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GreenWaves Technologies (7® embeddedaward=o=2s

winner: Hardware

. . Best hardware product
Fabless semiconductor startup founded in 2014. Embedded World 2023

We design and sell extreme performance processors for
energy constrained devices

L “ Embedded
il %f

- 45 people, HQ in Grenoble, France & | France
['Embarqué L'EMBARQUE MADE IN FRANCE

Offices in Bologna, ltaly, Shanghai, China, Copenhagen, Embedded Technologies Award 2023
Denmark. Global sales footprint. Les Assises de 'Embarqué

Gartner
GAPS ) GAP9 COOL
S 4 VENDOR
In production since 2020 ‘ Second generation
one of the very first ultra-low power Al and
commercially available DSP enabled Cool Vendors in Al Semiconductors,
RISC-V processor and Al Alan Priestley, Saniye Alaybeyi, April

Microcontroller

microcontroller 29, 2019.
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Foundations of GAP

RISC-/*°

e Born from research groups:
 PULP (Unibo & ETH Zurich)
« RISC-V

« Push Edge Al to the limits
» Specialized HW
e Optimized SW
 10-100 GOPS @ <10mW always-on

* Programmability
* RISC-V open source ISA
 High level tools

3 Company Proprietary GREENWAVES “’
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Outline

« GAP Architecture

 GAPflow
* NNtool: Graph optimizations / Quantization

 Autotiler: Memory management
 NE16

« Hands-on

4 Company Proprietary GREENWAVES ’ss
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GAP Architecture
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GAP9 Architecture

GAP9 SoC
FC Domain Compute Cluster w/ CNN accelerator

- Cluster
o0, Periph
uDMA

NE16 4 Shared FPUs

CNN
Engine

6 Company Proprietary GREENWAVES ”’
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GAP9 Architecture

GAP9 SoC

Compute Cluster w/ CNN accelerator

Cluster
DMA

NE16
CNN

L1 TCDM
Memory [128kB]

4 Shared FPUs

Company Proprietary

Hierarchical Compute paradigm
4 independent frequency domains:
FC - I/Os - Cluster - SFU

«  “Turn-on when you need”

GREENWAVES ’”
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GAP9 Architecture

GAP9 SoC
I/Os Compute Cluster w/ CNN accelerator
HyperBus SFU Cluster L1 TCDM
SP 4 DMA Memory [128kB]
Periph Cluster Ctrl Core Core Core Core
uDMA (Core 9) 5 6 7 8
NE16 4 Shared FPUs
CNN Core Core Core Core
Engine 1 2 3 4
L2 Memory SRAM On-Chip L3 eMRAM Flash
[1.5 MB] [2MB]
Off-Chip L3 Flash/Ram (OSPI/Hyper/... - Optional)

[>8MB]

Company Proprietary

Hierarchical Compute paradigm
4 independent frequency domains:
FC - I/Os - Cluster - SFU
“Turn-on when you need”

Hierarchical Memory Architecture

(w/o D-Cache)
L1: 128kB — 1 Cyc/Access
L2: 1.5MB — 10-100 Cyc/Access
L3: >2MB — 100-1000 Cyc/Access
DMA and uDMA for background
copies+decompression

GREENWAVES ’”
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GAP9 Architecture

Hierarchical Compute paradigm

GAP9 SoC 4 independent frequency domains:
Compute Cluster w/ CNN accelerator FC - I/Os - Cluster - SFU
- Cluster | rur L1 TCDM «  “Turn-on when you need”

DMA Becomp  Memory [128kB]
Hierarchical Memory Architecture

1t
Al I

NE16 4 Shared FPUs L1: 128kB — 1 Cyc/Access

CNN « L2:1.5MB - 10-100 Cyc/Access
Engine « L3:>2MB - 100-1000 Cyc/Access
«  DMA and uDMA for background

copies+decompression

Heterogeneous Compute Units
10 General Purpose RISC-V Cores
4 Shared FPUs (half/single precision)
Conv/MatMul HW Accelerator (NE16)
Low-Latency time-domain DSP
Accelerator (SFU)

9 Company Proprietary GREENWAVES ’ss
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Neural Network from GAPflow POV

1x1x200x200

Computational Graph:

* Nodes = Computational Layers
e e.g. Conv2D, MatMul, MatAdd, Pooling, ...
« COMPUTATIONAL COST

 Edges = Tensors
 e.g. Input, Output, Weights, ...
 MEMORY COST

 Static: constant at every network run (weights/bias)
» Dynamic: different depending on the network inputs (in/out)

11 Company Proprietary GREENWAVES ’ss
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GAPflow enables DNN inference on Parallel-Ultra Low Power GAP MCUs

from graph

f . representation to GAP
Keras _ ® O pyToreh optimized C code

Model Design

and Training GAP

Deployment

Data
collection and
preparation

Inference

only Graph

€ ONNX 1

TensorFlow Lite

12 Company Proprietary GREENWAVES ’s’

TECHNOLOGIES



What is GAPflow?

MAIN GOAL.: turn complex DSP/NN computational
graphs into optimized C code for GAP9

Hidden
Input

Output . .
int RunNetwork (uint8_t*

input_data)

13 Company Proprietary GREENWAVES ’ss

TECHNOLOGIES



What is GAPflow?

MAIN GOAL.: turn complex DSP/NN computational
graphs into optimized C code for GAP9

GAP9 Graph Optimization

 Static topology optimization to minimize number of operations and
memory overhead

* Quantization: reduce memory usage up to 16x and enable integer only
arithmetic when performance is critical

Validate the Solution

Validate the numeric precision/accuracy of the deployable model in a
user-friendly environment (python)

Automatic C Code Generation
Map the graph operations into the Optimized SW library of GAP9

Optimal Memory Management: automating memory allocation and data
transfers

14 Company Proprietary

Hidden
Input
Output

D

int RunNetwork (uint8_t*
input_data)
{

}
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GAPflow: Overview

15

€ ONNX g
TensorFlow Lite

™
ATModel
Autotiler
GAP code )

NNTool

Static Topology optimizations (node fusion)
Quantization w/ calibration dataset (optional)
Validate numerically the deployable solution
Generates an IR of the graph (ATModel)

Autotiler

Optimizes data movement across the memory
hierarchy

Computes optimal tiling sizes

Generates GAP code with double/triple-buffer
mechanism using optimized SW Library
primitives

Company Proprietary GREENWAVES ’ss
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Topology Optimizations

Minimize number of nodes/edges:
 Remove useless reshapes/transpose by moving them accross the graph

» Layer Fusion: known sequence of nodes merged together thanks to specialized hand-
written backend SW

« Expressions compiler: fuses an arbitrary sequence of piecewise/broadcastable
operations and dynamically generates GAP C code for it

Cluster Cluster Cluster Cluster Cluster Cluster

— —

l1

o]

ReLU
\ 4
Pool

Convoluti

L1
97101571 1 Cluster

RelLU
A 4
Pool

FToprietary
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Quantization: Background

X1 X2
X
: : Xo w 5
Convolution Operation i ? -
3
y = 2 Xew+b W,
b
X activation input tensor y

w weight parameter tensor
b bias parameter tensor
y activation output tensor

17 Company Proprietary GRGREENWAVES ’s‘
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Quantization: Background

18

X5 | .45.6537

e

-0.3

3.6 X1
X, " \
. . 1
Convolution Operation 5.21 653
y = 2X°W+b Wol 788

DL frameworks operates with real numbers
¢ Floating-point 32-bit format (FP32)
® Inference requires FPU engines

Company Proprietary
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Quantization: Background

Convolution Operation 5
y = 2 Xew+b W,

y

Quantization maps any real value into a set of integer values

s, COMPRESSION to n-bit integer values up to 4x compression with 8-bit
quantization

o35 LATENCY Inference requests integer low-precision operation 8-bit convolution up to 4x
(even more due to the lower BW) faster than FP32 in SW (even more with dedicated HW like
NE16)

19 Company Proprietary GRGREENWAVES ’s‘
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Quantization: Background

: through an affine
e 4x memory reduction

o >4x speed up thanks to specialized HW Z = 0 if symmetric
e But accuracy??? ranges M'max == 'min

-—} T —>
3638 Foin 0 Fmax 3638 float32

'max — "'min
2nbits

Convolution Operation
X is a quantized value, x is a real value

e L o 0
Affine ——d _INT8

transformation
20 Company Proprietary GRGREENWAVES ’s‘
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https://arxiv.org/abs/1712.05877

Optimal quantization: Decompressor

Linear quantization :

X distribution

o LUT based guantization allows non-uniform
guantization % C
* Clustering (KMeans) can lead to better E £
approximation (higher compression rates)
r=S(q-—2)

© lower mem footprint

P T S T T T TR R T R Y
b S i S S S S S T B B S S e S e i e e

Quantization bins

L2 Memory SRAM
2-8 bits LUT indices

[1.5 MB] _
saved in L3-L2

Cluster ) low BW (1 sym/cyc) Optimal quantization .

DMA *performance gain if you can ; x distribution

move from L3 to L2

M rl;|1 e 8-16 bits (e.g. float16)
€ decompressed symbols r=LUT[q]

max(x)

min(x)

<

TECHNOLOGIES 7T )
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Quantization

22

"max — Tmin Z = 0 if symmetric
znbits ranges "pax = —Tmin

. Affine

POW2 (QX.Y) 16-bit (symmetric, PerTensor) 16-bit (symmetric, PerTensor) r=q sk 2—N
int8 2-8bits (symmetric, PerChannel) 8- or 16bit (asym. PerTensor) r=(q—2)x% S
Float16 16-bit (bfloat16/f16ieee) 16-bit (bfloat16/f16ieee) -

LUT 2-8bits (LUT) (not supported) r=LUTI[q]

(1) Quantization Ranges obtained:
» From a graph quantized with third-paties tools: Onnx+NNCF or TFLite quantization
» Using GAP Nntool Post-Training Quantization with a calibration dataset

(2) Cast from FP32 to FP16 done by GAP NNtool. No Calibration dataset required. Typically, lossless.

" TFLite quantization, https://arxiv.org/abs/1712.05877

Company Proprietary GREENWAVES )
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https://arxiv.org/abs/1712.05877

Mixed-Precision Quantization

GAP NNTool enables layer-wise selection of quantization scheme and number of bits

0
0 input_1
input_1 In224x224
Ix224%224 =100-={ER-0.005*0.0078 1250099 forced|
3
N A= (R 0D D00TE | 2200 9% forced [:I | 1 | 2
3
0 | 1 | 3 CONV_2D 0_0_fusion
CONV 2D 0 0 fusion et chw ker chiw
Filter 32x3x3x3
cur chw ker chw A H
symmetric .
Filter 32x3:3x3 | Snde2a
Bl al Bfloat1 > | ™@0C
Pad (0, 1)x(0. T) RELU6
RI“.‘:LU-& : G . quant i ze ( P Q00=(id—1 280000235294 | <6.00)
E03 800 .047242226,00 foreen node_options={ | quantize(DEPTHWISE_CONV 2D 0_1 fusion gin0)
[i] .
! ] - “DEPTHSWISE_CONV_2D_0_1_fusion”:
7
DEPTHWISE CONV 2D 0 1 fusion { 0 | 1 2
eur chw ker chw ‘ “scheme”: “FLOAT”, ‘ DEPTHWISE_CONV_2D_0_1_fusion
Filter 32x[x3x3 “ float_type"="bfloat16" cur chw ker chw
Pad (1, (1, 1) } Filter 32x1x3x3
RELUS Pad (1, 1)x(1, 1)
0.00(i = 1 2800000235284 | <6000 } RELU6
: ) @D
o [ 1+ ] 2 8
CONY 2D 0.2 fusion N N Tool automatic al Iy inserts quantize(CONV_2D 0 2 _fusion_gin0) ‘
cur chw ker chw . . 6058000 0.04724220 = ol
e quantize/dequantize nodes to match '
RELUG quantization range between connected
o NS = R0 * 00 724 22 22f 100 foroed
nOd eS cur chw ker chw
Filter 64x32x1x1

RELU®

~6.05<{i8-0.00)* 004 724222600 forced

Company Proprietary GREENWAVES ’ss
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Mixed-Precision Quantization: Use case
| |LSTM256 | GRU256 | LSTM128 | GRU128
256 256 128 128

LSTM or GRU kK
layers * m LSTM(257,256) GRU(257, 256) LSTM(257,128) GRU(257, 128)
1%957 STET Ve \ 1957 STET BB stves7.256) GRU(257,256)  LSTM(128128)  GRU(128, 128)
Magnitude Spectral 1.24 M 0.985 M 0.493 M 0.411 M
features Mask
I 84% 80% 66.5% 59.8% I
params

[ 1x257 |

The majority of the weights are
due to RNN layers!

l

|
From FP16

Linear + ReLU

Linear + ReLU

Linear + Sigm
To FP16

TinyDenoiser models trained on Valentini dataset: FP32 baseline

LSTM256 m LSTM128

Quant Type m
b PESQ| STOI | Mem [PESQ| STOI | Mem [PESQ| STOI | Mem |PESQ| STOI

279 094 475 278 094 376 276 094 1838 2.69 094 1.56
279 094 237 278 094 188 276 094 094 269 094 0.78

INT8 242 092 1.18 248 093 093 251 092 047 236 093 0.39

INT8 is lightweight but LOSSY

 avg PESQ loss: 0.3, STOI loss: 0.015

°, 2X mem compression GREENWAVES &”
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Mixed-Precision Quantization: Use case

LSTM or GRU
layers

A

To FP16

©
¥
o
T
S
o
P
T

Linear + RelLLU
Linear + RelLLU

FP16 INT8 F

| LSTM256 | GRU256 | LSTM128 | GRU128_
256 256 128 128

m LSTM(257,256) GRU(257, 256) LSTM(257,128) GRU(257, 128)
m LSTM(257,256) GRU(257, 256) LSTM(128 128) GRU(128, 128)
m 1.24 M 0.985 M 0.493 M 0.411 M

(-)

I 84% 80% 66.5% 59.8% I
params

The majority of the weights are
due to RNN layers!

Linear + Sigm

P16

TinyDenoiser models trained on Valentini dataset: FP32 baseline

LSTM128

PESQ| STOI | Mem [PESQ| STOI | Mem [PESQ| STOI | Mem |PESQ| STOI

2.78 475 278 094 376 276 094 188 269 094 1.56

LSTM256

Quant Type

- 278 094 207 278 094 188 276 094 004 269 094 078
MixedFP16-INT8 present low accuracy 242 092 118 248 093 093 251 092 047 236 093 039
degradation (PESQ: 0.06, STOI: <0.01) 273 093 137 272 094 113 269 093 067 263 094 055
while 1.4-1.7X mem compression vs FP16

25 Company Proprietary GR EEJ:’;JZ&\;ESEF ’ss




Fast prototyping

26

e Deploy in few lines

e Complete control of:
» Graph manipulations
« Quantization
e Testing
e Deployment settings

» Check of consistency

Prepare the graph for deployment

G = NNGraph.load_graph (“model.onnx")
G.adjust_order ()

G.fusions (“scaled match_group”)

stats = G.collect_statistics (repr_dataset())
G.quantize (stats, graph_gopts, node_gopts)

Test the final graph in python

for data in test _data:
outs = G.execute(data, dequantize=True)
ok = check (outs)

| If not satisfied: requantize

1f not ok:
# update node_qopts and start over

| Check consistency on target

res = G.execute_on_target (data, model_settings)
check_equal (res.output_tensors, outs)
res.print_basic_mem_infos ()
res.print_performance ()




Validation of the solution

* Check deployed model accuracy:
(=) On-device: use directly the final platform to test the accuracy (very slow)

NNTool: bit-accurate numpy backend, the user can test accuracy in a python environment without
need of device (fast)

G = NNGraph.load _graph(file_path)

= G.coll isti librati dataset

stats = G.collect_statlstics(calibration_dataset) Prepare your model for deployment
G.quantize (stats, quantization_options) — T . .
G.adjust_order () (quantization+graph manipulation)

G.fusions (“scaled_match_group”)

# Ready for inference

accl = 0

for in_data, target in test_dataset:
outg = G.execute (in_data, quantize=True)
accl += np.argmax (outg[-1][0]) == target

— Run inference and check results

Company Proprietary GREENWAVES ’ss

TECHNOLOGIES



GAP Autotiler

GAP does not have a data CACHE:
« Silicon Area
- Energy Efficiency

. NN/DSP algo have predictable data ~—— C€nerate C code for all data
traffic movement at compile time

I/Os FC Domain Compute Cluster w/ CNN
DMA
=

uDMA

* 4 Shared FPUs

28 Company Proprietary GREENWAVES ’ss
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Autotiler User Kernel: NN Node to the GAP architecture

_ Computation dataflow

Ahead of time

y = Z X o W weights g7 Store data (parameters & vector) in L2 (or L3)
[ c * l At run time, for any computational node:
onvolution [
y Partition and Load data (parameters & tensors) to L1
Run data-parallel/CNN Engine computation
Store data ( tensors) back in L2 (or L3)
I/Os FC Domain Compute Cluster w/ CNN acceleratq_,_- static void Conv Layero
/ {
HyperBus - Cluster - L1 TCDMM signed char * In, // input L2 vector
SPI DMA [128kB] signed char * Weights, // input 12 vector
Perioh signed char * Bias, // input L2 vector
UART DNTA signed char * out, // output L2 vector
u M
12S ; ; . ; 5
//tile sizes of In, Weights, Bilas computed aoffline
E16 CNN / /L1 buffer zsllocated te handle doukle buffering
Englne /4 two L1 memory buffers for double buffering
oG DMA load first tiles to Ll memory buffer
W:Giéhfls L3 eMRAM FIaSh for any tile of In, Weights, Bias tensors:
— [ZMB] DMA load next tiles to L1 memory buffer
Off-Chip L3 Flash/Ram (OSPI/Hyper/...) PRLCOmEE] bin. BL tile
— ParReLU:i] on L1 tile
[>8MB] ParPooli] on 11 tile

DMA write results (Out) to L2

Company Proprietary }




Mapping a NN Node to the GAP HW/SW architecture

L3 -> L2 TileO . Tile1 : Tile2 . Tile3

1 1 1
L2 -> L1 TileO Tile1 Tile2
| 1 1

Exec TileO Tile1 Tile2

static void Conv_Layer0
!

L3 tensors

g2igned char * In, A4 input L3 wvector

l ‘\I signed char * Weights, // input 13 wvector
UDMA signed char * Bias, J4 input L3 vector
signed char * out, /4 output L3 vector

L2 buffer_0 i . . , .
- DMA - o fitile sgizes of In, Weights, Bias computsd cffline
f /L1 buffer alleocated to handle double buffering
L2 buffer_1 g two L1 memory buffers for doubkle buffering
L1 buffer 0 ] uDME lcad first tiles to L2 memory buffer

L1 buffer 1 [1——»[ 1

DMA lecad first tiles to L1 memory buffer

CPU for any tile of In, Weights, Bias tensors:
uDMA load next next tiles to L2 memory buffer
= 2 ]
DMA load next tiles to L1l memory buffer
0 m n' ParConv() on L1 Cile
ParReLU (! on L1 tile
N ) ParPoocl () on L1 tile
Y

DMA write results (Out) to L2

Conv_Layer0

uDMA write prev results to L3




Autotiler Graph: Static allocation

SO_Weights

SO _Input

L2 Budget

r—_—_—_—_—_—_—_—

// layer O [
CNN_ConvolutionPoolAct_SQ8( I SO_Inpu SO Weights SO Output
“Con_Layer 0",...... ); | t — — |

—_— L} —_— L} —_— L} —_— L} —_— L} —_— L} —_— L} —_— J
SO_Output

S1 Weights

r—_—_—_—_—_—_—_—

// layer 1

CNN_C lutionPoolAct_SQ8 .
SRR ] S1 \Weights SO_Output  S1_Output

I_ _— _— _— _— _— _— _— _— _— _— _— _— _— _— ‘

S1 Output

S2 Weights
/l layer 2 ————————————__
CNN_ConvolutionPoolAct_SQ8( S2 Wei _Ou
“Con_Layer 2%,.....); | SRS SO_Output S1_Output

S2_Output

31 Company Proprietary GREENWAVES ’ss

TECHNOLOGIES



Autotiler Graph: Static allocation

32

SO_Input

S1 Weights

S1 Output
S2 Weights

S2_Output

SO_Weights

// layer O
CNN_ConvolutionPoolAct_SQ8(
“Con_Layer 0”",...... );

SO_Output

// layer 1
CNN_ConvolutionPoolAct_SQ8(
“Con_Layer_1",...... );

/] layer 2
CNN_ConvolutionPoolAct_SQ8(
“Con_Layer 2”,...... );

Company Proprietary

L2 Budget

r—_—_—_—_—_—_—_—

|
] SO Output SO_!cnpu SO_Weights [
[

r—_—_—_—_—_—_—_—

|
] SO Output S1 Weights S1_Output [
|

r-—-—--- - - =--=- - "- - - = = |

S2 Wei S2 Ou
SO_Output ghts . S1_Output |

_—_—_—_—_—_—_—_‘

GREENWAVES

TECHNOLOGIES
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Autotiler Graph: Static allocation (tensor promotion)

q

l
SO_Weights

SO _Input

// layer O
CNN_ConvolutionPoolAct_SQ8(
“Con_Layer 0”,...... );

S1_Weights SO_Output

// |ayer 1 r _______________ I

CNN_ConvolutionPoolAct_SQ8( 1.1
“Con_Layer_ 1”,...... ); I W 52 WSl _Out SO0_Out i
S1 Output e e e e e e e e e e - — =
S2 Weights

/l layer 2 F = = = = == == == = = = === = - 1

CNN_ConvolutionPoolAct_SQ8( S1 S2
“Con_Layer 2",......); I W 527\W 7= S1_Out out S0_Out i
e e e e e = = = = e e = = = -

S2_Output

33 Company Proprietary GREENWAVES ’ss
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2. Graph mode: Mem allocation inter-layer B Energy Weights L3->L2

M Energy L2->L1

_ B Energy Execution
SO_Weights

50_lnput No Promotion: un 4 un 2
45
40
35
30
25
S1 Weights S0_Output fg I
10
s il I
0
Construct y 0 ayer 1 Layer 2 Layer 1 Layer 2
>1_Output Static Prom f constants
S2 Weights »
80 /
70
60
50
40
30
S2_Output 20 I I I I I I
10
; 0 0 O 0 i O
Construct Layer O Layer 1 Layer 2 Layer O Layer 1 Layer 2
34 Company Proprietary GREENWAVES “
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Memory Usage (kB)

1600 -

1400 A

1200 -

1000 -

800 A

600 +

400 4

200 A

MobilenetV1 L2 RAM Graph Memory allocation Strategy

Il Dynamic Tensors (1/0s)
B Constant Tensors
I Buffered Tensors

2Buff_Dyn:
llocated in the
pnstructor for L2
1/out

O Q

..
=

2Buff:

onstructor for L2

: L

& allocated in the
c
p

romoted

constants

Layer 07 MW
Layer2 7
Layer 57
Layer8 ]

Layer 15 7
Layer 16 7|
Layer 17 7
Layer 18 |
Layer 19 7
Layer 20 |
Layer 21 7
Layer 22 7
Layer 23
Layer 24 |
Layer 25
Layer 26 7
Layer 27
Layer 28 7|
Layer 29 7
Layer 30
Layer 31 7

T T
™~ " =+
— — =
e e L
(7] (7] v
T = m
-l -l -l

Layer 10 T
Layer 11T

TECHNOLOGIES
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pnstructor for L2
L2 Budget

1/out
cpnstructor for L2

ZBuff_Dyn:
allocated in the
allocated in the
promoted
constants

\ \ \ \ ......................... -
\ Essssss_
\s§§=§§I i
I .
:@
i,
i
i
T
I
i,
i,
i
\E\E\Esss
1], EEEE ss-
Vil § = E
i,
§§§§§=§
i —
T L
e
I
i,
L

| 0g 42he
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| 8z Jadeq

| L2 12he

| 9z Jadeq

| gz Jafen
| bz 42he

| £z Jafen

| zz 42hen

| Tz Jafen

| 0z 42fe

| 6T Jafe

| 8T Jafeq

-

| LT 124e

| 91 12feq

| 6T 124e

| #1 124e7
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L €T 12he

L 2T 42heT

| 11 Jake]

L 0T 424eT

| B 12fE]

| g uafe]

| £ 19fe

| 9 uafeq

i
T
"
" 111]])
i
T

0 — 0

8 m

i

1 g 12fe

| ¥ J2fe

| £ 12fe

| z 12fe

1 1 12fe

| o12fe

MobilenetV1 L2 RAM Graph Memory allocation Strategy

1600 -
1400 A
1200 -
1000 -

200 A

(a3) abesn Atoway




MobilenetV1 L2 RAM Graph Memory allocation Strategy

1600 — Dy!namic:Tenso!rs(IfOs}
i Constant Tensors
I Buffered Tensors
1400 A
1200
1000 A
E)
®
E 800 4
=
. L2 Budget
E e e e . iy i iy e By s (B oy (] sy el ey el P Y, . ] iy el ey el o B iy B e e (e e (i iy (Bl & 27 - gl
600 2
: L2Buff_Dyn:
: allocated in the
. constructor for L2
: in/out
200 A I..ZBUﬂ:
2 allocated in the
.0 cesta. 0000000000000 constructor for L2
0_ L]

= promoted
constants

Layer0 ]
Layer 1|
Layer 2 7
Layer 37
Layer57
Layer 7
Layer 97
Layer 10 7

Layer 17 7
Layer 18 |
Layer 19 7
Layer 20 |
Layer 21 7
Layer 22 7
Layer 23
Layer24 1
Layer 25
Layer 26 |
Layer 27
Layer 28 7|
Layer 29 7
Layer 30
Layer 31 7

T
o
-
o
@
o
-

Layer 15 7

T
-
—
-
@
o
-l

Layer 11 7
Layer 12 7|
Layer 13 7

Company Proprietary GREENWAVES ”5
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Enabling complex NN on energy constrained devices

Multi NN - Licence Plate Smart glasses - object detection

BL730W]

https://ieeexplore.ieee.orqg/abstract/document/9401730

httos://arxiv.org/fto/arxiv/papers/2311/2311.01057.pdf

DSP/NN Mixed-Precision — Denoiser Nano drones autonomous navigation

time

n
»

Noisy Speech Signal

25 msec
windows
‘ (hop lengtk

Denoised Speech Signal

Frequency bins

=L
=
c
<
=]
wn
o
o
}_

o)
>
E
c
o
[
o
o
-l
=
&
==
£
l—

- ° RNN-based SE =2
< TinyDenoiser
Spectral mask & ! ’ ) K.Pﬁgi_t_igﬂ_im? ’ ’
[ 0.01,0.52,0.92, https://arxiv.orq/pdf/2407.12675

0.00, ...,0.00,
0,01]

https://arxiv.orq/pdf/2210.07692 s ’
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TinyML: best performance HW and SW

Latency normalized to GAP9 GAPflow
Latency:

2

o 7-18x faster than second best submitted result

(Synthiant) 1
;

» Up to 3x faster than industry leader yet to be

available (Synthara) i
» Up to 15x faster than latest research chips § g
(DIANA) = . i — “

o 2-4x faster than other publicly available SW
libraries/tools with same HW (GAP9)

B GAP2 GapFlow
(@240MHz)

B Synthiant (AD not
submitted)

~ Synthara (marketing
slides - not submitted)

W DIANA (KU Lueven)
B GAPS Unibo Tools

=

Energy normalized to GAP9 GAPflow

Energy:
» 2-5x lower energy than second best submitted
result
* Up to 4x better than not yet available HW

 *DIANA and GAP9 Unibo data not available for
energy
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Workshop
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Exercise:

1. Create graph in nntool to compute a matrix multiplication (C = A*B) using int8
quantization and profile it in different scenarios:

a) A (32x64) and B (64x128) variable
b) A (32x64) variable and B (64x128) constant - is it better than a)? Why? Can you improve it
more?
2. Add a resize node in front of the mobilenet v2 we deployed (DO NOT use the PATCH
trick)
a) Force the input to be stored in L3 RAM

3. Deploy a yolox model like we did for the mobilenet v2. Can all the optimizations we did
be applied straight-forward? (maybe you have to change something :) )
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Convolution HW acceleration:

NE16
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NN Digital Accelerators

e Two main families:

e Convolvers: X X X &
« Filter specific (difficult to generalize) 0 o Implement the spatial
« Maximal data reusage filter as an adder tree
 Work well in Depth-wise convolutions O (+)

 Examples: NE16

e MatMul Accelerators:
« Adapts well to any type of filter sizes * More Options available:
* Does not work in Depth-wise » Combining ideas of the 2 families

* Requires Im2Col « Exploit serialization: e.g. bit-serial
* Most commonly used approach multipliers

« Examples: Google TPU, NVDLA  Exploit sparsity

43 Company Proprietary GREENWAVES ”5

TECHNOLOGIES



NN Digital Accelerators

e Two main families:

e Convolvers: X X X &
« Filter specific (difficult to generalize) 0 o Implement the spatial
« Maximal data reusage filter as an adder tree
 Work well in Depth-wise convolutions O (+)

 Examples: NE16

» MatMul Accelerators:

« Adapts well to any type of filter sizes * More Qptions available:

* Does not work in Depth-wise « Combining ideas of the 2 families

* Requires Im2Col « Exploit serialization: e.g. bit-serial
* Most commonly used approach multipliers

« Examples: Google TPU, NVDLA  Exploit sparsity

| NE16
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Why bit serialization? Bit-Serial solution:
Each cycle compute 1bit product
less area (simpler)
less bits, less cycles (energy)
ol1lol1 1111 1Tol1 e.g. 4x8bits ~ 1/2 time of 8x8bits

One-step solution: 0/{0/0|0(0]|0|0]|0
- more power efficient
- more area (more complex) shift &add [0]1]0][1]1]1]0]1
« not scalable (less bit, same power)
e.g. 4x8bits = 8x8bits o[1(0f{1{1]|1|0[1]0
shift&add |[0|0|0|0|0|0|0|0

x8
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NE16 - 3x3 Convolver

 Why 3x37? Widely adopted in many vision NN (SqueezeNet, VGG, ...)

* Design choices:
« 3x3 filter computed in parallel --> each adder tree has 9 filter elements
« 3x3 output pixels computed in parallel --> 9 adder trees
« 16 input channels computed in parallel --> each adder tree has 16 channels

input output
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NE16 - 3x3 Convolver

 Why 3x37? Widely adopted in many vision NN (SqueezeNet, VGG, ...)

* Design choices:
« 3x3 filter computed in parallel --> each adder tree has 9 filter elements
» 3x3 output pixels computed in parallel --> 9 adder trees
« 16 input channels computed in parallel --> each adder tree has 16 channels

input output
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NE16 - 3x3 Convolver

 Why 3x37? Widely adopted in many vision NN (SqueezeNet, VGG, ...)

* Design choices:
« 3x3 filter computed in parallel --> each adder tree has 9 filter elements
« 3x3 output pixels computed in parallel --> 9 adder trees
« 16 input channels computed in parallel --> each adder tree has 16 channels

input output
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NE16 - 3x3 Convolver

 Why 3x37? Widely adopted in many vision NN (SqueezeNet, VGG, ...)

* Design choices:
« 3x3 filter computed in parallel --> each adder tree has 9 filter elements
« 3x3 output pixels computed in parallel --> 9 adder trees
« 16 input channels computed in parallel --> each adder tree has 16 channels

input

output
BE I
— 3
) 3
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NE16 - 3x3 Convolver

 Why 3x37? Widely adopted in many vision NN (SqueezeNet, VGG, ...)

* Design choices:

« 3x3 filter computed in parallel --> each adder tree has 9 filter elements

3x3 output pixels computed in parallel --> 9 adder trees

16 input channels computed in parallel --> each adder tree has 16 channels

input

output
BE I
— 3
) 3

5x5 input buffer

32 output channels before reiterating
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NE16 - 3x3 Convolver (ONLY?)

 How does it do 1x1 (aka MatMul)?

* 1x1 filter computed in parallel --> each adder tree has 1 filter elements

Parallelize on the weight bits (no more bit serial here!!!) --> 2-8 bits in parallel

3x3 output pixels computed in parallel --> 9 adder trees

16 input channels computed in parallel --> each adder tree has 16 channels

_ output
input

3 3
3 3

5x5 input buffer

32 output channels before reiterating
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heory is cool, but reality?

52

3x3 1x1
Theory 162 MAC/Cyc 144 MAC/Cyc
] ~130 MAC/Cyc ~60 MAC/
Reality (~80%) / Cye

Company Proprietary

(<50°/o)

>
Reality is’0ften disappointing




Why is 1x1 so bad in reality?

* |In both modes before starting the accumulation we need to load the input buffer !!!

Number of MACs for the
- Input buffer size input buffer MAC/Load ratio

S5x5x16 32x3x3x16x3x3=41472 103.7
1x1 3x3x16 32x3x3x16=4608 32.0
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NE16HW accelerator — heterogeneous performance

e Operating modes:

e 3x3 w/ pad (w/ stride 1x1 or 2x2) NE16 Real Use Case Performance
* 1x1 (MatMul) - 8-RISCY C 8w8
N 8- ores aow
« Linear (MatVector multiply) 120 % NE16 a8w8
* DepthWise 3x3 w/ pad (w/ stride 1x1 or 2x2) 7 NE16 a16w8
8.9x
S w0
« NE SW Library: § ____________
« We can combine parallel SW (8 cores) —
and NE16 to achieve the best " 4.4x
performance in many scenarios, e.g.
Im2Col + NE16-1x1 20

1x1 Lians DW

No perf gain but allows to
keep the HWC order
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Architecture design still matters

Even with dedicated HW, NN architecture can help Al on the edge,

-9 Standard vs DepthSeparable 3x3
Convolution on NE16
- 3x3 Non-Separable Convolution: :
» NE16-friendly --> 120MAC/Cyc 0.9
3x3 DepthSeparable Convolution: 3x3 DW + 1x1 PW gj
« non NE16-friendly --> 6MAC/Cyc + 60MAC/Cyc ~ 0.6
20MAC/Cyc gj
0.3
0.2
0.1
0

Depthwise Pointwise
Op/Cyc Mcyc #Params

B NonSeparable B DepthSeparable

[Depthwise Convolution is All You Need for Learning Multiple Visual Domains]
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