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Training is Expensive!

* Neural Networks are becoming
ubiquitous

* But they are expensive
* Energy
* Time
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Goal: Improve energy efficiency and performance of Training
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Off-chip accesses are extremely expensive both in energy and time
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Which Datatype? Where? Wh

* There are many great options

e But it’s a trade-off

* Accuracy vs. Efficiency
* All have edge cases
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Which Datatype? Where? Wh

* There are many great opt
* But it’s a trade-off

* Accuracy vs. Efficiency
* All have edge cases
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Our Goal

e Oracle?

e Learn the Datatype
e Use gradient descent

* Monitor Loss
e Adapt accordingly

e Result

* Less bits

* Less energy

* Less time

* Bigger models




Datatype — Floating Point

e Value = (—1)°x M x 2F
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Datatype — Floating Point

* Value = M x 2F
* Sign is trivia




Datatype — Floating Point

 Value = (—1)5@ 2E

e Sign is trivial
* Mantissa
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Datatype — Floating Point

*Value = (—1)°x M @

e Sign is trivial
* Mantissa

* Precision

* Exponent
* Range
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* Quantum Mantissa and Exponent

EXponent (4.7X reduction) Datatype Selection

* Black Box Sampling
e BitWave (3.2x reduction)

* Exponent compression

* Gecko (boost to 5.6x and 4.6x)
* Hardware IP blocks

Implementation
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Quantum Mantissa Loss
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Quantum Mantissa Bitlength

* Int Datatype
* Non-Int Datatype
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Quantum Exponent
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Quantum Exponent

* Qur Loss

*L=Lo+yxX QA xa;) Elefeeff lefele]

* Weighted according priority

* Int Datatype 0% 70%

* Non-Int Datatype 3.7 bits? 3bits || 4 bits
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EXponent Datatype Selection

* Black Box Sampling
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* Hardware IP blocks -

Implementation




BitWave

 Observe Loss

e Adjust bitlengths
* Mantissa
* Exponent

* Training is forgiving
* Network wide

Training Loss
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Massive footprint reduction on ResNet18!
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Similar Task Performance!
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How to exploit?

* Between on- and off-
chip memory

e Seamless

e Evaluate in hardware
e Can be done in software

* vs. FP8 baseline
e 2.6x performance
e 2.3x energy efficiency

Exponent
Comp /
Decomp

Mantissa
Comp /
Decomp

QMQE /
BitWave
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More in the paper!

* BitWave description & results
* Behavior through time

* Results for every network

* Hardware IP blocks

* Simulation results

e Simulation details
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