N

N
N

HAL

open science

Neural Network Precision Tuning Using Stochastic
Arithmetic
Quentin Ferro, Stef Graillat, Thibault Hilaire, Fabienne Jézéquel, Basile

Lewandowski

» To cite this version:

Quentin Ferro, Stef Graillat, Thibault Hilaire, Fabienne Jézéquel, Basile Lewandowski. Neural Net-
work Precision Tuning Using Stochastic Arithmetic. Sparse Days conference, Jun 2022, Saint-Girons,

France. hal-03780505

HAL Id: hal-03780505
https://hal.science/hal-03780505

Submitted on 19 Sep 2022

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://hal.science/hal-03780505
https://hal.archives-ouvertes.fr

\ Neural Network Precision Tuning
b SORBONNE Using Stochastic Arithmetic
UNIVERSITE

Quentin Ferro ! Stef Graillat ' Thibault Hilaire ! Fabienne Jézéquel > Basile Lewandowski *

1Sorbonne Université, CNRS, LIP6, France 2Université Paris-Panthéon-Assas, France

- Considered Neural Networks

Contributions
» Methodology for tuning the precision of an already trained neural network using stochastic
arithmetic. N
» Goal: obtain the lowest precision for each of its parameters, while keeping a certain accuracy on its m Sine NN: dense neural network, 3;;:
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- Numerical Validation Tools H /
CADNA Software (cadna.lip6.fr)
m Implements DSA for C/C++ or Fortran codes
m Provides stochastic types: 3 values of a variable + 1 integer being i ey MaxPooling  MOLNAEET Frattening Layer s Softma. Buiaii
the estimated accuracy
m Displays values with their exact number of correct digits Figure 3. CIFAR NN architecture
PROMISE (promise.lip6.fr) Type distribution and PROMISE execution time:
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m Auto-tunes a C/C++ code to provide a mixed-precision version T -
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Figure 2. PROMISE Dataflow : . L. .
m Mixed precision programs taking into account the required accuracy.

m One type per layer: PROMISE execution time is reduced, but often leads to uniform precision

Methodology programs.

m Input values have actually a low impact on the type configurations obtained.

/ Neural network Python file/

Application of PROMISE with two approaches: Future Works
/ Model saved in HDF file/ m Considering one type per neuron (weight vector o
and bias of one neuron have the same precision). m Analyse actual gain in time and memory
/ Model parameters in CSV files/ m Considering one type per layer (IV\{eights and bias m Consider the parallelization of the Delta-Debug Algorithm and PROMISE
of one layer have the same precision). m Extend PROMISE to GPUs and to arbitrary precision on FPGAs

Extend PROMISE to other t h as bfloat16
/ C++ file with PROMISE variables | " Exten 9 GUIIET (§7p ENED 88 ICE
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