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Affects hardware resources &

model accuracy
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PERFORMANCE OF THE AGENTS

Three different RL agents

Pruning minimizes MACs

Quantization minimizes Bit
Operations (BOPs)

Joint approach most balanced
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Pruning Agent 1.42-10'°(1.45-10"| 98ms| 93.0%
Quantization A.[0.3|4.75 - 10'°(8.23 - 10*'| 98ms| 92.5%
Joint Agent 4.35-10%°19.42 - 10| 99ms| 93.2%
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CAN WE UNDERSTAND A PREDICTED POLICY?
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1S THE SENSITIVITY ANALYSIS NECESSARY?
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BAYESIAN NEURAL NETWORKS



OUT-OF-DOMAIN DATA

\/
WA
\
|
A
IX\P
Gl —l
INPUT HIDDEN OUTPUT
LAYER LAYER LAYER

11



OUT-OF-DOMAIN DATA

INPUT HIDDEN OUTPUT
L AYER LAYER LAYER

11



OUT-OF-DOMAIN DATA

INPUT HIDDEN OUTPUT
L AYER LAYER LAYER

11



OUT-OF-DOMAIN DATA

INPUT HIDDEN OUTPUT
L AYER LAYER LAYER

11



OUT-OF-DOMAIN DATA

INPUT HIDDEN OUTPUT
L AYER LAYER LAYER

11



OUT-OF-DOMAIN DATA

LAYER LAYER LAYER

INPUT HIDDEN OUTPUT z 4—



OUT-OF-DOMAIN DATA

INPUT HIDDEN OUTPUT
L AYER LAYER LAYER

11



OUT-OF-DOMAIN DATA
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Concrete in San Francisco
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BAYESIAN NEURAL NETWORKS

Jospin, Laurent Valentin, et al. "Hands-on Bayesian neural networks—A tutorial for deep learning users.” 13
IEEE Computational Intelligence Magazine 17.2 (2022)
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a )
Uncertainty

¢/ \EMBEDDED SYSTETY

— e —

Workflow to design (a), train (b) and use a BNN for predictions (c)

Jospin, Laurent Valentin, et al. "Hands-on Bayesian neural networks—A tutorial for deep learning users." 14
IEEE Computational Intelligence Magazine 17.2 (2022)



BAYESIAN INFERENCE FOR BNNS

Finding the weight distributions N
Markov Chain Monte Carlo (MCMC) R

Approximate complex distributions
of arbitrary shape by drawing many
samples

Variational Inference (VI)

Approximate all distributions with
simple parametrized (Gaussian)
distributions

POSTERIOR

P(D|H)P(H)
P(D)

P(H|D) =

NN-based approximations

DeepEnsembles (DE)
Monte Carlo Dropout (MCDO)

15



1.

BAYESIAN NEURAL NETWORKS
O

"\l A
Predict weight distributions S/ N\

with Bayesian Inference \\ N/ \y/\ /|

SRR

Jospin, Laurent Valentin, et al. "Hands-on Bayesian neural networks—A tutorial for deep learning users.”

IEEE Computational Intelligence Magazine 17.2 (2022)
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BAYESIAN NEURAL NETWORKS
AN

"\l A
1. Predict weight distributions v NN
with Bayesian Inference

2. Use the BNN for predictions \\ / \\// \% 5/\

/AN A
- Use multiple forward passes //\\ //\\ /A/

- Each time sample the weights
from the weight distributions

- Analyse the distribution of
predictions

Jospin, Laurent Valentin, et al. "Hands-on Bayesian neural networks—A tutorial for deep learning users.”

IEEE Computational Intelligence Magazine 17.2 (2022)
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BAYESIAN NEURAL NETWORKS

......

1. Predict weight distributions I HHHIIBDN

......

'''''''''''

with Bayesian Inference SHE Y

2. Use the BNN for predictions /\\\ AR

. Use multiple forward passes \ / TN TN Y

,,,,,,,,,,
nnnnnn

- Each time sample the weights | P 1 |
from the weight distributions ~  Wewvie

- Analyse the distribution of
predictions

Jospin, Laurent Valentin, et al. "Hands-on Bayesian neural networks—A tutorial for deep learning users.”

IEEE Computational Intelligence Magazine 17.2 (2022)
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VARIATIONAL INFERENCE
WITH RADICAL APPROXIMATIONS

Deployment on Resource-constrained Embedded Devices

17



PROBABILISTIC FORWARD PASS

The PFP forces the output @) =
activations to be Gaussian
distributed. O @ @
Reducing the multiple forward o
passes of VI sampling to a single, (@ )
but more complex, forward sampling
p
pass. a a o o, o
E[x]:,um:'uz<1+erf<\/u273>)—l—\/;emp(—gaa> ’
E[z®] = piz2 = 0‘%2““2 <1+e'rf (#)) +ua\/§e:ﬂp (—5) Sampling-based inference VI (left) vs.

Probabilistic Forward Path (Right) [2]
PFP Rel.U activation function
[1] W. Roth, Variational Inference in Neural Networks using an Approximate Closed-Form Objective, Workshop on BayesianDL, NIPS 2016.

[2] F. Selker, Optimization of an Approximation Based Approach to Bayesian Neural Networks with TVM on Embedded Hardware, Master’s
thesis, Heidelberg University, 2023.
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DEPLOYMENT ON EMBEDDED HARDWARE

ol
0‘0 Bayesian Model
(@

Exotic operators[1] are not T1) .
supported by standard libraries i
ML Compilers like TVM[2] allow )
implementation and tuning of

r SN

. Custom
custom operators i g Code Ceneration <—

LT o Y .
-8y .'i‘;:i'-..’ .:‘ -
KA J:"’t’ ™
F

All operators (convolutions, fully
connected layers, activation
functions, pool,...) need to be
reimplemented and optimized

Workflow

[1] W. Roth, Variational Inference in Neural Networks using an Approximate Closed-Form Objective, Workshop on BayesianDL, NIPS 2016.
[2] https://github.com/apache/tvm 19


https://github.com/apache/tvm

PERFORMANCE ON A RASPBERRY PI =)
gt

Processor | Architecture | Deterministic NN | VI with Pyro PFP

not tuned | tuned not tuned | tuned
Cortex-A53 MLP 14.0 ms 0.933 ms - 15.3 ms 4.99 ms
Cortex-A72 MLP 4.59 ms 0.186 ms 738 ms 3.75ms 0.742 ms
Cortex-A76 MLP 1.64 ms 0.071 ms 309 ms 1.89 ms 0.341 ms
Cortex-A53 LeNet-5 21.1 ms 4.72 ms - 76.1 ms 37.5ms
Cortex-A72 LeNet-5 6.89 ms 0.754 ms 1200 ms 21.2 ms 10.1 ms
Cortex-A76 LeNet-5 3.16 ms 0.347 ms 797 ms 9.63 ms 4.02 ms

20



v, EN
NN Koy
' me $. "
N Nt ¥
D._\r..g s \ViR A t.'_l'w.x
- m“ ':-. > .
’ .' ‘t'.! ““\. /é’yl.' "; €
s 9§ é":‘"’}'. N ‘.‘,‘v g M@ :
A
R ¥

o
0
[ 4
-«

Processor | Architecture | Deterministic NN | VI with Pyro PFP
not tuned | tuned not tuned | tuned

Cortex-A53 MLP 14.0 ms 0.933 ms - 15.3 ms 4.99 ms
Cortex-A72 MLP 4.59 ms 0.186 ms 738 ms 3.75ms 0.742 ms
Cortex-A76 MLP 1.64 ms 0.071 ms 309 ms 1.89 ms 0.341 ms
Cortex-A53 LeNet-5 21.1 ms 4.72 ms - 76.1 ms 37.5ms
Cortex-A72 LeNet-5 6.89 ms 0.754 ms 1200 ms 21.2 ms 10.1 ms
Cortex-A76 LeNet-5 3.16 ms 0.347 ms 797 ms 9.63 ms 4.02 ms

>

AUTO TUNING

10X

<
AVUTO TUNING
5X
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PERFORMANCE ON A RASPBERRY PI “»

. ? -
Processor | Architecture | Deterministic NN | VI with Pyro PFP
not tuned | tuned not tuned | tuned
Cortex-A53 MLP 14.0 ms 0.933 ms - 15.3 ms 4.99 ms
Cortex-A72 MLP 4.59 ms 0.186 ms 738 ms 3.75 ms 0.742 ms
Cortex-A76 MLP 1.64 ms 0.071 ms 309 ms 1.89 ms 0.341 ms
Cortex-A53 LeNet-5 21.1 ms 4.72 ms - 76.1 ms 37.5ms
Cortex-A72 LeNet-5 6.89 ms 0.754 ms 1200 ms 21.2 ms 10.1 ms
Cortex-A76 LeNet-5 3.16 ms 0.347 ms 797 ms 9.63 ms 4.02 ms
—> —>
AVUTO TUNING AVUTO TUNING
10X SX
>

OVERHEAD PFP 5X/10X
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Processor | Architecture | Deterministic NN | VI with Pyro PFP
not tuned | tuned not tuned | tuned
Cortex-A53 MLP 14.0 ms 0.933 ms - COST REDUCTION 4.99 ms
Cortex-A72 MLP 4.59ms | 0.186 ms 738ms | 3.75ms | 0.742ms
Cortex-A76 MLP 1.64 ms 0.071 ms 309ms GOOxX MS 0.341 ms
Cortex-A53 LeNet-5 21.1ms 4.72 ms - 76.1 ms 37.5ms
Cortex-A72 LeNet-5 6.89 ms 0.754 ms 1200ms | 21.2ms s 10.1 ms
Cortex-A76 LeNet-5 3.16 ms 0.347 ms 797 ms | \0Ox ms 4.02 ms
—_— —
AUTO TUNING AUTO TUNING
10X SX
>

OVERHEAD PFP 5X/10X
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S U MM A I zY Predict Comp. Policies Sensitivity Analysis

ﬂ i
Automatic Compression (Galen) e [ ﬁ
Guide search with k’ GALEN |
Sensitivity Information R Py B
Latency measurements E ﬁﬂ”%
Compression methods can balance each other. -
Bayesian Neural Networks
Report probabilities and can say “l don’t know”. AN
Computational cost is significantly higher than their classical counterparts. AL\YJQV/\\ /4,

WZANVAN /K\

Approximations can be used to reduce this cost drastically.

Deep Learning Compilers (TVM)

Custom Operators

eeeeeeeeeeeeeee

Auto-tuning

|
o B o %
X
— ground
— total
\ aleatoric std
b, bt ——
\ . =1 o L //
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