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What is a “tinyML” workload?

“Getting Better” trend
« TTop1 Acc

ImegeNet Top1 Accuracy « 1 MACs & #Params
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What is a “tinyML” workload?

“Getting Better” trend
« TTop1 Acc

Need: e 1 MACs & #Params

1. Flexibility (always-changing NN structures)
2. Performance
3. Energy efficiency
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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
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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
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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”
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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 ’”

TECHNOLOGIES



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
R T T e

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)
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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
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What is GAPflow?

12

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

Company Proprietary

Hidden
Input
Output

D

int RunNetwork (uint8_t*
input_data)
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What is GAPflow?

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

GAP9 Graph Optimizations

 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

13 Company Proprietary

Hidden
Input
Output

D

int RunNetwork (uint8_t*
input_data)
{

}
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GAPflow: Overview

14

€ 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
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Topology Optimizations

 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
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Quantization: Background

Any real tensor value is mapped into the 8-bit domain (INT8) through an affine
transformation:

https://arxiv.org/abs/1712.05877 (TFLite compliant) Z = 0 if symmetric
ranges " max =— " min
1 R s
q-1£7 m T Y
F e rmmé rmax 3038 103132
'max — 'min
2nbits
Convolution Operation Integer only MAGs

X is a quantized value, x is a real value

e [ i i)
Affine ——d _INT8

transformation
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https://arxiv.org/abs/1712.05877

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
17 Company Proprietary GRGREENWAVES ’s‘
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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)
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7
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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
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GAP Autotiler

GAP does not have a data CACHE:

- Silicon Area

- Energy Efficiency

- NN/DSP algo have predictable data —>
traffic

Generate C code for all data
movement at compile time

FC Domain Compute Cluster w/ CNN accelerator

- Cluster
-..-.

uDMA
4 Shared FPUs

¢
T T T
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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
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Autotiler Graph: Static allocation

24

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 |

_—_—_—_—_—_—_—_‘
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NN Benchmarks

# Params Lat;;‘:ﬁlg GOPS/W

[M] [ms] | @ 240MHz

([ MobileNet V1 224 1.0 4.27 568.9 45.89 485.38

MobileNet V2 224_1.0 3.57 301.8 37.59 308.89

ResNet18 11.71 1816.7 81.54 667.98

SqueezeNet 1.25 843.4 46.14 685.49

Image and Audio | egficientNetLite0 15.02 1352.9 182.92 320.10
classification and <

detection MCUNet 1.84 127.1 29.08 189.01

SSD MobileNet V1 300_1.0 6.89 1258.1 93.59 504.79

SSD MobileNet V2 300_1.0 6.17 775.8 86.11 338.02

YamNet w/ Preprocessing 3.72 74.23 13.03 211.87

. YoloX Nano * 0.91 231.7 22.78 441.04

( TinyML - KWS: DSCNN 0.053 2.74 0.30 445.53

TinyMLPerf: J TinyML - IC: ResNet8 0.098 12.58 0.57 978.99

Best in the market TinyML - AD: DeepAutoEncoder 0.277 0.27 0.11 151.26

TinyML - VWW: MobileNet V1 0.25 0.333 7.72 1.05 399.28

TECHNOLOGIES
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NN Benchmarks

Image and Audio

classification and <

detection

TinyMLPerf:
Best in the market

26

~

MobileNet V1 224_1.0
MobileNet V2 224 1.0
ResNet18

SqueezeNet

EfficientNetLiteO

MCUNet

SSD MobileNet V1 300_1.0
SSD MobileNet V2 300_1.0
YamNet w/ Preprocessing
YoloX Nano *

TinyML - KWS: DSCNN

TinyML - IC: ResNet8

TinyML - AD: DeepAutoEncoder
TinyML - VWW: MobileNet V1 0.25

Co

# Params
[M]

-_— e . am am=

Latencv @

>100GOPS/W accross
large range of NNs

4.27 568.9
TinyML EdgeML
1.00 T e e e S 3 570 o T o = -~
ResNei8 N
7/ \ / \
/ | I
0.75I a I
T I .ResNetl& |
s [ a = I
ﬁ @I &'?.;._
® ool quileN@Zﬂi 0 I
g DSCNN YoloX!Nano™ W 5~
| - S
a I . EfficientNetLite0
2 oa Lo w5 |
N MCUNet |
e
\ —— I S N S S .- , \ | L] | L] | |} /
000 10 100 1000
# MAC [M]

1
15M
4M
100
® # params

pany rropneary

\— i pw = = o
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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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Try yourself

» Contact us and get our evaluation kit board

* Tools and SW are mostly open-source:

* https://greenwaves-technologies.com/tools-and-software/
 https://greenwaves-technologies.com/manuals_gap9/gap9_sdk_doc/html/

Lot of application and example to start your work

(write us an email or sign in the website to access our SDK)
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Thank you!
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NN Benchmarks

Latency @
370. an i

>10GOPS accross large

# Params
[M]

(" MobileNet V1 224_1.0 4.27 568.9 range of NNs
MobileNet V2 224 1.0 257 2042
ResNet18 1000 TinyML EdgeML
—mTEEEES s ATmEmEEEETES
SqueezeNet / S / \
Image and Audio | EgfigigntNetL ite0 I \ squégzenet |
classification and { m  10.00 || o~ A .
detection MCUNet £ | II N - I
SSD MobileNet V1 300_1.0 I I ! MobileNGRERZIEE, |
SSD MobileNet V2 300_1.0 5 ool ! Resetis |
(%)
YamNet w/ Preprocessing ® | II I
E‘ ResNet8 |
. YoloX Nano * z | II
(" TinyML - KWS: DSCNN 5 BN | = |
TinyML - IC: ResNet8 \ \ [ /
TinyMLPerf. ) TInyML = [b: Rese ~ 7 /
Best in the market TinyML - AD: DeepAutoEncoder oot —_———— = — - rT—===l==
| TinyML - VWW: MobileNet V1 0.25 S H 1 e
am ‘ # MAC [M]
100
® # params
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