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Motivation

O With the rapid development in machine learning, a large computational load is imposed on a computing
system as the learning models become more and more complex. However, the demand for machine
learning-based mobile application is increasing, which requires low-cost and energy-efficient devices.
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Signal flow of training in a simple
deep learning model A unipolar stochastic multiplier. [Hayes 2015]

Time-consuming, high energy & hardware cost.
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Background: stochastic computing

U In stochastic computing (SC), information is encoded and processed by random binary bit streams.
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Limitations of Stochastic Computing

O Low accuracy O High latency
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* An extreme case: 1-bit SC.
* Reduce sequence length without harming
the accuracy

Accuracy of a unipolar stochastic multiplier using
pseudorandom sequences.
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Dynamic Stochastic Computing Systems

O In a dynamic stochastic computing (DSC) system, the stochastic sequence can encode a consistently
varying signal instead of a static number as in conventional stochastic computing systems.
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A dynamic stochastic computing (DSC) system.
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Generation of Dynamic Stochastic Sequence

U In dynamic stochastic computing (DSC), a random binary bit stream is used to encode a changing
signal instead of a static number as in conventional .

U Definition: dynamic stochastic sequence (DSS):
A DSS {A;} encoding digital signal, yy, satisfies that the kth bit in the random binary sequence has the

expectation,
E[Ak] = Yk
n-bit
RNG > * A dynamic SNG (DSNG) can be
%\ 111010001011... realized by comparing each
— 1Y , . sampling point with a uniform
T T T T ?90099 T T / Dynamic stochastlc. random number generated by the
) sequence (DSS) encoding RNG
Signal to be encoded {y;} signal y. '
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An example of a DSS

L Dynamic stochastic sequence (DSS):

A DSS {A,} encoding y, satisfies that the kth bit in the random binary sequence has the expectation,
ElAx] = yi.

A higher frequency of ‘1’ 1s
observed in the DSS when
the signal i1s close to 1 and
vice versa.

Original signal
DSS

X

r(s)

A DSS encoding a 1-Hz sine wave. The
DSS is decimated for a clear view.

S. Liu and J. Han / University of Alberta 8



Stochastic Integrator
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A stochastic integrator.

Function of a stochastic integrator: ¢ = [ (a — b)dt.
Let P; equals to normalized C, 1.e., P; = ZinC :

An example of stochastic integrator (n=8).

a; bi Pi RNi Ci

(0.10000000), 0.75
(0.10000001), 0.20
(0.10000001), 0.19
(0.10000000), 0.62

O O = =
S = = O
S = = O

{c;} encodes signal {P;}.

i C

Output sequence

A symbol.

Pl+1/2n ai=1&bi=0
Pi+1: Pl—l/Z" ai=0&bi=1

Pi a; = bi
1
Piry = P+ (a; = by). (1)
Accumulating (1) fori = 0,1, ...,k —1
R
Pr =Py + - 255 (ai — by) - (2)

Taking the expectation of (2)
1 k-
E[Pe] = Py + z_nZ{';ol(IE[ai] —E[b;]). (3)
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Stochastic integrator for iterative accumulations

L Numerical integration by performing a Riemann sum

Original signal 05
X DSS

\A C —
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*A segment of the signal is shown
. . . . -1 .
with decimation for a clear view. 0 I

t(s)

U Numerical solution of ordinary differential equations (ODEs) using the Euler method.

4
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Euler dy(t) fy__ v Stochastic a — [+

Method: dt =f® - e Integrator: b
m—— ‘ P

h t

Yk = yo + h X2 f(hi) = y(hk).

Elee] = co + 55 2120 (Elai] — E[b]).

Letcy = yq, Ela;| — E|b;| = f (hi), then
A stochastic integrator provides an unbiased estimate 0 = Yo, Bl l]k [- d f(l )
to the Euler solution with a step size of 1/2™. Elci] = Ve = y(5), with h = .
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Hardware ODE solver using DSC

U Numerical solution of ordinary differential equations (ODEs) using the Euler method.

U A second-order ODE U A system of ODEs
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Hardware solution produced by stochastic ODE solver vs. analytical solution.
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Hardware efficiency of DSC-based ODE solver

[ A second-order ODE

Normalized hardware efficiency producing one result
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m DSC with 8-bit stochastic integrator
m 8-bit fixed-point implementation

O A system of ODEs

Normalized hardware efficiency producing one result
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m DSC with 8-bit stochastic integrator
m 8-bit fixed-point implementation
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Stochastic Integrator for Gradient Descent

U Gradient descent
As a basic optimization algorithm, gradient descent (GD) has widely been used in machine learning to
optimize the weights of a model by minimizing a loss function.

The optimization result is an accumulation of multiple steps of the gradients (VL(wy,)).

Let L(w) be a multivariate differentiable loss function, where w is a
vector of weights that are to be trained or optimized. GD computes
the local minimum of the loss function by an iterative optimization:

0 -
; Wit = Wy — nVL(Wy), (1)
5 where VL(w,,) is the gradient, and 7 is the step size or learning rate,
0 o which determines how fast the model learns. If using a constant 7,
55 ° (1) is accumulated fori = 0,1,2,...,N — 1
Gradient descent searching for wy = Wy — n XNZLVL(wW,). 2)

local minimum.
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Training of a Neural Network

U Forward- and Backward-propagation

1. During the forward-propagation, the output 2. During the backward-propagation, the local gradients,

of neuron i 1n layer k, y.(k)

-7, 1s recorded. (Sj(k) are computed.

3. The gradients for each neuron are then obtained by
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Signal flow of training (backward
phase) in a simple deep learning model

(k—1)
iLj

*5]-(,]?: local gradient contributed by the target

the trained parameter of w

*5]-(,]?: local gradient contributed by the NN output
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DSC-based gradient descent circuit design

51',*(1()_ a Tramed

, (k1) DSNG - Sto_mult1 > parameters
Yi" " array I '
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L
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AwED — n (S(R) _ 5]_(,1?) yj(k—l) =1 (5_(k)yj(k—1) _ 5-(,]?)’]-(](_1)) wk-D ) k-1 [0] + ZAW(R—l)

i,j j,+ j,+ J L,j i,j L,j
Recall:
— - _ (g7, (=1)
E[P,] = P + 5 2120 (Ela)] — E[b,]). Sto_multil: Blad =0 Ty U o
[: the Ith sample in the training data. Sto_multi2: E[b;] = 5]-(,1? [y j(k_l) ]

n: bit width of the stochastic integrator (up/down counter). The proposed DSC-based gradient descent

circuit provides unbiased estimate of the

k—1 1 k-1
E[P.] = Wi(,j )[L], when n = on Py = Wl-(,j )[0]- optimized weights.
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Experiments on MNIST Dataset
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Experiment Results
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Hardware Efficiency Assessment
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Conclusion
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