
pooll:MCO Task=0.0
res2a_branchl:MCO Task=0.0
res2a_branch2a:MCO Task=0.0
res2a_branch2a_relu:MCO Task=0.0
res2a_branch2b:MCO Task=0.0
res2a relu:MCO Task=0.
res2b_branch2a:MCO Task=0.0
res2b_branch2a_relu:MCO Task=0.0

et

i; TLM Port Trace
AXl 0

-
2w 3

Conﬁgure...l =

7~ = DDRAX_O
FTIm2FtRdTrans (16 fibers)
FRdAddr (3 fibers)
RdData
FTIm2ZFtWrTrans (16 fibers)
WrAddr
FWrData (2 fibers)

==
==

F MemoryDataChar
Scheduler 0

& Utilization

* % No Hierarchical Ch
* % Slice By Transactic

[T
.

I; MCO Resource 5t

Grouped: HARDWARE .|
- % Utilization

[ Scheduler O(READ) = 43.95%
[ Scheduler_0(WRITE) 90%

100%:

72.BG6BB%
55.8B75%
B87.9313%
100%
41.825&
B7.7688%

] CONV.CONV_DRV:MCO Resource(BUSY) = 44
] CONV.CONV_PE:MCO Resource(BUSY) = 89. 180%
[ PDPPDP_DRV:MCO Resource(BUSY)
[0 PDPPDF_PE:MCO Resource(BUSY)

100% -

100% 452125 -
100%

100%

100%

i d
e [[] SDRSDP DRV:MCO Resource(BUSY) 120%
¥ ¥ NoHierarchical Ch| - = 25 pc b pE: MCO Resource(BUSY)
~ 2 Slice By Metric c0%| 2 2
o
- lels|slids s AHE
o | 8|8 |8 S | 8 s |38 |8
Confinue |7 0% | ® i =i i = = = ] =]
[# Pathstats HW.CONV.DRVR_p_socket=648MIB/s TI2MiB/s 45 BMIB/s T28MIBs 35.8MBls T28MIB/s
HW.PDPDRVR_p_socket=29.3MiBfs 29.3MiB/s 79 3MiB/s 20 3MiB/s 29.3MBls
HW.HW HW.SDP.DRVRJ):SDEKEt=B?.9MiBfS &7.9MiB/s |87 9MiB/s 146MiB/s 234MiB/s B7.9MiB/s Z234MiBfs
* ¥ Throughput
ResourceStats - El oL _: T
i’ DDR.ARBITER SLAVE 0=3.608875 0034
HW.HW HW.DDR.AX|_0=1.8587125 0481
1 [+ DDR.SCHEDULER _0.5LAVE=3.60B875 0934
¥ ¥ OutstandingTransiy . nnp wpl 0.5 AVE=1.8507125 0.451
_x_wReadlians _____ _ENNRYX Z_MEM_LSIAVE=1R4B425 _______. DA77

accellera
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Transaction trace

DDR utilization

Resource utlization

Outstanding
transactions

2019
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Simulation Reveals Implementation Effects... (1)

Differences between calculated and measured data read/write amount

AlexNet (Norm1):
Expected: 580,800 Bytes
Measured: 654,720 Bytes

Inflation by ~12.72%

Surface ©
Addr: Ox60

. » —
64B rear

overhead
accellera

SYSTEMS INITIATIVE

AXI_TRANSACTION_ATOM_SIZE=64

Unit

DMA_TRANSACTION_ATOM_SIZE=32

\
SRAMIF | - . | WDMA PP
/
Surface 1
Addr:0x120
w = 3
«—  »
= “Dark Bandwidth”
i, = 3
——
base
overhead

IIIIIIIIIIIIIIIIIIIIIII
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Simulation Reveals Implementation Effects... (2)

Differences between calculated and measured execution time

time

Write Data

Processing

Fetch Data

time

>

b) Write Data

Processing

Fetch Data

SYSTEMS INITIATIVE

Convolutional Layers 1&2 of LeNet on NVDLA

SDP_WDMA -
CMAC
CDMA_WT
CDMA_DAT -
0 200 400 600 800 1000 Time [ns]
SDP_WDMA
CMAC -
CDMA_WT -
CDMA_DAT -
T T T T T T T T
0 1000 2000 3000 4000 5000 6000 7000
2019
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Back-Annotate Simulation Findings To Analytical Model

ABMFEE XD

Tasks | Deadines

GTL_20 Task

pooll

11 scale2a bran
12 res2a branc
13 ool mux
14 |ba2a branch2a
15 |scale2a bran
16 res2a branc
17_res2a branc

Conmectons

sre_task

actve libeary set

Platform Architect Ultra - 0-2018.09-5P2 - Platform Crea
Fle Edt froject Dugram Check O Fugms  Help

N

Caffe .prototxt

LB

PIatform Architect / Simulation Model

© Perspective: (curent 2] 3

r - /slowfs/de0251502/keding/PA-Ultra/GIT/PAUItra_Al_XP_demolresnet18_calibrate.xml (on stormcs369)

E/Workioadestiel L

Spreadsheet / Analytical Model

st task

o

ERECIS I ]
priority

chel_size

Faramaters

padding w
stride h
stde w

out feature bt base

out feature buf size
<!/ | in g teten scatng

21| | in kerel fetch scaing
out feature scaliq
rum ops scaing

@ | | in imq fetch bytes

in kernel fetch bytes

P ops.

out feaure bytes

out feature h

out feature w

P chunks

e

use global stats

mode

n scalar bult base

bias term

accellera
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al

com1

224
3
7
7

4
3
3
2

2
2147483648
753664
221225412
94208
2684354560
4014080

s

10

5

1

752640
94080
235225008
4014080
12

nz

15

: [ L
bncomd scale_comd

2

m 12

64 54

28237312 252251392

4014080 4014080

2688360640 2692382720

4014080 4014080

5 s

5 5

1 1
4014080 4014080
se19712
4014080

802816
4012080

e

3221319680

B & ge

Rl @ 4

[oetsar\[ T\

o

LAL AL AL A A

o wRLL 0 .

Memor | Bandvd | S0
num | o daea o St | p th sdeman | obu
M | Mas | MR | date v | g ANLAT | DM A | spasd | handhd | exitnan | sl sins
oo ool Lty | pean wagEy | S | R | e a e o=
k3 Sit o £ & Sd s AR Pt I 13 S
MAC
output_ output_  out_cha MNeeds MAC

Layer | Type |image_w image_h image_c|kemels | kernelw kemel_h|stide_w stide_h |zero_pacpad b |padw |goup [bias  |height width nnel | surf num|tiing operations | model
Corwl  CONV 227 3 4 4| FALSE o o 1| TRUE 1z 55 36 1
Corwl  CONWY 227 58 3 96 il 1 4 4| FALSE o o 1| TRUE 1z 55 96 1
Corwl  CONY 227 58 3 36 il 1 4 4| FALSE o o 1| TRUE 12 55 36 1
Corwl  CONV 227 58 3 36 il 1 4 4| FALSE o o 1| TRUE 1z 55 36 1
Corwel  CONWY 227 35 3 96 il 1 4 4| FALSE a a 1| TRUE 7 55 96 1
Corwl  CONY 227 227 3 36 il il 4 4| FALSE 1] 1] 1] TRUE 55 55 36 1] TRUE 105415200 213615
Relul  RELU 55 55 EL FALSE [1] [1] 1 55 55 36 B[ FALSE [1] @
Marml — NORM 55 55 36| o 0| 55 55 36 E| FALSE o I
Pooll  POOL 55 55 35 1 3 3 2 Z| FALSE 1] 1] 27 27 36 B[ FALSE 1] @
Corwz  CONWY 27 27 95 256 S 5 1 1] TRUE 2 2 2[ TRUE 27 27 256 6| FALSE 223345800 291600
ReluZz  RELU 27 27 256 o o 27 27 256 16| FALSE o 0
MormZ — NORM 27 27 256 [1] [1] 7 Fi 256 16 FALSE [1] @
Pool2  POOL 27 27 256 1 3 3 2 2| FALSE a a 13 13 256 16| FALSE a @
Corwd  CONV 13 13 256 384 3 3 1 1] TRUE 1 1 1] TRUE 13 13 384 16| FALSE 143520384 14601
Relu3  RELU 13 13 35| [1] [i] 13 13 384 24| FALSE [1] @
Corwd  CONY 13 13 384| 384 3 3 1 1] TRUE 1 1 2| TRUE 13 13 384 24| FALSE 112140288 103572
Relud  RELU 13 13 35| [1] [i] 13 13 384 24| FALSE [1] @
CorwS  CONY 13 13 364| 256 3 3 1 1] TRUE 1 1 2[ TRUE 13 13 256 24| FALSE 74760132 73007
Relus  RELU 13 13 256 1] 1] 13 13 256 16| FALSE 1] @
Pools  POOL 13 13 256 1 3 3 2 Z[ FALSE [1] [1] & B 256 16| FALSE [1] @
IP§ IF 6 6 256 4036 B 6| 1 1| FALSE o 0| 1| TRUE 1 1 4036 16| FALSE o 36E64
Relus  RELU 1 1 4036 1] 1] 1 1 4036 256| FALSE 1] @
IP7 IP 1 1 4036 4036 1 1 1 1] FALSE [1] [1] 1] TRUE 1 1 4036 256 FALSE [1] 16354
Relu?  RELU 1 1 4036 o o 1 1 4036 256| FALSE o 0
P8 IP 1 1 4036 1000 1 1 1 1] FALSE [1] [1] 1] _TRUE 1 1 1000 256 FALSE [1] 403z
Total 2573566
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Impact of SIMD Width on Performance

Resource Utilization of CONV Datapath (yellow), CONV DMA (red) and other components
TDiff= 0fs =

0fs 50 ms 100ms |150ms [200ms |[250ms [|300ms |[350ms [400ms [450ms [500ms |550ms [600ms [650ms |[700ms [750ms |[B00 ms ]8
PRI BRI A P

Kl PRI NI SR SR R ST A P PR AR N N

50ms |[¢
N

F MCO Resource Stats [0 CONV.CONV _DRV:MCO Resourt 120%
CONV.CONV PE:MCO Resource
Grouped: HARDWARE.HW.HW [C] PDPPDP_DRV:MCO Resource(B
Sl M D ~ % Utilization [C] PDRPDP_PE:MCO Resource(BU 0%

- [ SDPSDP_DRV:MCO Resource(E
e e har [ SDRSDP_PE:MCO Resource(BL
8 * 3 Slice By Metric 40%

__Cn.n.ﬁﬂ.l.lLl_'_anLﬂ:LhuS 0%

F MCO Resource Stats [0 CONV.CONV_DRV:MCO Resourt
Grouped: HARDWARE HW.HW [ PDPPDP_DRV:MCO Resource(B
S I M D * 3 Utilization =PDP.PDP_PE:MCO Resource(BU
~ SDPSDP_DRV:MCO Resource(E gp
= S A= [ SDRSDP_PE:MCO Resource(BL
16 v 2 Slice By Metric
[T -
Canfinurs | ¥ 0%
F MCO Resource Stats O] CONV.CONV _DRV:MCO Resourt
Grouped: HARDWARE HW.HW [] PDPPDP_DRV:MCO Resource(B 90
S I M D * 3 Utilization =PDP.PDF_PE:MCO Resource(BU
~ SDPSDP DRV:MCO Resource(E g
= S B e [ SDRSDP_PE:MCO Resource(BL
3 2 ¥ 3 Slice By Metric
[T *
Canfinurs_| Y 0%

bound

processing

I; MCO Resource Stats ] CONV.CONV_DRV:MCO Resourt
‘CONV.CONV PE:MCO Resourcg
Grouped: HARDWARE HW.HW [C] PDPPDP_DRV:MCO Resource(B 90
SI M D ~ % Utilization [J PDRPDP_PE:MCO Resource(BU .

w 2 No Hierarchical Chart £ SDPSDP_DRV:MCO Resource(E 60

e0]
=
<
D
<
=
)

performance

[l SDPSDP_PE:MCO Resource(BL
64 ~ & Slice By Metric -
[ ™
onmoue | e coustam: memory
I,f MCO Resource Stats [[] CONV.CONV_DRV:MCO Resourc .
CONV.CONV PE:MCO Resourcy
Grouped: HARDWARE. HW.HW ] PDRPDP_ DRV:MCO Resource(B 90 b an d WI d t h
SI M D * 3 Utilization [J PORPDP_PE:MCO Resource(BU
~ % No Hierarchical Chart =§g:§gﬁ—&v$°h“::3“m’:{eéf 60 b oun d
1 2 8 ~ 3 Slice By Metric -

30%

[T CONV PE load

Cr L crustams=

2019
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O
DDR Memory Bandwidth and Power Improvement

|0 fs 50 ms 100 ms IlSO ms

CONV.CONV_DRV:-MCO Resou
CONV.CONV_PE:MCO Resourd
[J PDPPDP_DRV:MCO Resource(
[ PDPPDP_PE:MCO Resource(B
[CJ SDPSDP_DRV:MCO Resourcel
[E SDPSDP_PE:MCO Resource(E 50

Conv PE

SIMD-
128

=w L
[C] CONV.CONV_DRV:MCO Resou 50 %
CONV.CONV_PE:MCO Resourg

[ PDPPDP_DRV:MCO Resource(
[C] PDPPDP_PE:MCO Resource(B
[C] SDPSDP_DRV:MCO Resource|
B SDPSDP_PE:MCO Resource(E

25% faster

Resource
Utilization

SIMD-
64

] CONV.CONV DRV.PowerAnalysis
600 000
[J DDR.PowerAnalysis
[JLRN_CDPLRN_DRV.PowerAnalys g 000
[J LRN_CDPLRN_PE.PowerAnalysis
[ PDPPDP_DRV.PowerAnalysis

[E] PDPPDP_PE.PowerAnalysis

[0 Reshape.Reshape_DRV.PowerA CO nv P E POWG r

[ Reshape.Reshape_PE.PowerAn 300D

[J SDPSDP_DRV.PowerAnalysis
008 DDR Power

[ SDPSDP_PE.PowerAnalysis

10% lower

SIMD-128

total energy

[C] CONV.CONV_DRV.PowerAnalysis
] DDR.PowerAnalysis

[J LRN_CDPLRN_DRV.PowerAnalys
O LRN_CDPLRN_PE.PowerAnalysis
[ PDPPDP_DRV.PowerAnalysis

[ PDPPDP_PE.PowerAnalysis

[ Reshape.Reshape_DRV.PowerA

[JReshape.Reshape_PE.PowerAn ;1 jinag 2 O% I Owe r
[J SDPSDP_DRV.PowerAnalysis
average power

Power consumption

[ SDRSDP_PE.PowerAnalysis

SIMD-64

2019
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Resnet 18 Example Sweep

Goal: 100 ms latency, minimize power & energy

Name simtime_us  ...outstanding ..._sz_in_bytes ...speed_bin ...Clk/pericc .. .opc
23 run_b32_opch4_clko5_DDR4_1866M_os4 4416966 4 32 DDR4-18... 0.5 64
24 run_b32_opch4_clko5_DDR4_1866M_osE 4235.459 8 32 DDR4-18... 0.5 64
25 run_b16_opc128_clk10_DDR4_2400_os4 5990.249 4 16 DDR4-2400 1
26 run_b16_opc128_clk1 0_DDR4_2400_osE 5657.129 16 DDR4-2400 1 12
27 run_b16_opci128_clki0_DDR4_1866M_os4 6994128 4 16 DOR4-18... 1 128
28 run_b16_opc128_clk10_DDR4_1866M_os8 B6676.136 16 DDR4-18... 1 128
29 run_b16_opc128_clk075_DDR4_2400_os4 5508.487 4 16 DDR4-2400 0.73 128
30 |run_b16_opc128_clko75_DDR4_2400_os8 5189.458 8 16 DDR4-2400 0.75 128
31 |run_b16_opc128_clko75_DDR4_1866M_os4 | 64B5.257 4 16 DDR4-18... 0.75 128
32 | run_b16_opc128_clko75_DDR4_1866M_os8 | 6207.377 16 DDR4-18... 0.75 128
33 | run_b16_opc128_clko5_DDR4_2400_os4 5141.269 4 16 DDR4-2400 0.5 128
34 run_b16_opc128_clko5_DDR4_2400_os8 4797354 8 16 DDR4-2400 0.5 128
35 run_b16_opc128_clko5_DDR4_1866M_os4 6402.813 4 16 DDR4-18... 0.5 128
36 run_b16_opc128_clko5_DDR4_1866M_os8 6080.660 16 DDR4-18... 0.5 128
37 |run_b32_opc128_clkio_DDR4_2400_os4 4228984 4 32 DDR4-2400 1 128
38 |run_b32_opc128_clkio_DDR4_2400_os8 4066.654 8 32 DDR4-2400 1 128
39 | run_b32_opc128_clki0_DDR4_1866M_osd4 4444511 4 32 DDR4-18.4 128
40 | run_b32_opc128_clk10_DDR4_1866M_os8 4236462 32 DDR4-18...
41 run_b32_opci128_clk075_DDR4_2400_os4 3464214 4 32 DDR4-2400
42 run_b32_opc128_clk075_DDR4_2400_os8 3261.505 32 DDR4-2400
43 run_b32_opc128_clk075_DDR4_1866M_osd  3963.731 4 32 DDR4-18...
44 run_b32_opci128_clko75_DDR4_1866M_os8 | 3769.144 8 32 DDR4-18...
45 run_b32_opc128_clkos5_DDR4_2400_os4 2981.385 4 32 DDR4-2400
46 | run_b32_opc128_clk05_DDR4_2400_osE 2795.655 32 DDR4-2400 0.5 128
47 run_b32_opc128_clk05_DDR4_1866M_os4 3483204 4 32 DDR4-18... 0.5 128
48 run_b32_opc128_clk05_DDR4_1866M_os8 3301.767 32 DDR4-18... 0.5 128

accellera
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Sweep parameters

— Burst size: 16, 32

— Outstanding transactions: 4, 8

— DDR memory speed: DDR4-1866, DDR4-2400
— Clock frequency of data path: 1, 1.33, 2GHz

— SIMD width: 64, 128 operations per cycle

Sensitivity

Root-Cause
Analysis
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Sweep Over Hardware Parameters, Latency

Sum of simtime_us

250000
200000
Outstanding
transactions
150000

o 5N BN ‘ ‘ | || | ‘ “ ||

1 1.333 2 1 1.333 2 1 1.333 2 1 1.333 2 1.333 2 1.333 2 1.333 2 1.333 2
64 128 64 128 64

DDR4-1866M DDR4-2400 DDR4-1866M DDR4-2400

16 32
HW/HW /max_trans_sz_in_bytes ¥ HW/HW/DDR/speed_bin ¥ HW/MHW/conv_ops_per_cyde »¥ Clk [GHz] ~ ,_ . + =
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Power/Performance/Energy Trade-off Analysis

simtime_us T

simtime [ms] avgpower [mW] sum energy [uJ]

100 350
20

80

300
0 250
60 200
Optlm
50
squtlon Leo
40 Values
20 mwm simtime [ms]
100 —sum energy [ul]

20 —1qvg power [mW]
50
10
(0]
& 8 4 N 4 ® & ® 4 8 4 Outstanding Tx
2 2 1.333 2 2 1 1.333 2
128 64 128 64
Data path GHz
DDRA4- DDR4-1866M DDR4-2400
2400
16 32

HW /HW fmax_trans_sz_in_bytes = HwW, /HW /DDR fspeed_bin ~ HW /MW /conv_ops_per_cyde »T Clk [GHz] « I-lw.i—lwhm_mlﬁlzl'lcﬁ'g

2019
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Example: Resnet-18 with NV-DLA

Resnetl18 task graph

11

image 32%32

avg pool

generate

3x3 conv, 512
L]
3x3 conv, 512

Goal:
— 100 ms latency, minimize energy

Optimize Hardware configuration:

— SIMD width: 128 operations per cycle

— Burst size: 32 bytes

| — outstanding transactions: 8

NVDLA platform — speed of DDR memory: DDR4-1866 2019

— f h: 1GHz
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SUI I lI I Ia ry CPU GP-GPU Enhanced GPU FPGA  Vector DSP ASIP

Least efficient Most efficient
Graphcore C2

* Be fast and get it right! e[
* Shift Left with Virtual Prototyping —oy (o)
Xeon 3260 Am | [ NvDLA | "R

* Joint Optimization of Algorithm, D
Architecture, and Compiler
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Thank You

Questions
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