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Motivation: Hardware acceleration is everywhere

Hardware acceleration is the driving force for many innovations.
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Motivation: Designing accelerators is challenging

Hardware design space exploration (DSE) challenges:
1. High-dimensional and discrete
2. Multi-objective and nonlinear

3. Costly



Challenge #1: High-dimensional and discrete
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Desig ns Parameter Max # of Possible Values
# of PEs 64 5
# of MAC units 4096 64
Accum. buffer size | 96 KB 128
Weight buffer size 8 MB 32768
Input buffer size 256 KB 2048
Global buffer size | 256 KB 131072

From Shao et al. “Simba: Scaling Deep-Learning Inference with Multi-Chip-Module-Based Architecture.” MICRO 2019.



Challenge #2: Multi-objective and nonlinear
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Challenge #3: Costly

Evaluation
. X
Time
Platform Evaluation Time
Timeloop 0.01s
VCS 10 mins
FPGA 2 mins

Hardware
Designs

>> 32M
years




Problem Statement

How can we efficiently navigate the accelerator
design space for deep learning algorithms?



Prior work: Search strategy oriented
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Prior work: Search strategy oriented
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Existing work focuses on
developing effective search
strategies




Prior work: Search strategy oriented
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Desirable hardware design space properties

1. Reduced 2. Smooth surface 3. Reconstructible
dimensionality
~E =

[ Variational Autoencoder (VAE) J
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Background: Variational Autoencoder (VAE)

A model that learns a compressed representation z of input data x
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A compressed representation

z =+ 0 ® e, where € ~ N(0,T)

e Training minimizes reconstruction error, regularizes

u and o towards the standard normal

12
Diederik P Kingma, Max Welling. “Auto-Encoding Variational Bayes”. ICLR 2014.



Background: Variational Autoencoder (VAE)

e Learns underlying (latent) features by identifying structure in data
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Jeremy Jordan. “Variational Autoencoders.” 2018.



VAE Application: Chemical Design

Continuous variable
representation for:
* Interpolation
e Optimization
* Exploration

Variational
Autoencoder
jointly-trained
on properties

Latent Space

14
Gdémez-Bombarelli et al. "Automatic chemical design using a data-driven continuous representation of molecules." ACS Central Science, 2018.



Our work: Search space oriented
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Our Framework - VAESA
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VAESA Training
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Step 1: Encode to a compact, continuous
search space
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Step 2: Performance prediction from latent
features
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Step 3: Reconstruct to actual hardware
configurations
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Step 4: Backpropagate VAE and
predictor loss functions
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VAESA Visualization (2D)

Learned latent space

a) Number of MAC units b) Global buffer size c) Energy-delay product*
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VAESA Visualization (2D)

Predicted performance: Energy
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Performance values for ResNet-50



Our Framework - VAESA
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VAESA Inference
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Huang et al. “CoSA: Scheduling by Constrained Optimization for Spatial Accelerators.” ISCA 2021.
Parashar et al. “Timeloop: A Systematic Approach to DNN Accelerator Evaluation.” ISPASS 2019.
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https://arxiv.org/pdf/2105.01898.pdf

VAESA Inference

Bayesian Optimization (BO)

e BO iteratively updates a statistical model to approximate the unknown
objective function and uses an acquisition function to decide which
input to sample next.
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——

Ghahramani, Zoubin. "Probabilistic machine learning and artificial intelligence." Nature 521.7553 (2015): 452-459.
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VAESA Inference
VAESA+BO
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Results
VAESA+BO Comparison

1 ole-1 deepbench DeepBench Optimization
= B VAESA+BO (vae_bo) ® Bayesian Optimization (bo)
- vae_bo B Random Search (random)

* 2.8 — bo 5

)

Q@ —— random 4 4.46

L>'),2 6 3

U 2

=

— 2.4 . 1

(a1

=) 0

L 2oL . . . . Performance Sample Efficiency
0 500 1000 1500 2000

# of samples

VAESA+BO improves the sample efficiency of BO
and finds optimal accelerator designs.




VAESA Inference

Gradient Descent (GD)
e GD is an iterative method for optimizing an objective function with
suitable smoothness properties by take repeated steps in the opposite
direction of the gradient of the function at the current point.
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HW Perf
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VAESA Inference
VAESA+GD

Predicted EDP
Minimization w/ GD

Predictor-based search
on the latent space
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Results
VAESA+GD Comparison
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GD on the latent
space achieves
better design points
faster than GD on
the original space.

0O 5 10 15 20 25 30 35
# of samples
Average EDP improvement of GD compared to

random search over 12 test layers. Experiments
repeated for 5 random seeds.
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Conclusion

In VAESA,

e We introduce an DSE framework where the search is performed on a
continuous and reconstructible latent space

e We train a rigorous VAE model and use the trained models to enhance
two state-of-the-art algorithms: the black-box BO and the
predictor-based GD algorithm

Email; jennyhuang@nvidia.com, charleshong@berkeley.edu
Github: https://qgithub.com/hgjenny/vaesa.qit
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Background: Autoencoder

e A model that learns a compressed representation of input data

100 100

| = 1. |

e The feed-forward model predicts x’ from x through a bottleneck layer
o dim(z) < dim(x)

o Training minimizes the mean-squared error between x and x’
e zis alower-dimensional representation of x

34



latent point A

VAE Applications:
Image Generation
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“Soft-IntroVAE: Analyzing and Improving the Introspective Variational Autoencoder.” Daniel et al., CVPR 2021.
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VAESA Visualization

Predicted performance: Latency
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VAE Hyperparameter Tuning
Weighting KL divergence

Latent Dim. 2

Coefficient adjusts weight of KLD (closeness of a given point’s mean+variance

encoding to the standard normal) relative to reconstruction loss
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VAE Hyperparameter Tuning

Latent space dimensionality

Reconstruction loss
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Experimental Setup

) ) Parameter Max # of Possible Values
e Design space with 3.6x10"/ # of PEs 64 5
. # of MAC units 4096 64
ConﬁguratlonS: Accum. buffer size 96 KB 128

Weight buffer size 8 MB 32768
Input buffer size 256 KB 2048
Global buffer size 256 KB 131072

* Target workloads:
AlexNet 8
ResNet-50 24
ResNeXt-50 25
DeepBench 9
(OCR and Face Recognition)

e Metrics:
o Best performance reached
m Latency, Energy, EDP
o Sample efficiency
m Time to near-optimal solution



Experimental Setup

e Simulator: Evaluate on Timeloop to obtain feedback

e Mapper: Use CoSA to generate high-performance schedules for each

accelerator architecture

Accelerator
Config

—)[ Timeloop HTraining Data

Near-Optimal
Schedule

“Timeloop: A Systematic Approach to DNN Accelerator Evaluation.” Parashar et al., 2019.
“CoSA: Scheduling by Constrained Optimization for Spatial Accelerators.” Huang et al., 2021.

Inputs:

# of PEs

PE mesh X-dim
Accumulation buffer size
Weight buffer size

Input buffer size

Global buffer size

Outputs:

Latency
Energy
Area
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Experiments

VAESA+BO Comparison
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# of samples

ResNet-50 AlexNet ResNeXt-50  DeepBench
DSE Method Search Performance (SP)  Sample Efficiency (SE) SP SE SP SE SP SE
Random Search (random) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Bayesian Optimization (bo) 0.98 0.61 1.00 031 1.00 094 096 1.00
VAESA + Bayesian Optimization (vae_bo) 1.01 4.17 1.00 2.00 101 127 1.01 446
VAESA+BO improves the sample efficiency of BO
and finds optimal accelerator designs. s




Experiments
VAESA+GD Comparison

Ul
o
o

400 A

Average EDP Improvement

0 50 100 150
GD Steps

390x

200

4 )

GD on the VAESA
predictor improves
the EDP of
individual points.
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GD improvement over different number of gradient update steps over
200 randomly generated sample points on 12 test layers



