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Abstract

There is currently an arms race to design low-precision hardware accelerators capable
of training machine learning models. This is because purpose-built, low-precision hardware
accelerators can lower both the time and energy needed to complete a task. Unfortunately,
the statistical effects of low-precision computation during training are still not well under-
stood. As a result, it is difficult to reach the statistical accuracies of traditional hardware
architectures on these new, lower-precision accelerators. This is due to a tradeoff with
standard training algorithms: as the number of bits is decreased, noise that limits statistical
accuracy is increased. In this paper we argue that one can reap the hardware benefits of
low-precision accelerators without sacrificing statistical accuracy. To do this we introduce a
training algorithm called High-Accuracy Low-Precision (HALP). HALP is a low-precision
stochastic gradient descent variant that only uses low-precision computation in its inner
loop while infrequently recentering with higher-precision computation in an outer loop.
On strongly convex problems, we show both theoretically and empirically that HALP
converges at the same linear rate as full-precision SVRG. Inspired by these results, we show
on neural network applications (CNNs and a LSTM) that HALP can empirically match
higher-precision training algorithms.

Keywords: low-precision training, mixed-precision training, stochastic gradient descent,
stochastic variance-reduced gradient descent, hardware accelerators

1. Introduction

Low-precision (less than 32-bit) hardware architectures are already here (Jouppi et al., 2017,
Burger, 2017; Caulfield et al., 2017; Micikevicius, 2017) and future hardware roadmaps (Intel
Corporation, 2018; Micikevicius et al., 2017b) suggest that they will soon be commonplace.
Such architectures promise to improve the speed and efficiency of machine learning tasks
when compared to traditional hardware architectures that only support more costly 32-bit
computation. Still, the effects of low-precision arithmetic on training algorithms are not yet
well understood. As a result, if only low-precision computation is used throughout training,
it is often very difficult to match the statistical accuracies of traditional, higher-precision
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hardware architectures. Even worse, these new, low-precision hardware accelerators often
have limited capacity for higher-precision computation, either from the host or due to the
cost of reduced throughput. In this work, we argue that one can match the statistical
accuracies of the traditional, high-precision hardware architectures by running the majority
of the computation in lower-precision on an accelerator while orders of magnitude less often
performing some full-precision computation.

It is well-accepted that the systems benefits of low-precision (LP) arithmetic commonly
come with a cost. The round-off or quantization error that results from converting numbers
into a low-precision representation introduces noise that can affect the convergence rate
and accuracy of SGD. While quantization has been studied in distributed communication
(Tang et al., 2018), its effect when used on the updates in the innermost loop of training
algorithms is much less well understood and more complex to understand due to error
accumulation. Explicitly, we say that an algorithm has a low-precision inner loop if all the
numeric computation in the inner loop is done in low precision. It is therefore unsurprising
that algorithms where innermost loops are in low precision trade off the number of bits against
the resulting statistical accuracy—the fewer bits used, the worse the solution will become.
Theoretical upper bounds on the performance of low-precision SGD (De Sa et al., 2015; Li
et al., 2017) and empirical observations of implemented low-precision algorithms (Courbariaux
et al., 2014; Gupta et al., 2015; De Sa et al., 2017; Zhang et al., 2017) further confirm that
current algorithms are limited by this precision-accuracy tradeoff.!

In this paper, we show that it is possible to get high-accuracy solutions from an algorithm
with a low-precision inner loop, as long as the problem is sufficiently well-conditioned. We
do this by introducing a technique called bt centering, in which each number is represented
as the sum of a high-precision offset term, which is modified only infrequently, and a
low-precision delta term, which is modified every iteration, as follows:

T = 0y + O

high-precision offset  low-precision delta.

The key insight behind bit centering is that floating point errors are relative to the magnitude
of the number, and so a smaller low-precision delta means a smaller error due to the low-
precision compute. That is, if we are able to choose o, so that it is close to the value
x will take on, then §, will be small. Therefore, we can compute it using low-precision
computation which has much lower error than we would get if we had represented = directly
in a low-precision format. Using bit centering, we develop an algorithm called HALP
which transcends the accuracy limitations of ordinary low-precision SGD by reducing the
three sources of errors that are present in standard low-precision SGD: gradient variance,
quantization noise, and overflow/underflow. We address error from gradient variance using
a known technique called SVRG, stochastic variance-reduced gradient (Johnson and Zhang,
2013). To address noise from quantization, we use bit centering, assigning our offsets o, using
the outer-loop full-gradient computation already present in the SVRG algorithm. Finally,
we prevent overflow and underflow from occurring by dynamically rescaling the range of
represented numbers for the delta term.

1. A simple way to avoid this and devise an algorithm of arbitrary accuracy would be to increase the number of bits
of precision as the algorithm converges. However, this is unsatisfying as it increases the cost of computation, and
we want to be able to run on specialized low-precision accelerators that have a fixed bit width.
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We prove that, for strongly convex problems, HALP can produce arbitrarily accurate
solutions with the same linear asymptotic convergence rate as full-precision SVRG, while its
inner loop uses entirely low-precision computation with a fixed number of bits.

We experimentally validate HALP in two different settings: (1) where models are trained
entirely from scratch (i.e. de novo training) and (2) where a checkpointed model, trained
to completion using 16-bit SGD, is fine-tuned using 16-bit HALP. On de novo training, we
show that HALP closely matches the performance of 32-bit algorithms in terms of both test
accuracy and training loss on linear regression (8-bit HALP), multi-class logistic regression
(16-bit HALP), a LeNet convolutional neural network (16-bit HALP), and a LSTM-based
recurrent neural network (16-bit HALP). For fine-tuning, we show on a ResNet model
that 16-bit HALP can improve the test accuracy of a checkpointed model trained using
16-bit SGD. In this fine-tuning task, 16-bit HALP achieves a 0.32% higher test accuracy
when compared to 16-bit SGD and closely matches the test accuracy from running 32-bit
SGD from scratch. This highlights an important application scenario where one trains a
model using standard (entirely) low-precision algorithms and then uses HALP at the end to
fine-tune the result to closer match that of full-precision algorithms. Further, others (Jia
et al., 2018) were inspired by earlier versions of this manuscript and went on to show that
similar techniques can lead to state-of-the-art ImageNet training in only four minutes. We
are excited by these results and look forward to observing their impact as they become more
mainstream.

Our contributions and an outline are as follows:

e In Section 3, we introduce the technique of bit centering, and analyze its performance
on a dot-product example. This simple example illustrates the core mechanics of bit
centering and its benefits in an important setting that is highly prevalent in machine
learning applications.

e In Section 4, we describe how bit centering can be used in combination with SGD
and SVRG to train a machine learning model, using linear regression as an example.
We describe how overflow and underflow can be avoided by dynamically rescaling
the bias of our floating point numbers. Using this, we introduce HALP, our High-
Accuracy Low-Precision algorithm, for linear regression, and we show empirically that
it outperforms both non-bit-centered algorithms and bit-centered algorithms that do
not use re-scaling. Our theory exposes a novel relationship between the amount of
precision that is needed and the condition number of the problem, and we validate
this relationship empirically.

e In Section 5 we show how bit centering can be used to compute arbitrary Lipschitz-
differentiable loss functions and their gradients, and we prove bounds on the error of
these computations.

e In Section 6, we present a general version of HALP that can be applied to arbitrary
loss functions using our methods from Section 5. We describe conditions under which
we can prove that HALP converges down to solutions with error limited only by the
high-precision offset format—and that HALP can produce arbitrarily accurate solutions
if we assume the high-precision format has zero error.

e In Section 7, on a convex problem (multi-class logistic regression) and two non-convex
problems (CNN and LSTM), we validate that an implementation of HALP beats
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the test accuracies and training loss of float16 SVRG and float16 SGD. We also
show that HALP achieves similar results when the bfloat16 format is used instead
of float16. These results suggest that HALP not only can be useful on strongly
convex problems (as the theory suggests), but can also be useful on popular non-convex
problems such as deep learning applications.

2. Related work

Substantial previous research on low-precision machine learning has focused on evaluating
and guaranteeing the effectiveness of low-precision training. Researchers have gathered
empirical evidence for low-precision training in specific settings, although these results have
typically not produced empirical support for 8-bit training (Savich and Moussa, 2011; Seide
et al., 2014; Courbariaux et al., 2014; Gupta et al., 2015; Strom, 2015; Micikevicius et al.,
2017b). Researchers have also proven bounds on the error that results from using low-
precision computation on convex problems and non-convex matrix recovery problems (De Sa
et al., 2015; Li et al., 2017). Recently, Zhang et al. (2017) has developed techniques called
double sampling and optimal quantization which enable users to quantize the training
dataset with provable guarantees on the accuracy for convex linear models. Similarly, De Sa
et al. (2017), outlined how quantizing in different ways has different effects on accuracy
and throughput when SGD is made low-precision. These works showed that low-precision
training has many benefits but their accuracy degrades as precision is decreased. Our goal
in this work is to show that this need not always be true.

While SGD is a very popular algorithm, the number of iterations it requires to achieve
an objective gap of ¢ for a strongly convex problem is O(1/¢). In comparison, ordinary
gradient descent (GD) has an asymptotic rate of O(log(1/¢)), which is known as a linear
rate?, and is asymptotically much faster than SGD. There has been work on modifications to
SGD that preserve its high computational throughput while also recovering the linear rate of
SGD (Roux et al., 2012; Shalev-Shwartz and Zhang, 2013). SVRG is one such method, which
recovers the linear rate of gradient descent for strongly convex optimization, while still using
stochastic iterations (Johnson and Zhang, 2013); recently it has been analyzed in the non-
convex case as well and shown to be effective in some settings (Allen-Zhu and Hazan, 2016;
Reddi et al., 2016). These variance-reduced methods are interesting because they preserve
the simple hardware-efficient updates of SGD, while recovering the statistically-efficient
linear convergence rate of the more expensive gradient descent algorithm. While we are not
the first to present theoretical results combining low-precision with SVRG (Alistarh et al.
(2017) previously studied using low-precision numbers for communication among workers in
parallel SGD and SVRG), to the best of our knowledge we are the first to present empirical
results on low-precision SVRG and to propose the additional bit centering technique.

Exciting results in the deep learning community suggest that neural network training can
be done effectively by mixing 32-bit floating point arithmetic with lower precision formats
(Nvidia, 2018; Intel Corporation, 2018; Micikevicius et al., 2017a). Much of this work focuses
on 16-bit training while performing 32-bit accumulations and storing a master copies of the
networks weights in 32-bit precision. Researchers have also recently released mixed-precision

2. This is called a linear rate because the iterations required is linear in the number of significant figures of output
precision desired.
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training techniques that are capable performing 8-bit floating point computations for much
of training (Wang et al., 2018). At the farthest extreme, there has been work on training
networks with binarized weights from scratch, although these networks are still trained with
full precision updates (Hubara et al., 2016; Rastegari et al., 2016). Empirically HALP is
similar in spirit to much of this work, but theoretically it stands on its own by providing
strong convergence guarantees. Because of this we are primarily focused on the strongly
convex cases that we can reason about, of which deep learning is not. Still, we believe
(and provide evidence in Section 7) that our methods can complement the exciting deep
learning techniques that exist today. In fact, there is already empirical work, motivated
by earlier versions of this manuscript, which has shown that similar techniques can lead to
state-of-the-art results on ImageNet training (Jia et al., 2018).

3. Bit Centering

In this section, we introduce the bit centering technique and describe how it can reduce
errors due to quantization. We illustrate the benefits of bit centering by analyzing its error
on a simple dot-product example.

The technical inspiration for this paper is the recent resurgence of hardware accelerators
for machine learning and other applications.? In such a scenario, a hardware accelerator
designed for machine learning runs inside a host device with a larger memory and general
purpose processor (e.g., a CPU). The accelerator typically has many more computational
units of lower precision and smaller memory compared with the general purpose host. This
motivates the development of algorithms that use low-precision arithmetic, and much past
work has been devoted to studying such algorithms. However, standard analysis of low-
precision algorithms often ignores the host, and analyzes a fully-low-precision or accelerator-
only model of computation. This motivates us to ask whether performance can be improved
by also using the host, which we call a host-accelerator model of computation (Figure 1).
In this section, we describe a principled way to do this. We develop a novel technique
called bit centering which greatly improves the accuracy of low-precision computation on
the accelerator by leveraging infrequent full-precision computation on the host (orders of
magnitude less frequent than the computation on the accelerator).

As we will see, the conventional wisdom is that training algorithms using low-precision
iterations are limited to low accuracy. Our goal is to formalize situations in which adding a
modest amount of host memory and computation allows us to achieve dramatically better
error with minimal overhead.

The core idea. Bit centering is a technique in which, instead of representing a number z
as a single floating-point number, we represent = as the sum of a pre-computed full-precision
offset and a low-precision delta:

T =05+ 0.

For example, we could store o, as a 64-bit double-precision float and store J, as a 16-bit
half-precision float. The benefit of bit centering, as compared with simply storing the number

3. Christopher De Sa, Christopher Aberger, Kunle Olukuton, and Christopher Ré have a financial interest in Sam-
baNova Systems, which produces machine learning and big data platform including hardware accelerators and an
accelerated software stack.
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Figure 1: An illustration of the host-accelerator model of computation. In this model, a fast
machine learning accelerator device capable of only low-precision computation is connected
to a slower standard computation device that can perform high-precision arithmetic via an
infrequently used communication channel.

x itself in low-precision, comes from the fact that floating point computation has relative
error. That is, if we do some computation in low precision that is intended to approximate
some number x € R, and the result of that computation is a floating point number Z, then

|7 —a| <elzl,

where ¢, which is called the machine epsilon, is some fixed-but-small number that is a
function of the number of bits used. In comparison, if we use bit centering to compute z,
and we compute only the delta by in low-precision (assuming negligible error in computing
0), the error will look like

SCE _(513

|z — 2| = <eldg| =el|x—o04].

So if we can choose o so that it will be close to  (equivalently, so that d, will be small), then
bit centering can produce a much more accurate estimate of x using the same low-precision
format. In this section, we will introduce our notation for bit centering and illustrate its
benefits by analyzing a simple dot-product example, supposing that an offset o, is already
given. We will describe how to select the offset in the following sections.

3.1 Notation

As much as possible, we will follow the notation of Trefethen and Bau III (1997) and their
error model. Namely, given a number z and a floating point number system with machine
eITOT Epachine, then if fl(x) is the floating point representation of x, there will exist an € such
that |e] < emachine and:

fi(x) = (1+¢)x.

Moreover, if % denotes any basic operation in scalar arithmetic (and also fused-multiply and
add on two floating point representations), and ® denotes its floating point analogue, then
for some ¢ such that |¢| < epachine

z@y = (1+e)(zxy)
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Equivalently,

|ZL‘ ®Y — T * y| = E€machine-

This is sometimes called the fundamental aziom of floating point arithmetic.*

Note that this model does not explicitly consider overflow or underflow, but it is an
accurate model of floating point arithmetic in situations when overflow and underflow cannot
occur (e.g. if a very large number of exponent bits are used). The point at which a number
underflows is the underflow threshold, the smallest representable number, which we denote
Nmachine- 10 situations where a number could underflow (but not overflow), we represent the
result of a floating point computation with a modified version of the fundamental axiom of
floating point arithmetic: for some e with |¢| < epachine and some 1 with |9| < Dmachines

r®y=1+¢e)(z*xy)+n.

Overflow, on the other hand, always results in an infinite value, and so its error cannot be
bounded with a formula such as this. We let M achine denote the maximum representable
value of the floating point representation, above which overflow could occur. In our analysis
that follows, when we do consider overflow, we will ensure that it is avoided. For the first
part of this paper, we will consider an idealized version of floating point in which overflow
and underflow do not occur, and then we will come back to overflow and underflow later in
Section 4.3.

In this paper, we will deal with two floating point number systems: (1) a low precision
number system with machine precision €pachine-lo and (2) a high precision number system
with machine precision €machine-hi- We let the low-precision representation of a number x be
denoted flj,(z) and the high-precision representation be denoted fly;(x). In the analysis that
follows, we will use ¢}, to denote a value that satisfies |e1o| < Emachine-lo + O(Emachine-1o>) and
eni to denote a value that satisfies |epi| < Emachine-hi +O (Emachine-ni2)- This is a straightforward
generalization of the 1 4+ ¢ model of floating point error described above to the case of
mixed-precision algorithms. This also allows us to simplify the expression of factors that
are quadratic in the machine epsilon using the big-O notation, which is typical in rounding
error analysis. We use analogous notation for bounding overflow and underflow: we use
Nmachine-lo t0 denote the underflow limit of the low-precision format, and let 7, generally
denote a value that satisfies |7710’ < Nmachine-lo O(gmachine-lo * Nmachine-lo nmachine-IOQ); and
similarly for the high-precision format. We also define the precision ratio k£ as

k— €machine-lo )

E€machine-hi

To more easily denote arithmetic operations with floating point numbers of multiple
precisions, we use the following conventions. We follow the notation of Trefethen and Bau III
(1997) in using operators with a circle around them to denote a floating point operation,
and we use an underset letter H or L. to denote high-precision or low-precision respectively.
For example,

fli(z ©y) @ 2
L H

4. Note that in some sources, § is used for these sorts of expressions, rather than e. Here we use € both to follow
Trefethen and Bau III (1997) and to keep the letter § free for use as the delta in bit centering.
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denotes the result of multiplying x and y in the low-precision format, converting that into
high precision, and then adding it to z using high-precision computation. We extend this
notation to allow floating point operators to also operate on vectors and matrices: for
example, if A is a matrix, and z and y are vectors, then

yT ® ﬂh1(A ® ac)
H L

denotes the result of multiplying matrix A by vector x using low-precision arithmetic,
converting the (vector) result into the high-precision format, and then taking its dot product
in high-precision with the vector y. We also extend the notation for computing functions
and sums. For example,

exp(z)

L

denotes the result of computing the exponential function of z in low precision and

N
i=1

denotes the result of summing up the x; in high-precision arithmetic. Ordinary numeric
operations without circles or subscripts denote those operations performed in exact arithmetic,
as usual. Unless otherwise indicated, any norm ||-|| indicates the Euclidean ¢ norm.

3.2 Case Study: Dot Product

In this subsection, we will describe bit centering and compare it with other quantization
strategies when used to compute a simple dot product, z”y, for z and y non-negative vectors
of real numbers. We suppose that x and y are representable exactly in both the low-precision
and high-precision formats, are available on both the host and the accelerator, and that
we want to produce an output in the low-precision floating-point format. The quantization
strategies are:

e High-precision. Perform the whole computation in high precision. This is the null
quantization strategy, as it cannot use any of the low-precision capabilities of the
accelerator. (It is also in a sense cheating, since it does not produce low-precision
output.)

e Quantize last. Perform the computation in high-precision floating poin, and then
quantize the output to low-precision floating point at the end. When this strategy is
used to quantize a training algorithm, it is sometimes called gradient quantization,
since the full gradient is computed using high-precision arithmetic, and then only the
computed gradient itself is quantized.

e Quantize first. Quantize all the inputs to the computation into low-precision floating
point, and then perform the computation in low-precision. This quantizes all operations,
but can cause accuracy to suffer.

e Bit centering. Compute using bit-centered numbers with a pre-computed-on-the-host
high-precision offset and a computed-on-the-accelerator low-precision floating-point
delta, and then quantize the output into low-precision on the accelerator.
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Strategy # LP Ops # HP Ops Result
. o n multiplies T
High-precision — (x"y) (1 +eni-n)
n — 1 adds
. n multiplies T
Quantize last — — ('y)(L+eni - (n+k))
n — 1 adds
. n multiplies T
Quantize first — (' y)(1 4+ epni - kn)
n —1 adds
o n multiplies (2Ty) (1 +eni - (n+ k)
. . n multiplies
Bit centering a n — 1 adds +(6Ty) - eni - kn
n adds
precomputed on host +(@Ty) - en - k+ (6Ly) - (n + 3k)

Table 1: Results of performing a dot product using various quantization strategies. We refer
to eq. (2) for discussions on the count of Ops for bit centering.

In the derivations that follow, we will use the well-known fact (Bindel, 2012) that for
a nonnegative floating-point dot product with machine error e achine, the result of the
computation will be, for some |e| < emachine,

el oy =aTy+ |z|" |yl ne

where |z| denotes the absolute value of z applies entrywise, and where we are ignoring
terms proportional to £2. (Note that this is for using naive summation; if we used pairwise
summation the n would be replaced by a logn factor.) For non-negative x and vy, this is
equivalent to

T oy=aTy- (1+ne), (1)

a fact we use in the subsequent derivation. Our results in this section are summarized in
Table 1.

High-precision The result of computing a dot product in high precision follows immedi-
ately from eq. (1). We will have

flhi(a:)T (2 flhi(y) = xTy . (1 + Ehi - n)

Quantize last We compute the dot product first in high precision, producing an interme-
diate value which will satisfy

flhi(az)T (2 flni(y) = xTy (1 +epi-n).
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If we then quantize that high-precision intermediate value to low precision, we will get

i (Flp; ()T o flni (1) = (2T y) (1 + en - n)(1 + €10)

Ty) (1 +epi-n+ep)

€m ine-
— (.TTy) (1 + ey - <n_|_ ach elo>>
€machine-hi

= (a"y) (L +eni - (n+k)).

:(g;

Note again that we drop terms that are O(g?), as is standard in Trefethen and Bau IIT
(1997), and as is justified by our definitions of €], and ey; in Section 3.1. While this is a
small relative error (as long as emachine-hi 1S small enough that epachineni - (n + k) < 1), all
of the computation we did here was in high precision.

Quantize first If we first quantize to low precision and then do the multiplication, then
flio ()T (S flio(y) = (Ty)(1 + e - n) = (2T y)(1 + ep; - kn)

That is, we suffer the extra error multiplicatively, rather than additively, as we did in the
quantize-last case.

Hybrid method: bit centering In bit centering, some of the computation is done in
high-precision and some is done in low-precision. Here, we suppose that x = o, + d, for some
high-precision precomputed vector o, and some low-precision vector J,. We also suppose
that y is stored in high-precision on the host. The dot product of these two terms is

2ty = (0p + 0z) 'y = oLy + 61 y.

The first dot product term here, ogy, depends only on the offset of z, not on the delta,
so ol'y can be precomputed on the host in full-precision, and then sent to the accelerator.
While doing this, we can also precompute a low-precision version of y. The remaining terms
can be computed in low-precision on the accelerator. Explicitly, this results in the following
algorithm, Algorithm 1. In the remaining of this section, we will demonstrate that the error
of this bit centered dot product interpolates those of quantize first and quantize last. At
the same time, it can use less overall computation than quantize last if we evaluate the dot
products with y for multiple different values of §,, with the same offset o,.

10
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Algorithm 1 Simple Bit Centered Dot Product

> high-precision precomputation on host

given: high-precision offset o, and value y

compute in high precision: o,r, + ol oy
H

send to accelerator: fl,(y) and fli,(0,r,)

> low-precision computation on accelerator
given: low-precision delta d,

receive from host: flj,(y) and flj,(o,7,)
compute in low precision: d,r, < 6. ? flio ()

output 0,7, ® fli,(0,7,)
L

Here, part of the dot product is computed in high precision (the offset part), and part
is computed in low precision (the delta part). We expect that if the delta is small, this
algorithm will have low error. Let’s upper bound the error of this algorithm, assuming for
simplicity that o, 6., and y are nonnegative.’ First, for the offset, we immediately get

flio (flni (02)™ © fni(y)) = flio(0Ly - (1 + epi - n))
=oly-(I+en-n) (1+ep)
= Og?/ : (1 +éeni-n+ 510>a
where following convention we ignore O(e?) terms. Second, for the delta, we have
5 O flo(y) = 5 fho(y) - (1 + €10 - 1)
=61y - (14ew) (1+en-n)
=0y (1+e-(n+1)).
Adding these together,

ho(fha(0:)" @ ) & (0 © 1))

= (Mutton” @ () + (57 0 ) ) ) - 1+

(ofy - (L+en-n+eo)+6ly - (L+eo-(n+1))-(1+ep) 2)
(2=6)"y - (I4eni-n+eo) +0iy-(I4+eo-(n+1)) (1+ew)

aly - (I+en-n+eo) +0,y- (eni-n+teo- (n+2)) - (1+ep)

=2y (L+eni-n+2e0) + 6,y (eni-n+ep- (n+3))

—aly - (1+ep-n+k)+ 6Ly -en-kn+aly-en-k+ 0Ly (n+3k)

5. The non-negativity assumption here is not necessary to bound the error, but just used to simplify the illustration.
Later, in Section 5 we will provide a full analysis of general loss functions that does not make any assumptions of
non-negativity, and this analysis will apply to the dot product as a special case.

11
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This formula interpolates between the two formulae for the quantize-first and quantize-last
approaches. We've written this so that the first term is identical to the result of the quantize
last strategy, the second term is the quantize first error, and the remaining terms measure
a small extra error from doing the extra addition to add the offset and delta components
together. Since the quantize last term is the best we could hope for, we can view the
second and third terms as additional error. When 4, is small enough this approach improves
error—as we suspected.

A difference of this approach from quantize first is that we pre-compute fly, (0% (1? y) on

the host and then load it into memory. In terms of accelerator compute, it costs at worst a
2/n additional relative computation time over quantize first (since we need to do an extra
add and an extra load from the host, compared with quantize first). This may actually save
compute overall if we are evaluating dot products with y for multiple different values of ¢,
but the same offset 0,. In the next section we will show how we can arrange such a situation
in the training of linear models using bit centering.

4. Learning Using Bit Centering: Linear Regression

In this section, we describe how we can train a machine learning model using bit centering,
by focusing first on the simple case of linear regression; we will extend from linear models to
general loss function in Section 5. A linear regression problem has a loss of the form

(szw - yz)2 )

1 n
=1

Flw) = 3 filw) = 5
=1

)

where n is the number of training examples, w € R? is the model, each x; € R? is a training
example, and y; € R is the corresponding training label. We choose to introduce our
algorithms using linear regression because it results in a particularly simple inner loop for
SVRG, which has update step

Wt = Wri—1 — & (Vfi(wp—1) — V fi(wr) + V f(wr))

= wpi—1 — a (T w1 — yi) -2 — (@] W — yi) - i + V(@) -

Since this update step can be computed with just dot products and basic vector arithmetic,
we can bound its error using the analysis of dot products we developed in the previous
section.

4.1 Learning Using Stochastic Gradient Descent

Stochastic gradient descent (SGD) is one of the most basic and fundamental training
algorithms used in machine learning, and many more sophisticated algorithms are built on
top of SGD. In this subsection, we will follow this trend by describing low-precision and
bit-centered variants of SGD. Low-precision SGD (Algorithm 2) has been explored many
times in prior work (De Sa et al., 2015; Li et al., 2017). This is just ordinary SGD computed
entirely using the low-precision format, and corresponds to the “quantize first” strategy
described in Section 3.2.
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Algorithm 2 LP-SGD: Low-precision SGD on linear regression
1: given: N low-precision training examples x; and labels y;, number of steps T', low-
precision step size «, initial low-precision iterate wy.

2: fort=1to T do

3:  sample ¢ uniformly from {1,...,N}

4 wp w1 0a® <<sz Owi_1 © yz») © :):Z)
L L L L L

5. end for

6: return wr

Algorithm 3 BC-SGD: Bit-centered SGD for linear regression
given: N low-precision training examples z; and labels y;, number of epochs K, epoch
length T, low-precision step size «, initial iterate wy.
0w,1 + flni(wo)
for k=1 to K do

> high-precision precomputation on host
for i =1 to N do {This loop is fully parallelizable.}

Oki < (ﬂhi(wi)T © 01 O flni(yi) | © flni(a;)
H H H

hii < fho(gr.i)
end for

Suw,k,0 < fho(0)

> low-precision computation on accelerator
fort=1to T do

sample i uniformly from {1,..., N}
Skt < Owht-1 0 QO ((xT © 6w,k,t_1) Oz ® hk)
L L L L L
end for

Ow,k+1 €= Ow,k D flhi (0w 1)
end for
return o, k41

A bit-centered version of SGD is described in Algorithm 3. BC-SGD computes the
gradient samples used for SGD using bit centering. Each outer loop iteration is composed of
a phase of high-precision parallelizable precomputation (highlighted in blue) followed by an
inner loop which runs a bit-centered version of the SGD update loop using only low-precision
operations (highlighted in red). It is straightforward to verify that in the absence of any
numerical error (i.e. if both the “low-precision” and “high-precision” formats are exact
arithmetic), BC-SGD and LP-SGD are both identical to ordinary SGD. In other words, we
should expect these algorithms to differ only in their interaction with quantization error.
From our results in Section 3.2, we should expect a bit-centered computation to have less
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numerical error than one based on the “quantize-first” low precision strategy, so we should
expect BC-SGD to perform better than LP-SGD.

Empirical validation. To validate this intuition, we ran an experiment comparing the
convergence of these two algorithms. To do this, we generated a synthetic linear regression
dataset with n = 1024 examples in dimension d = 256. We generated training examples by
first sampling a weight vector wgen at random and then sampling examples according to

1 1
Ween ~ N(0,14), zi~ N <O, \/gld> , yi ~ N (x?wgen, 100) ,

where N (11, ) denotes the normal distribution with mean p and covariance matrix . We
evaluated both SGD and BC-SGD on this synthetic training set for three different low-
precision formats: IEEE 32-bit floats (8-bit exponent and 23-bit mantissa), IEEE 16-bit floats
(5-bit exponent and 10-bit mantissa), and the bfloat16 16-bit float format (8-bit exponent and
7-bit mantissa). We used 64-bit floats for the high-precision representation, and randomized
rounding was used for all the low-precision formats. We ran each algorithm for K = 100
epochs of T' = 24 x 1024 iterations each. For each algorithm-precision pair, we initialized
with wg = 0 and ran for step sizes « in {1.0,0.3,0.1,0.03,0.01,0.003,0.001, 0.0003, 0.0001}
and plotted the convergence trajectory for the step size « that resulted in the lowest value
of the /3 norm of the full gradient ||V f(w)]|| after 100 epochs.

Our results are presented in Figure 2. These results validate our intuition that bit-
centered versions of SGD should be more accurate. A clear example of the difference
produced by bit centering can be seen in the trajectories for bfloat formats: while the
LP-SGD bfloat trajectory (blue circles) is limited by numerical precision and has the worst
eventual gradient norm of all formats, the BC-SGD bfloat trajectory (red circles) eventually
converges down to an error that is nearly that achieved by the 32-bit float format.

While the results in Figure 2 indicate that bit centering can decrease the numerical
error caused by using low-precision numbers in SGD, even BC-SGD still converges to a
limited level of accuracy—sometimes called a noise ball. This is because there is still a
substantial source of noise in the algorithm: the variance of the gradient samples. While
this variance can be reduced by lowering the step size, we can observe empirically that a
lower step size also increases the negative effect from using low-precision arithmetic. This
is illustrated in Figure 3, which compares the loss gradient after 100 epochs in the same
experiment as Figure 2 for different values of the learning rate a. From the figure, we can
see that additional error caused by low-precision becomes more of an issue as the learning
rate is decreased: while all the algorithms behave roughly the same when @ = 1, as « is
decreased most of the lower-precision (16-bit) methods start to perform worse compared
with the 32-bit SGD baseline, and they only match its performance again when the step size
is too small for even the 32-bit baseline to make much progress. As a result of this effect,
lowering the step size is not a panacea for lowering the error in low-precision SGD as it is in
SGD when numerical issues are not considered. This motivates us to explore other methods
for improving the accuracy of bit-centered learning algorithms.
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Convergence of Algorithms for Synthetic Linear Regression (d = 256)
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Figure 2: A comparison of the convergence of SGD and bit-centered SGD (BC-SGD) for
a variety of low-precision numerical formats on a synthetic linear regression dataset. The
notation exmy indicates that x bits are used for the exponent and y bits are used for the
mantissa.

Learning Rate vs Noise Ball Size for Synthetic Linear Regression
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Figure 3: A comparison of the convergence of SGD and bit-centered SGD (BC-SGD) for a
variety of numerical formats on a synthetic linear regression dataset.

4.2 Learning with Variance Reduction: SVRG

Since we cannot reduce error in the iterations of LP-SGD and BC-SGD by making the step
size arbitrarily small, we will look at other ways to reduce this error. One way to do this is
to use wvariance reduction, which lowers the error of the updates of SGD by lowering the
variance of the gradient samples it uses. For the remainder of this section, we will focus on
a variance reduction technique called stochastic variance-reduced gradient (SVRG) (Johnson
and Zhang, 2013). Compared with standard stochastic gradient descent, SVRG is able to
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Algorithm 4 LP-SVRG: Low-precision SVRG on linear regression
1: given: N low-precision training examples x; and labels y;, number of epochs K, epoch
length T, low-precision step size «, initial low-precision iterate w;.
2: for k=1to K do

N
3: g Vf(ﬂhi(ﬂ}k)) = <§; (ﬂhi(xi)T ® ﬂhi(ﬁ)k) S ﬂhi(yi)> ® flhi(xi)> o N
H — H H H H
4 hy < fho(gr)
5: Wk,0 < Wy
6: fort=1toT do
7: sample ¢ uniformly from {1,..., N}

8: Wit < Wgi—1 O <<x;f ® wkyt_1> Ox; 6 <:U;F ® 1Dk> Ox; P ﬁk)
L L L L L L

L L
9: end for
10:  option I: set w1 < wi,T
11:  option II: sample ¢ uniformly from {0,...,7 — 1}, then set Wi41 < wi ¢
12: end for
13: return Wi

converge at a linear rate because it periodically uses full gradients g to reduce the variance
of its stochastic gradient estimators.

As a warmup, we derive low-precision SVRG (LP-SVRG), which combines low-precision
computation with variance reduction (but without bit centering). This will provide a baseline
which we can use to evaluate the additional benefits of using bit centering. To construct
LP-SVRG in our mixed precision setting, we simply modify the standard SVRG algorithm
(see Appendix B.1) so that its entire inner loop is computed in low-precision: this is effectively
using the “quantize first” strategy that we analyzed in Section 3.2. For simplicity, we assume
that all the inputs to the algorithm (the training examples, the labels, the initial iterate,
and the step size) are given in the low-precision format (and representable without error in
the high-precision format as well). The LP-SVRG algorithm is shown in Algorithm 4. In
prior work (Harikandeh et al., 2015), it has been standard to use option II for the theoretical
analysis (as it simplifies the derivation) while using option I for all empirical experiments;
we follow this convention here.

We can immediately see that LP-SVRG will not converge asymptotically at a linear
rate, as it will be limited to producing outputs representable in the low-precision format
flio(+): once it gets as close as possible to the solution in this representation, it can get no
closer, and convergence will stop. The next-best thing we can hope for is that LP-SVRG will
converge at a linear rate until it reaches this limit, at which point it will stop converging—in
fact, we can prove that this is what happens. First, we will state the assumptions that we
need to prove this.

Assumption 1 We require that the objective f is p-strongly convez:
(w =) (Vf(w) = VF(v) > pw— ol
and the gradients V f; are all L-Lipschitz continuous:

IV fi(w) = V fi()|| = |2] w — a o] - [l < Llw —wv].
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These assumptions are standard in the analysis of optimization algorithms, and they are
the same ones used for the analysis of SVRG (Johnson and Zhang, 2013). In terms of these
parameters, the condition number of the problem is defined as kK = L/ p.

Assumption 2 We also assume, for simplicity, that the high-precision numbers used have
zero error (i.e. the high-precision arithmetic is actual real number arithmetic).

This assumption, while not strictly necessary to prove convergence, simplifies the analysis
greatly. It means that the result of theorems proven with this assumption will only depend
on the error of the low-precision representation, and so this assumption lets us cleanly
capture what the error just due to low-precision computation is. For simplicity, we will also
assume that no overflow or underflow occurs in the computation. Under these conditions we
can provide convergence guarantees for LP-SVRG.

Theorem 3 Suppose that we run LP-SVRG for linear models (Algorithm 4) under Assump-
tions 1 and 2, using option II for the epoch update. Suppose that no overflow or underflow
occurs during the computation. Let d denote the dimension of the model, and let w* € R? be
the global optimum. Suppose that d > 7. For any constant 0 < v < 1 (a parameter which
controls how often we take full gradients), if we set our step size and epoch lengths to be

gl 7> 8t 7),
AL(1+17) 72

which is the same as in the original analysis of SVRG in Johnson and Zhang (2013), then
the outer iterates of LP-SVRG will converge to an accuracy limit at a linear rate:

</7 n 288k - d -;‘machine-lO) E [f(wk) — f(w*)]

+ 72L - ||w*||2 ’7d * €machine-lo

E [f(wii) - flwh)] <

+0 (gmachine—lo2 ) .

Because it is long, we defer the proof of this theorem to the appendix. This result is
tight in the sense that we can recover the original convergence theorem for SVRG by setting
€machine-lo = 0 in the above expression. As a consequence, LP-SVRG will initially converge
at a linear rate, just like SVRG—Dbut only down to an error that is limited by the precision
used. We can observe a tradeoff between bits-of-precision and accuracy here: as the number
of bits becomes smaller, €y achine-10 Will become larger, and so the accuracy limit will become
worse. Also interesting is the fact that, for LP-SVRG to contract at each iteration by roughly
the same factor as the base SVRG algorithm, we need

288k - d - €machine-lo
Y

<1,

which requires that emachine-1o <K (Hd)*l. This suggests a relationship between the machine
epsilon, and therefore the number of bits, that is needed and the condition number of the
problem: for problems with a larger condition number (more poorly conditioned), we need
more bits.

17



ABERGER, DE SA, LESZCZYNSKI, MARZOEV, OLUKOTUN, RE, AND ZHANG

Bit-centered SVRG. While LP-SVRG converges at a linear rate, it only converges down
to a level of accuracy proportional to the machine epsilon of the low-precision format used.
In fact, this is a fundamental limitation of algorithms like LP-SVRG and LP-SGD: we
cannot produce a solution that is asymptotically more accurate than the most accurate
solution representable in the low-precision format we have chosen. Since the low-precision
format in the previous section is fixed throughout the algorithm, this accuracy limitation is
impossible to overcome. For the same reason, this limitation will still hold even if we use a
non-floating-point low-precision representation, such as fixed-point arithmetic. While the
use of SVRG allowed us to reach this minimum level of accuracy more quickly (at a linear
rate, in fact) compared with low-precision SGD (De Sa et al., 2015; Li et al., 2017), it has
not let us surpass this minimum.

In this section we introduce (for linear models) a bit-centered version of SVRG that can
surpass this minimum level of accuracy and converge to arbitrarily accurate solutions (limited
only by the high-precision machine epsilon) while still using low-precision arithmetic in the
inner loop. To construct our bit-centered SVRG variant, we simply modify the standard
SVRG algorithm to compute its inner loop using bit-centered computation, using the outer
loop iterate Wy as the offset. Recall that the inner loop of SVRG for linear regression has
update step

T

Twg 1 —yi) - — (@] — yi) - i + V() -

Wy = Wia—1 — o (2
If we re-write wy, ; using bit centering with an offset of wy, then we get the following update
step for the delta,

Ow et = Wit — Wk
= Wgt—1 — W — « ((%‘ka:,t—l - yz) cTq — (!L“Zlek - yz) “ T+ Vf(a’k))
= O sot—1 — @ (2] (uwpp—1 + k) — ¥i) - 5 — (] B — ) - 7 + V f ()
= Ow,kyi—1 — O ((ﬂfiT5w,k,t—1) - T + Vf(a)k)) .

We can use this bit-centered update step in place of the ordinary update step in SVRG.
Doing this results in Algorithm 5, BC-SVRG.

Compared with LP-SVRG, BC-SVRG returns a full-precision vector wg 1. As a result,
it is not fundamentally limited to the outputs representable in the low-precision format, like
LP-SVRG is. Also unlike LP-SVRG, the numerical error in the inner loop of BC-SVRG
decreases as the algorithm converges. This is because all the numbers in the inner loop,
including 0, 1 and ﬁk, are proportional to the distance of the outer loop iterate to the
optimum ||, — w*||. So as Wy, gets closer to w* (or, equivalently, as the delta gets smaller),
the error of the floating point computation, which is relative to the magnitude of the numbers,
also goes down. In the following theorem, we show that this is enough to allow BC-SVRG to
converge down to solutions of accuracy limited only by machine epsilon of the high-precision
format. More precisely, we show that if the high-precision format has zero error (i.e. is exact
arithmetic) then BC-SVRG can output solutions arbitrarily close to the optimum w*.

Theorem 4 Suppose that we run BC-SVRG (Algorithm 5) under Assumptions 1 (strong
convezity and Lipschitz continuity) and 2 (zero-error high-precision arithmetic), using option
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Algorithm 5 BC-SVRG: Bit-centered SVRG for linear regression
given: N low-precision training examples z; and labels y;, number of epochs K, epoch
length T, low-precision step size «, initial low-precision iterate w;.
for k=1 to K do

> high-precision precomputation on host
N

G = V[ (Fui () = (E (ﬂhi(ﬂﬁz’)T © flni (k) © ﬂhi(l/i)) © ﬂhi(l‘z‘)) oN
=1

By, < flio(Gr)

Suw,k,0 < fho(0)

> low-precision computation on accelerator
fort=1to T do

sample i uniformly from {1,..., N}
Swkt & Owki-10 a0 ((:cf ® 5w,k,t_1> Oz ® Bk>
L L L L L
end for

option I: set Wy + Wy & ﬂhi(5w,k,T)
H
option II: sample ¢t uniformly from {0,...,7 — 1}, then set Wy11 Wi D flni (6w kt)
H

end for
return Wy

11 for the epoch update. Also assume that no overflow or underflow occurs in the computation,
and that d > 4. For any constant 0 < v < 1, if we set our step size and epoch lengths to be

R TR ]
4L(1 + ) - ~2

then the iterates of BC-SVRG will satisfy
192kd

E [f(ﬁ)k—&-l) - f(w*)] < <7 + : (5machine—lo + O(Smachine—loz))> E [f(ﬁ)k) - f(w*)] :

This theorem shows that we can achieve a linear asymptotic convergence rate even
using constant-bit-width low-precision computation in the inner loop. It also describes
an interesting tradeoff between the precision and the condition number. As the condition
number becomes larger while the precision stays fixed, we need to use longer epochs (T
becomes larger) and the algorithm converges at a slower rate, until eventually (for x large
enough to make the contraction factor > 1) the algorithm might stop working altogether.
This suggests that low-precision training should be combined with techniques to improve
the condition number, such as preconditioning, to achieve the best performance.

4.3 HALP: Handling overflow and underflow

From the result of Theorem 4, BC-SVRG for linear models had the remarkable property
that it was able to converge to produce solutions of high accuracy, even though it used
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entirely low-precision compute in its inner loop. However, this theorem had one unrealistic
assumption: that no overflow or underflow would occur during the computation. When using
real floating point representations, this assumption certainly will not hold. For example,
imagine that we use 16-bit floating point numbers for the low-precision format, and some
big-float arithmetic with very many bits for the high-precision format, such that we can
assume that it behaves like exact arithmetic. As BC-SVRG converges, if it follows the
convergence rate described by Theorem 4, eventually wj will become very close to w*. But
when this happens, g will also become very small, and its low-precision version hy will
underflow the 16-bit float format. Similar underflows will occur to 6, ¢ As a result of these
underflows, the algorithm may still have its accuracy limited by the 16-bit float format.

To address this, we introduce a technique called dynamic bias adjustment which prevents
overflow and underflow from occurring by altering the exponent bias of the low-precision
format dynamically. A floating point number with sign bit s, exponent e, and mantissa bits
mi, Mo, ... has value

(1) 2¢7P8 ) mymy .

where “bias” here denotes some integer value that is usually fixed for each floating point
representation. For example, for 16-bit IEEE floats, the exponent bias is 15. Computing
with a different exponent bias changes the range of the floating point representation. By
increasing this bias as BC-SVRG converges, we can make the representable range smaller
and so prevent underflow from occurring. To do this, we add an extra bias term to the
exponent,

(_1)3 . Qefbiaerextra bias Lmims. ...
To be consistent with our previous notation, we let fli, pias(B) (z) denote the result of
converting x into a biased low-precision format with extra exponent bias B, and introduce
analogous notation for computations with the biased-exponent format, which we describe in
detail in Appendix B.2. Note that using an extra bias of B has the effect of changing the
overflow and underflow thresholds to

Mg bias() = 27 - Mo Mo-bias(B) = 27 * Mo-

This is just scaling both of them by the same factor, while the overall machine epsilon of
the format (which is determined by size of the mantissa) remains the same, since the total
number of bits is not changed when we use dynamic bias.

Setting the bias How do we decide how to set the bias? One simple heuristic is to use the
full gradient we are already computing as part of SVRG. Since, as BC-SVRG converges, the
magnitude of all the numbers in the inner loop becomes small proportional to the distance
to the optimum, it will also become small proportional to the magnitude of g, which is
within a constant factor of the distance to the optimum (specifically, p ||wy — @*|| < ||gx|| <
Ly ||y — @*||). As a result, we can reduce the bias without overflowing anywhere if we set
it such that 27 is proportional to ||gx||. If we do this, then any underflow that occurs will
also be small proportional to ||gx||, which means that it will be small proportional to the
distance to the optimum. This, in turn, means that the numerical error due to underflow
should become small at the same rate as the more ordinary numerical error due to the
low-precision machine epsilon (that is, proportional to the distance to the optimum), so
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Algorithm 6 HALP: Bit-centered, dynamic-bias-adjusted SVRG for linear models
given: N low-precision training examples z; and labels y;, number of epochs K, epoch

length T, low-precision step size «, initial low-precision iterate w;, and bias factor ¢ > 0.
for k=1 to K do

> high-precision precomputation on host
N

G = V[ (Fui () = (E (ﬂhi(wi)T © flni (k) © ﬂhi(l/i)) © ﬂhi(l‘i)) oN

i=1
compute bias: B «+ {logg (¢ Hgk“H)J
H

b 4 fliobias(s) (Gk)
Sk ﬂlo-bias(B) (2 CI? HQkHH % M)

5w,k,0 <~ ﬂlo—bias(B) (0)

> low-precision computation on accelerator
fort=1to T do
sample ¢ uniformly from {1,..., N}

Swpit < Owhi10a@® ((azT ® 5w,k,t_1> O ® ﬁk>
L L L L L

if Hémk,tHL > 5. then

6w,k,t <~ ﬂlo—bias(B) (0)
end if

end for

option I: set Wy 1 < Wy ? flhi-from(B) (Ow,k,T)
option II: sample ¢ uniformly from {0,...,7 — 1},
then set W41 + Wi % ﬂhi_from(B)((swykyt)
end for
return Wi

we should be able to get a linear rate of convergence. Using this heuristic to assign the
exponent bias results in Algorithm 6, which we call high-accuracy low-precision or HALP.

Compared with BC-SVRG, in addition to the dynamic biasing, the only change in
Algorithm 6 is the extra if statement comparing with 5. This statement acts to prevent
another kind of overflow that could still occur when running HALP, if this if statement were
not present. Without this statement, the updates to d,, ¢ could accumulate until it becomes
large enough that computations like :EZT ? Ow,k,t—1 overflow. The if statement guards against

this happening by preventing d,, 1 ; from becoming too large. The resetting of d,, % to 0 if
it fails this check is justified by the fact that by strong convexity,

N o 1 . § 1, 3
iy = 'l < () = V@) =l =

21



ABERGER, DE SA, LESZCZYNSKI, MARZOEV, OLUKOTUN, RE, AND ZHANG

tighten LR A € * re-centering
bound on L . and

solution L . re-scaling

e o o .
— OO OO
e o o e o o o
o o L] L] L ] L ] L]
L] o L] L] L ] L ] L]
e o
global solution O bound on solution « o Dointsrepresentableinlow-precision arithmetic

Figure 4: A diagram of the bit centering and dynamic biasing operation in HALP. As the
algorithm converges, we are able to bound the solution within a smaller and smaller ball.
Periodically, we re-center the points that our low-precision model can represent so they are
centered on this ball, and we re-scale the points so that more of them are inside the ball.

and so if 0, 1 ¢ has norm larger than 35, it follows that

ke = " = (e + B = w7l > D pall = Ny — )| > 55— % = 2 > g — w0

This means that by resetting the delta to zero, we are actually moving closer to the global
optimum. Equivalently, we can think about the whole process as producing some bound on
where the solution could be (using strong convexity) and then remapping our representable
low-precision numbers, using both bit centering with an offset and re-scaling with dynamic
bias adjustment, to cover the region that we know our solution is in. This process is
illustrated in Figure 4. Using this, we can prove the following theorem, which shows that
HALP converges to produce arbitrarily accurate solutions, even when using low-precision
floating point numbers for which overflow and underflow are possible.

Theorem 5 Suppose that we run HALP for linear regression (Algorithm 6) under As-
sumptions 1 (strong convexity and Lipschitz continuity) and 2 (zero-error high-precision
arithmetic), using option II for the epoch update. Suppose that d > 16, that our underflow
threshold Nmachine-1o %S small enough that

(L + 1) * € * Mmachine-lo < Emachine-lo>
and that our overflow threshold is large enough that

4k + 2 _
- max (17 L 1) ' (1 + O(Emachine—lo)) S Mmachine—loa

For any constant 0 < v < 1, if we set our step size and epoch lengths to be

a2 px 8047
A4L(1 +7) ¥2

then the iterates of HALP will satisfy

192kd

E [f(’lf)k+1) - f(w*)} < <7 + ) (Emachine-lo + O(Emachine-IOQ))) E [f(wk) - f(w*)] :
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Convergence of Algorithms for Synthetic Linear Regression (d = 256)
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Figure 5: A comparison of the convergence of LP-SVRG and BC-SVRG (without dynamic
biasing) and HALP for a variety of low-precision numerical formats on a synthetic linear
regression dataset.

Experimental validation. Theorem 5 predicts that we can get highly accurate solutions
to linear regression problems using only low-precision compute in the inner loop—and real
low-precision compute, not just an idealized version with no overflow or underflow. We
validate this result empirically in Figure 5 where we ran low-precision SVRG, bit-centered
SVRG, and HALP for a variety of low-precision formats on the same synthetic dataset that
was used for Figure 2. Here, we used a learning rate of a = 0.3 for all experiments, we
used randomized rounding for the low-precision formats, and we used a 1024-bit BigFloat
format for the high-precision numbers used in these algorithms in order to match the setting
of Theorem 5, in which Assumption 2 holds, as closely as possible. Figure 5 illustrates
that HALP is able to converge down to solutions of arbitrarily low accuracy (in this figure,
ranging down to 107'%% which is even smaller than the machine epsilon of 64-bit floating
point arithmetic) even while using only low-precision computation in its inner loop. Even
an 8-bit floating point representation with 4 exponent bits and 3 mantissa bits is able to
achieve this feat, albeit at a somewhat slower convergence rate.

Effect of the condition number. Another very interesting effect predicted by our
theorems in this section is a relationship between the number of bits needed and the
condition number x of the problem. To study this effect, we generated a series of simple
two-dimensional linear regression problems with different condition numbers. For each
condition number k we sought to evaluate, we generated 512 synthetic examples of the form

zi=[L0]"  y~N(0,1),
and combined them with 512 synthetic examples of the form
1217 1/2
= [0,/27 ]y N (0, (/2)72).
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Final Gradient Norm of HALP vs. Condition Number
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Figure 6: A comparison of the convergence of HALP on synthetic linear regression tasks
as the condition number is changed. Notice that as the condition number increases, the
performance of the lower-precision experiments becomes worse than that of the 32-bit HALP
baseline.

It is straightforward to verify that this example indeed has condition number k. For each
condition number in the set

k € {2,6,20, 60,200, 600,2000,6000,20000}

and for several different low-precision formats ranging from 8-bits to 32-bits, we ran HALP
for K = 10 epochs each of length T = 30k using a learning rate of o = 0.1, which is
what the theory in Theorem 3 predicts we should use for a setting of v = 0.667. We used
nearest-neighbor rounding for all the quantization done in this experiment.® The final
gradient norm after 10 epochs is reported in Figure 6.

Notice that for low-precision HALP, there is a threshold where the performance of the
algorithm starts to degrade, above which the performance is worse than the 32-bit HALP
baseline. This validates our theory, which predicts that such a phenomenon will happen,
and places a bound on the maximum machine epsilon (or equivalently, the minimum number
of bits) that will suffice for solving problems of a particular condition number.

5. Bit Centering for General Loss Functions

In the previous sections, we described how to learn using bit centering for linear regression,
which has a loss function of particularly simple form involving only a dot product and
scalar-vector computation. In this section, we describe how bit centering can be used on
arbitrary numerical computations. The key idea is that, in the linear regression and dot
product case, we were able to produce a bound on the error of the delta of the gradients (or

6. We reported results for nearest-neighbor rounding here because when randomized rounding is used for
the same experiment, other effects dominate the convergence and the relationship between condition
number and precision is less visible.

24



HicH-AccurAacY Low-PRECISION TRAINING

of the dot product) of the form

error(d) = O (||0w]| - Emachine-lo) -

This bound allowed us to show that the errors are getting smaller as the algorithm converges.
Next, we will show how we can develop bit-centered versions of all common numerical
operations, and thereby get a bound of the same form on the delta error of the gradients for
arbitrary loss functions which can be computed via a computation graph. Each bit-centered
operation proceeds in three steps:

1. During high-precision precomputation, compute the (high-precision) offset of the
output of the operation, as a function of the (high-precision) offsets of the inputs.

2. During high-precision precomputation, compute (in high-precision) and cache (in
low-precision) any extra values that will be needed to compute the deltas later.

3. During low-precision computation, compute the (low-precision) delta of the output of
the operation, as a function of the (low-precision) deltas of the inputs and the cached
values (if any).

We introduce the following notation for the computations done in each of these steps:
O@ (01‘7 Oy)
C

which computes (usually in high precision on the host device) the offset of the output of the
* operation, given the offset of the inputs,

cacheg (04, 0y)
C

which computes (usually in high precision on the host device) any low-precision values that
will be needed later for computation of the deltas, and

de(0z, 0y, cache)
C

which computes (usually in low precision on the accelerator) the delta of the offset of
the operation, given the low-precision deltas of the inputs and the low-precision values
precomputed in cache. To represent an entire bit-centered operation, we let (0, d,) denote
the value = represented using bit centering (that is, we represent it as * = o, + 0, using a
high-precision-floating-point offset o, and a low-precision-floating-point delta ¢, stored in a
biased low-precision format with exponent bias B”) and let

(0x,02) % (0y7 524)

denote the entire bit-centered computation of the % operation, just as we have used similar
notation to denote high-precision and low-precision computation.

In this section, we will explicitly define how to perform these bit-centered operations for
most numerical operations used in machine learning. Then we compute the error of these
bit-centered operations just like we would compute the error of floating point operations.
Our results in this vein are summarized in Table 2.

7. This handles the case of unbiased low-precision deltas as a special case with B = 0.
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Operation # LP Ops # HP Ops  Result error (-¢,)

Add 1 add 1 add [0z + 0y
Subtract 1 sub 1 sub |05 — 0y
Multiply = b
Py by 1 multiply 1 multiply |0z - Y
constant y
a ) 2 extra loads 1 multiol
enera, multi
i 2 multiplies Py 4 - (Jog - 0y| + 0z - 0y| + |0z - §y])
multiply 2 extra stores )
2 adds
2 extra loads
1 multiply
1 divid .
Divide 1 divide e 7. Lebtlos ool L 1y 4+ 15, |)
2 extra stores Y
1 add
1 subtract
1 extra load )
ex
Exp 1 multiply b 4-exp(0,) - (exp(dz) — 1)
1 extra store
1 expml
Function 1 extra load 1 eval of f
[f"(02)| - 102] + Ly - 62| - (|ox| + |02])
eval 1 eval of Af 1 extra store

Table 2: A table summarizing our results on bounding the error of bit-centered operations
in Section 5. For simplicity, we suppose in this table that emachine-ni = 0 and Mmachine-1o0 = 0;
i.e. we are looking only at the error caused by the low-precision format and we are not
considering underflow.
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Addition Suppose that we want to do addition using bit centering, i.e. to compute x @ y
C

where = 0, + d, and y = oy + J,. The natural way to do this is to let

where more explicitly the offset of the bit-centered result is the first term o, © o, and the
H

delta is the second term ¢, @ d,. Explicitly, this decomposes into
L

0 (04, 0y) Lo, @ 0y
C H
cacheg (0, 0y) “p
C

def

55 (52, 6,,0) £ 5, @6,
C L

Note that we say cacheg(0z,0y) £ 0 to denote that nothing is pre-computed and stored by
C

this function for an add operation. This will have error

(0g @ 0oy) + (03 B 6y) — (0g + 0y + 65 + dy)

H L

x%%y—(:cﬂ/)‘:

<

(04 ? oy) — (0z +0y)| + ‘((590 ® 0y) — (62 + &y)

L

= |Ox + Oy| “€hi + Thi + |5CC + 6y’ - Elp T+ Mo-bias(B)
= |z +y| - eni + [0z + 0yl - (€10 + €ni) + Mo-bias(B) + Mhi-

It will also be the case that the magnitude of the delta that results from this operation will
be bounded by

5m%9y Oz 63 52; < ’(51 + 5y| * €lo T+ Mo-bias(B)-

Subtraction We define

The analysis of this is the same as for addition, so we defer it to Appendix B.3 for brevity.

Constant multiplication Suppose that we want to do multiplication by a constant using
bit centering, to compute x @ y where x = o, + J, and y is a constant representable in

C
low-precision (but is not itself represented using bit centering). This, it turns out, is easier
than doing general bit-centered multiplication, which we will consider next. The natural
way to do constant multiplication is

d

rTOyY = <0x 9 ﬂhi(y)a Oy CI? ﬂlo(y)> :

C
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Explicitly, this decomposes into

def

06(02,Y) = 0, O Y
C H
cache%)(ogg, y) d:ef ﬂlo (y)

00 (625 (Y10)) = 9z © Yo
C L
This will have error

(00 © ) + (5 o)) = 015+ 02 0)

w®y—(w-y)‘=
C

<

< (60 = (o)
= |0z - Y| - €ni + i + [0z - Y| - €10 + Mo-bias(B)

= |z -yl eni + 0z - Yl - (€10 + €ni) + Mo-bias(B) T Mhi-

(09— (or )| +

H

The magnitude of the delta that results from this operation will be bounded by

Ozoy
C

O CI? y' < ’693 : y‘ " Elo T Mo-bias(B)-

Multiplication Suppose that we want to do multiplication using bit centering, to compute
x ®y where x = 0, + 0, and y = o, + d,. The natural way to do this is
C

TOY = ((Ogc © 0y), o (02) © by 65 © (fllo(oy) N ﬂ10(5y)>) :
C H L L L L
Explicitly, this decomposes into
def
06 (03,0y) = 05 ® 0y
C H
caches (0, 0,) = (Fho(0x), flio(0y))

00 (02, 8y (02, 0y)) E 02 © 8y B 6z @ <Jy @ fllo((sy)) .
C L L L L

Here, 0, and o, denote the low-precision numbers stored in the cache and used later by
the low-precision delta computation. Note that since d, is stored in low-precision with a
biased exponent, we explicitly write flj,(d,) here to indicate that we are converting it to the
unbiased-exponent low-precision format. In order to compute this delta, we now need to
additionally quantize and load low-precision version of 0, and oy; this will require additional
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loads on the accelerator. The error of this will be given by

T Oy = (0z ®0y) + fhe(0z) © Oy ® 0z © <f|10(0y) < f|lo(5y)>

C H L L

= (05 - 0y) - (1 + €ni) + Mhi
+ <ﬂ10(0x) © 0y + 0y © <f|1o(0y) ® f|1o(5y)>) (L + €16) + Mo-bias(B)
= (0 - 0y) - (1 + €ni) + i
+ ((Ox (14 €10) +1Mo) - Oy - (1 + €10) + Mo-bias(B)
+ 62+ ((0y - (1 + €10) + Mo + 6y (1 + €10) +Mo) - (1 +€16)) - (1 + €10)
+ 7710—bias(B)> (14 €10) + Mo-bias(B)

= (0g - 0y) - (1 +€ni) + Mhi + 0z - 8y - (1 4 3e10) + 0y - Mo
+ 0z - (0y +6y) - (14 4e1o) + 62+ 2710 + 3Mo-bias(B)

=0z -0y + 0z - 0y + 65 - (0y + &y)
+ (0 - 0y) - €hi + Mhi + 0 - Oy - 3€1o + Oy - Mo
+ 6z - (0y + dy) - 416 + 0z * 210 + Mo bias(B)

=xy+ ((x —6z) - (Y —6y)) - eni + Mni + (T — 0z) - Iy - 3€10 + Iy - Mo
+ 0z - Y - 4€16 + 0z * 270 + 3Mo-bias(B)

=y + 2y - eni + 0y - (410 + €ni) + 0y - (3€10 + €ni) + 920y - (310 + €ni)
+ i + Oy - Mo + 0z + 270 + 3Mo-bias(B)

=y + a2y - eni + (|02y| + [20y| + [020y]) - (4e1o + €ni)
+ i + ([0y| + 102]) - 2m0 + 3Mo-bias(B)-

It follows that the error will be bounded by

x (g y— (z- y)‘ =y - eni + (|02y] + |26y| + 020y]) - (4€1o + €hi)

+ i + (|0y| 4 [62]) * 210 + 3Mo-bias(B)-

The magnitude of the delta that results from this operation will be bounded by

fho(02) © 8y @0, © <fho(oy) ® fho(éy)> ‘

B
Z‘gy L L

= ’090 ’ 6y ’ (1 + 3510) + 5y Mo + O (Oy + 52,/) ’ (1 + 4510) + 0y - 2mo + 3"710—bias(B)‘
= ’fsy‘ : ’OJ," : (1 + 3510) + ‘5y| " Mo + |5$’ Y- (1 + 4610) + ’51" 2mo + 37710-bias(B)'

Division Suppose that we want to do division using bit centering, to compute z @y where
C

= 0z + 0, and y = o, + d,. The natural way to do this is
zoy= <(0x @ oy), (% © (flo(0z @ 0y) © 5y)> % <f|1o(0y) ® f'lo(5y)>> '
C H L H L L L
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Explicitly, this decomposes into

00 (04, 0y) &f 0z @ 0y
C H

cacheg (04, 0y) &ef (flio (0 % 0y), flio(0y))
C

80 (0, Oy (0 o)) = (536 S (0 @5y)> %) <0y @fllo(6y)> .
C L L L L

Note that, as was the case for multiplication, in order to do this we will need to quantize
and load low-precision versions of o, and o, @ oy, which will result in additional loads on
H

the accelerator. The error analysis for this operation is a bit longer than for the previous
operations, so we defer it to Appendix B.3.

Exponential function Now that we have analyzed the four primary arithmetic operations,
we can start looking at special functions. The most basic one of these is the exponential
function. Given = = o, + d,, we define

exp(z) € <e)1§p(oz),f|10(e§p(o$)) (I? exqml(é@) :

C

Here, expm1(-) denotes the function
expml(z) = exp(z) — 1

computed as a single floating-point operation following the fundamental axiom of floating
point arithmetic. This exp-minus-one operation is recommended in the IEEE standard (IEEE,
2008) and is usually included in floating point libraries, where it provides more precision for
small values of z than would result from actually performing the subtraction.

Explicitly, exp(z) decomposes into
C

Oexp (0z) o exp(oz)
C H
cacheexp (04) & flio (exp(0z))
C H

Sexp (92, 0y, (7)) = 0 @ expm1(d,).
C L L
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Using this decomposition, we will have an error analysis of

exp(z) = exp(oz) + fli,(exp(0;)) © expm1(dy)
H H L L

C

= exp(0z) - (14 eni) + Mni + flio(exp(oz)) - expm1(dz) - (1 + €16) + Mo-bias(B)
H

L
= exp(0z) - (1 + €ni) + 7ni
+ ((exp(0z) - (1 + €ni) + mni) - (1 + €10) + 7o)
- (expm1(8z) - (1 + €10) + Mo-bias(B)) - (1 + €lo) + Mo-bias(B)
=exp(0z) - (1 + eni) + M
+ (exp(oz) - (1 4 2e10 + €ni) + Mo + Mhi)
- (expm1(dy) - (1 4 2€16) + Mo-bias(B)) T Mo-bias(B)
= exp(0z) - (1 + eni) + Mhi + exp(0z) expm1(dy) - (1 + 4eio + €ni)
+ exp(0z) * Mo-bias(B) + XPM1(dz) * (Mo + Mhi) + Mo-bias(B)
= exp(x) + exp(0z) - eni + Nni + exp(oy) expm1(d,) - (4€1o + €ni)
+exp(0z) * Mo-bias(p) + €xXPM1(dz) + (Mo + i) + Mo-bias(B)-

So, the error of this computation will be bounded by

exp(z) — exp(x)| < exp(0z) - eni + exp(oz) - expm1(0;) - (4€1o + €ni)
C

+ exp(0z) * Mo-bias(B) + €xPM1(dz) - (Mo + i) + Mo-bias(B) + Mhi-

As usual, the parts of this expression that depend on the low-precision format will become
small as d, becomes small (because expml(d,) becomes small as d, becomes small). The
magnitude of the delta of the result of this operator will be bounded by

Seap(z) flio(exp(oz)) (3 expm1(d,)
C H L

= ’ exp(oy) expml1(d;) - (1 + 4elo + €ni)

+ exp(0z) * Mo-bias(B) + €xpm1(dz) - (Mo + 7ni) + nlo—bias(B)’

expml1(dy)
Oz

+ ‘nlo-bias(B)‘ + ‘GXP(%) : nlo-bias(B)‘ .

expml1(dy)

:|5x|. 5

exp(0z) - (1 +4e10 + eni) + (Mo + i)

Just as for the previous operators, this is becoming small as §, becomes small.

General function application To go beyond the above analysis of the exponential
function, we now want to produce bit-centered versions of differentiable and Lipschitz
continuous scalar functions. Suppose that we want to apply a function f to a value stored
using bit centering, to compute f(x) where x = o, + 0. Assume that our floating-point
library allows us to compute f in high-precision arithmetic, following the fundamental axiom.
There are a couple of ways we could use bit centering to compute f. The simplest of these
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is to suppose that our low-precision floating-point library allows us to directly compute a
function A f that satisfies

Af(x,y) = f(z +y) — f(z)

following the fundamental axiom (and for possibly exponent-biased y). If our library supports
this, then we can define

C H

1) 2 ( (0, Afu(o0).52)).

Explicitly, we can write this as

o (0x) = f(oz)

C H

cache ¢ (0z) o flio(0z)
c
5é(6l‘) (Ux)) o ALf(Uazv 5:(:)

If our function f is differentiable and f’ is Lipschitz continuous with parameter L, then we
can characterize the error with

f(x) = f(ox) + ALf(ﬂlO(OI)’(SI)

C H

= f(0z) - (1 +¢eni) + mni + Af(0z - (1 + €10) + Mo, z) - (1 + €10) + Mo-bias(B)-

Now, since f’ is Lipschitz continuous, for any z, €, and §, it will hold by the mean value
theorem that for some u between z + ¢ and z + ¢ + € and some v between z and z + ¢,

|Af(z+€06)— Af(z,9)]
=|f(z+e+0) = flz+¢) = f(z+0) + f(2)]
= |ef'(u) —ef'(v)]
<e-Lf-|u—1
<e-Lyg-(|6] + [e])
= Ly 18] - (Jel + O(e)

So, applying this to our error analysis above,

g(x) = f(0z) - (1 +eni) + 1ni + (Af(0z,02) + Ly - 6z - (0z - €10 + Mo)) * (L + €lo) + Mo-bias(B)
= f(z) + f(ox) - eni + i + Af(0z,0x) - €10 + Ly 0z + (0 * €10 + Mo) + Mo-bias(B)-

By the mean value theorem again, for some z between o, and o, + d,,
Af(0z,02) = f(ox +02) — floz) = f'(2) - 6o = (f'(02) — f'(2)) - 0a + f'(02) - bz,

and since | f'(0z) — f/(2)| < Ly - |6z], it follows that

|Af(0g,62) — f'(02) - 62| < Ly - 62
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Substituting this into our bound gives us
f(CL‘) = f(l')“—f(ox)'5hi+77hi+f/(0:1:) '5x'5lo+Lf 5;% * €lo
C
+ Lf 0 - (OSC “€lo T 7710) + Mo-bias(B)
= f(ﬁ?) + f(0$) *€hi + Mhi + f,(oz) 0z * €lo + Lf O - (Ox “€lo + 0z * €10 + 7710) + Mo-bias(B)-
So, the error will be bounded by

f(z) = f(z)

C

= f(0z) €ni+ i+ f'(02) 0z -€lo+ Ly -0z (02 - €10 + 0z - €16 + Mo) + Mo-bias(B)-

The magnitude of the delta of this operation will be bounded by

= ‘ALf(ﬂlo(Oiﬂ)? (553)

= ‘f/(ox) 0z + €l + Lf Oy - (Occ “Elo + 0z * €10 + 7710) + nlo—bias(B)’
= ’5:13’ : }f/(oas) €l + Lf "0z €lo + Lf : (Ow " €lo T+ 7710)} + ‘nlo-bias(B)‘ .

Just as before, this gets small as § gets small. Now, of course this is only one possible way of
doing bit centering for general functions. If the function A f is not available for computing
in the low-precision representation, other arrangements must be made. One possibility
is to follow the technique we used for exp by computing A f via other functions that do
exist in our low-precision floating point library. For example, for f(z) = tanh(z), we could
decompose A f with

Of(x)

C

Af(z,y) = tanh(z + y) — tanh(x)
tanh(x) + tanh(y)
T 1+ tanh(z) tanh(y) tanh(z)
_ tanh(y) — tanh?(z) tanh(y)
1 + tanh(x) tanh(y)
B sech?(x)
1+ tanh(z) tanh(y)

- tanh(y)

It is readily apparent that computing this expression in low-precision will result in an error
that is low as y becomes small, which is what we need.

Another way of computing a bit-centered function is to approximate the function A f(0,, 9)
for each o, with a polynomial in ¢ (e.g. via a Chebyshev polynomial interpolation) on
the host device, and then proceed to compute that polynomial in low-precision arithmetic
whenever A f(o,,0) is needed on the accelerator. When approximating Af in this way, care
must be taken to ensure that the numerical error from computing A f(o,,d) becomes small
as § becomes small.

Although the bounds we got for the bit-centered computations in the previous section are
all different, they all have one important property in common: both the delta of the outputs
and the error become small as the magnitude of the § of the inputs become small. We can
formalize this notion into a bit-centered analogue of the fundamental axiom of floating point
arithmetic.
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Definition 6 (Fundamental axiom of bit-centered arithmetic) Let f be a function
or operator we are computing using bit centering, and let f denote the result of that bit-
c

centered computation. Suppose that f takes m arguments f(x1,x2,...,2m). Then we say
that f satisfies the fundamental axiom of bit-centered arithmetic if there exist continuous
non-negative functions Ani, Aio, Chi, Clo, Clo-bias, Rdelta, and Riobias, such that for any
bit-centered inputs x1,Ta, . .., Ty With x; = 05+ 4.4, if overflow cannot occur (but underflow
possibly can), then the error of the bit-centered computation is bounded by

f(x17 T2y .- 7$m) - f(x17 XT2y .- 7$m)‘ < Ahi * €Emachine-hi C'hi * Nlmachine-hi
C

m

+ Alo : (Z |5:1:,z|> * €machine-lo
i=1
m

+ Clo : <Z |6z,1|> * Tlmachine-lo
i=1

+ Clo-bias * "Imachine-lo-bias(B)

and the magnitude of the delta of the bit-centered computation is bounded by

m
5f(5a:,17 ey 6x,m7 CaChef(Ow,la cee 70a:,m))‘ < Rgelta - ( 5 ’550,7,|) + Rio-bias - TImachine-lo-bias(B)
¢ ¢ i=1

where each of the functions Ay; et cetera is a function of x1, 0z1, T2, 022, ..., Tm, Ozm,

€machine-hi;, T/machine-hi,; €machine-lo, "machine-lo; and nmachine—lo—bias(B): and each is continuous
over all values of x; and o,; in R and over all non-negative values of the various € and n
terms.

We can readily see that all the operations we analyzed above satisfy this axiom. For
example, addition satisfies this axiom with parameters

Ahi Z,0x,Y, 0y, -

2

i(x,00,Y,0y, ...
10(Z, 02, Y, 0y, . ...

)
y=1
( )=1
Cio(,0z,Y,0y,...) =0
( )=1
)=

)

BN

Clo—bias Ly0z,Y,Oyy e
R(x,0z,9,0y,. ..

S(x,04,Y,0y, ...

Definition 6 is particularly useful because of the following property: compositions of contin-
uous functions that satisfy the axiom also satisfy the axiom.

Theorem 7 (Bit-centered arithmetic for composite functions) Compositions of con-
tinuous functions that satisfy the fundamental axziom of bit-centered arithmetic also satisfy
that axiom. That is, if f: R™ — R and g1, 92, ..., 9m : R® — R are continuous functions all
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of which have implementations that satisfy the fundamental axiom of bit-centered arithmetic,
then so does the function h : R™ — R defined by

h(zi,..an) = flgr(@n, .o 2n), g2(21, - 2n), o gm0, 20))

and with bit-centered implementation

hz1,...,xn) = f(gr(z1, .oy 2n), 92(T1, o Zn)s ooy G (T, - o+, Tn)).

c c c c c

We defer the proof of this theorem to the appendix. As a result of this theorem, we now

have guarantees on the error of bit-centered arithmetic for any function that is a composition

of primitives that we can prove satisfy the fundamental axiom. For example, this applies to
matrix multiplication, which is just a composition of addition and multiplication.

6. HALP for General Loss Functions

Now that we have a way of computing bit centering for arbitrary functions, we can finally
state a universal version of HALP. Just like our HALP for linear regression (Algorithm 6),
the more general HALP uses bit centering to reduce the error from low-precision arithmetic.
We describe HALP explicitly in Algorithm 7.

In prose, HALP does the following, in the outer loop. First, just like regular SVRG, it
computes the full gradient at the outer iterate w in high precision. Next, just as we did for
the linear regression version of HALP, it computes the bias that it is going to use for the
dynamic bias adjustment, using the same formula as the linear regression case. Next, it
does all the high-precision pre-computation it will need to do bit centering later for each
of the objective function components. This involves: (1) computing the offsets for each
intermediate value in the computation; (2) computing any values that depend on those
offsets and are needed for the later computation of the deltas; (3) converting those values to
the low-precision format; and (4) storing them somewhere they can be accessed later. Also,
at the end of the outer loop, we add a check to validate that the loss is decreasing at each
epoch: if it ever increases, we reset the outer iterate to the value at the previous iteration
(this results in a decrease in the loss since its value at the current iteratio must be greater
than its value at the previous one).

In each inner loop iteration, HALP samples an example ¢ at random, just as standard
SVRG does. Next, it loads the pre-computed values it needs to compute V f; using bit
centering: these are exactly those values that were computed and stored earlier in the
outer loop. Using these values, it computes the delta for V fj(w + dy, %) using bit centering.
Finally, it updates the delta of the model using this gradient it computed using bit centering.

As long as the operations we use to compute the gradient samples satisfy the fundamental
axiom of bit-centered arithmetic, the numerical error of the inner loop will become small as
Ji becomes small, just as it did for the linear regression case. Just like in that simpler case,
here we can prove HALP converges at a linear rate to arbitrarily accurate solutions. But
first, we will need to state and justify some assumptions.

Assumption 8 Assume that there exists global constants ayo, o, and Clo-bias Such that the
bit-centered computation of the gradient samples, for any Wy and any 0., ¢ that might appear
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Algorithm 7 HALP: Bit-centered, dynamic-bias-adjusted SVRG for general loss functions
given: N low-precision training examples z; and labels y;, number of epochs K, epoch

length T', low-precision step size «, initial low-precision iterate w;, and bias factor ¢ > 0.
for k=1 to K do

\

> high-precision precomputation on host
N
compute bias: B « {logg (¢ HngH)J
H
hi < fligbias(B) (k)
Sk ﬂlo-bias(B) (2 CI? HQkHH % M)
for:=1to N do
> precompute in high-precision and store in low-precision all numbers

necessary to compute V f;(w) using bit centering with offset of 0,, = wy,
ok, < cacheyy, (W)
C

end for

Ow,k,0 < fhobias(m) (0)

> low-precision computation on accelerator
fort=1to T do
sample i uniformly from {1,..., N}
load oy ;
compute using bit centering: 0,11 < ovy (dw kit Ok,i)
C

update model: 0§y 1 < Oy k-1 ? « (I? <5U7k’t EP fNLk>

if ||5w,k,t||L > S, then

w ket < flobias(3) (0)
end if
end for

option I: set Wy 1 < Wi % flhi-from(B) (Ow,k,7)
option II: sample ¢ uniformly from {0,...,7 — 1},
then set Wy « Wy, b flnicfrom(B) (Ouw k1)
if f(wk_H) < f(UNJk) then
;1011 back e}i)och: Wit1 — Wk
end if

end for
return Wy

in the course of the algorithm, has a delta with error bounded by

‘ VS0, 8uk)) ~ VI Gk

= Qlo * ||6w,k,t|| “€lo + Clo - ||5w,l~c,t|| “Nio + Clo-bias Mo-bias(B)-
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This assumption can be justified directly from the fundamental axiom of bit-centered
arithmetic. To see why, first notice that w;, and wy,; that we could encounter during
computation must live in some compact set. This holds because the loss of the outer iterates
is non-increasing, so for every k it will hold that

wi € {wlf(w) < f(wn)}

which is compact because f is strongly convex. As a consequence, we also know that wy, ¢
must live in a compact set as well, since its distance from @y, (i.e. the magnitude of 6, +)
is always bounded from above by 5;. Since the w;, and wy; all must live in a compact set,
by the extreme value theorem there must exist upper bounds for the continuous bounding
functions Ay, Clo, and Clg_pias from the fundamental axiom, bounds which hold across all
examples ¢ and all possible values of w;, and wy;; since these upper bounds exist, then aj,,
Clo, and ¢jopias that satisfy this assumption must exist as well. (Note that we are ignoring
the high-precision part of the bounds from Aj; and Cp; because we are assuming from
Assumption 2 that there is no high-precision error.)

Assumption 9 Assume that there exists global constants rqeita and Tio-pias Such that every
number z that could possibly be computed in the inner loop of Algorithm 7 is bounded in
magnitude by

‘Z| < Tdelta H(Sw,k,tH + Tlo-bias Mo-bias(B)

We can justify this assumption via a similar appeal to the fundamental axion of bit-centered
arithmetic. Since wy and wy; must live in a compact set, by the extreme value theorem there
must exist upper bounds for the bounding functions Rgeta and Rjopias from the fundamental
axiom, which hold across all numbers that could be computed in the inner loop and all
possible values of wy and wy . Using these upper bounds, we can derive rqelta and 7o bias
that satisfy Assumption 9.

Using these assumptions, we can prove the following theorem, which guarantees linear-rate
convergence of HALP to solutions of arbitrarily low error.

Theorem 10 Suppose that we run HALP (Algorithm 7) under Assumptions 1 (strong
convexity and Lipschitz continuity), 2 (zero-error high-precision arithmetic), 8, and 9, using
option II for the epoch update. Suppose that our underflow threshold Nmachine-1o %S small
enough that

2 ¢
<Clo : ; + Clo-bias 5 + (4L + 1)\/& . C) * NImachine-lo < Emachine-lo»
and that our overflow threshold is large enough that
4
T'delta, @ + Tlo-bias TImachine-lo < Mmachine—lo-
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For any constant 0 < v < 1, if we set our step size and epoch lengths to be

o=V ps 80+
AL(1+7) ok

then the iterates of HALP will satisfy

48+ (8L + aj,
n K ( aio)

B{f(inn) - S < (5 + 0

‘ (gmachine—lo + O(emachine—IOQ))> E [.f(ﬁ)k) - f(w*)} )
and overflow cannot possibly occur.

This theorem shows that as long as the underflow threshold and overflow threshold
satisfy certain inequalities (which requires some number of exponent bits to do so), and as
long as the machine epsilon is sufficiently small, HALP can converge down to arbitrarily
accurate solutions, just like exact-arithmetic SVRG can. Note that the dependence on the
condition number that we observed earlier for linear-regression HALP is still present here.
In order for the algorithm to converge at a linear rate, we will need

48k(8L + ay,)
vL

. 1 L
Emachine-lo = O (mm (H’ K- ay )) .
(0]

So we certainly need the machine epsilon to be small relative to x~!, which suggests that
we need more bits as the conditioning becomes worse. Specifically, since the machine epsilon
is typically about two raised to the negative of the number of mantissa bits, we will need
roughly

* €machine-lo <K 17

which happens when

b= O(log(r))

bits of precision to enable the linear convergence rate in Theorem 10. Note that we may
also need additional bits to handle the numerical imprecision that comes from computing
the gradient samples, which is represented by the a;, term.

7. Experiments

The goal of our experiments is to confirm that HALP can achieve high-accuracy solutions
with the majority of the computation being done in low precision while some high precision
computation is performed infrequently to recenter the solution. In this section we not only
show that HALP can lead to high-accuracy solutions on a convex problem in Section 7.1
(multi-class logistic regression), but also that it can lead to high-accuracy solutions on
non-convex neural network applications in Section 7.2 (convolutional neural networks and a
recurrent neural network).

Low-Precision Format Due to recent hardware trends (Jouppi et al., 2017; Micikevicius,
2017), we focus on 16-bit training as this is the popular floating point precision available in
recent (and projected future) hardware generations (Intel Corporation, 2018). Unfortunately,
there is not a consensus on the data type for 16-bit floating point numbers, so we built two
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simulators to validate our claims: one in C++ that uses the bfloat16 floating point format
and one in PyTorch that uses £loat16 floating point format. We validated our results across
all experiments using each simulator (and therefore each 16-bit data format), observing that
the results were nearly identical. Therefore, for clarity and succinctness, we present only the
results from the PyTorch float16 simulator throughout the remainder of this section.

Setup To test HALP, we evaluate it against the performance of four baseline training
algorithms (32-bit SGD, 16-bit SGD, 32-bit SVRG, and 16-bit SVRG). Therefore, low-
precision (LP) is synonymous with 16-bit throughout the entirety of this section. For
hyperparameter selection, we performed grid search using constant learning rates throughout
training. For more details on the hyperparameters we swept, see Appendix A. We present
the training loss (averaged over each epoch) and the test accuracy as our evaluation metrics.
In our visualizations we present the best metric up to each epoch to present the best
results one could achieve with a given setting. To ensure a fair comparison, all training
algorithms on each task are compared under the same search grid. Within the grid, for each
training algorithm, we pick the configuration that generates the best evaluation metric; the
configurations for reporting training loss and test accuracy are picked independently. All
configurations are run for 100 epochs. We perform recentering, or a computation of the full
gradient for all SVRG-based algorithms, once every epoch for all experiments except the
LSTM experiment, where it was necessary to recenter twice per epoch to achieve optimal
statistical performance. To assure statistically meaningful results, our reported metrics are
averaged from three runs using different random seeds. For more experimental details, see
Appendix A.

7.1 Multi-Class Logistic Regression Results

In Figures 7(a) and 7(d) we show that HALP, using float16 numbers, strictly outperforms
LP-SGD and LP-SVRG in terms of test accuracy and training loss on logistic regression
with the MNIST (LeCun, 1998) digit classification task. HALP outperforms both LP-
SGD and LP-SVRG here due to its lower-magnitude quantization noise from bit centering.
HALP outperforms full-precision SGD here due to its lower-magnitude gradient noise. All
experiments in this section were run with a minibatch size of 100.

7.2 Deep Learning Results

We also evaluate HALP on three non-convex applications for which the theory provides no
guarantees. Surprisingly, even on these applications we show that HALP can be a useful
training algorithm. We first present the performance of HALP on a convolutional neural
network (LeNet) and a recurrent neural network (LSTM) trained from scratch. Additionally,
we show HALP can fine-tune a ResNet model pre-trained with low-precision SGD to attain
higher test accuracy.

Training LeNet from scratch. In Figure 7(b) and Figure 7(e), we show that HALP
can outperform low-precision algorithms (LP-SGD and LP-SVRG) and match full-precision
algorithms (SGD and SVRG) in terms of both training loss and test accuracy. To test
HALP’s performance on a CNN, we train a 5-layer LeNet (LeCun et al., 1998) model on
the CIFAR10 image classification dataset (Krizhevsky et al., 2014). Specifically, we use the
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Figure 7: Training loss and test accuracy for logistic regression on MNIST, LeNet on
CIFARI10, and a LSTM on CoNLL2000 part of speech tagging task.

reference model configuration from Kuang (2018): 2 convolutional layers with 6 and 16 5x5
filters, followed by 2 linear layers with 120 and 84 hidden units. We train the model using
minibatch size 128 and with a {5 regularization of 0.0005.

Training LSTM from scratch. In Figures 7(c) and 7(f) we show that HALP can
outperform low-precision algorithms (LP-SGD and LP-SVRG) while matching the test
accuracy and training loss of full-precision SVRG on a part of speech tagging application.
In these experiments, we encode words with 32 dimensional word embeddings, and use
a single layer LSTM with 64 dimensional hidden states. We train the embedding and
LSTM parameters from scratch using a minibatch size of 16. As shown in Figure 7(f), we
observe that HALP can attain 1.0% higher test accuracy than LP-SGD, closely matching
the performance of full precision SVRG. Noticeably, we observe LP-SVRG failed to match
full precision SVRG; this further demonstrates the critical role of bit centering in HALP.

Fine-tuning ResNet. In Figure 8, we show that 16-bit HALP achieves over a 0.3%
higher test accuracy than other 16-bit algorithms while fine-tuning a ResNet18 model, and
closely matches the test accuracy of 32-bit SGD training from scratch. In this experiment,
we use the basic setting without data augmentation. To set up the experiment, we first
trained a ResNet18 model using 16-bit SGD. Specifically, to pretrain the ResNet18 model,
we use the reference model and learning rate schedule from Kuang (2018) to train for 300
epochs, decaying the initial learning rate 0.1 by a factor of 0.1 after 150 and 250 epochs.
Using this schedule, low-precision and full-precision SGD with momentum value 0.9 achieve
test accuracies of 87.2% and 88.8%, respectively. Note that these test accuracies already
saturate after training for 300 epochs. Next, using this pretrained model as a starting point,
we performed a comparison of different training algorithms for fine-tuning. Specifically, to
further improve the generalization performance on top of the model from low precision SGD,
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Figure 8: The fine-tuning test accuracies on ResNet18. The improved accuracies are attained
starting from model parameters pre-trained using low precision SGD.

we perform grid search for each different algorithm over the learning rate and momentum
value for 100 additional epochs. As shown in Figure 8, HALP outperforms all other 16-bit
algorithms in this setting while closely matching the performance of the 32-bit training
algorithms. Importantly, float16 HALP attains a fine-tuned accuracy of 88.6% while closely
matching the 88.8% accuracy attained by training from scratch using full precision SGD.

8. Conclusion

In this paper, we presented HALP, a new SGD variant that is able to theoretically converge
at a linear rate while primarily using low-precision computation. HALP leverages SVRG
to reduce noise from gradient variance, and introduces bit centering to reduce noise from
quantization. We proved that HALP converges arbitrarily close to the global optimum on
strongly convex problems and validated our results on convex (linear and logistic regression)
and non-convex (CNN and LSTM) applications.
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model hyperparam grid
a {0.001,0.005, 0.01,0.05,0.1,0.5, 1.0}

Log. reg. i {0.0,0.9}
lo {1e-5, be-5, le-4, 5e-4, le-3, 5e-3, le-2, 5e-2, le-1}

a {0.0001, 0.0005,0.001, 0.005,0.01,0.05,0.1,0.5}

LeNet 1 {0.0,0.9}
2 {5e-4}

a {0.1,0.5,1.0,5.0,10.0,50.0}

LSTM " {0.0,0.9}
Uy {0, 1e-5, le-4, 1e-3}

o {0.001,0.01,0.1,1.0}

ResNet 1 {0.0,0.9}
5 {5e-4}

Table 3: The learning rate o, momentum g, regularization strength ¢5 values for the grid
search in Section 7. Note we did not additionally search over regularizer strength for LeNet
and ResNet; instead, we use the recommended value by Kuang (2018).

Appendix A. Extended Evaluation

A.1 Detailed Experiment Setup for Section 7

In Section 7, we perform grid search on learning rate and momentum. From the grid search,
we pick the configuration achieving the lowest training loss (averaged within epoch) and
highest test accuracy respectively for each training algorithm. In Table 3, we present the
learning rate and momentum values we used for the grid search. In addition, we demonstrate
the configurations achieving lowest training loss in Table 5 and the ones achieving highest
test accuracy in Table 4.

Appendix B. Details of Results

In this appendix, we present some details that, for brevity, were not included in the main
body of the manuscript.

B.1 SVRG

For completeness, we present the basic SVRG algorithm for minimizing an objective,
Algorithm 8. Compared with standard stochastic gradient descent, SVRG is able to converge
at a linear rate because it periodically uses full gradients g, to reduce the variance of its
stochastic gradient estimators. Note that the two outer-loop update options come from the
paper that originally proposed SVRG, Johnson and Zhang (2013). In this and subsequent
work Harikandeh et al. (2015), it has been standard to use option II for the theoretical
analysis (as it simplifies the derivation) while using option I for all empirical experiments.
We will continue to do this for all the SVRG variants we introduce here.
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model hyperparam SGD (32) SVRG (32) LP-SGD (16) LP-SVRG (16) HALP (16)

Loo. e « 0.01 0.05 0.01 0.05 0.05
g Te8 I 0.9 0.9 0.9 0.9 0.9
U le-5 le-5 le-5 le-5 le-5

LeNet « 0.0005 0.001 0.001 0.005 0.001
I 0.0 0.9 0.9 0.9 0.9

Uy 5e-4 5e-4 5e-4 5e-4 5e-4

e 0.5 5.0 5.0 0.5 0.5

LSTM I 0.9 0.0 0.0 0.9 0.9
lo 0.0 0.0 0.0 0.0 0.0

le’ 0.1 0.1 1.0 1.0 0.1

ResNet 1 0.0 0.0 0.0 0.0 0.0
Uy 5e-4 5e-4 He-4 5e-4 5e-4

Table 4: The learning rate cr, momentum p, regularization strength ¢» achieving the highest
test accuracy in Section 7.

model | hyperparam. SGD (32) SVRG (32) LP-SGD (16) LP-SVRG (16) HALP (16)

Log. 1o Q 0.1 0.05 0.5 0.5 0.05
g 1°8: " 0.0 0.9 0.0 0.0 0.9
2 le-5 le-5 le-5 le-5 le-5

LeNet Q 0.05 0.005 0.05 0.005 0.005
2 5e-4 5e-4 5e-4 5e-4 5e-4

1 0.0 0.9 0.0 0.9 0.9

o 5.0 5.0 5.0 0.5 0.5

LSTM 1 0.0 0.0 0.0 0.9 0.9
£l 0.0 0.0 0.0 0.0 0.0

a 0.01 0.01 0.1 0.1 0.1

ResNet W 0.9 0.9 0.9 0.9 0.0
lo 5e-4 5e-4 5e-4 5e-4 He-4

Table 5: The learning rate o and momentum u, regularization strength ¢ achieving the
lowest training loss in Section 7.
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Algorithm 8 SVRG: Stochastic Variance-Reduced Gradient
given: N loss gradients V f;, number of epochs K, epoch length T', step size «, and initial iterate
w1.
for k=1to K do N
G = VI (ir) = 5 Ximy VSilin)

Wg,0 Wk
fort=1to T do
sample 4 uniformly from {1,..., N}
Wit < Wri—1 — @ (V fi(wr,—1) — V fi(Wr) + gr)
end for
option I: set Wy41 + wi,r
option II: sample ¢ uniformly from {0,...,7 — 1}, then set Wy41 ¢ wy
end for

return W

B.2 Notation

When we use low-precision computation with a biased exponent, we are still effectively
computing with the same low-precision format: it will have the same number of bits and use
the same base computational operations, and only the actual number represented will be
different. To be consistent with our previous notation, we let fliy_pias(B) (x) denote the result
of converting x into a biased low-precision format with extra exponent bias B. Note that
while this is a different format in terms of what the bits represent, many of the computations
in the biased low-precision format can be done with the same hardware and instructions
that can be used to compute in the original low-precision format. For example, it can be
readily seen that an add or subtract operation in the biased format (for two numbers with
the same extra bias B) involves exactly the same binary computation as in the original
format. Furthermore, the product of two biased floating point numbers, one with extra
bias B; and the other with extra bias Bs, can be done with the same binary computation
as in the original format, but results in a number with extra bias B; + Bs. As a special
case of this, the product of a biased floating point number (with extra bias B) and an
ordinary floating point number can be computed with an ordinary multiply and results in a
number with extra bias B. Similar results hold for division. Importantly, the bias values
that result from all these computations are fixed a priori once the bias of the inputs is set.
As a result, we can precompute all bias values in the outer loop and use them at runtime
only when necessary. The only computations for which the bias value must be explicitly
taken into account at runtime are: (1) conversions to and from the high-precision format; (2)
conversions between biased and standard low-precision formats; and (3) To help with clarity,
we will indicate these conversions explicitly in our algorithm statements with flyigom(p)(+),

ﬂlo—from(B)(')v and ﬂlo—bias(Bl)—from(Bg)(')7 respectively.

B.3 Details of Bit-Centered Operations

In this section, we provide additional details of the bit-centered operations described in the
main body of the manuscript.
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Subtraction The analysis is the same as for addition. We define

Explicitly, this decomposes into

0e (02, 0y) 0.0 Oy
C H
cacheg (0g, 0y) =g
C

85 (0, 8y, cache) = 6, © 4.
C L

This will have error

x ? y— (v — y)| < |z —yl-eni +|6x — dy| - (€10 + €ni) + Mo-bias(B) T Mhi-
The magnitude of the delta that results from this operation will be bounded by

51’%1/ = |0z ? by| < |0z — dyl - €10 + Mo-bias(B)-

Division Suppose that we want to do division using bit centering, to compute z @y where
C

T = 0z + 0, and y = o, + d,. The natural way to do this is

H

z0y = <(0x @ oy), <5x S (flio(0z @ 0y) © 5y)> © (ﬂlo(oy) © ﬂlo(éy))) :
C L H L L L
Explicitly, this decomposes into

00 (04, 0y) &f 0z @ 0y
C H

cacheg (04, 0y) «
C

(ﬂlO(Om %) Oy); ﬂlo(oy)>

H

5(3(5937 oy, (Ux/y’ Uy)) = (596 ? (Ua:/y CI? 511)) ? <‘7y 63 ﬂ10(5y)> .
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From this, we will have

Ty = (0; ©oy)+ (63; S (fho0z @ 0y) © 5y)) @ <ﬂlo(0y) ® 5y>

= (0z/0y) - (1 + €ni) + i
+ (8 = (/o)) - (1+ 1) + 1) - (1 +210) +710) - 6,)

“(T+ew0) + Ulo-bias(B)) (I+e0) + Ulo-bias(B)>
/ ((oy - (L+€16) + Mo + 0y - (1 +€16) + 1Mio) + (1 + €10) + o) * (1 + €10) + Mo-bias(B)
= (0z/0y) - (1 + €ni) + 7ni
+ (5a: (14 2e10) — (02/0y) - 0y - (1 + 416 + €ni) + (Mo + i) - 6y + 27710—bias(B)>
/ (0y - (1 +2e15) 4 0y - (1 4 2€16) + 3M16) + Mo-bias(B)
= (0z/0y) - (1 + €ni) + Mo-bias(B) + i

Oz - (1 + 2510) - (Om/oy) : 5y : (1 + 4elo + 6hi) + (7710 + nhi) : 5y + 27710—bias(B)
+
Oy * (1 + 2610) + (51/ . (1 + 2810) + 3110

Next, we need some way to deal with the factors of ¢}, in the denominator. We can do this
by noticing that, for small e,

L o_ % (1 — E) + O(€%).

xr + € x

This means that we can reduce our expression above to

x % Y = (02/0y) - (1 + €ni) + NMo-bias(B) + Mhi
+ 696 : (1 + 2510) - (Ox/oy) : 6y : (1 + 4510 + 8hi) + (7710 + 77hi) : 52,/ + 2nlo—bias(B)
oy + 0y
. <1 + Oy - 2616 + 0y - 2615 + 31710>
oy + 0y
= (0z/0y) - (1 + €ni) + Mo-bias(B) + Mhi
+ Oy — (Ox/oy) -5y . <1 n Oy 2¢e10 + 5y - 2610 + 37710>

oy + dy oy + 0y
I g - 2610 — (Oa:/oy) : 5y ) (4510 + 8hi) + (nlo + nhi) : 52,/ + 2nlo—bias(B)
oy + 0y.

From here, notice that

51—(0m/0y).5y_5x.oy—ow-5y_ (Ox—l—(;x).oy—ox-(oy—l—(sy) _Ox—i-(sm_oi

0y + 0y (g +0y) oy (oy +dy) - oy oy +6, oy

)
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and so

x % y = (0z/0y) - (1 + €ni) + Mo-bias(B) + Mhi

n (x_ox) . <1+ Oy-2€1o+5y‘2510+37710>
Yy Oy 0y + 0y

4 51 - 210 — (Ox/oy) : 6y : (4510 + 6hi) + (7710 + nhi) : 53} + 2nlo—bias(B)

oy + 9y
T Op
= —+ — * &hi + Mo-bias(B) T Thi
Y Oy
n Oy — (OI/Oy) . 5y ' Oy 2¢10 + 5y - 2€16 + 310
oy + 9y oy + 9y
n 0z - 2610 — (Oz/oy) : 5y : (4510 + 6hi) + (7710 + nhi) : 5y + 277lo—bias(B)
oy + 9y
T 0y
= — 4 — * hi T Mo-bias(B) T "hi
Yy Oy
N ((530 — (0z/0y) - 6y> ' (y - 2€10 + Oy - dero + 37710>
Yy Yy
N Oz - 2810 — (0z/0y) - Oy - (4€10 + €ni) + (Mo + i) * Oy + 2Mo-bias(B)
Yy
T 0y
= — 4 — * hi T Mo-bias(B) T "hi
Yy Oy
0 — (0z/0y) - 0
+ ( T ( ;é y) y> '(5y'4€lo+3nlo)

4 (Sm . 4510 + (O:B/Oy) ' 52/ : (6510 + Ehi) + (7710 + nhi) . 5y + 277lo—bias(B)
y .

the error will be bounded by

SUPPOSing that €machine-hi < €machine-lo and Simﬂarly TIhmachine-hi < TIhmachine-los it follows that

Og

x % Yy — x/y' < * €hi T Mo-bias(B) T 7hi

Y

0. 4+ |ogp/0y] - |0
+ (‘ o 4 ;é ol y‘) (gl - T2t + 18, - 4e1o + 3m)

N |0y - 2Mo + 2Mo-bias(B)
Y

Note that, as with our operations above, this expression becomes small (in the low-precision
part of the error) as J, and d, become small. The magnitude of the delta of the result of
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this operator will be bounded by

= ‘ <5m ? (flio(0s % oy) (3 5y)> ? (ﬂlo(oy) eLa ﬂlo(éy)> ’
0z — (0z/0y) - by . (1 N 0y - 2610 + Oy - 2e10 + 3n10>

Ozoy
C

Yy Y
6:(: : 2510 - (Oz/oy) : 6y : (4510 + 5hi) + (7710 + nhi) : 51/ + 27]10—bias(B)
+ y Mo-bias(B) |-

Notice that this expression becomes small as the input deltas become small, just as was the
case for the previous operators we analyzed.

Appendix C. Proofs

In this appendix, we prove the main theorems presented in the paper. Before we prove the
main theorems presented in the paper, we will prove the following lemmas, which will be
useful later.

For completeness, we start by re-stating the proof of following lemma, which was presented
as equation (8) in Johnson and Zhang (2013).

Lemma 11 Under the standard condition of Lipschitz continuity, if i is sampled uniformly
at random from {1,..., N}, then for any w,

E ||V fi(w) = Vfi(w")|?| <2L(f(w) = f(w")).
Proof of Lemma 11 For any ¢, define
gi(w) = fi(w) = fi(w*) = (w = w*) "V fi(w").

Clearly, if ¢ is sampled randomly as in the lemma statement, E [g;(w)] = f(w). But also, w*
must be the minimizer of g;, so for any w

gi(w") < min gi(w — Vgi(w))
2
< min () = 190+ 5 V)]
= gi(w) = 57 [ Vgi(w)

where the second inequality follows from the Lipschitz continuity property. Re-writing this
in terms of f; and averaging over all the ¢ now proves the lemma statement. |

Lemma 12 Suppose that we compute the inner loop of SVRG with some computation error.
That is, the update step is

wy = w1 — o (V fi(w—1) = V fi(w) + Vf()) + w
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where fi is the random training example chosen at timestep t, and where u; is the error
term and satisfies ||u¢]| < A. Note that uy is not necessarily independent of V fi. Assume
that the step size is small enough that 2u — aL? > 0. Then, given some fized wi_1 and W
(which are not random variables and are not part of the expected values taken in this Lemma
statement),

E [[lwr - w*P] < Jwiy = w'|? = 2a(1 = 2aL)(f(wy1) = f(w")) + 46>L(f(@) = f(w))
+2A ((1 +a?L?) w1 — w*|| + V2l @ — w*H) + A%,

Proof Define
Vht(wt,l) = Vft(wt,l) — Vft(w) + Vf(’LZJ)

Using this, we can rewrite the update step as
wy —w* = wig —w* — aVh(wi—1) + uy.

Let’s start by just looking at the right side of this without the u; term, which is the same
term that we get in the proof of ordinary full-precision SVRG. Taking the expected value,
and applying the fact that E [h] = f,

B |[[wer —w' — aVhi(we-)|?]
= w1 = w*|[* = 20 [(wi—1 = w) Vhi(we-1)] + 0*E [[|Vhe(wp) ]
= w1 = w*|* = 2a(wpy — w) TV f(wi) + 0?E [[|Vhe(wp) ]
< Jwiy = w*” = 20(f(wi-1) = f(")) + 6®E |[Vhy(wi-1)|?]
This second-order term can be further bounded by
E ||| Vh(w1)?
=B [|IVfi(wir) = V() + V(@)
= E [IVfilwi) = Vilw") = (Vf(@) = V fi(w") = V(@))|?]
<E 20V filwi1) = Vhilw)|? + 2|V fi(@) - Vfilw') = T f(@)]]
=B |2 Vfi(wir) - Vilw")||
B [2]|VA() ~ V) ~ Bvmtr,.. [V5(8) — 95500
<E 20V filwi1) = Vhilw)|? +2 V(@) - V fulw")|P]

where the first inequality holds because |z + y||* < 2|jz||* + 2||y||* and the second holds
because the variance is always upper bounded by the second moment. We can now apply
Lemma 11 to this last expression, which produces

E [[IVhe(we1)?] < 4L(f(wir) = f(") + AL(F(@D) = f(w")).
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Substituting this back into our above bound, we get
E [[wi1 — w* — aVhe(wi1) 2] < fwior — 0| = 2a(f (wi-1) — F(*))
a? (AL(f(w—1) — f(w*)) +4L(f (@) — f(w")))
= [lwe—1 = w*|* = 2a(1 = 2aL)(f(wi-1) — f(w"))
+4a”L(f(@) — f(w")).

Another way to bound this same expression is the following. Using convexity of the function

[
E [||wt,1 —w* — tht(wt,l)Hﬂ
— w1 = w*|* = 20E [(wi-1 — 0TV (wi-1)] + 0 [[|Vhe(wp1) ]
<E [l — 0P| +0%E [ Vhi(w) ]

Further bounding the second-order term using part of our analysis above and Lipschitz
continuity of f;,

E [||wi1 —w* = aVh(w1)|?]
< Jlwi-1 = w|* + 6% |2V fi(wi—1) = Vilw")|P + 2|V fild) = V fi(w") ]
< Jwe-y = w|* + 202L7 (Jlw-y — 0" + [l — w*|?)
< (14 202L%) ||lwiy — w*|* + 202 L% |0 — w*||%.
It follows that, by Jensen’s inequality,

E (w1 — w* — aVhe(wi_1)|] < B [\/Hwt_l —wr — tht(wt_l)HQ]

< \/E [Hwt,l —w* — tht(wt,l)Hﬂ
< /(14 2022) [lwy_y — w2 + 202L2 | — w*|?

< (1 +20202) [lwy_y — w2 + /202L2 |6 — w2
< (1+a*L?) ||lwi_1 — w*|| + V2oL ||d — w*]|.
Returning to our original expression,
E [[lwe = 0P| = E [Jwi1 — 0 = aVhe(wi)|P
(

+2E [ut (wi—1 —w* — aVhy(ws— 1))] + E [H“t”Q]

<E w1 —w' — aVhy(w)|P|
+ 2AE [||wi_1 — w* — aVhs(wi_1)||] + A?

< Jwey = w|® = 2a(1 = 2aL)(f(wi—1) — f(w*)) + 40> L(f (@) — f(w*))
+2A ((1 +a?L?) |Jwi_y — w*| + V2oL ||@ — w*||) A2,
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This is what we wanted to show. [ |

Now we are ready to prove Theorem 3. Our proof of this theorem follows the structure
of the proof of the original SVRG convergence result in Johnson and Zhang (2013).

Proof of Theorem 3 We start by looking at the inner loop update step for LP-SVRG

Wet = Wki—1 OO <<$,T ©) wk,t-l) © flo(x;) © <:E;‘F ® ﬁ)k) ® flio(z;) @ ﬁk> )
L L L L L L L L

Define

T T - 7
Vg1 = Wht—1 — Q (331 Wy t—1 " Tj — T; Wy - Ti + hk) ,

where all the arithmetic in the above expression is exact. This vj ;1 is what the original
SVRG algorithm would step to, if it were using exact arithmetic. First, we want to find a
bound on the error between vy, ;1 and wy ;—1: this is the error induced by using low-precision
arithmetic. We can start by noticing that, from our standard bound on the error of a dot
product, we will have that

xl O Wy = al w1+ |z Jweso1] - d- €0 = xFwpg1 + ||| - Jwre ] - d- el

Note that in the expressions above, as usual ¢), refers to some number that is bounded
from above by the machine epsilon; multiple instances of €, may denote different values.
Similarly, we will have

€X; ? WE = xlrlf)k + ||Il|| . Hﬁ}kH -d - gl

So, the jth entry of the gradient sample will be

(o guuser) o= ((oF pune-r) ) 1

= (@ w1+ llzill - weg—1ll - d-10) - i) - (1+€10)

= &} Whp—1 - Tij + T Wepo1 - Tig - Elo + [Tl - Jwpg—1 ]l - wiy - d - o,

= 2] wig—1 - @i+ @] - weg—ll - @i - (d+ 1) - e

where as usual we ignore factors of O(ef). Similarly, it will hold that

(a7 @ ) sy =l ol ] o (@4 1) e
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Subtracting these expressions, we get

<$iT © %t—l) OTi; O <%T © ﬁ)k:) © Zij

L

= <<sz © wk,t—1> Oxi;— <JU7,T O] 17Jk> © JUU> (1 +¢0)
L L L L

T T ~
= (331 Wi,t—1 " Li,j — T W~ Li,j

il g ol gl - (04 1) €10+ il - gl - ol - (@4 1) - 210) - (14 210)
= ﬂfika,t—l “ TG — xZTQDk T

+ (2] whp—1 - iy — @] Wp - 3ig) - Elo

| - [l - i g] - (d+1) - 10 + [l2ill - 1wl - 2] - (d+1) - €10
= xiTwm_l “ TG — xf@bk C T

+ ] - w1l - i s] - (d +2) - @10 + ll2ill - lww - |2l - (d+2) -

T T ~
= T Wht—1 " Tij — T Wk~ Tij

™

lo

il - (lwk el + lkl]) - |2i5] - (d+2) - o

If follows that by bounding the total error across all j,

T T ~ T T ~
H (xl ? wk,t_1> (1? T; ? (xz © wk> (S Ti— (xl Wk -1 Tj — Tj W * ml)

L

= [llzill - Qlweg—all + Nl@rll) - [2i] - (d 4 2) - e
= llzill* - (lwpe—1ll + Idel]) - (d+2) - e

Next, since we know by assumption that the Lipschitz constant of V f; is L, for any w and v,
|27 w —afv] - ||| < Ljlw— o]
It is straightforward to show that this holds if and only if
l2il|* < L.

Therefore,

H <x;‘r © wk,t1> Ox; © (ac;r ® u?k> ®x; — (ch’wm,l “ X — x;-ru?k . xl)
L L L L L
=L (|lwgp—1ll + [log) - (d +2) - .

Now, to simplify this, let
¢ =l wg 1w — xl by
and

<;3 = <:1:;‘F ®© wk7t1> OF RS (:L‘;‘F O U~1k> © ;.
L L L L

L
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Then we can restate our above bound as
6= | = L+ Qhwaall + ) - (@+2) - .

Our inner loop update step for LP-SVRG is

Wi t—1 = Wrt—1 9O x© <<2> D Bk) .
L L L

We know from the fundamental axiom of floating point arithmetic that for the jth component
of this expression,

Wk t—1,j ? o (3 <¢J @3 ﬁk,j)
= (wk,t—l,j — (Oé : <¢J + gk (L4 €1o)> (14 510)) (14 €1o)> (1+e1)
= Wgt—1 — (¢g + §k,j) + (wk,t—l,j + 3a - ng +4a- ﬁk,j) €10,

= W—1 — (P + Grj) — @ <¢J - ¢j) + (Wg -1 +3a- ¢j + 4o Gij) €lo-

where again we ignore factors in O(g),2). From this, we can bound the total norm of the
erTor

H (wk,t—l Sao <¢> D 71k)> — (wi—1 — a (g + Qk,j))H

< a||és = 5| + (hwnell + 30 9]l +da- 13l 20
= aL - (Jweg-ll + [8el) - (d +2) - eto + (-] + 3 - 8] + 4o - 3] e

Finally, we can bound
g1l = [(2f wie—1) — (a7 )| - il < Lllwpe—1 — @l
and so we get

H (wk,t—l ? a ? (ds ? Bk)) — (wp—1 — a(o; + f]k,j))”

= oL (Jlwge-all + [[0kl) - (d+2) - €10 + (w1l + 3a - (L Jwre—1 — wel]) + 4o - [|Gkl]) €10
= oL (lwggll + [lokl) - (d+5) - €10 + (wre—1 ]| + 4a - [|gk]]) €10-

Finally, we use the fact that
gkl = IV f (@r) = V f(w)|| < L - ||lwg —
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to get

H <wk,t1 ? o ? (<f> 63 7lk>> — (Wr—1 — a (¢ + §k,j))H
al - ([[wgg—1] + [|[Wg]]) - (d+5) - €10 + ([[wre—1]| + 4L - [i0r —w*|) €10
=al - (|wgi—1 — w*|| + [[or — w*|| + 2[|[w*|]) - (d +5) - €10

+ (lwg,e—1 — w*|| + [|w*|| + 4aL - [y — w*|]) €10

< ((@L(d+5) +1) - Jlwger = w*]| + aL(d +9) - g — w’|

+ (2aL(d + 5) + 1) : ||'w>|< H ) * Emachine-lo T O(emachine—loz)-

Now we’ve proved a bound on the distance between the actual step that is done in LP-SVRG
and the step that would have been taken with exact number arithmetic. Next, we simplify
this result a bit. Suppose (we will make this rigorous through our choice of « later) that
4oL <1 and that d > 7. Then,

H <wk,t1 Sao ((Z) D Bk)) — (Wie—1 — (¢ + ?Ik,j))H
< 1 (aL(@+5) +4) - g —w'| + 4aL(d +9) - iy — w|
+ (8aL{d+5) +4) - [w| ) - Smachineto + O(Emachineto?)
< 1 ((@+9) - s — ) + @+ 9) - e~ w]
+ (2d + 14) - [Jw™|| )  Emachine-lo + O(Emachine-1o~)
< (@ +30) s — |+ (d+ 3d) - s — |
+ (24 +2d) - [|o"| ) * Emachinerto + OEmachine o)

< (Hwk,t—l - ’LU*H + ||1Dk - ’(U*H + ||w*||) -d- €machine-lo T O(emachine—IOQ)-

Next, we show how this can be used to prove a bound on the convergence of LP-SVRG.
First, by the result of Lemma 12, we will have

E |l — 0 || < llokes = 0| = 2a(1 = 2aL)(f(ws1) = f(w"))
+ 40’ L(f(ibx) — f(w))
+ 24 ((1+ a2L2) Jupg1 — w*|| + V3aL g — w|) + A%,

where
A < (”wk,t—l - w*H + Hﬁ)k - 7~U*|| + Hw*H) -d - Emachine-lo T O(gmachine—loz)-
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Subject to our assumption above that 4aL < 1, and noticing that A = O(emachine-lo); W€
can ignore the O(A?) term and simplify this to

E [||wke - w*?] < llwngr — 0| = 20(1 = 20L)(f(wia1) = Fw))
+ 402 L(f () — f(w")
+3A (w1 — ]| + [[5 — "] + 0" ) + OEmachine-1o?)
<l = w*? = 2a(1 = 2aL)(f(wya-1) = f(w")
+ 402 L(f (i) — f(w"))
+ 3 ([lwk,e—1 — w*[| + ([ — w™[| + HU)*”)Q - d * Emachine-lo
+ O(Emachine-lo”)
< w1 — w|* = 2a(1 = 2aL)(f(wg1) — f(w"))
+ 402 L(f () — f(w")
9 (Iwn s = w2+ g = w2 + 0712 - - Emachinet

+0 (5machine—102) .

As a consequence of the strong convexity property,

Ll — | < f(w) = fw),
E [[lwpe - w*?] < w1 — 0| = 20(1 = 20L)(f(wyy 1) = f(w))
+ 40’ L(f () - f(w"))

#9 (2 (e 1w + 2 (7@ = 7@ + 101 ) -4 et

+ O(Emachine-1o”)
< wgp—1 — w*|* = (2a(1 = 2aL) — 18u7" - d - emachineto) (f(wri—1) — f(w*))
+ (40’L + 18471 - d - emachine1o) (f (k) — f(w"))
+9[w*||* - d - Emachine-to + O(Emachinelo”)-
Note that the above expected values were all taken conditioned on the current value of

wy,¢—1 and wg. Now, if we take the full expected value and telescope-sum this over the whole
epoch, we get

E |[wer — '] < B [llwgo — vl

T
— (2@(1 — 204[/) — 18M_1 -d - Emachine-lo) Z E [f(’wk,tfl) - f(w*)]
=1

+ (404211 + 18H71 -d- Emachine—IO) -T-E [f(wk) - f(w*)]
2
).

+ 9T Hw* ”2 -d- €machine-lo T O(Emachine—lo

~+
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Using the fact that wy g = W, and the norm of anything is non-negative,

T
0 < E [[ldx —w|?| = (2a(1 = 20L) = 1807 - d- Emachine1o) D B [f(wie1) = f(w")
t=1

+ (40’L + 181" - d - emachineto) - T+ E [f(Wg) — f(w*)]
+ 9T Hw* ”2 d- €machine-lo T O(Emachine-lo )

As a consequence of the strong convexity property,

Sl — 'l < f(n) = Fw),

S0,
9 T
0< E [f (ir) — f(w*)] = (20(1 — 2aL) — 181" - d - Emachinelo) Y B [f (wre—1) — f(w*)]
t=1
+ (40&2L + 18/«4_1 d- 5machine—lo) T-E [f(wk) - f(w*)]
+ 97T ||w*||2 +d - €machine-lo + O(emachine-IOQ)
T
< — (2a(1 = 20L) — 184" - d - Emachine-lo) P B [f(wr—1) — f(w*)]
t=1
2
+ </LT + 4a2L + 18/171 -d- Emachine—lo) -T-E [f(ﬁ)k) - f(w*)]

+ 9T ||w*||2 -d - €machine-lo T O(emachine—IOQ)-

If we use option II to assign the next outer iterate, then
- 1
E [f(ir1) = f(w")] = 7 Y B [f(wge) = f(w")],

and so
0<—(2a(1 —2aL) — 18y~ " - d - emachine-to) * T+ E [f(Wpt1) — f(w*)]
+ (MQT +40’L + 187 - d- 5machine-1o> T -E[f(wr) — f(w)]
+ 9T [[w*|| - d  emachine-lo + O(Emachine10”)-
Now dividing to isolate terms on the left side,

2 2 -1
— +4a°L + 18,UJ -d - €machine-lo
E ~ . ] < uT E ~ o *
(i) = F0)] € T e e B[ (i) — f ()]
9 Hw*H2 -d- E€machine-lo

20&(1 — QOCL) — 18M_1 - d * €machine-lo

+ + O(Emachine—102) .
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Note that in general, we can simplify a fraction with

ate  a/b € 9

b= 1-ep 5O
= (a/b)(1+¢/b) + =+ O()
_ ¢ g € 2
= +b2+b+0(e)

LM e+ 0(62).

b
a
b b2

-+
So,
,%T + 402 . ,%T +40’L + 2a(1 — 2aL)
2a(1 — 2aL) (2a(1 — 2aL))?
B [f(wg) — f(w")]

9 ”w*||2 -d - €machine-lo

E [f(d}k-i-l) - f(w*)] < ( : 18/171 od - 5rnachine—lo)

+ ) (Emachine-IOQ) .

2a(1 — 2a)
Next, if we set the step size and epoch length in terms of v € (0,1) as
o= gl
4L(1 + )
and
7 8s(l 2+ 7)
g

as it is in the original SVRG analysis (note that this validates our above assumption that
4oL < 1), we get that
gl 2+ (2 +7)

20(1=2aL) =2 7y 34 y) AL +7)

and ) ) )
2 2
2 el I 2:7(+7)2
uT AL(1+7) 4L ++)2  4L(1+7)
and so
Y2 (2+7) Y2 (2+7) 4+ 22+
IL(1+)2  AL(I+7)2 " AL(1+7)2 18

-1
12 -d- €machine-lo

E [f(@r41) — f(w)] < 5
daer (72
-E[f(@g) — f(w")]

9 ”w*||2 -d - Emachine-lo

+ (0] (Emachine—IOQ)

7(2+7)
TL(1+)?
4L(1 + )3 1 > _
< 18y - d - Emachine-lo | E f W) — f w*
(v+ 25 (@)~ f(w)]
36L(1 + 7)2 ) Hw*HZ “d - €machine-lo 2
+ +0 E€machine-lo /-
(2 +7) ( )
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Using the fact that 0 < v < 1, we can further bound this with

3
E [f(UN)k+1) - f(w*)} < (7 + L‘L{Y/((Qlj__(?:)) ' 18/ft_l -d- 2’l“mz;mchine-lo) E [f(wk) - f(w*>]

i 36L(1 + 1>2 : Hw*H2 - d * €machine-lo
v(2+0)

< (7 + 2855 -d- 5machine-lo) E [f(wk) - f(w*)]

+ 0] (5machine-lo2 )

4 72L - Hw*H2 -d - €machine-lo

~y + O(smachine-loz) .

This is what we wanted to prove. |
Proof of Theorem 4 We start by looking at the inner loop update step for BC-SVRG.
Ow, ket = Ow kt—1 O © <<sz O] 5w,k,t—1) Ox; d 7116> .

L L L L L
From the same analysis of the dot product used in the proof of Theorem 3, it will hold that
(wf © 5w,k,t1> Owij = 27 Ow ki1 @i+ |Till - 18w -1l - [i5] - (d+1) - €.
When the hy, term is added, we get
T -
<$i © 5w,k7t—1> O x5 O hi,j
L L L

= <(:E? CI:) 5w,k,t—1) CI:) T+ ilk,j) . (1 + 610)
= (] Owia—1 - iy + @il - [Owpa—tll - [zig] - (d+1) €10 + Grj - (L+€10)) - (L + €10)
= $?5w7k7t_1 . 'Ii,j + ng —+ :E'LT(Sw,k,t—l . in’j * €lo
+ @il - N[w k-1l - [2ij] - (d+1) - €10 + 23k, - €10
= &) Owhep—1 - Tijj + Grg + il 0w pe1ll - |ijl - (d+2) - 10 + 23k - €10

where as usual we ignore factors of O(e}?) by rolling them up into the other e}, terms. Now
multiplying this with «,

a® ((%T O] 5w,k,t—1> © @D 7%3‘)
L L L L
=a- ((90? © 5w,k,t1> O zi; D Bk,j) (1 +¢10)

=a (2] Sw -1 Tij + Grg + 1Tl (Swp i1l - |2ij] - (d+2) - €10+ 20k - €10) - (1 + €10)

= a (@] bwp i1 @i+ rg) + o |zl [6wr il - |2is]- (d+3) -0+ 30 Gr; - o
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Finally, subtracting this from 6, % (1,
Ow k-1 Q0O <<%T © 5w,k,t—1> © ;D Bk,j)
L L L L L

= <5w,k,t—1,j —a® <(%T © 5w,k,t—1> Ox; O ilk,j)) (1 +e¢10)
L L L L

= (5w,k,t—1,j — o (2] Ow 1 - iy + Gry)
+a- @il Nowk -1l - |zigl - (d+3) - €10 + 3 Gy - 610) (1 +e10)

= 6w7k7t_17j - (x?6w7k7t_1 ’ IZ?] + ng)
0wk i1,5 €lo + - [Tl 0w ko-1ll - 2

-(d+4) €0 +4a'§k7j * Elo-

Taking the norm, it follows that the total error from low-precision computation in the inner
loop update step is

A = ||0wkt-1 Sa0 <(%T © 5w,k,t—1) O @ ilk) — (Bwpt—1 — (2] Suppop—1 - i + Gi)) H

= (16w k1]l €10 + - [|2il|* - G pt—1 ]l - (d +4) - €16 + da - [|Gr g1l - €10-
Next, leveraging the fact that by Lipschitz continuity, ||2;[|* < L and ||gx|| < L - [|or — w*|,
A= ((14+aL(d+4))0wkt—1] +4aLl - [Jwr —w*||) - €.

Now, if we define
Wkt = Wk + Ok,

that is, wy ¢ is the total number represented using bit centering (the sum of the offset and
the delta), then we can rewrite this as

A= ((14+aLl(d+4)) ||wgt—1 — Wg|| + 4aL - |0 — w*||) - €10
= ((1+aL(d+4)) [lwgi—1 —w*|| + (1 + aL(d + 4)) |0 — w*|| + 4aL - |0 —w*]]) - €10
=14+ al(d+4)) |wg—1 —w* ||+ (1 + aL(d+8)) || — w™||) - €1o-

Next, we simplify this a bit. Suppose (we will make this rigorous through our choice of «
later) that 4oL < 1 and that d > 4. Then,

—_

A=—(4+4al(d+4)) |lwgi—1 —w"|| + (4 +4aL(d+38)) [|[wr — w*|) - €10

4
1 ~ *
= 7 (d+8) [lwpe—1 = w|| + (d +12) [Jwy, — w]) - 10

1 ~ *
= 1 (d+30d) w1 — w|[ + (d + 3d) [Jw — w]]) - €10
=

Finally, we bound this using the bound on ¢y,

|wp,p—1 = w* | + [[@ — w™]]) - d- e

A= (Hwk,t—l - UJ*H + ||U~)k - ILU*H) -d - (Emachine—lo + O(gmachine—lo2))'
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Note that the big-O in the term of O(&machine.lo>) does not hide any terms that depend on
the iterates or statistical problem parameters (L and p); this can be verified by looking at
the previous derivation. Now, we apply Lemma 12, which gives us

E |fwr; —w' ] < e —w| = 2001 = 20L)(F(wpe1) = (")) + 40> L(f (@) — f(w"))

+ 2A ((1 + o?’L?) lwg—1 — w*|| + V2aL || — w*H) + A2,

where A is as defined above. Subject to our earlier assumption that 4oL, < 1, we can simplify
this to

E [[lwe = w|?] < g1 = 0| = 20(1 = 20L)(f (whp1) = f(w")) + 4> L(f () — f(w)
+3A (Jlwgp—1 — w*|| + [log — w*|)) + A,
Next, we substitute our above bound on A, which gives us
E [Hwk,t —w*|?| < g1 — w*||* = 20(1 = 2aL)(f (wg 1) — f(w")) + 4o L(f (@x) — f(w"))
+3 (”wk,t—l - w*H + Hwk - w*||)2 -d- (gmachine—lo + O(Emachine—102))
+ (Hwk,t—l - w*” + ||u~)k - W*”)z : d2 : (gmachinc—lo + O(Emachinc—loz))2
< w1 — w*|* = 21 = 2aL) (f (wpp-1) — f(w")) + 4> L(f () — f(w"))
+3 (Hwk,t—l - w*H + Hwk - w*||)2 -d- (5machine—lo + O(£machine—102))
< w1 — w*|* = 21 = 2aL) (f (wpp-1) = f(w")) + 4> L(f () — f(w"))

6 (Jlwper = w*? + [k — 0" ]*) - (Emachineto + Olemachine10%)
For simplicity, for the next stretch of the proof we define
€ = Emachine-lo + O(Emachine-lo”)-
As a consequence of the strong convexity property,
H *(|2 *
B — " < fw) — 7).
So, we can bound this further with

E [|lwpe — w*?] < gy — 0| = 20(1 = 20L)(f(wys1) = F(w")) + 40> L(f (i) — f(w"))
2 () = )+ (f(i) = fw)d e
< flwngr —w*? = (20(1 = 20L) = 1257 €) (f(wrp1) — F(w))
+ (40’L + 12p7 1 d - €) (f (g) — f(w™)).
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The expectations above were all taken with respect to d,, 11 and ;. Now taking the full
expectation and summing over an epoch, we get

E ||wer — w*lﬂ <E [Hwk,o - w*||2]
T

— Z (2@(1 —2al) — 12,U_1d . 6) E [f(wgi—1) — f(w")]

t=1

(40”L+12u7 d - ) B [f (k) — f(w")]

E

t=1

+
*112
<E [lwgo —w'|?]

T
— (2a(1 = 2aL) =127 d - €) > B [f(wpy—1) — f(w")]

=1
+ (4’L+ 127 d - €) - T - E [f () — f(w*)].

~

As usual, now if we use Option II to assign the next outer iterate, we will have

T

T-E[f(@1) = f(w)] =) E[f(wpg—1) = fw)].

t=1

Applying this, the fact that the expected value of anything is always nonnegative, and the
fact that wy, o = Wy, gives us

0<E [||wk - w*ﬂ — (20(1 - 2aL) — 12p7 d - €) - T B [f (g 11) — f(w")]
+ (4L + 127 d - €) - T - E [f(wy) — f(w*)].

Applying strong convexity again produces

0< iE [f(@r) — f(w")] = (2a(1 —2aL) —12u7 d - €) - T - E [f(Fp41) — f(w*)]
+ (40’L + 12u7'd - €) - T - E [f (i) — f(w*)]
=—(2a(1 =2aL) =12 'd€) - T - E [f(Wps1) — f(w")]

2 _ ~ *
+ <MT+4042L—|—12,u 1d-e> T B [f () — f(w)].

Dividing to isolate the E [f(Wg4+1) — f(w*)] term,

~ . !%T +40’L 4+ 127 1d - € ~ .
B[/ (k1) — f0)] < g5 - B L) — S]]

_ ( i H4a’L 4 4a’L+ 2a(1 - 2aL)

2a(l—2aL) T (2a(l = 2aL))?
-E [f(wr) — f(w")],

12p7 - (e + 0(62))>
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where in the last line we are doing a first-order expansion in terms of €. Now, we return
back to our notation using €machine-lo,

E [f(Wg41) — f(w")]
%T + 402L %T +40®L + 2a(1 — 2aL)
~ \ 2a(1 — 2alL) + (2a(1 — 2a))?
-E [f(wg) — f(w")],

Next, if (as in the analysis of LP-SVRG) we set the step size and epoch length in terms of
v€(0,1) as

: 12;u_1d : (Smachine-lo + O(gmachine-102))>

.
AL(1 + )
and
7o 8kl 2+ ")
Y

as it is in the original SVRG analysis (note that this validates our above assumption that
4ol < 1), we get that
g 2+~ 12 +7)

2l ~2al) =2 AL(1+7) 2(1+7)  AL(T+7)?

and ) ) )
2 el _ 2+
uT AL(1+7v)  4AL(1+~)2  4L(1+ )2
So,
72 (247) 72 (247) v(2+7)
E [f(in1) — f(w)] < | 222 + 0 UEE 19,710 (epmachinedo + OEmachinero?)
wier  (d65)

-E[f (o) — f(w?)]

AL(1+)° - - .
S ( W : 12M L. d- (Emachine—lo + O<€machine—102)>> E [f(wk) - f(w )] .

Using the fact that 0 < v < 1, we can further bound this with

3
E [f(ﬁ)k_;_l) - f(w*)] < (’Y + 45((211_;)) : 12H_1 -d- (5machine—10 + O(Emachine—102))> E [f(ﬂ)k) - f(w*)]
< (’7 + 19?}5; d ’ (Emachine—lo + O(gmachine—IOQ))) E [f(wk) - f(w*)] .
This is what we wanted to prove. |

Lemma 13 In a situation where a dot product could underflow (but can not overflow), the
result of a n-dimensional dot product done in floating point arithmetic satisfies

T oy=aTy+z|/" |y -n-e+2n-n.
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Proof We will prove this by induction. First, note that, by the fundamental axiom of
floating point arithmetic with underflow,

T Oy =2y - (1+€) +n.

It follows directly that the lemma is true for n = 1. Now, supposing (by way of induction)
the lemma is true for n — 1, let s denote the dot product of all but the last entries of the
two vectors (z, and y,). Then,

$T®y:3@xn©yn-
Applying the fundamental axiom again, we get

2T Oy =(s+ (@nOyn) 1+ +n
= ((@"y = @uyn) + (2" |yl = [eapal ) - (n = 1) - +2(n— 1) -1
+mn-yn-(1+6)+77)-(1+6)+77
= («Ty+1al" Iyl (n = 1) e+ @n—1)n) - (L+e) +7
=aTy+ 2"yl n-e+2m0n.

This proves the lemma. |

Proof of Theorem 5 We start by looking at the inner loop update step for HALP, which
is the same as the one for BC-SVRG.

5w,k,t = 5w,k,t—1 ca® <<xz1 O] 5w,k,t—1) Qx; D ilk> .
L L L L L

Unlike in the analysis of BC-SVRG, here we are also considering overflow and underflow, so
the proof is a bit more involved. By Lemma 13 and Cauchy-Schwarz,

] © Swht—1 = T7 Sw -1 + 1Til - 0w -1l - d+ €10 + 2+ d - Mio-bias(B)-

Next, multiplying by the jth entry of x;,

T
<$i © 5w,kz,t1) ©
L L

= (sz ? 5w,k,t—1) “Liyg e (1 + 510) + Mo-bias(B)
= (@] b1 + 1zl - [6wrsall - d- 10+ 2 d- Moias(B)) - Tij - (1 + €10) + Mo-bias(B)
= &} Ouwki—1 - Tig + @il - (0w kel - i - d- €10 + 2205 - d - Mo-bias(n)

+ $?5w,k,t71 " Tij * €lo T Mo-bias(B)

= 2] Swhi—1 - @i+ @il 0wl - @i (d+1) - e+ (14225 - d) - Morbias(B)-
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When the hy, term is added, we get
T -
<93z' O] 5w,k,t—1> O x5 D hi,j
L L L
= ((:{:lT (I:) 5w,k,t1> (I? ;5 + Bk,j) : (1 + E10) + Mo-bias(B)

= (%Tfsw,k,t—l “wig @il [ Gw k-1l - Tig] - (d+1) - €10 + (1 + 275 - d) * Mo-bias(B)

+ ki - (1 +¢e10) + ﬁlo-bias(B)) (14 €10) + Mo-bias(B)
= 2] Swpt—1 " Tij + Gk + T2 S ki1 Tij " Elo
+ il - 10w k-1l - [zii] - (d+1) - €10 + 2G5 - €10
+ (14245 - d) - Mo-bias(B) T Mo-bias(B) T Mo-bias(B)
=2 Sw -1 Tij + o+ @il |w -1l - |ig] - (d+2) - €0+ 20k - €10
+ (3 +22i - d) - Mo-bias(B)

where as usual we ignore factors of 0(5102) and similar by rolling them up into the other ¢},
and 7, pbias(p) terms. Now multiplying this with

a® (<sz © 5w,k7t—1> O @i D ﬁlm)
L L L L
=a- ((%T ? 5w,k,t—1> ? Tij EP ilk,j) (1 + €10) + Mo-bias(B)

. (d + 2) ©Elo + 2§k,j €l

= o+ (o] Buimt @i+ g + il - il - |2

+ (3 + 25 - d) - 7710—bias(B)> (14 €10) + Mo-bias(B)

=« (ziTéw,k,t_l  Tij +§k,j) +a |zl - (|wpe—1l] - |45
+ (1 + 3a + 2aw;j - d) - Mo-bias(B)

-(d+3)‘510+3a‘§k,j-510

Finally, subtracting this from 6, % ¢—1,
Ow k-1, © ¢ O ((96? © 5w,k,t1> O z;; © 7%3‘)
L L L L L
= <5w,k:,t—17j —ao <<sz © 5uaht—l) © 25 B Bk,j)) (1 +€10) + Mo-bias(B)
= <5w7k7t_17j -« (xl,r(sw7k7t_1 : xinj + gkv])
+a- (@il Nowre—1ll - |zigl - (d+3) €10+ 3a - grj - €10

+ (14 3a+ 2aw; j - d) - ﬂlo-bias(B)) (1 4+ €16) + Mobias(B)

= Qu k15 = @ (2] S pp—1 - Tij + i)
+ Owet—1,5 " €lo + - (|2l 10w k-1l - i) - (d+4) €10 + da - i - €10
+ (2 + 3a + 2aw;,j - d) - Mo-bias(B)-
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Taking the norm, it follows that the total error from low-precision computation in the inner
loop update step is

A =

Ow ke t—1 Sad <<sz O 5w,k,t—1> Oz & Bk:) — (Buwpp—1 — (2 Suppop—1 - @i + Gi)) H

= 0w t—1ll - €10 + - [z * - 6w ki1l - (d+4) - €10 + 4 |Gkl - €10
+ (2vVd + 3aVd + 2o ||| - d) - Mo-bias(B)-

Now, we know from the construction of the HALP algorithm that

Thmachine-lo-bias(B) = 2B * Nlmachine-lo
_ ollogy (¢ 1310

* Tlmachine-lo
< 9loga (¢ llgw ) —1

1

= 5 : C : ||§k|| * TImachine-lo-

* Nlmachine-lo

Substituting this in above produces

A= 0wrill €0+ a-||zil* [0wri-tl - (d+4) -1+ 4o |Gkl - €10
1 -
+ 5(2\/g+ 3avd+ 2a |zl - d) - ¢ |Gk - Mo-

Next, leveraging the fact that by Lipschitz continuity, ||z;]|* < L and ||gi| < L - [|@g, — w*|],

A= ((14aL(d+4)) 16wk +4aL - |lw —w|) - €1
1
+ 5(2x/&+ 30Vd+ 20V L -d) - C- L - ||op — w*| - 1o

Now, if we define

Wkt = Wk + Ok,

that is, wy+ is the total number represented using bit centering (the sum of the offset and
the delta), then we can rewrite this as

A= (14 aL(d+4)) ||wg—1 — D]l + 4oL - || — w*]]) - €16
+%(2\/&+3a\/&+2a\/ﬂd).c.p | — w*|| - 7o
= (1 +aL(d+4)) lwge— —w'|| + (1 + aL(d +4)) [|wp — w*[| + daL - [|wp — w™]]) - €10
+%(2\/&+3m/&+2a\/f.d)-¢-L. @ — w*|| - 7o
= ((1+aL(d+4)) [lwge—1 —w*|| + (1 + aL(d + 8)) ||y — w™[]) - 10
+%(2\/&+3m/&+2aﬁ-d)-g-ﬂ @ — w*|| - Mo-
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Next, we simplify this a bit. Suppose (we will make this rigorous through our choice of «
later) that 4oL < 1 and that d > 16. Then,

1
A= ((4+4aL(d+4) wes1 —w| + (4 +4aL(d+8)) [ — w’[]) - e
1
+ é(sz\/& +120LVd + 8aLVL - d) - ¢ - ||y — w*|| - 1o

((d+8) lwr—1 — w*[| + (d 4 12) | — w™[]) - €10

B~

1
+ g(8Lx/&+3\/&+2fL-d) ¢ ok = w™ || - mo.

We can further bound this last term with

1 d (8L 3

8(8Lx/&+3\/&+2\/i-d)§8<\/3+\/3+ﬁ>
<d<8L+3+L+1>
=8\4 "4 2
_d (5L 5
—8<2+4)
<l

Substituting this back in above, and leveraging our assumption that

(L + 1)< * Thmachine-lo < Emachine-lo»

we get
1 * ~ * d ~ *
AZz((dﬂLS) |w,t—1 — w*[| + (d + 12) ||y — w H)-€1o+§(L+1)-C-Hwk—w |- o

1 * ~ * d ~ *

= 7 ([d+8) [wpg—1 = w|| + (d +12) [Jog — wl]) - €10 + 5 - [[0n — w7 - €0
1 " - *

=1 ((d+8) |lwg,t—1 — w*[| + (3d + 12) ||wg — w™||) - €10
1 " - %

<3 ((d +3d) [|wg,e—1 — w*|| + (3d + d) ||, — w™[]) - 10

= (wrp—1 = w*[| + log — w*])) - d- €lo-
Finally, we bound this using the bound on ¢y,
A= (Hwk,t—l - W*H + ||U~)k - ’LU*H) d- (5machine—lo + O(emachine—lo2))-

Now, when we perform the update in HALP, let uy; denote the value of the iterate before
possibly re-setting the value of § to zero in the if statement. This is just the value for the
model that we get after the inner loop update step of SVRG, so we can apply Lemma 12,
which gives us

E [[luk; = w*?] < s — 0| = 20(1 = 2aL)(f(wp1) = F(w")) + 40> L(f (@) — f(w"))

+2A (14 *L2) |lwny-1 — w*|| + V2aL g — w'|) + A%,
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where A is as defined above. Let wy; denote the value after the if statement. From our
analysis in Section 4.3, we know that the resetting of J, if it happens, only brings the value
of wy closer to the optimum. As a consequence,

g = w1 < [lug — w?[|*;

usually these terms will be equal since on almost all iterations the body of that if block is
not run and J is not reset to zero. Plugging this into our formula above, we get

E [|lwpe - w*?] < llwngr — 0| = 20(1 = 20L)(f(wys1) = F(w")) + 40> L(f (i) - f(w"))
+2A ((1 + 0°L?) Jwg g1 — w*| + V2L ||y, — w*H) + A%
This is the exact same expression that we got in the proof of Theorem 4. As a consequence,

if we apply the exact same logic as we did in that proof, we can reach the same conclusion,
which is

192kd

E [f(ﬁ)k+1) - f(w*)} < (7 + ) (Emachine-lo + O(Smachine-IOQ))) E [f(wk) - f(w*)] :

This is the first part of what we wanted to prove.

The second part is to show that no overflow occurs. To do this, we consider the largest
possible value that could result in the inner loop of HALP, ignoring floating point error for
now. Because of our if-guard on the magnitude of the iterates, all the numbers used to store
Ow,k,t—1 are bounded in magnitude by

20~ |3l -
Within the computation of the dot product
xlT © 5w,k,t71
L
all the numbers computed will be bounded in magnitude by
e R Y [ [ Y AV 7 /174

Similarly, the result of computing the scalar-vector product

<«’15@T © 5w,k,t—1> Ox;
L L
will have numbers all bounded in magnitude by

il 16w oot | < 2Lp~" - [1Gx]l

The result of adding this to hy
- -
<£L'i ® 6w,k‘,t1> ®Ox; D hk
L L L
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will have numbers all bounded in magnitude by

2Lp" - ||gell + llgkll = (2% + 1) - [1gx]l -
Finally, the result of multiplying this by « will be bounded by, given that 4al < 1,

2k +1
4L

If there is overflow in the addition with 4, it will not matter, because we will reset § to zero
anyway. So all our numbers are bounded in magnitude by

2k+1
max <2M1,2\FLM1, 2K, 2Kk + 1, K4—{L_ > Nawll -

2L - grll + Nlgnll = N gwll -

We can see immediately that 2¢/Lu~! and 2k are redundant in this max. Additionally, since

p~' = k/L, we can further simplify this upper bound to

2k +1
L

max <2l<e +1, > - || gk |l = max (1,L*1) 26+ 1) - || gkll -

So we will be guaranteed to not overflow if
max (1’ Lil) ’ (2’% + 1) ) Hng < Mmachine-lo-bias(B)-
We know from the construction of the HALP algorithm that

Mmachine—lo—bias(B) =25. Mmachine-lo
= glloga(CllgrlD) . g

achine-lo

< oea(C a1 gy

machine-lo

1 _
= 5 : C : Hng * Mmachine-lo-

Therefore we will be guaranteed to not overflow if
4k 42
¢

Now, all these computations are actually being performed in floating-point, not exact
arithmetic. So, they will see some relative error as a result. When we take this relative error
into account, we get

-1
- max (1, L ) < Mmachine—lo-

4k + 2
¢
which is the desired result. This proves the theorem. |

max (17 L_l) ’ (1 =+ O(Emachine—lo)) < Mmachine—loa

Proof of Theorem 10 We start by analyzing Assumption 8. This assumption says that

chi((lbk, Swiit)) — VIi(Wr + S )

= alo * [|6w,k,tll €10 + Clo * [|0w k.t ]| - Mo + Clo-bias * Mo-bias(B)-
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That is, the error in computing the delta is bounded by this expression. In terms of the
computation in the HALP algorithm, we can write this as

||5U,k7t - (Vfi(wk’,t) - sz(ﬁ’k))n = dajo * ||5w7k,t|| “€lo + Clo - H(sw,kﬂfn * Mo + Clo-bias * Mo-bias(B)-

Just as was the case for the analysis of HALP for linear regression, we have that the machine
epsilon for the biased low-precision format is bounded by

Tmachine-lo-bias(B) = 25 TImachine-lo
_ ollogs(¢-x 1)

* Tlmachine-lo

< 9logs (¢ llgw ) —1

* Nlmachine-lo

1 _
= 5 Q- ||gk|| * Tlmachine-lo;

SO

. 1 .
100kt — (Vfilwit) — V fi(@p)]| = 1o 10w k,t]] - €10 + Clo - || 0w ket ]| '7710+Clo—bias'§ ¢kl - mo-

Since we know that

. 2 .
10w kel < 3k =—"1gkll,
U

it follows that we can bound the error with
_ 2 ¢ _
10p.kt — (V filwre) — Vfi(@r))|| = ato - |0wktll - €10 + | clo - m + Clo-bias " 5 | - Gl - Mo-

To simplify this, define

2
€C=Clo- o + Clo-bias * 5
and
u =0y ke — (Vfi(wie) — Vfi(wr))
Then,
St = V fi(wry) — V fi(y) +u
and

[ull < ato - [|dwk,tl - €10 + ¢ - gkl - mo

Next, we look at the inner update step of HALP. This update step is

6w7k7t = 5w7k7t71 6 «Q @ <5U,k,t @ ﬁ‘k)) .
L L L
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Analyzing its error in the jth coordinate, we get
5w7k7t7.j - 6w7k’t717j ? «Q CI? (6U,k,t,j GLB ilkmj)

= (duars = (o (((Vilwng) = Vfila) + ),

+ Gkj - (1 +¢10) + Wlo-bias(B)) (1 +e10)

+ 7710-bias(B)> (I 4e10) + Ulo-bias(B))) (1 +€10) + Mo-bias(B)

= 0w ki-1, (1+¢10)

— (o ((Vfilwie) = Vi), - (1+ 32) + ;)

+a gy (1+4e0) + 20 nlo—bias(B)) + 2Mo-bias(B)
= Owht—1, — @ (VSilwre) = VIi(Wr) + Gr); + dwkt—1, - €lo

+ (0 ((hiwen) = VAi@0); - 3210+ ;)

+a- gy 40+ 20 7710-bias(B)> + 2Mo-bias(B)-
So, the error of computing the inner update step will be
A = |0kt = (w1 — - (Vfilwgr) — Vfi(wx) + ge)) |l
< bw k-1l - €10 + - IV filwpe) =V fi(wr)[| - 3210 + - [[u
+ o (|Gl - 4e10 + 20 - Vg ias() + 2V Ao bias(B)
< |[Ow k-1l - €10 + - [V fi(wir) — Vfi(@r)| - 3e10 + - (@10 - 6w k-1l - €10 + ¢ |Gkl - o)
+a |Gkl - det0 + 20 Vdo pias(B) + 2V ANl bias(B)-
Since V f; is Lipschitz continuous,
IV fi(wig) = V fi(wp) || < L - [lwge — wgll = L - || 6wt -
So, applying this and our earlier bound on 714 pias(B);
A= 6w k-1l - €10 + AL |6 k-1l - €10 + - (@10 6w kt—1]l - €10 + - |Gkl - o)
+a- |Gkl - dei0 + - V- C|gell - mo + V- ¢kl mo
= (14 3aL + aai) - 18w ki1l - €10 + 4~ |Gkl - €10 + (e + (1 + @)V - Q) [|a ]l - mo-
Next, leveraging the fact that by Lipschitz contiuity, ||gx|| < L - ||wr — w*||,
A < (14 3al + aal) - [|0wki—1]] - €10 + 4oL - ||y, — w*|| - €16
+ (aLe + (L + aL)Vd - ¢) ||ag — w*| - 1o

We can simplify this by using the assumption that 4oL < 1, which we will validate by our
choice of « later. Using this, we get

ay ~
A< (2 + ZE) Now,k,t—1ll - €10 + [[0r — w*| - €10

+ (e AL+ DVE- O ik = 0o

70



HicH-AccurAacY Low-PRECISION TRAINING

Leveraging our assumption that

(C + (4L + 1)\/;1 : C) * MImachine-lo < €machine-lo»

and recalling that d, -1 = Wk -1 — W, we get

ay, ~ *
A< (245 ol co+ 2w
a] ~ ~ *
= (2 + ﬁ) (Jweg—1 — W[ + [[wg — w*) - €10
a/l ~ ~ *
3 (2 + ﬁ) ) (Hwkﬂf—l - w” + Hwk —w H) * €machine-lo-

Finally, we are ready to apply Lemma 12, which gives us
E [[lwps — '] < llwng1 = w7 = 20(1 = 20L)(f(wya 1) = F(w")) + 40> L(f (i) — f(w"))
+ 24 (14 a*L2) w1 — 0| + V3aL iy — w'|) + A%,

where A is as defined above. Note that this will hold even if we take the if-statement to reset
the value of 6,1 to 0, by the same logic used in the analysis of HALP for linear regression.
Subject to our assumption that 4oL < 1, we can simplify this to

E [[lwes —w || < g1 — v = 20(1 = 2aL)(f (wrp1) = F(w")) + 4> L(F (@) = f(w)
+3A ([Jwpg—1 — w*|| + @ — w*|]) + A%

Next, we substitute our above bound on A, which produces

E [[lwe —w || < g1 — v = 20(1 = 2aL)(f (wrp1) = F(w")) + 4> L(F () = f(w)

aj, ~
£3(24 22 (o — ')+ 48— )2 - ot

4L
Alo ~ ~ * 2
+((2+ 72) - (e = ll + 1o = w*[) - Emachinerto )
< Jlwne-t = w|* = 2a(1 = 2aL)(f(wi-1) = f(0")) +4aL(f (i) = f(w))
a N - *
+6 (24 72) - (lwnemr = ' + [ = ")) - (Emachinerto + OlEmachinero?)) -

Notice that this is the exact same expression we obtain in the proof of convergence of
BC-SVRG (Theorem 4), except with

Aalo
2 -
+ 4L

in the place of d in that expression. By the exact same argument we used in that proof, we
will get

_ . 192k a - *
E [f(warl) - f(w )] S (’Y + . (2 + i) . (Emachine-lo + O<5machine-102)>> E [f(wk) - f(w )] .
Note that this still holds even if we take the if-statement to reset the value of Wy to be
equal to wy, since this operation decreases the value of f(wky1) — f(w*). This is what we

wanted to prove.
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All that remains to be done is to show that there is no overflow. To do this, consider
Assumption 9: all the numbers in the inner loop will satisfy

2] < Taelta - 10w k,tll + Tlo-bias * Mo-bias(B)-

By our above bound on 7y1,as5(B), We have that

1 -
’Z‘ < Tdelta * ||5w,k,t + Tlo-bias * 5 : C : Hng * Tlmachine-lo-

Because we do not let d,, 1+ get too large, it will always hold that

.2
10wkl <5 =—"-l[grll,
I

SO

2 N -
|Z| < Tdelta - ; : ”ng + Tlo-bias * T ° C : ||ng * T'machine-lo-

2

The overflow threshold for our biased low-precision representation is

B ~
Mmachine—lo—bias(B) =27 - Machine-lo < 5 - C Hng - Mimachine-lo-

N | =

So we will be guaranteed to have no overflow if

’ C : Hgku : Mmachine—lo-

N

2 1 -
Tdelta - ﬁ : Hng + Tlo-bias * = ° C : Hng * "'machine-lo <

2

This will happen when

4
Tdelta, @ + Tlo-bias * machine-lo < Mmachine—lo~

This completes the theorem. |

Proof of Theorem 7 To simplify our notation, let

f=Fflg(xr, . cyxn), g2(x1, oy &n),y ooy g (T, - -+, X)),

f=o0r+0r=flgr(x1,...,2n), 92(21, .. Tn), . s gm(Z1, ..., Tp))
¢ ¢ c c

gi = gi(l'l,. . 'axn)a

and

Then
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By the fundamental axiom on g;, we will have

m
’gz - gz‘ < Ahi,g,i * €machine-hi Chi,g,i * Nmachine-hi + Alo,g,i : E ’5$,Z| * €machine-lo
i=1
m
+ Clo—bias,g,i : g |6x,1‘ " TImachine-lo-bias(B) + Clo,g,i * T'machine-lo
i=1

m
< Ahi,g,i * €machine-hi + Chi,g,i * Mmachine-hi T Alo,g,i : § ’xz - Ox,i’ * €machine-lo
i=1

m

+ C’lo-bias,g,i : Z |xz - Ox,i| : nmachine—lo—bias(B) + C110,g7i * Tlmachine-lo-
=1

Define a new function D; (a function of the same parameters as Ap; g;), as

m
Di = Ahi,g,i * €machine-hi T Chi,g,'i * Nmachine-hi + Alo,g,i : § ‘xz - Occ,z" * €machine-lo
i=1

m
+ Clo—bias,g,i : 5 ‘xz — Oz : nmachine-lo-bias(B) + Clo,g,i * T'machine-lo-
=1

It follows that, if for some «; € [—1,1],
9i < gi + i Dj.
Next, by the fundamental axiom on f, we will have
’f - f’ < Ahi,f(gla Og,1y--- 7§m7 Og,m - - ) * €machine-hi

+ Chi, £(G1,0g,15 - - - s Gms Og;m» - - -) * Tmachine-hi

m
+ Alo,f(glv Og,1y--- 7§m7 Og,m - - ) : E ‘59,1" * €machine-lo
=1

m
+ C'lo—bias,f (gla Og,1y--- » Im;s Og,m - - ) : E ‘5g,i| * TImachine-lo-bias(B)
=1

+ Clo,f(gly Og.1,--- s Im>» Ogmy - - ) * Thmachine-lo-
From our analysis above, there exists a; € [—1, 1] such that
‘f - f‘ < Ahi,f(gl + a1 Dy, 0g1y---y9m + Do, Og.m - - ) * €machine-hi

+ Chi,f(gl + a1 Dy, Og1;---,9m + Dy, Ogm - - ) * Thmachine-hi

m
+ Alo,f(.gl + a1 Dy, 0g1y---r9m + O Dy, Ogms - - ) : Z ’(sg,i| * €machine-lo
1=1

m
+ Clo-bias,f(gl + ath Og,15--+59m + amDma Ogm - - ) : Z lég,i‘ ’ nmachine-lo-bias(B)
i=1

+ Clo,f(gl + ath 0g,1y---,9m + Oszm, Og,m - - ) * T'machine-lo-
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It follows that

’f - f’ < ( min Ahi,f(gl + a1 Dy, O0g,15 - - )) * €machine-hi
ag[—1,1]™m

+ ( min Chi,f(gl + a1 Dy, Og,1y-- )) * Nmachine-hi
a€g[-1,1]™

m
+ < efni1n1} Aio t(g1 + a1D1, 041, - . -)) : (Z \5g,i|) * €Emachine-lo
acl=LIm i=1

a€[—1,1]

m
+ < min m Clo-bias,f(gl + OélDl, 0g,15 -+ )) : (Z ’(sg,l|> ' nmachine—lo—bias(B)
=1
+ < min Clo,f(gl + a1 Dy, Og.1,-- )> * Thmachine-lo-
ae[-1,1]™m

If we define Ahi j, to be

Ay = min Ay (g1 +1Di,0g1,- ),
’ ac[—1,1]™

and similarly for the other functions, then we get

’f - f’ < Ahi,iz * €machine-hi

+ Chi,iz * Tlmachine-hi

m
+ Alo,fz ’ E : ’597i‘ * €machine-lo
=1

m
+ Clo—bias,ﬁ ) <Z |5 7Z‘> * TTmachine-lo-bias(B)
=1

+ CIO,I:L * "Tmachine-lo-

Note that Ay;p must be continuous since it is the maximum of a continuous function over a
bounded domain, and it will be a function of the same parameters as Ay; 4;. Next, from the
fundamental axiom on g;, we will also have

m
‘5g,i‘ < Rdelta,g,i ' (Z |5x,z’> + Rlo—bias,g,i : nlo-bias(B)‘

i=1

Combining this with our previous expression, it is straightfoward to see that h satisfies the
fundamental axiom of bit centered arithmetic. |
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