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Contributions - Considered Neural Networks
» Methodology for tuning the precision of an already trained neural network using stochastic
arithmetic.
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4 Numerical Validation Tools /
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 | | |
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PROMISE (promise.lip6.fr)
Type distribution and PROMISE execution time:
m Auto-tunes a C/C++ code to provide a mixed-precision version . o
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reference PROMISE Figure 4. Type distribution per neuron (left) and per layer (right) with image test data[386]

Figure 2. PROMISE Dataflow

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
and bias of one neuron have the same precision). m Analyse actual gain in time and memory
/ Model parameters in CSV ﬁ|es/ m Considering one type per layer (weights and bias m Consider the parallelization of the Delta-Debug Algorithm and PROMISE
of one layer have the same precision). . .
y . ) m Extend PROMISE to GPUs and to arbitrary precision on FPGAs
/ C-t+ file with PROMISE variables / m Extend PROMISE to other types such as bfloat16
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