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COMPRESSION POLICY
Quantization 

Low bit width data types 

Pruning 
Remove structures 

Layer-specific 
Sparsity 

Bit width (activations & weights) 

Not all combinations are 
possible 

Affects hardware resources & 
model accuracy 

Model & hardware expertise
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LARGE SEARCH SPACE WITH 
NON-TRIVIAL IMPLICATIONS FOR 

THE COMPRESSED MODEL

https://medium.com/@siddheshb008/resnet-architecture-explained-47309ea9283d
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Absolute Reward Function 
Bender, et al. 2020. Can Weight Sharing 
Outperform Random Architecture Search? 
An Investigation With TuNAS. In IEEE/CVF 
CVPR.

r (P) = accMP + β
TℳP

c ⋅ Tℳ
− 1

target latencynegative cost exponent

https://github.com/UniHD-CEG/galen
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Three different RL agents 
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Performance for Various
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CHALLENGING TARGET LATENCIES 
FORCE THE AGENT TOWARDS 

EXTREME COMPRESSION RESULTING 
IN ACCURACY DROPS
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Policy of the joint agent

c = 0.2

COMMON OBSERVATIONS
FIRST & LAST LAYER
STRONGER PRUNING OF LATER LAYERS
BIT WIDTH ACTIVATIONS >= WEIGHTS



IS THE SENSITIVITY ANALYSIS NECESSARY?

Without sensitivity analysis 
Homogeneous pruning 

Minimal quantization 

With sensitivity information 
Heterogeneous compression 

Activations ≠ weight precision 

Stronger compression in the 
last layers

8Policy with sensitivity feature

Policy without sensitivity feature

c = 0.2

c = 0.2



IS A CONCURRENT JOINT SEARCH BENEFICIAL?

Subsequent searches use 
latter compression more 
aggressively 

Joint search is more 
balanced

9

First quantization, then pruning search

Joint search

First pruning, then quantization search

c1 = 0.6 & c2 = 0.2

c1 = 0.6 & c2 = 0.2

c = 0.2
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CLASSICAL NEURAL NETWORKS 
DON’T HAVE THE ABILITY TO SAY 

- I DON’T KNOW -



UNCERTAINTY PREDICTION
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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." 
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TRAINING

COMPUTE/GPU CLUSTER EMBEDDED SYSTEM

PREDICTION



BAYESIAN INFERENCE FOR BNNS

Markov Chain Monte Carlo (MCMC) 
Approximate complex distributions  
of arbitrary shape by drawing many 
samples 

Variational Inference (VI) 
Approximate all distributions with 
simple parametrized (Gaussian) 
distributions 

NN-based approximations 
DeepEnsembles (DE) 

Monte Carlo Dropout (MCDO)

15

Posterior

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

Finding the weight distributions 
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VARIATIONAL INFERENCE 
WITH RADICAL APPROXIMATIONS
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Deployment on Resource-constrained Embedded Devices



PROBABILISTIC FORWARD PASS

The PFP forces the output 
activations to be Gaussian 
distributed. 

Reducing the multiple forward 
passes of VI sampling to a single, 
but more complex, forward 
pass. 
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[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. 

Sampling-based inference VI (left) vs. 
Probabilistic Forward Path (Right) [2]

PFP ReLU activation function



DEPLOYMENT ON EMBEDDED HARDWARE

Exotic operators[1] are not 
supported by standard libraries 

ML Compilers like TVM[2] allow 
implementation and tuning of 
custom operators 

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

19
[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 

Pyro Training

Code Generation

Compiling

Custom 
Operators

Weights 
𝒩(μ, σ2)

Bayesian Model

Workflow

https://github.com/apache/tvm
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AUTO TUNING AUTO TUNING

900X

100X

10X 5X

OVERHEAD PFP 5X/10X

COST REDUCTION



SUMMARY
Automatic Compression (Galen) 

Guide search with 

Sensitivity Information 

Latency measurements 

Compression methods can balance each other. 

Bayesian Neural Networks 
Report probabilities and can say “I don’t know”. 

Computational cost is significantly higher than their classical counterparts. 

Approximations can be used to reduce this cost drastically. 

Deep Learning Compilers (TVM) 
Custom Operators 

Auto-tuning

21


