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Context — NNs on edge devices LIETR
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=> Metrics that matter at the edge
=> Need evaluation flow to find optimized mappings
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|. Fundamentals & hypothesis — Challenges of NN METR
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Other aspects:

A Use of power management

A Platform size (number of cores, memory)

A NN different workloads => no « one fits all » solution
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|. Fundamentals & hypothesis — Research challenges NIETR
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= Research challenges:

1. How to provide fast yet accurate

g €valuation early in design phases of
timing and energy properties for
streaming NNs deployments on multi-
core platforms?

[ Timing lL Power }
.

—» 2. Is a model-based approach more
relevant than rapid prototyping?

—> 3. Is a model-based approach suited

User constraint

for early, fast and confident Design
Space Exploration (DSE) of streaming
NNs deployments on multi-core
platforms?
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|. Fundamentals & hypothesis — Model of Computation
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|. Fundamentals & hypothesis — Model of Computation
(MoC), Model of Architecture (MoA), mapping
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II. Timing modeling flow - Overview LIETR
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Il. Timing modeling flow — Computation time model  IETR
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II. Timing modeling flow — Model calibration LIETR
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modeling flow — Simulation described in Systemc WIETR
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lIl. Timing modeling flow — Experimental results, test cases WIETR
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V. Power modeling flow - Overview
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V. Power modeling flow — Power model calibration [LMETR
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V. Power modeling flow — Power model calibration WIETR
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wer modeling flow — Experiments WIETR
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Best case pure analytical models

]
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Phase 2: Evaluation using simulation

(T mipm g d i

[ Simulation
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Execution
trace

[ Comp. ][ Comm. ]

| Measurements |

ﬁ 4
\ easurements

prediction

—

Power & energy

[

ETR
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= 2 phases:

/| mapping exploration

A NO User constraints

%Explore mo r K a RGeS

YES

Timing

» Phase 1: Fast exploration using best
case pure analytical models

» Phase 2: Slower but accurate
evaluation of most relevant mappings
using simulation.

» Branch & Bound enhanced
clustering and mapping search

= Possibility to perform several
iterations of the flow in order to
consider additional branches.
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V. DSE — Branch & Bound enhanced clustering search HlETR
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First clustering

Br a nk h #Branch#3
Branch#2

IN L1
(784)  (32)

N/
\':

L2
(16)

oL
(10)

784x32 32x16 16x10

o @ Generation of first clustering

User defined

T max=7

settings:

L1 12 13
D%sszHw}D

9 @ Generation of possible next branches

Branch#1

Best score => branch selected

Branch#2

Lower score => branch discarded X

Branch#3

Lower score => branch discarded X

v

4

7

-

Evaluation using analytical model

Branch with best score is selected
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V. DSE — Branch & Bound enhanced clustering search MIETR

B
o)

16
16
9 Selection of next branch

I\ Nantes
W Université DLR

Branch#1
L1 L2

L3

Branch#2

Branch#3

[@

Evaluation using analytical model

Branch with best score is selected

Add selected branch to
the list of selected
J clusterings

@ || Selection of next branch

Q. Dariol > PhD defense > 27.11.2023 > Early Timing and Energy Prediction and Optimization of Artificial Neural Networks on Multi-Core Platforms




V. DSE — Branch & Bound enhanced clustering search MIETR

I\ Nantes
Final clustering is reached
e @ (no more evolution possible)
(D\ L1 L2

W Université DLR
L3
5 7
5 !":ff

Add final clustering to the list
of selected clusterings and

return the list.
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V. DSE — Branch & Bound enhanced mapping search IIETR

Clustering from previous DSE flow step I\l Nantes

W Université DLR

oﬁeneration ?f\firsl mappi@

Tile#0 Shared
| L1ct | memory

w All Add mapping to

| L1c3 | [€3| [€>][channels selected mappings list
L2 |

[t ]

e Selection of next branch

/@ Branch#1 \@ Branch#2 \ / @ Branch#5 \
Tile#0 /\ Tile#0 /\ Tile#0 /\

( ) Shared ) Shared [ Shared
L1C2 4| memory L1c1 J memory L1C1

4 memory
L1C3 | | L1C3 L1c2

15 Al ) Al Al
&| I<=>{ |channels I<=>{ | channels S .L103 I<>| channels
L3 | L

7
i

L3 | L2
Tile#1 Tile#1 Tile#1
L1ct | e‘v L1c2 e\/ L3 <—>\/
Y X X
Evaluation using pure analytical model Add selected branch
mapping to selected
Branch with best score is selected ) mappings list
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V. DSE - Branch & Bound enhanced mapping search WIETR
® N

W Université DLR
Tile#0 /\

= Shored
[L1e3 | e
(2] e
Tile#1

— VvV

V

Selection of next branch

/ Branch#1 \/ Branch#2 \
Tile#0 /\ Tile#0 /\

L1C3 ] Shared
e | [
L3

memory

g Al
,<>| | channels

Tile#1

Shared
memory

All
<> channels

<>

BEH

i
—|d
3%
i

,_
e,
O
[N

V. AV
ITX N2

e ™
Evaluation using pure analytical model Add selected branch
mapping to selected
L Branch with best score is selected ) mappings list

v
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V. DSE — Example use of the DSE flow

ETR

I\ Nantes
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1.6 () Phase 11 Analytical |--------- S S— D N — Without power management
- - i O o i@ Tie1 || Tie2 || Ties || Tiea || Ties
<>Z Phase 21 Simulation i O <8i i tict ||| ticz ||| L1es || |[Lica ||| Lics
' I : ab E L2ct || || tecz |||| L2ca
S I S > *%8""0' """" I s DOV e
O i | ! ! O T R
: O : : ! < =
! ! : : i
1.4 4 D TTVS— . Tttt HE Shared memory
i H H H ( All channels... ]
: With power management
134 4I --------------- -i ________________ i- _______________ i' ---------- T _____ Tie1 |[ Tie2 |[ Ties |[ Tiea |[ Ties |[ Ties || Tie7
OO i i i i i \ L1C1 L1C2 L1C3 L1C4 L1C5 L2C3 L2C4
| ! E E ! E Dec L2C1 L2C2
P S R— S— -
0 P | | i ; M N S N N T
i O 08800 O i i i i Shared$memory
1.1 44— @ e ‘! """""""" !‘ """""""" !‘ """""""" '!' """ ( All channels... ]
O i i i i . .. . .
S ! ! ! ! » The flow finds optimized non trivial
: : : : Fyvag solutions
95000 100000 105000 110000 115000 )0 .

Latency (cycles)

Found candidate solutions for MLP1

->

Z 0 0 B (boens t

» The flow indicates when power
management is worth using to enhance
timing and energy.
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V. DSE — Evaluation of the DSE flow WIETR
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= Comparison of Branch & Bound-enhanced and exhaustive clustering -

search:

Proportion 6bumdlsed eseovigs
Tmaxftor I1ICNN

25000%

10.00% I I => The optimal cluster.]

0.00% [1] 1 — search is always found.

99% 95% 90% 75% 50% Others
% of clustering dominated

These clusterings have a better score than
99% of other clusterings found with exhaustive.
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= Comparison of Branch & Bound-enhanced and exhaustive mapping search
= Similar observations. However optimal mapping is not guaranteed to be found.

V. DEEaluation of the DSEMETRO#
DLR

Proportion of mappings found based on score with
Tmax=3 for CNN1

0.60%

0.50%

.30%

.20%

0.10%

0.00%
1 2 3 4

% of other mappings dominated

o
N
o
2

% of mappings found
o o
N w
o o
S S

5 6

» Use of pure analytical models for pruning vs simulation
= => Similar results are obtained with the analytical models / simulation.
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VI. Conclusion & Prospects

Q. Dariol > PhD defense > 27.11.2023 > Early Timing and Energy Prediction and Optimization of Artificial Neural Networks on Multi-Core Platforms

DLR



Vi . ConecReseaaltal | enges IIETR
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Phade Fast clusterin g/ maA pli Hoy teeprqvideofash yei acourate evaluation early in
3&2{‘;‘:“3 Sg;::f‘ ?nfsgg;] S‘SBGZ?EE design phases of timing and energy properties for
—N 1(8?&3 streaming NNs deployments on multi-core platforms?
—/ * <> > Use hybrid modeling flow: simulation, analytical
( Best case pure analytical models J models, measurements.
=~ =
Phase 2: Evaluation using simulation A 2. Is a model-based approach more relevant than rapid
(Ti mipngd i ' h prototyping?
[ ,Simul at Power model >»Yes. 6 times faster wit
[ Comp. J Comm. J| t r acleMeasurements need the NN to be trained.
\ Iﬁeasuremen?s J PO"[‘)’fé d‘gi‘c‘;gﬁrgy
A 3. Is a model-based approach suited for early, fast and
, NO User constraints confident Design Space Exploration (DSE) of streaming
Q, Explore more branches satisfied? NNs deployments on multi-core platforms?

> Yes, we demonstrated it with our DSE
approach.
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Vi . ConcPesspectives

_________

s

_________

(”” Branch & Bound
mapping search

Best case pure analytical models

]
=~ =

easurements

=

Phase 2: Evaluation using simulation
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‘ omp G\D Comm D : r a c|e Measurements

Power & energy
prediction

NO

% Explore more branches
YES

Timing

1 User constraints

satisfied?

ETR
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/| mapping exploration

= Extend the flow to support Neural
Architecture Search (NAS) [1]

= Offer modeling and exploration of
external memory accesses
(necessary for larger NNs)

@ 9faisSys ¢oTziaSNdSHES NI 1 O
[ dZNBBBAINY I € 2F al OKAY S § Sidy A
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Appendice — Prototype platform LIETR
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Fundamentals & hypothesis — Considered NNs

Prediction of
Y r 0% _) n'ini
\\V.W.w 0"in input
\'A A\'IA A\" 0% —» '1'ininput
N 'o‘"o" “’
.2 * .A" ‘"‘ \ 100% —»  '2'in input
0% —>» '9'ininput

ETR
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128228 i0
et

MLP1: D—» —>

1x28x28 32

10

=

p—
MLP2: D—) —>

MN=32 N=16

_ 18 10
N=10

NN name | Number of layers Data-set Accuracy
MLP1 2 MNIST [11] 85%
MLP2 3 MNIST [11] 89%
MLP3 3 GTSRB [90] 20%
CNNI1 1 MNIST [11] TT%
CNN2 7 MNIST [11] N.A.

Legend

T’ - Communication channel
containing T tokens
- Actor modeling a
dense layer containing
M N neurons

- Actor modeling a
convolution layer
F containing F filters

- Actor modeling a
pooling layer

1x24x24 30 30 43
Prediction of MLP3: H H > ~» - SDF graph source
the class of N=30 =30 N=43 )| ~>: SDF graph sink
the input 132 5x28xI8  Sxlax1d
. r 64 1D
Image = o [ H }—) 4>{ J—>D
. b
28x28x1 - F=5 N=64 N=10
MNIST Image 5x2828 5x14x14 Dense Dense - 132432 BOB2S  Bx14xld___ 18x10x10___ 16x5:5 120 84 10
L Convolution - Pooling e (981 (10) , (LeNets): H H H HD
F=6 F=16 N=120 N=84 N=10

Feature extraction Classification
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Context — Internet of Things (loT)
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Inspiration for figure:

A Gunathilake N. A.; Buchanan, W. J. & Asif,
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Implementation Challenges and
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on Internet ofThings(WFI0T),2019

ur Rehman, M. H.; Yaqoob, I.; Salah, K.;
Imran, M.; Jayaraman, P. P. & Perera, C.,
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Appendice — Private memory model for tile sizing

N DLR
Lile [?rlvatfa merory Actual content Memory size model (bytes)
sections (in order) ‘ .
vectors SW/HW exceptions management, 198
reset, etc.
text Instructions 8192+ 512 N, or
.Anit, fini, .ctors, o
dtors, rodata, .sdata2 / Marginal, neglected
data Inilrt.i.alized glollja.] va.r.ia.b]es: PA
Weights and input image
sdata, .sbss / Marginal, neglected
‘bss Uninitialized global variables 256
heap Dynamically allocated space 2048
stack Local variables used inside functions, ®
SDF token buffers and channels

A
9 : Bf=0 + Z )\a.w’rra.
a=1

_ ) 4+ Npewron,a * (Ninputs + 1) if @ is an actor from a dense layer
with W, = L-1

1- K, (Fy- Fy + Nippws) it @ is an actor from a convolution layer @ : 4 2 Nehannels + Z B;
=0

1 if actor a is mapped on the considered tile
and A, =
0 otherwise
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Appendice — Communication time model WIETR
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l Simulation synchronization event

Cycle accurate model — I t l e I- - I t l SN t - |
P B b » tore v Ve " tr Hﬁtpast.ﬁ'.:.r“
Message level model | ——————— - 1
: Wailir;g time , RW operation time :
| l | ny
Application Ti
sists. buffr e =
unavailable
Drw(nt) = tinithw +tp  +gerw +trw -nr +tpwi- (nT— 1) +tpost RW + tw
Check token availability Buffer access Token status update
Communication
pro C:Gdu]i‘e tr tp tw tﬂl tw'! tp,[ Floop twfoop tpfoop t'p‘r'r' tpﬂi" tp'rw tpow tiﬂ-ﬁr tiﬂ-ﬂw
Polling S| 8| 5 [14] 13 ] 7 22 18 15 15 11 15 9 15 16
Interrupt SR10] 5 ([14]13]0 22 18 0 15 11 15 9 348 | 349

*. All delays in
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