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The landscape of DL on embedded ﬁl'l.(t.fAmHA
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The DL dichotomy ﬁ%@LDHA

Algorithms Platforms

* Complex * Highly heterogeneous and parallel
e Computationally- * Hard to program
expensive * Hard to manage at runtime

* Need for low-power
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ALOHA: the approach :g i

Traditional flow ALOHA tool flow
Problem/ Problem/
Dataset Dataset
Algorithm design and Model-based ALOHA Model-based
training description of > < description of
il - A Algorithm design and B
Trained DL training
algorithm
1 Architecture-aware
N I automated porting
Achitecture-aware Achitecture-aware -
manual porting manual porting l |
Optimized Optimized Optimized J Optimized J
application code application code application code application code
Hardware platform A Hardware platform B Hardware platform A Hardware platform B
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ALOHA Tool flow
Integration methodology

Components
communicate through
REST APIs

Independent containers
Modularity

Agile development
methodology
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Docker Image 1
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ALOHA Tool flow e %%&L[IHA
The DSE eﬂglne * Multi-objective exploration * Genetic algorithm DS surfmg%"’f%(‘f
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* Explore algorithm configuration degrees of freedom

Kernel Size

and code i |

| L Layer connectivity

‘ Target architecture programming interface

—
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Trained model Evaluation scores

* Transfer learning enabled (reuse of the model in different domains with

reduced dataset)
* Local hyperparameter exploration
* Flexible data parsing (multiple input formats)
* Flexible use-case configuration (multiple Al tasks: classification, detection,
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ALOHA Tool flow

Performance/power evaluation

Configuration file
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Initial DNN

(.onnx)

®* Convert DNN model to
analyzable application model
(SDF)

.onnx model
i_. DNN model
@ L reader I

S OHA

Performance/power
evaluation tool

* Architecture model associates
execution time and energy to
each SDF actor (iteration)

* Analyze/transform/evaluate

Convolution

10 secs,
energy_cons:
10 ml}

Pooling

parameters: { parameters: {
memory: 100 memory: 50

Reader byte.s' byFes,
exec_time: exec_time: 35

secs,
energy cons:
10 mJ}

Performance/ power
estimations

CNN-2-SDF model
converter

1

performance/power Target
evaluation tool (DARTS) architecture
description

function call template: -
for(i=0; i<28; i++){

}

Convolution (local_input_areal(i));

Softmax block
parameters: {
memory: 30
bytes,
exec_time: 3
secs,
energy_cons:
10 ml}




ALOHA Tool flow
Refinement for par5|mon|ous Inference

Refine algorithm

197 ¢

selection to:

lexecute/performance/evslustion

®* Reduce computational

workload

®* Reduce memory

footprint

| — * Reduce IO bandwidth
requirements

www.aloha-h2020.eu

QUANTIZE

N5
£ OHA
1000 Trillion
Synapses \
50 Trillion 500 Trillion

Synapses Synapses
Newborn 1 year old Adolescent

Christopher A Walsh. Peter Huttenlocher (1931-2013). Nature, 502(7470):172-172, 2013.

fixed: low-precision calibration to 16/8 bits
quant_thresh: quantization to 8 /4 /2 bits
ing: incremental network quantization

bin: binarization with XNOR-Net or BNN
abcnet: binarization with ABC-Net

* prune: Han et al. iterative pruning of least
used connections

* inqg: pruning together with incremental
network quantization



ALOHA Tool flow
Security evaluation

Target architecture
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ALOHA Tool flow
Phase 2 system -level design

TTTTTT

jexecute/algorithm/refinement
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DSE instrument: {
|

Design point evaluation
a) High-level simulative:
SESAME by UVA (previously on www.madnessproject.org)

http:/ /sesamesim.sourceforge.net/

b) Mathematical Programming and analytic modeling:
Architectural Optimization Workbench by IBM

Michael Masin et al. -Pluggable Analysis Viewpoints for Design Space Exploration, 2013

Post-training parsimonious inference enabled — runtime network modification



ALOHA Tool flow

Reference computing platforms
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https://arxiv.org/abs/1712.00994

ALOHA use-cases

Demonstration on three application use-cases

Hemorrhage
[

Cost- and power-effective Command Recognition in
medical decision assistant Smart Industry Applications
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LEEALOHA

Surveillance of Critical
Infrastructures



ALOHA status

M12
First preliminary M24
version of all the Complete
modules integrated in Version of all the
a single toolflow tools

' |
' i
M9 ' !
Today

CEZENOHA
M36

Project END

I

Toolflow refinement Toolflow assessment on

+ industrial use-cases

Scenario-base DSE
Support for
multi-mode use-cases
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