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Motivation for AFP

. DNNs continue to scale parameters and compute
demands exponentially.

. Prior compute efficient data formats require either the
use of scaling factors or selective application to certain
layers.

2 Can we design an efficient representation, applicable to
all ML model data, which does not require the models
to adapt to the representation?
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Prior Quantization Formats
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More exponent bits = more dynamic range among representable values

More mantissa bits = more precision (significant digits)
Square of mantissa width approximates multiplier area
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Floating Point (FP)
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Adaptive Floating Point

Adaptive Floating Point (AFP)
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Minimum mantissa with private exponents is 5 bits.
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Pomona Nearest rounding provides best inference performance.
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Representing ML Data

In actual ML data, how much do the values vary within blocks?
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Very consistent across models!
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3-bit private offset covers 99% of all weights and outputs! UCI



AFP Maintains Precision
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For weights and layer outputs, AFP reduces absolute error by
23% and 46% and relative error by 60% and 43% vs BFP.

Pomona
College UCI

\"7



Block Characterization
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Positive blocks common in layer outputs.
Lightweight compression of 1 mantissa bit.
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Main Results

Mantissa Bits Required for AFP and BFP
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