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» All Hardware accelerators implement large arithmetic datapaths

Arithmetic Datapath

» Large design search space to explore for optimization
- 20 independent binary choices means 1 million options !!!

» Machine Learning (ML) techniques for intelligent guidance assist in
selecting a few high-quality choices for implementation

* Proof of Concept on a small arithmetic datapath is explored

» Best Choice by Model agrees with Human choices, shows up some
new points as well




ML Based Exploration - Overview

» Write Seed RTLs, Synthesize to
ML Model training — Trained Model get gate count, power

» Define input and outputs for a
I supervised ML regression

algorithm
Hyper parameter optimization e Do training 1

» Use trained model to predict
gate count, power for all
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ML Training : Input Seed Data Prepa

Implementation RTL1 - RTL3 RTL4 RTLS RTL6
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* 6 Seed RTLs are written and encoded  -: Input Features of ML Model
» Synthesized at 11 different frequencies -: Input Samples of ML Model
» Syn Gate Count, Cdyn .- Target features of ML Model

* Mult+Adder combination is not independent since different multiplier choices will impact corresponding adder choices.
** Gate count and power numbers obfuscated for IP reasons but represent the trend.




Seed RTL examples
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RTL1: Partial multiplier + CSA RTL2: Full multiplier and
and 2-input adder 3-input adder
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RTL3: Full multiplier and
2-input adder

Instantiated p, tja| Multiplie

Shifter .

CSA Adder

2-inp Adder

RTL4: Same as RTL1 +
instantiated shifter




ML Training

» Posed ML Algorithm selection along with Hyper parameter tuning as Model search
space problem

 Obtained Best Model using Group Kfold Cross-validation MAPE
« Random Forest Model is the winner

 Trained RF Model with all input training data
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ML Inference
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Analysis of Results

Frequency
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RTL[3,20]@ low freq, RTL4 at high freq, RTL1
for wide range of frequencies

New RTLZ20 is predicted to be better at low
frequencies

Proof of pudding is in eating
« Wrote RTL20 and Synthesized
« Compared gate count, power predicted vs
realized
« (Gate count error : 2.1%
* Power error : 5.8%




Analysis of Results .. contd \

Low Frequencies / High Frequencies \ Wide Range of Frequencies

Shifter Full Multiplier Partial Multiplier

N

Pagial Mult
+CSA merge

3-inp Adder

Pipe stage

Pipe stage

Pipe stage

RTL3: Full multiplier and RTL20: Partial multiplier and RTL4: Same as RTL1 + RTL1: Partial multiplier + CSA and
2-input adder 3-input adder &nstantiated shifter / 3-input adder




Summary & Next steps

ML method 1s a “quick prototyping tool” for datapath design which accelerated design space exploration during
early design cycle

ML was leveraged to guide component selection for optimization
v" Evaluated multiple u-arch choices at a fraction of the effort
v" Saved valuable designer time focusing on a few best choices

Many new choice predictions were too close to seed data
v"Indicated limited set of input samples in training data, bigger scope problem will not have this problem
v Component level data to provide additional granularity

PoC work is presented for datapath design exploration
v" Use case of arithmetic datapath lends well to ML problem formulation
v" Further work is needed in applying to other datapaths and control logic
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