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Neural Networks are Expensive to Train
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Transistor Scaling will Reach Limits (eventually)
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How to improve training speed?

* Exploit data parallelism

* Each node has complete model, handles subset of all training data, accumulate
gradients across nodes (size of model limited by node memory capacity)

* Model parallelism
» Split model across compute nodes (e.g., AlexNet, Tesla Dojo)

* Reduce computations
* Reduce number of iterations (e.g., batch normalization, ADAM, etc...)
* Reduce computation per iteration (e.g., stochastic depth, sparsity)

* ML hardware accelerators

* Inference, training or both
e Datacenter: GPU, Google TPU, Cerebras WSE, Graphcore IPU, Huawei DaVinci
* Edge: Apple Neural Engine, Samsung NPU, Tesla FSD Sog, ...



Example: ResNet Convolution
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Convolutional Neural Network Training
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Convolutional Neural Network Training
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Encouraging sparsity

e Convolutions essentially perform many dot-products:
y=[10032][1500]"=10*1+0*5+3*0+2*0=10*1=10

* Multiplications by zero can be skipped.

* Exploiting this can reduce computations and/or model size.

* Much work on this in past ~5 years. Extensions to fully connected
layers, RNNs, transformers, etc...



Weight Pruning
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RelLU
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Sparse Gradients
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Sparse Weight Activation Training (SWAT)
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SWAT Algorithm (highlights)

* During each training iteration:

e Sparse weight topology (top-k) induced, which partitions weights into active
and non-active sets.
* Forward pass:
e use active (sparse) weights and full (dense) activations to compute layer outputs

* Backward pass:
* use active (sparse) weights and full (dense) gradients to compute activation gradients
e use sparse activations (top-k) and dense gradients to compute dense weight updates

* Updating weights with dense weight gradients enables topology
search (avoids “lottery ticket” problem)



Sparse Weight Activation Training (SWAT)
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Comparison of unstructured SWAT with sparse learning algorithms on the ImageNet

Weight Activation Top-1 Accuracy Training Inference Model
Sparsity (%) Sparsity (%) Accuracy (%) Change (%) FLOP FLOP Compression(x)
. 80 - 73.4 -3.4 58.1 73.0 3.4
ET
90 - 71.3 -5.5 63.8 82.1 5.0
80 - 74.1 -2.7 51.6 594 3.4
DSR
90 - 71.9 -4.9 58.9 70.7 5.0
80 - 74.9 -2.1 45.8 43.3 5.0
SNFS
90 - 72.9 -4.1 57.6 59.7 10.0
80 - 74.6 -2.2 67.2 80.0 5.0
RigL
& 90 - 72.0 -4.8 74.1 90.0 10.0
DST 80.4 - 74.0 -2.8 67.1 84.9 5.0
90.1 - 72.8 -4.0 75.8 91.3 10.0
80 80 75.2 -1.6 76.1 77.7 5.0
SWAT-U
90 90 72.1 -4.7 85.6 87.4 10.0
80 80 75.2 -1.6 76.1 77.7 5.0
SWAT-U
90 90 72.1 -4.7 85.6 87.4 10.0
80 80 75.2 -1.6 76.1 77.7 5.0
SWAT-U
90 90 72.1 -4.7 85.6 87.4 10.0




ReSprop: Reuse Sparsified Backpropagation

[Goli and Aamodt, CVPR 2020]



ReSprop
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Figure 2. HG and meProp angles for different reuse percentages
and sparsities, respectively. The angle is calculated by finding the
average angle of all layers while training ResNet-18 on CIFAR-10
for 100 iterations (batch size=128).
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RS Algorithm | ResNet34 | WRN-50-2 | VGG16
<0 | ReSprop 73.08 73.69 70.00
W-ReSprop 73.21 78.81 70.41

e ReSprop 67.12 73.34 68.73
70% ey »Q OF ~0 O
W-ReSprop 72.73 78.25 70.01

90 % ReSprop 63.78 67.72 60.76
| W-ReSprop 72.44 77.93 69.46
Baseline 73.34 78.88 70.50

Table 4. Top 1 validation accuracy ot ReSprop and W-ReSprop
algorithms at different reuse-sparsity constraints on the ImageNet

dataset.




Hardware Support for Sparsity
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Figure 2: Convolution accelerator classes, showing zero products and Redundant Cartesian Products (RCPs). a) An example
convolution of a 2 X 2 kernel and 3 X 3 image, b) Inner product/dot product, ¢) Intersection/streaming and, d) Outer-product.
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Exploiting Two-Sided Dynamic Sparsity: SCNN
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Outer-product Efficiency =
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Redundant Cartesian Products
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Anticipator Accelerator (ANT)
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Mapping onto a Multiplier Array
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Mapping onto a Multiplier Array
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Mapping onto a Multiplier Array: Skipping RCPs
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Mapping onto a Multiplier Array: Skipping RCPs
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Bigger Models, More Memory
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Images versus Activations

CNN
Activations

A Neural Network

[Evans et al., ISCA 2020] s



Baseline JPEG-ACT
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Convergence versus (Lossy) Compression

“This is a cat”
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[Evans and Aamodt, NeurIPS 2021] A Neural Network
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summary

e Obtaining greater performance for machine learning will increasingly
require shifting towards specialized hardware

e ReSprop, SWAT can reduce computation demand during training by
identifying computations to elide at minimal impact on accuracy
leading to sparse computations

* Efficiently supporting sparse computations in hardware is a challenge,
and (even more so during training since parameters are changing)

* Lossy compression can help performance (and/or increase model
size) by greatly reducing memory demands. Challenging to use during
training since need to anticipate impact on validation accuracy.



