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Keyword spotting — a case study for ODCL

* Process an audio signal
* Recognize a target word from a predefined set
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Keyword spotting — 92% in clean conditions

* Process an audio signal
* Recognize a target word from a predefined set
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Quiet rooms are not the norm...



Can a KWS system still recognize the words?

100

* Noise-Aware KWS

* Noise-augmented KWS %0
at (pre)training time
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Can a KWS system still recognize the words?

100

* Noise-Aware KWS

* Noise-augmented KWS %0
at (pre)training time

Silence

80

Terminology
70

pretraining = training (on the server)
pretraining # OD(C)L 6
OD(C)L = adaptation = fine-tuning (at the edge)
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Can a KWS system still recognize the words?

100

* Noise-Aware KWS

* Noise-augmented KWS %0
at (pre)training time

« 3% to 26% accuracy reductions
over silent environments
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Can a KWS system still recognize the words?

100

* Noise-Aware KWS

* Noise-augmented KWS %0
at (pre)training time

« 3% to 26% accuracy reductions
over silent environments

* Difficult to separate
the target from the noise 6

Silence
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Can we improve KWS accuracy
through direct noise exposure?
On-Device Domain Learning



On-Device Domain Learning
Improving the KWS accuracy in noisy environments

100

* Accuracy increments by
4% on average over %
NA-KWS
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* 13% on speech noise
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The Methodology

* Enable on-device keyword spotting
* Train (and quantize) NA-KWS model — on the server
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The Methodology

* Enable on-device keyword spotting

* Train (and quantize) NA-KWS model — on the server
* Deploy KWS model
» Store pre-recorded utterances and labels
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The Methodology

* Enable on-device keyword spotting

* Train (and quantize) NA-KWS model — on the server
* Deploy KWS model

» Store pre-recorded utterances and labels

» Adapt to new environments . + * 1™ w,
e Record noise from the environment N | '

GO GO
* Augment pre-recorded utterances
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The Methodology

* Enable on-device keyword spotting

* Train (and quantize) NA-KWS model — on the server
* Deploy KWS model
» Store pre-recorded utterances and labels

* Adapt to new environments . + * T m ,
* Record noise from the environment N | L i)

GO GO
* Augment pre-recorded utterances
« On-device learning - ot = ®
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I
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The embedded perspective

* Embedded, miniaturized devices
* Limited storage (e.g., data, model parameters)
* Limited memory (e.g., activations, gradients)

* Real-time operation

 Minimize latency (x #operations) Lt

Al-deck

* Always-on, battery operated devices
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On-Device Learning has costs

Memory Operations
(latency)
Energy
Accuracy ',

Storage
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Parallel Ultra-Low Power (PULP) Platform

128 KB L1 TIGHTLY COUPLED DATA MEM

* Hierarchical memory
architecture
* L1 -single-cycle access
e TCDM -cluster domain
* L2 -SRAM-S0C domain

* L3 - Non-volatile
* On-chip MRAM
* Off-chip mem. through SPI

MEM MEM MEM MEM

LOGARITHMIC INTERCONNECT

RISC-V' RISC-V| RISC-V' RISC-V
CORE ' CORE ' CORE  CORE

SHARED FPU

SOC INTERCONNECT

20S
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Parallel Ultra-Low Power (PULP) Platform

128 KB L1 TIGHTLY COUPLED DATA MEM

* Hierarchical memory
architecture
* L1 -single-cycle access
e L1>1L2~>L3

* Heterogeneous compute
units

* General purpose RISC-V cores

* Control core (SoC) & cluster

* Execution parallelization
« SIMD extensions

e Shared FPUs

MEM MEM MEM MEM

LOGARITHMIC INTERCONNECT

RISC-V' RISC-V| RISC-V' RISC-V
CORE ' CORE ' CORE  CORE

SHARED FPU
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Parallel Ultra-Low Power (PULP) Platform

128 KB L1 TIGHTLY COUPLED DATA MEM

* Hierarchical memory

- k- MEM MEM MEM MEM
architecture 2
=
=
* Heterogeneous compute = LOGARITHMIC INTERCONNECT
units ﬁ
= RISC-V' RISC-V| RISC-V' RISC-V
* PULP SDK S CORE | CORE || CORE | CORE
(7))

SHARED FPU

* PULP toolchain —compile
and exploit features

e PMSIS - PULP MCU Softwar
Interface Standard

* Targets boards/RTL/GVSOC &

20S
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Parallel Ultra-Low Power (PULP) Platform

. _ 128 KB L1 TIGHTLY COUPLED DATA MEM
* Hierarchical memory

architecture

MEM MEM MEM MEM

LOGARITHMIC INTERCONNECT

* Heterogeneous compute
units

* PULP SDK & GVSOC

* |[nstruction set simulator
* Timing model
* Virtual models of devices

RISC-V' RISC-V| RISC-V' RISC-V
CORE ' CORE | CORE  CORE

SHARED FPU

SOC INTERCONNECT

n
o
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On-Device Domain Learning
A case study



Deep dive into hardware-aware learning

* Enable on-device keyword spotting
* Train (and quantize) NA-KWS model — on the server

* Deploy KWS model
» Store pre-recorded utterances and labels

* Adapt to new environments
* Record noise from the environment . + * — "‘
« Augment pre-recorded utterances GO | co ™

* On-device learning
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Deep dive into hardware-aware learning

* Enable on-device keyword spotting
* Train (and quantize) NA-KWS model - on the server
* Deploy KWS model
* Store pre-recorded utterances and labels

» Adapt to new environments . + - ‘
- Record noise from the environment ~ \3/ y ™
GO GO |

* Augment pre-recorded utterances
* On-device learning 1. Forward pass - compute the activations
2. Backward pass
1. Compute the loss considering
the ground truth (pre-recorded)
2. Compute the gradients through
backpropagation
emzricn ¢S PULP 3. Update the parameters
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Forward pass
Backbone features

* Usually preceded by a preprocessing step

128 KB L1 TIGHTLY COUPLED DATA MEM

MEM MEM MEM MEM

LOGARITHMIC INTERCONNECT

RISC-V| RISC-V' RISC-V ' RISC-V
CORE | CORE | CORE | CORE

SHARED FPU
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30S

ETHziirich 0‘:5 PLJ LP

Parallel Uitra Low Power




Forward pass
Backbone features

pulp backbone fp32 fw cl(&args);

* Forward pass - the neural network
approximates a mapping function

Yn-1 = fn-1 (inPUt)

_______________________ ] 128 KB L1 TIGHTLY COUPLED DATA MEM
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Forward pass
Classifier features

* Forward pass - the neural network
approximates a mapping function

Yn-1 = fn-1 (input)
Vo= o @n) = Wy -xn +by) = frn Wy - yn_q1 + by)

----------------------- | Yn-1 Yn

—r-- - """ — — — — — =

128 KB L1 TIGHTLY COUPLED DATA MEM

MEM MEM MEM MEM

LOGARITHMIC INTERCONNECT

RISC-V| RISC-V' RISC-V ' RISC-V
CORE | CORE | CORE | CORE

SHARED FPU
L11$
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Forward pass
Classifier features

* Forward pass - the neural network
approximates a mapping function

Yn-1 = fn-1 (inPUt)

Vo= fo@n) = Wy - xn + by) = fro Wy - yn_q + by)

—r-- - """ — — — — — =
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pulp backbone fp32 fw cl(&args);
pulp linear fp32 fw cl(&args);
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Backward pass
Compute the loss

* Backward pass via backpropagation (training) — learning the

model parameters
min L(y,(input), y,:)

input

e where Vgt represents the label 128 KB L1 TIGHTLY COUPLED DATA MEM

MEM MEM MEM MEM

LOGARITHMIC INTERCONNECT

RISC-V| RISC-V' RISC-V ' RISC-V
CORE | CORE | CORE | CORE

SHARED FPU
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Backward pass
Compute the loss

* Backward pass via backpropagation (training) — learning the
model parameters

min L (yn (input), Ygt)

input

1
let Lysg = S (yn (input) — ygt)z
* where y,; represents the label
e averaged over S samples

128 KB L1 TIGHTLY COUPLED DATA MEM

MEM MEM MEM MEM

LOGARITHMIC INTERCONNECT
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Backward pass
Compute the loss

* Backward pass via backpropagation (training) — learning the
model parameters

1 .
Lysg = S (v (input) — ygt)z

128 KB L1 TIGHTLY COUPLED DATA MEM

MEM MEM MEM MEM
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Backward pass
Compute the loss

. ] . pulp backbone fp32 fw cl(&args);
* Backward pass via backpropagation (trainjtiliRERCCrgs PR RN

mOdel pa rameters pulp MSELOSs (&loss_args) ;
1 .
Lysg = S (yn(input) — ygt)z
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Backward pass
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Backward pass

Compute the gradients (backpropagation)

* Backward pass via backpropagation (training) — learning the

model parameters
Yn = fnl(Wn "Yn-1 T bn)
Lyse = S (yn (input) — ygt)z

—--—-——- - - — — — — — =

1
| 1 Yn-1 O Yn
i | ii ! @ —
|
| |1 O
D CONV | CONV W CONV || (:)

NOILDIO3ud

| — . CLASSIFIER
BACKBONE

Vgt

GO ——>

ETHziirich 0‘:5 PLJ LP

Parallel Uitra Low Power

30S

SOC INTERCONNECT

128 KB L1 TIGHTLY COUPLED DATA MEM

MEM MEM MEM MEM

LOGARITHMIC INTERCONNECT
RISC-V| RISC-V' RISC-V ' RISC-V
CORE | CORE | CORE | CORE

SHARED FPU
L11$




ts (backpropagation)

opagation (training) — learning the

Yn = fnl(Wn "Yn-1t 0)
Lyse = S (yn (input) — ygt)z
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Backward pass

Compute the gradients (backpropagation)

* Backward pass via backpropagation (training) — learning the

model parameters
Yn = fnl(Wn : Yn—l)
Lyse = S (yn (input) — ygt)z

, oL
Wi =W, —n-—
n
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Backward pass

Compute the gradients (backpropagation)

* Backward pass via backpropagation (training) — learning the

model parameters
Yn = fnl(Wn : Yn—l)

Lyse = S (yn (input) — ygt)z
oL

L
n* — :step

oWy,

~ <37

=
3
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N : learning rate BACKBONE

W, : weight gradient
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Backward pass
Compute the gradients (backpropagation)

* Backward pass via backpropagation (training) — learning the
model parameters

Yn = fnl(Wn ) Yn—l)

— - 2
Lysg = S (Y (input) — yg¢) A
oL Initial /] Gradient
I ; -
W) =W, —n: Weight |/
Incremental

+ 2L . ste
oW, P

: learning rate

oL : : \
o : weight gradient /

= Minimum Cost

Derivative of Cost ™
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Backward pass
Compute the gradi

model parameters
Yn = fnl(zn) = fa (Wn : Yn—l)
Lysg = S (v (input) — ygt)z

, oL
E. Wn=Wn_n'aWn=Wn_n
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Backward pass
Compute the gradients (backpropagation)

* Backward pass via backpropagation (training) — learning the
model parameters
Yn = fnl(zn) = fo Wn - yn-1)
Lyse = S (yn (input) — ygt)z
oL oL 9z,

128 KB L1 TIGHTLY COUPLED DATA MEM

W’ = W, — mn: =W, — IR
a: Zn aWn " ayn aWn MEM MEM MEM MEM
55 =5 On(input) = yge) = k(v — yge)

. ll_u/ IRy p——— N — LOGARITHMIC INTERCONNECT
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Backward pass
Compute the gradients (backpropagation)

* Backward pass via backpropagation (training) — learning the
model parameters

Yn = fnl(zn) = fn (Wn : )
Lysg = S (v (input) — ygt)z
W = W oL —w dL 0z, 128 KB L1 TIGHTLY COUPLED DATA MEM

n= n TG T e T 5w
o , n Yn n - MEM MEM | MEM MEM
55 =5 On(input) = yge) = k(v — yge) ~

n S LOGARITHMIC INTERCONNECT
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Backward pass

Compute the gradients (backpropagation)

Yn = fnl(zn) = fo (W, - )
Lysg = S (yn (input) — ygt)z

—--—-——- - - — — — — — =
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Backward pass

Compute the gradients (backpropagation)

* Backward pass via backpropagation (training) — learning the

model parameters
Yn = fnl(zn) = fo (W, - )

_ ygt)z
- dL 0z,
n =%y aw,

Keep the activations

L in the memory

0z,
oW,
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Backward pass
Compute the gradients (backpropagation)

. ] . pulp backbone fp32 fw cl(&args);
* Backward pass via backpropagation (trainjtiliRERCCrgs PR RN

pulp MSELOSs (&loss_args) ;
mOde" parameters pulp linear fp32 bw cl(&ll args);

Yn = fnl(zn) = fa (Wn : )
Lysg = S (v (input) — ygt)z

r dL _ dL 0z, 128 KB L1 TIGHTLY COUPLED DATA MEM
Wo = Wn =Gy =W =0 550
o , n Yn n - MEM MEM MEM MEM
55 =5 On(input) = yge) = k(v — yge) ~

n S LOGARITHMIC INTERCONNECT
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What if we increase the update depth?

Yn = o Wy yn_1)

ETH:iirich 0‘:% Pulm_J ITP
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What if we increase the update depth?

Yn = fn (Wn : ) = fn(Wn ) fn(Wn—l * Yn—z))

ETH:iirich 0‘:% Pulm_J ITP
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What if we increase the update depth?

= fn (W, - ) = fn(Wn | fn(Wn—l * )’n—z))

1 .
Lysg = S (yn (input) — ygt)z

, oL dL 0z,
w, = W,

o —W. —n -
Toaw, =T V5 G,

ER
a
ETHziirich Q:% Pulml Irp BBBBBBBB Zn
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What if we increase the update depth?

= fn (W, - ) = fn(Wn | fn(Wn—l * )’n—z))

1 .
Lyseg = S (yn (input) — ygt)z

, oL dL 0z,
w, = W,

=Wy —n k(v — yge)

o —W. —n -
Toaw, =T V5 G,

ER
a
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What if we increase the update depth?

—n k(v —Vge) v o

ﬂ; =

| | ﬁ - —
S dL
emzirich  ¢&PULP OYn
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What if we increase the update depth?

= fn an : ) = fn(Wn . fn(Wn—l * )’n—z))
Lyse = S (v (input) — ygt)z

= OL_W oL an_W k( )
n — n n aWn - 'n L ayn aWn A (! n Yn ygt
, —w dL . dL aZ—n_l
n-1 — n—1 M aWn_l n—1 n ayn_l aWn_l

b Q Yn
£ —
— |
Py ———
“‘ ﬁuv ﬁﬂ‘fﬁ
DS cowv | cléss:n::sn dL
BACKBONE Z
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What if we increase the update depth?

= oW 7 = fo(Wa fuWi1 * ¥n-2))

1 .
Lyseg = S (yn (input) — ygt)z

= OL_W dL an_W k( )
n — n n aWn - 'n L ayn aWn A (! n Yn ygt
" oL oL 0z,
n—-1 = n-1 N aWn—l n-1 1 ayn—l 0Wn—1
Yn-2
:_ - - - - - - - = _l T T T T—_—_—_ @_ O yn
L e -k
B | | %
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What if we increase the update depth?

Yn = fn (Wn : ) = fn(Wn ) fn(Wn—l * Yn—z))
1 .
Lyse = S (v (input) — ygt)z
= OL_W oL an_W k( )
n — n n aWn - 'n L ayn aWn A (! n Yn ygt
, oL oL
n-1= Wn_ = —

1 — N~ W, _, n-1 1" 3y Yn-2

—
——1
—
——1
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| I CLASSIFIER
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What if we increase the update depth?

Yn = Jfn (Wn : Yn—l) — fn(Wn i

1 .
Lysg = S (yn (input) — ygt)z
oL
T awr T

Input gradients

Wn’ = W, Ygt)yn—l
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What if we increase the update depth?

— 1N k(J’n Ygt)Yn—l

Yn-2

JL= 0L 0z,
aYn—l GYn a3’71—1
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What if we increase the update depth?

= fo(Wpy - ) = fn(Wn fa(Wh_q * Yn—z))

1 .
Lyseg = S (yn (input) — ygt)z

= OL_W dL an_W k( )
n — n n aWn - 'n L ayn aWn A (! n Yn ygt
, oL
n-1= Wp_1 —7 aWn—l =Wy_1—1m" Yn-2
_ 0L 0z,  OL
0Yn o0y, "
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What if we increase the update depth?

= fn g_wn ' VYn-1) = fn(Wn fa(Wp_q * Yn—z))

ygt)z

: dL 0z
Keep the gradients - W =Mk _ N
i the memory N g Gy = W (v — Vgt )Vn—1
L _ 0L
- - A n-—1 T] ayn_lyn—z
dL.. oL 0z, 0L
a)’n—l aYn ayn—l aYn "
2
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Backward pass
Update the weights

* Backward pass via backpropagation (training) — learning the
model parameters

Yn = fn an ) yn—l)
Lysg = S (yn (input) — )’gt)z

128 KB L1 TIGHTLY COUPLED DATA MEM

MEM MEM MEM MEM

LOGARITHMIC INTERCONNECT

-
4

RISC-V| RISC-V' RISC-V ' RISC-V
CORE | CORE | CORE | CORE

SHARED FPU
L11$

SOC INTERCONNECT
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Backward pass
Update the weights

. ] . pulp backbone fp32 fw cl(&args);
* Backward pass via backpropagation (trainjtiliRERCCrgs PR RN

pulp MSELOSs (&loss_args) ;
mOdel parameters pulp linear fp32 bw cl(&ll args);
=.ﬁ1gwh'}%f1) pulp gradient descent fp32si1_args);
Lysg = S (yn (input) — ygt)z
A aa]/]l} W, —m - k(yn Ygt)Yn—l 128 KB L1 TIGHTLY COUPLED DATA MEM
e MEM MEM MEM MEM

LOGARITHMIC INTERCONNECT

S\
i
N
Q00090
N\
NW]]]ijird

RISC-V| RISC-V| RISC-V @ RISC-V
CORE | CORE | CORE | CORE

SHARED FPU

SOC INTERCONNECT

BACKBONE

GO —>

h 0‘% PU LP
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Revisiting Deep Learning — Batched update

A

* Update formula is input-dependent
s W, =W, —1- k(yn(input) — ygt) input)

ETH:iirich 0‘:% Pulm_J Irp
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Revisiting Deep Learning — Batched update

Batch Gradient Descent Mini-Batch Gradient Descent

&)

Stochastic Gradient Descent

=

* Update formula is input-dependent
* Wy = Wy —n - k(v (input) — yg¢)

ETHziirich 0‘:% ElmTIIL_WE 59



Batched Gradient Descent

* Update formula is input-dependent
* Wy =W, —n - k(v (input) — yg¢) v, (input

Batch Gradient Descent

@ * See all the data simultaneously
* Excellent for smooth manifolds

ETH:iirich 0‘:% Pulm_J Irp
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Stochastic Gradient Descent

* Update formula is input-dependent
* Wy =W, —n - k(v (input) — yg¢) v, (input

Batch Gradient Descent

e See one data atatime
* Minimal memory cost

61



Mini-Batch Gradient Descent

* Update formula is input-dependent
* Wy =W, —n - k(v (input) — yg¢) v, (input

Batch Gradient Descent Mini-Batch Gradient Descent

* See some data at atime
@ « Convergence rate
* Computational and memory

efficient
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Backpropagation has costs

// forward pass
for 1 in 1, L

yi = fi(W;-yi—1 +by)
compute loss

// backward pass
for 1 in L, 1

oL

update weights
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Backpropagation has costs

// forward pass
for 1 in 1, L

yi=fi(W;-yi_1+Db;)
compute loss

// backward pass
for 1 in L, 1

oL

update weights
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Backpropagation has costs

// forward pass
for 1 in 1, L

= f; (W; -
compute loss

// backward pass
for 1 in L, 1

oL

Ay,
oL

0Yi+1
update weights

- W,

* Memory (down to
layerl)

o Y, W; (weights)

o Zhﬂaji (input grads)

o Y la - (weight grads)

o Eﬁ;b_1VV(acﬁvaﬁons)
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Backpropagation has costs

// forward pass
for 1 in 1, L

= fi (W; - + b;)

compute loss

# samples
Memoryiotqr = Memorysampie=1%

# batches

// backward pass

for i in L, 1 * Memory (down to
AL layer l)
= a_yl ' o Y a W; (weights)
JL o Zﬁda (input grads)
= . Wi ayl+
0Yi+1 o Z%—law (weight grads)

update weights o Yk ,_, Wj(activations)




Backpropagation has costs

// forward pass
for 1 in 1, L

= fi(W; yi1+ by)
compute loss

// backward pass
for i in L, 1 * Memory (down to

AL layerl)
= ] o Y, W; (weights)
o Zﬁ: jé (input grads)

o Yk aML/ (weight grads)

update weights o Yk ,_, Wj(activations)

* Operations
(latency)
o forward pass
o gradients
o update v¥ ¥
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Backpropagation has costs

* Storage
o Frozen weights
o Frozen biases

// forward pass
for 1 in 1, L

= fi(W; yi-1 + by)

compute loss

// backward pass
for i in L, 1 * Memory (down to

oL layerl)
= j o Y, W; (weights)
o Zﬁ: 3% (input grads)

o Y (?AL/ (weight grads)

update weights

o Y ,_, W;(activations)

* Operations
(latency)

o for forward pass +
o¥d:l  inputgradients +

weight gradients
SR -~ 3forward passes
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Backpropagation has costs

// forward pass o Storage ° Operations

for 1 in 1, L (latenC
= Wi Yot B )

compute loss forward pass +

// backward pass input gradients +

for i in L, 1 ° Memory (d weight gradients

layer l) = 3 forward passes x #data x #epochs

o Frozen weights
o Frozen biag

oL

o Y, W; (weights)
o Z-Lz oL (input grads)
Yit+1

o Y (?/v (weight grads)

update weights o Yk ,_, Wj(activations)
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Backpropagation has costs

// fc.erard pass ° OperatiOnS
for 1 in 1, L (latency)
= fi(W; yi_1 + by)
compute loss o forward pass
// backward pass o gradients
for i in L, 1 * Memory (down to o update Y4
oL layerl)
- o Y, W; (weights) ° Energy
O Zleaj_L (input grads) o E =
, o =P -t=
0 Zi—law (weight grads) =P «Eff - f + OPs

update weights o Yk ,_, Wj(activations)
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Backpropagation has costs

g8 Storage

Operations
(latency)

Memory (down to
layer [)

Sl O Frozen WelghtS

¥ o Frozen biases o Xizy W; (weights) oforward pass
oL . radient
oYt L (input grads) o gradients
IVi+a o update vV
128 KB L1 TIGHTLY COUPLED DATA MEM oL
>+ ,— (weight grads)
MEM | MEM | MEM | MEM © Li=lgy, Energy

o E =

L . .
© Xi=i-1 Wilactivations)

DMAS RiSC-v| RISC-V| RISC-V | RISC-V

P-t=
P -Eff -f - OPs

CORE | CORE | CORE | CORE
SHARED FPU

SOC INTERCONNECT

Accuracy
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How do learning costs impact
an On-Device Learning
application?



Results
Improving the KWS accuracy in noisy environments

80

* Accuracy increments by
4% on average over
NA-KWS »

65

75

* 13% on speech noise

60

55

* Does it work well under 50
embedded constraints? 45

40

35

30

Meeting

ETHziirich 0@ Elm_J L_F 73
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Results

Memory requirements for effective learning

* Refine fc, layer 85.0-
* 10 kB on-chip L1 memory 82.5 1
* Sobpa = Snakws F5.5%

Accuracy [%]

~
N
18}

70.0 1

67.5 A

65.0 -

«SPULP

Parallel Uitra Low Power

ETH:irich

Depth (Memory [MB]) Data
A convl (2.51) Bl 0.25%
® conv2 (2.48) 10%
B conv4 (1.93) 30%
® conv6 (1.37) 50%
® conv8 (0.82) 70% 4
¢ convo (0.56) 90% AD WA
* fcl (0.01) BN 100% E]/_\j]::
™
‘&
rQA O ~
L] [ &
o &
& lad
64
101 T lon o
FLOPs
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Results

Memory requirements for effective learning

* Refine fc, layer
* 10 kB on-chip L1 memory
* Soppa = Sna-kws T 5-5%

 Refine backbone and classif.

* +1.2% over fc1 update using
10% of pre-recorded samples

* +6% over fc1 update using
100% of pre-recorded samples

ETH:irich

«»PLULP

Parallel Uitra Low Power

85.0 1

82.5 1

80.0 A
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Accuracy [%]
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67.5 A

65.0 —

Depth (Memory [MB]) Data
A convl (2.51) B 0.25%
® conv2 (2.48) 10%
B conv4 (1.93) 30%
® conv6 (1.37) 50%
® conv8 (0.82) 70% 4
¢ conv9 (0.56) 90% AD WA e
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On-Device Learning on PULP
TrainLib MEM
O ;5

—_1
| B g
— 5 :
— i ]
——1 R
......

-

WA T

LOGARITHMIC INTERCONNECT

RISC-V| RISC-V| RISC-V RISC-V
CORE | CORE | CORE | CORE

SHARED FPU

SOC INTERCONNECT

NOILDIO3dd

3
g
=<

008

GO
1.Yn—1 = fn-1 (input)
2.Yn = fo (Wn " yn-1+ by) Memory management
3.L =— chs ygtcls log(yncls)
4 0L _ 9L 9z * Pre-recorded (clean) utterances and labels
TOW,  Oyn OWh stored in L3 memory
5 W = W, — i . .
W = W TN Gy * Pretrained model stored in L3 memory

pulp_backbone fp32 fw_cl(&args); * Weights, activations stored in L2 memory during
pulp linear fp32 fw cl(&args); forward pass
pulp CrossEntropyLoss (&loss_args) ;

pulp linear fp32 bw cl (&1l args); * Weights, activations, gradients stored in L1 during
pulp gradient descent fp32(si1_args); backward pass 76




Results
Implementation on GAP 9

e Greenwaves GAP9 —based on
PULP Vega [Rossi2021]

* Low-power mode: 240 MHz, 650 mV "':7" ™4

EMHzirich  ® PULP 77



Results
Implementation on GAP 9

* Greenwaves GAP9 - based on
PULP Vega [Rossi2021] y o
* Low-power mode: 240 MHz, 650 mV [

* On-device learning in 2mJ,
readyin 11 ms

Eff. [FLOPs/ Compute

DS-CNN Compute
Model [MFLOps] Storage [kB] Memory [kB] el fimems] Energy [pJ]
S 2.95 23.7 9.5 4.94 10.89 424
M 17.2 138.1 25.5 9.18 24.16 988

L 51.1 416.7 40.9 11 55.04 2313
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Results
Implementation on GAP 9

e Greenwaves GAP9 —based on
PULP Vega [Rossi2021]

* Low-power mode: 240 MHz, 650 mV

* On-device learning in 2mJ,
readyin 11 ms

* 10 kB of L1 memory for backpropagation

Eff. [FLOPs/ Compute

DS-CNN Compute
Model [MFLOps] ~toragelkBl Memory[kBl " & o1 time[ms]  Cnerey bl
S 2.95 23.7 9.5 4.94 10.89 424
M 17.2 138.1 25.5 9.18 24.16 988

L 51.1 416.7 40.9 11 55.04 2313
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Results e
Implementation on GAP 9 i

* Greenwaves GAP9 - based on o8 3072k || 798(8072KB)
PULP Vega [Rossi2021]

* Low-power mode: 240 MHz, 650 mV

* On-device learning in 2mJ,
readyin 11 ms

* 10 kB of L1 memory for backpropagation

768 (3072 kB) m Weights
B Weight gradients

m Weight update

W Activations

DS-CNN Compute Eff. [FLOPs/ Compute
Model [MFLOps] Storage [kB] Memory [kB] el fimems] Energy [pJ]
S 2.95 23.7 9.5 4.94 10.89 424
M 17.2 138.1 25.5 9.18 24.16 988

L 51.1 416.7 40.9 11 55.04 2313
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Conclusions

* Backpropagation at the extreme edge is expensive
* Storage, memory, operations, latency
* Embrace accuracy-complexity trade-offs

* Demonstrated On-Device Domain Adaptation on GAP9
* On-Device Learning for keyword spotting in speech noise
* +6% over NA-KWS in extreme-edge conditions
e 424 yl) per epoch for DS-CNN S
* 10 kB of memory for backpropagation

ETHzirich 0‘:% PU LP
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