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Introduction: Low-rank for neural nets

reference
uncompressed)

low-rank

We replace a matrix W with some rank-r matrix
» Such matrix can be written as the product UV7, i.e., W = UV’

» For small values of r this reduces FLOPs and storage
» Can achieve Speed-up on any hardware (uses standard matrix-vector products)

» If ranks are knOWﬂ, training is not hard: simply decompose and then use SGD



What happens with non-matrix weights?

Weights do not necessarily come as matrices.
For example, weights of convolutional layers are typically stored as NCHW or NHWC tensors.
To apply low-rank, we reshape the tensors into matrices!

——————————— - - -

*This is known as matricization in tensor algebra.



Can we apply low-rank to directly optimize inference time?

Historically, low-rank was used to reduce sizes and FLOPs of Our target device :
the models. But:

» fewer FLOPs not necessarily mean faster runtime!

» Can we select the ranks per each layer to minimize
on-device runtime? (requires on-device measurements)

Hard problem There are combinatorial number of ranks and

corresponding on-device measurements. We tackle it by Jetson Nano
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» and giving an efficient optimization algorithm based on
Learning-Compression framework [1, 2, 3, 4, 5, 6, 7, 8, 9]



Part |: Device runtime model

Let’s define the runtime R(W) as the time to process a single image through a
K-layer net with weights W = {W;,... , Wg}.

» runtime is function of layer’s ranks

» runtime can be directly measured on device

» assuming R ranks per layer, there are R* different configurations to measure

We model the runtime as the sum of inferences through individual layers:

R(W) =R(r) = Ri(r1) + Ra(r2) + -+ + R (rk). (1)

In reality R (W) < RHS: when computational graph is executed optimally, some weights and inputs can be prefetched and layer-to-layer
computations can be pipelined

This model allows to obtain runtime estimate R(W) much more efficiently:
» only need to measure R different rank configurations for each of the K layers
> total required measurements: R x K (vs R¥)



Part I: Device runtime model (cont.)

Even RK on-device measurements are time consuming and noisy, thus:
» for each layer we run measurements for equally spaced set of ranks (e.g., »r = 1, 10, 20, . . .)
> fit ¢, regression on the measurements to interpolate and reduce noise
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Part Il: Problem formulation

Given a K-layer net with weights W = {W,..., Wi} trained on the loss L (e.g.,
cross-entropy), we formulate the following device-dependent rank selection
problem:

min  L(W) + AR(r)
NG @
st. rank(Wg)=rg, k=1,... K.

Here, the term A R(r) controls the tradeoff between on-device inference speed
and model loss.



Part Il: Optimization algorithm

Let us introduce auxiliary variable @, for each Wy, as:
rank (Wy) = <= Wy = O, rank (O) = g,

And apply a penalty method and obtain an equivalent formulation (with y — oo):

= 3)
st rank(®y) =171, k=1,... . K.

Here, we use Quadratic Penalty for the ease of presentation, however, in practice we use
augmented Lagrangian with the additional step over Lagrange multipliers



Part Il: Optimization algorithm (deriving the L and C steps)

Let us now apply alternating optimization over variables W and {©, r}:
» The step over W, which we call a learning (L) step, has the form of:

K
. M 2
Lo W, — 0,2
min 2; Wy kll

Regular NN training independent of compression, typically solved by SGD
» The step over {®,r}, which we call a compression (C) step, has the form of:

K
: K 2
rin 25_ [Wi — ©k[” + AR(r)
st rank(®y) =1, k=1,...,K

Actual compression step independent of NN weights and dataset.



Part Il: Optimization algorithm (solution of the C step)

Due to the layerwise separability of the runtime function R(r), the C-step problem
separates over the layers into K smaller problems:

min %Hwk — O4|* + ARy (ry)

Ok,Tk

s.t.  rank (®g) = ry.

(4)

Solution:

» Solution of this problem requires an SVD and enumeration over the ranks.
More details are in the main paper.



Part Il: Optimization algorithm (pseudocode)

input K -layer neural net with weights W = {Wy,... Wk},
hyperparameter A, device runtime model R.

W = (Wy,...,Wg) < arg miny L(W) reference net
r=(ry,...,7x) <0 ranks
®=(0,4..., @K) «~0 auxiliary variables
for =1 < p2 <- <NT

W « arg min L(W + K Z Wy, — 0 L step

W
fork=1,....K C step
Oy, 1 < arg min%”@k — Wil? + ARy (re)
O,Tk

if |W — ©|| is small enough then exit the loop
return W, O, r



Experiments

AlexNet on ImageNet VGG16 on CIFAR10
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Code is available online

Our code is written in Python using PyTorch, and we make it available as part our
extensible model compression framework (under BSD 3-clause license):

https://github.com/UCMerced-ML/LC-model-compression

Using the provided code, you will be able to:
> replicate all reported experiments
» compress your own models with our proposed scheme and many others.

But this library does much more than that. It is intended to support compression of
an arbitrary model (not just neural nets) and an arbitrary compression technique.
At the moment it offers the following:

» quantization (in various forms)

» pruning (in various forms)

» low-rank with automatic rank and/or scheme selection
» combinations of all the above


https://github.com/UCMerced-ML/LC-model-compression
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