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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

10s of GBs of data!
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• There are many great options

• But it’s a trade-off
• Accuracy vs. Efficiency

• All have edge cases

• Guess
• Confirm

• Repeat

• Lost Potential

Which Datatype? Where? When?

Automate the datatype selection!
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Our Goal

• Oracle?

• Learn the Datatype
• Use gradient descent

• Monitor Loss
• Adapt accordingly

• Result
• Less bits

• Less energy

• Less time

• Bigger models
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Implementation

Lossless Compression

Datatype Selection

Schrödinger’s FP
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• Machine Learning
• Quantum Mantissa and 

Exponent (4.7x reduction)

• Black Box Sampling
• BitWave (3.2x reduction)

• Exponent compression
• Gecko (boost to 5.6x and 4.6x)

• Hardware IP blocks

BitWave
Quantum 

Mantissa and 
Exponent

Gecko

IP Blocks
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Per Tensor Datatype

• ResNet18
• Per Tensor?

• Single datatype?

• Less than 6b on 
average!
• Much better than 

network wide!

No chance to guess effectively and expect to train well!
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Quantum Mantissa Bitlength

• Int Datatype

• Non-Int Datatype M M M M M M M

3 bits 4 bits3.7 bits?

30% 70%
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• Our Loss
• 𝐿 = 𝐿𝑂 + 𝛾 × σ𝜆𝑖 × 𝛼𝑖
• Weighted according priority

• Int Datatype

• Non-Int Datatype

• Determine boundaries

E E E E E E E E
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BitWave

• Observe Loss
• Adjust bitlengths

• Mantissa

• Exponent

• Training is forgiving

• Network wide
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How to exploit?

• Between on- and off-
chip memory

Off-Chip 
DRAM

PEs
On-Chip 
BuffersSF

P

Exponent 
Comp / 
Decomp

Mantissa 
Comp / 
Decomp

QMQE / 
BitWave
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How to exploit?

• Between on- and off-
chip memory

• Seamless

• Evaluate in hardware
• Can be done in software

• vs. FP8 baseline
• 2.6x performance

• 2.3x energy efficiency
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More in the paper!

• BitWave description & results

• Behavior through time

• Results for every network

• Hardware IP blocks

• Simulation results

• Simulation details
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Questions?

Miloš Nikolić  <milos.nikolic@mail.utoronto.ca>
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