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ABSTRACT

Large scale distributed optimization has become the default tool for the training
of supervised machine learning models with a large number of parameters and
training data. Recent advancements in the field provide several mechanisms for
speeding up the training, including compressed communication, variance reduction
and acceleration. However, none of these methods is capable of exploiting the
inherently rich data-dependent smoothness structure of the local losses beyond stan-
dard smoothness constants. In this paper, we argue that when training supervised
models, smoothness matrices—information-rich generalizations of the ubiquitous
smoothness constants—can and should be exploited for further dramatic gains, both
in theory and practice. In order to further alleviate the communication burden inher-
ent in distributed optimization, we propose a novel communication sparsification
strategy that can take full advantage of the smoothness matrices associated with
local losses. To showcase the power of this tool, we describe how our sparsification
technique can be adapted to three distributed optimization algorithms—DCGD
(Khirirat et al.| 2018]), DIANA (Mishchenko et al., 2019) and ADIANA (L1 et al.,
2020)—ryielding significant savings in terms of communication complexity. The
new methods always outperform the baselines, often dramatically so.

1 INTRODUCTION

In the big data regime, the data is partitioned among many parallel machines, which then cooperatively
train a single global model, usually orchestrated by a central server. Distributed training is cast as the
distributed optimization problem

min f(z) + R@),  fle)=3 X fila), (M
where d is the number of parameters of model = € R?, n is the number of machines participating
in the training, f;(z) is the loss associated with the data stored on machine ¢ € [n] == {1,2,...,n},
f(x) is the empirical loss, and R(x) is a regularizer. Ample research over the past two decades
has shown that first-order methods are highly scalable and as a result are the methods of choice for
distributed optimization problems (Liu & Zhang| [2020). In particular, a substantial amount of work
has been devoted to speeding up the training process by developing efficient methods empowered
with techniques such as compressed communication, variance reduction and acceleration.

Compressed communication. In distributed training, compute nodes have to communicate with
each other, often via a central server, in order to be able to maintain consensus and jointly train a
single global model. However, communication of the information pertaining to local progress, which
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is typically contained in gradient(s) distilled from local data, is almost invariably the key bottleneck
in distributed training systems (Xu et al., [2020). One popular way to address this issue is to reduce
the number of bits encoding the vector/tensor to be transferred via the help of a lossy compression
operator. Numerous unbiased gradient compression operators have been proposed for this purpose,
including sparsifications (Wang et al., [2018; Mishchenko et al., [2020; |Alistarh et al., 2018)) and
quantizations (Alistarh et al., 2017 Zhang et al., [20177; [Horvath et al., [2019aj; |Wu et al.| [2018]).

Variance reduction. A marked issue that needs to be addressed by successful distributed optimization
methods has to do with the (potential) “dissimilarity” of the local loss functions fi, ..., f,, which
in turn is due to the heterogeneity of the training data defining these functions. The higher the
dissimilarity, the harder it is for the devices to find the minimizer of (I). This issue exists even in
the unregularized case (R = 0). Indeed, while in this case + >, V fi(z*) = 0if #* is a minimizer
of f, this does not mean that the individual gradients, V fi(2*),..., V f,(z*), are all zero. This
issue is exacerbated further by the extra noise coming from gradient compression. Indeed, this noise
prevents methods such as Distributed Compressed Gradient Descent (DCGD) (Khirirat et al., [2018))
from converging to z* with a constant learning rate even in the interpolation regime characterized
by the identities V f;(x*) = 0 for all 7. Fortunately, these issues can be resolved via carefully
designed variance reduction techniques (Gower et al.,2020). In particular, the first variance reduction
mechanism for removing the variance coming from compression operators in distributed training
is due toMishchenko et al.| (2019)), embodied in their DIANA algorithm. The method was initially
analyzed for ternary quantization only (Wen et al.,|2017)), and later generalized to handle a general
class of unbiased compression operators (Horvath et al.l|2019b; |Gorbunov et al., 2020b).

Acceleration. To speed up distributed training even further, it is often possible to employ Nesterov’s
acceleration technique (Nesterov, |1983;2004)) in concert with gradient compression and variance
reduction. For instance, |Li et al.|(2020) developed the ADIANA method, which adds acceleration on
top of a variant of DIANA that relies on the computation of full-batch gradients on all nodes. The
resulting method offers provable speedups in convex and strongly convex regimes.

2  MINING FOR SMOOTHNESS INFORMATION

One size fits all. Arguably, one of the most ubiquitous, if not the most ubiquitous, assumptions used
in the literature on first-order optimization methods is that of L-smoothness (Nesterovj, [2004). A
differentiable function ¢ : R? — R is said to be L-smooth if there exists a constant L > 0 such that
for all 2,y € R?

¢(z) < ¢(y) + (Vo(x), z —y) + Fllo —y|*. 2)
However, most works in the area of finite-sum distributed optimization use it very crudely: they
assume that all local loss functions f; as well as their average, f = %ZZ fi, share the same
smoothness constant L (Tang et al.l 2019; Woodworth et al., 2020bj, |Stichl 2020). This is crude
because much information is lost this way. Indeed, assuming that each f; is L;-smooth, it is well
known that f is L ¢-smooth with L satisfying the inequality Ly < % >; Li. In the light of this,
the above assumption is crude as it effectively replaces the values Ly, ..., L, and L; with a single
parameter L satisfying L > max{Lq,..., L,}. Since the stepsizes and convergence rates of first-
order methods depend on the smoothness constant(s) employed, convergence analysis relying on such
crude approximation may be significantly suboptimal, and the methods too slow when implemented
following the theory.

“Like treasure hidden in a field, which a man found and covered up” (Mat 13:44). The starting
point of this paper is the observation that there is a hitherto untapped richness of smoothness
information that can be used to construct better distributed optimization algorithms and obtain better
theory. This information is available, but hidden from sight, and is based on the notion of matrix
smoothness.

Definition 1 (Matrix Smoothness). We say that a differentiable function ¢ : R? — R is L-smooth if
there exists a symmetric positive semidefinite matrix L > 0 such that for all z,y € R¢

o(x) < d(y) + (Vo(y),z —y) + 3llz — ylif. 3)

The standard L-smoothness condition (2)) is obtained as a special case of (3) for matrices of the form
L = LI, where I is the identity matrix. Function f; appearing in (I]) is often the average loss over the
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training data stored on node ¢, i.e.,
filzr) = o 2_:1 Gim (Aimz), “)

where A;,,, € R%m*d g a data matrix, and Gim, - Ré%m — R is a differentiable function (e. g., the
loss over all but the last linear layer of a NN). The following simple result from |Qu & Richtarik
(2016Db)), used therein in the context of randomized coordinate descent methods, states that if the loss
functions ¢;,,, are smooth in the standard scalar sense, then f; is smooth in the matrix sense.

Lemma 1. If ¢y, is Ny -smooth, then the function f; defined in @) is L;-smooth with

L, = - > Aim AL A S
m=1

m

In cases where the local functions f; are of the form (@)—and it is clear this structure is ubiquitous—
there is a lot of potentially useful information contained in the matrix smoothness “constant” L;.
If we were to use the scalar smoothness constant of f; instead, we would be effectively tossing
this richness away, and replacing it with L; = Apax(L;); the largest eigenvalue of L;. This seems
wasteful. As we show in this work, it is. However, we offer a fix.

3  MOTIVATION AND CONTRIBUTIONS

To the best of our knowledge, none of the current distributed optimization methods, including the
methods DCGD (Khirirat et al.,[2018), DIANA (Mishchenko et al.,[2019) and ADIANA (Li et al.|
2020) discussed in Section|[I] are capable of exploiting the inherently rich data-dependent smoothness
structure of the local losses beyond standard smoothness constants. To this effect, we impose the
following assumption throughout the paper:

Assumption 1. The functions f;: R? — R are differentiable, convex, lower bounde(ﬂ and L;-
smooth. Moreover, f is L-smooth with the (standard) smoothness constant L := Ay ax(L).

In this paper, we argue that when training supervised models, smoothness matrices (see Definition[T)—
information-rich generalizations of the classical and ubiquitous smoothness constants—can and
should be exploited for further dramatic gains, both in theory and practice.

3.1. Unbiased diagonal sketches. We study unbiased diagonal sketches, defined as follows:

Definition 2 (Unbiased diagonal sketch). Let .S be a random subset of the set of coordinates/features
of the model 2 € R? we wish to train, i.e., S C [d] = {1,2,...,d}. Let S be proper, ie.,
p; = Prob(j € S) > 0. We now define a random diagonal matrix (sketch) C = Cg € R¥*4 yia

C = Diag(cy,...,¢q), ¢; = {1/‘”’ if j €5, (6)

0 otherwise.

Note that given a vector z = (z1,...,74) € R% we have (Cz); = {wj(/)pj g §§§ . So, we can
control the sparsity level of the product Cz by engineering the properties of the random set S. Also
note that E[Cz] = z for all .

3.2. Data-dependent sparsification operators. In order to further alleviate the communication bur-
den inherent in distributed optimization, we further propose data-dependent sparsification operators
that can take full advantage of the smoothness matrices L; associated with the local losses f;. To the
best of our knowledge, this is in sharp contrast with the design of all existing tractable compression
techniques used in distributed training, which are proposed independently of the training data, and
typically based on intuitive or information-theoretic principles. With each node ¢ we associate an
unbiased diagonal matrix C; of the form @ We use this and the smoothness matrix of f; to define a
sparsification technique, described next.

Definition 3 (Data-dependent sparsification). In situations when the i-th node wished to communicate
local gradient V f;(x), we ask the node to send the sparse (=compressed) vector CiL;rl/ *Vfi(z) to

'Lower boundedness of fi(x) can be dropped if Li; > 0 is positive definite. This part of the assumption is not a restriction in applications
as all loss function are lower bounded.
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Table 1: Summary of theoretical results obtained in this work with hidden log % factors and constants.
Below n is the number of machines, d is the number of parameters of model, Ly,,x = max; L;, L; =
Amax (L;) and the expected smoothness constant £, is defined in . The variance of generic
compression operator used in the original methods is denoted by w. In case of sparsification, we have
w = d/r —1 = O(n) when the expected size of selected coordinates is 7 = d/n. Parameters vy, v,
and v describing distribution of matrices L; are defined in .

’ Regime ‘ Vfii(z*)=0 arbitrary V f; (™) ‘ arbitrary V f; (z™) ‘
Original DCGD DIANA ADIANA
Methods (Khirirat et al.}|2018) | (Mishchenko et al.}|2019) | (Li et al.}[2020)
Lmax <o
Iteration L | wLlmax Lmax 1 ©Lmax wtey Tah if n<
Complexity wt = w+ SR A+

e Lmax wLmax [Lmax ;
w+\/T +yfw TR T if n>w
Tteration L L — -
Complexit; Lmax Lmax max — /., Lmax
p < y m n+ m n+n s =N +4/n m

T =d/n
New DCGD+ DIANA+ ADIANA+
Methods Algorithm Algorithm Algorithm
g g g
Lmax g ~
Iteration L\ Fam L\ Fam wmax+|/wmax £102 it nL<Lmax
Complexity Wt Thu Wmax + 3+ =0 T o z .
wmax+y/ L4 [wmax ([ £max L it 0L > Fmax
L 1/4 . =
Tteration z B N B ”+"( ;Lnﬁx) ifnL<Lmax
Complexity Tpax - ~apax n 4 SAR 4 A nt [ Lmax +(n Lmax )3/8 if nL>ZFmax
T =d/n (if v, vy are O(1)) (if v, vy are O(1)) [z E N
(if v,vg are O(1) and Lmax/p is O(nd*))
Reference Theorem Remark TheoremH Remark@ Theorem 5] Remark (5
Speedup

i . Vvd if nL<L and L =0 (nd?
min(n, d) ‘ min(n, d) ‘ { d if nL<Lmax and Lyax/pn=0(nd*)

factor (up to) /min(n,d) if nL>Lmax and Lmax/pn=0 (nd?)

the server instead. The server then constructs (=decompresses) an unbiased estimator of V f;(x) as
follows: ) )
gi(@) = L*CL "V fi(w), (M)

where le/ ? denotes the square root of the Moore-Penrose pseudoinverse of L;.

Notable differences of our proposed communication protocol when compared with standard sparsifi-

. . . . .. 1
cation techniques are: i) we use the smoothness matrix L;, ii) the compressed vector CiLZT / v fi(x)
is not unbiased, iii) we devise a separate decompression mechanism , also involving L;, and this
enforces effective unbiasedness.

3.3. Matrix-smoothness-aware redesign of 3 methods. To showcase the power of our approach,
we demonstrate how our matrix-smoothness-aware sparsification technique (7)) can be adapted to
DCGD, DIANA and ADIANA, in each case leading to significant communication savings. By doing
so, we show that matrix smoothness can be effectively used to speed up communication compression,
variance reduction and acceleration, respectively. This results in three novel methods: DCGD+,
DIANA+, and ADIANA+.

3.4. Dramatic improvements in complexity results. We perform complexity analyses for our
methods and derive convergence rates under matrix smoothnesﬂ (see Assumption Eﬁland strong
convexity assumptions (see Theorems and[5). We show that new methods always outperform the
originals/baselines, and often dramatically so. Main theoretical results are summarized in Table[I]
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Appendix: “Smoothness Matrices Beat
Smoothness Constants: Better
Communication Compression Techniques
for Distributed Optimization”
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[0 Variance Reduction with Bi-directional Compression: DIANA ++| 53

A INTRODUCTION

With the desire to build and train high quality machine learning models comes an increased appetite
for larger models, both in terms of the number of parameters encoding them, and in the amount
of data required to train them. In the big data regime, the data is partitioned among many parallel
machines, which then cooperatively train a single global model, usually orchestrated by a central
server. Distributed training is cast as the distributed optimization problem

min f(r) + R(),  fx)= - fila), ®
i=1

zERY

where d is the number of parameters of model = € R?, n is the number of machines participating
in the training, f;(x) is the loss associated with the data stored on machine i € [n] == {1,2,...,n},
f(z) is the empirical loss, and R(z) is a regularizer. Ample research over the past two decades
has shown that first-order methods are highly scalable and as a result are the methods of choice for
distributed optimization problems (Liu & Zhang| [2020). In particular, a substantial amount of work
has been devoted to speeding up the training process by developing efficient methods empowered
with techniques such as compressed communication, variance reduction and acceleration.

A.1 COMPRESSED COMMUNICATION

In distributed training, compute nodes have to communicate with each other, often via a central
server, in order to be able to maintain consensus and jointly train a single global model. However,
communication of the information pertaining to local progress, which is typically contained in
gradient(s) distilled from local data, is almost invariably the key bottleneck in distributed training
systems (Xu et al., 2020). One popular way to address this issue is to reduce the number of bits
encoding the vector/tensor to be transferred via the help of a lossy compression operator. Numerous
unbiased gradient compression operators have been proposed for this purpose, including several types
of sparsifications (Wang et al.| |2018}; [Mishchenko et al., [2020; |Alistarh et al.| 2018)) and quantizations
(Alistarh et al., [2017; Zhang et al.,|2017; [Horvath et al., 2019a;|Wu et al.,|2018)). Certain (classes of)
biased compression operators have been proposed as well, including low-rank approximation (Vogels
et al.,2019), sign-based compressors (Seide et al.l 2014; Bernstein et al., 2018 |Safaryan & Richtarikl
2019) and contractive compressors (Karimireddy et al.,2019;[Stich & Karimireddy, [2019; [Tang et al.,
2019; [Beznosikov et al., [2020; |Gorbunov et al., [2020Db).

A.2 VARIANCE REDUCTION

A marked issue that needs to be addressed by successful distributed optimization methods has to
do with the (potential) “dissimilarity” of the local loss functions f1, ..., f,, which in turn is due
to the heterogeneity of the training data defining these functions. The higher the dissimilarity, the
harder it is for the devices to find the minimizer of (8). This issue exists even in the unregularized
case (R = 0). Indeed, while in this case %ZZ Vfi(x*) = 0if 2* is a minimizer of f, this does
not mean that the individual gradients, V f1(z*), ...,V f,(z*), are all zero. This shows that local
gradient information alone is not enough for any node to “realize” that a solution has been found,
which encourages further, in this case unnecessary, iterations. If unaddressed properly, an algorithm
is forced to use smaller learning rates, and this leads to unnecessarily slow convergence. On the
other hand, when a fixed learning rate is used, the rate is fast, but convergence stops in a potentially
large neighborhoocﬂ of the optimum 2x*. This issue is exacerbated further by the extra noise coming
from gradient compression. Indeed, this noise prevents methods such as Distributed Compressed
Gradient Descent (DCGD) (Khirirat et al., 2018) from converging to =* with a constant learning rate
even in the interpolation regime characterized by the identities V f;(z*) = 0 for all 4. Fortunately,
these issues can be resolved via carefully designed variance reduction techniques (Gower et al.,
2020). In particular, the first variance reduction mechanism for removing the variance coming from

3In the R = 0 case, this neighborhood is proportional to the variance of the local gradients at the optimum:

LS VAP
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compression operators in distributed training is due toMishchenko et al.|(2019), embodied in their
DIANA algorithm. The method was initially analyzed for ternary quantization only (Wen et al.,
2017), and later generalized to handle a general class of unbiased compression operators (Horvath
et al.| [2019b; |(Gorbunov et al.| [2020b)).

A.3 ACCELERATION

To speed up distributed training even further, it is often possible to employ Nesterov’s acceleration
technique (Nesterov}, 1983} [2004) in concert with gradient compression and variance reduction. For
instance, |Li et al.| (2020) developed the ADIANA method, which adds acceleration on top of a
variant of DIANA that relies on the computation of full-batch gradients on all nodes. The resulting
method offers provable speedups in convex and strongly convex regimes. Another example is the
method ECLK of |Qian et al.| (2020), which employs compressed communication via any (possibly
biased) compressor satisfying a certain contraction property in combination with a slightly different
variance reduction technique known as error compensation (Stich & Karimireddyl [2019; Karimireddy
et al.,[2019)), while acceleration is offered by a loopless variant of the accelerated method Katyusha
(Allen-Zhul 20177; [Kovalev et al., [2020).

A.4 FURTHER TRICKS

Numerous other techniques are often used to improve some other aspects of distributed training,
including implementing multiple local gradient steps before communication (Stich, [2020; |Karim-
ireddy et al.| | 2020; [Woodworth et al.,2020a), asynchronous communication protocols (Agarwal &
Duchi, 2011; |Lian et al., 2015} |[Recht et al., 201 1), in-network aggregation (Sapio et al.,2021), and
performing the distributed training in a decentralized peer-to-peer manner without the reliance on an
orchestrating server (Koloskova et al.,[2019; |Alghunaim et al.,|2019). However, in this work, we do
not explore these directions and focus on the three techniques described before, namely, compressed
communication, variance reduction and acceleration.

B MINING FOR SMOOTHNESS INFORMATION

B.1 ONE SIZE FITS ALL

Arguably, one of the most ubiquitous, if not the most ubiquitous, assumptions used in the literature on
first-order optimization methods is that of L-smoothness (Nesterov, [2004). A differentiable function
¢ : R% — R is said to be L-smooth if there exists a constant L > 0 such that

8(z) < Ol) + (Vo(w),x —9) + 5l — ol ©

holds for all z,y € R%. However, most works in the area of finite-sum distributed optimization use it
very crudely: they assume that all local loss functions f; as well as their average, f = % >, [fi, share
the same smoothness constant L (Tang et al., 2019 |Woodworth et al., 2020b; Stichl, [2020). This is
crude because much information is lost this way. Indeed, assuming that each f; is L;-smooth, it is
well known that f is L;-smooth with L satistying the inequality L < % >, Li. In the light of
this, the above assumption is crude as it effectively replaces the values Ly,..., L, and Ly with a
single parameter L satisfying L > max{L1,..., L, }. Since the stepsizes and convergence rates of
first-order methods depend on the smoothness constant(s) employed, convergence analysis relying
on such crude approximation may be significantly suboptimal, and the methods too slow when
implemented following the theory.

B.2 “ACCORDING TO THE WORK OF THEIR HANDS” (LAM 3:64)

Significant theoretical and practical improvement can often be obtained when taking account of all
the smoothness constants involved, avoiding the practice of replacing them all with a single crude
bound. Such analyses are more rare, but fairly common. For example, (Richtarik & Takac| 2016aj;
Hanzely & Richtarik} 2019a).

12
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B.3 “LIKE TREASURE HIDDEN IN A FIELD, WHICH A MAN FOUND AND COVERED UP” (MAT
13:44)

The starting point of this paper is the observation that there is a hitherto untapped richness of
smoothness information that can be used to construct better distributed optimization algorithms and
obtain better theory. This information is available, but hidden from sight, and is based on the notion
of matrix smoothness.

Definition 4 (Matrix Smoothness). We say that a differentiable function ¢ : R? — R is L-smooth if
there exists a symmetric positive semidefinite matrix L > 0 such that

6(z) < 0(y) + (Voly). = ) + 5 le — I} (10)

holds for all z, y € R%.

The standard L-smoothness condition () is obtained as a special case of (I0) for matrices of the
form L = LI, where I is the identity matrix. Function f; appearing in () is often the average loss
over the training data stored on node ¢, i.e.,

1 &
fi(a) = — 3 Gim(Aima), (1)
* m=1

where A;,,, € R%m*d {5 a data matrix, and ¢;,,, : R%m — R is a differentiable function (e.g., the
loss over all but the last linear layer of a NN). The following simple result from |Qu & Richtarik
(2016Db)), used therein in the context of randomized coordinate descent methods, states that if the loss
functions ¢;,,, are smooth in the standard scalar sense, then f; is smooth in the matrix sense.

Lemma 2. Assume that each ¢y, is Aim-smooth. Then the function f; defined in (T1) is L;-smooth
with

m;

1
L= — Aim Al A, (12)

In cases where the local functions f; are of the form (TT)—and it is clear this structure is ubiquitous—
there is a lot of potentially useful information contained in the matrix smoothness “constant” L;.
If we were to use the scalar smoothness constant of f; instead, we would be effectively tossing
this richness away, and replacing it with L; = Apax(L;); the largest eigenvalue of L;. This seems
wasteful. As we show in this work, it is. However, we offer a fix.

C MOTIVATION AND CONTRIBUTIONS

To the best of our knowledge, none of the current distributed optimization methods, including the
methods DCGD (Khirirat et al.,[2018), DIANA (Mishchenko et al.,[2019) and ADIANA (L1 et al.|
2020) discussed in Section[A] are capable of exploiting the inherently rich data-dependent smoothness
structure of the local losses beyond standard smoothness constants. To this effect, we impose the
following assumption throughout the paper:

Assumption 2. The functions f;: R? — R are differentiable, convex, lower bounde(ﬂ and L;-
smooth. Moreover, f is L-smooth. Let L := A,.x(L) be the (standard) smoothness constant of

I
In this paper, we argue that when training supervised models, smoothness matrices (see Definition[d)—

information-rich generalizations of the classical and ubiquitous smoothness constants—can and
should be exploited for further dramatic gains, both in theory and practice.

C.1 UNBIASED DIAGONAL SKETCHES

We study unbiased diagonal sketches, defined as follows:

*Lower boundedness of f;(x) can be dropped if L; > 0 is positive definite. This part of the assumption is
not a restriction in applications as all loss function are lower bounded.

13
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Table 2: Original and proposed new methods.

ORIGINAL DCGD DIANA ADIANA
NEW DCGD+ DIANA+ ADIANA+
(ALGE]) (ALG (ALG
PROXIMAL v v v
DISTRIBUTED v v v
VARIANCE REDUCED X v v
ACCELERATED X X v

Table 3: Summary of theoretical results obtained in this work with hidden log é factors and constants.
Below n is the number of machines, d is the number of parameters of model, L,,x = max; L;, L; =

Amax(L;) and the expected smoothness constant L,y is defined in . The variance of generic
compression operator used in the original methods is denoted by w. In case of sparsification, we have
w = d/r — 1 = O(n) when the expected size of selected coordinates is 7 = d/n. Parameters vy, v
and v describing distribution of matrices L; are defined in @)

’ Regime ‘ Vfii(z*)=0 arbitrary V f; (z™) ‘ arbitrary V f; (z™) ‘
Original DCGD DIANA ADIANA
Methods (Khirirat et al}|2018) | (Mishchenko et al.}[2019) | (Lietalj2020) |
|/ Zmax if n<w
Iteration L wLmax Lmax wLmax wte H s
Complexity T w+ SR

T Lmax wLmax [Lmax j,
w+\/T+ wy [ Eomax, [2max i n>w

Tteration
anglg?gy Loz n + Lmax n+ny/imax =g 4 fn Lmax
New DCGD+ DIANA+ ADIANA+
Methods (Algorithm [T (Algorithm[2) (Algorithm[3)
2 ) =
Clteralliox}t Ly Fmax e o 4B Frno wmax+\/wmax o if nL<Lmax
omplexi n < n r ~
ey # g # * wmax+y/ L +fwmaxy/ £max L it nL>Emax
L 1/4 . &
Iteration N N N N "’*"( e ) ifnL<Lmax
1 max max max max “ Q
Complexity e S i e S T n+\/7m+(n7Lmax V% it nL> Emax
T =9Yn (if v, vq are O(1)) (if v, vy are O(1)) e # o
(if v,vg are O(1) and Lmax/p is O(nd~))
Reference TheoremH Remarkhl TheoremH RemarkH Theoremlél RemarkH
Speedup

factor (up to) min(n, d) ‘ min(n, d)

Nz if nL<Lmax and Lmax/p=0(nd?)
/min(n,d) if nL>Lmax and Lmax/u=0 (nd?)

Definition 5 (Unbiased diagonal sketch). Let S be a random subset of the set of coordinates/features
of the model x € R? we wish to train, i.e., S C [d] = {1,2,...,d}. Let S be proper, ie.,
p; = Prob(j € S) > 0 for all coordinates j € [d]. We now define a random diagonal matrix (sketch)
C = Cg € R¥4 yia

. Up, ifjes
C=D e = ! ' 13
fag(c,-- ca)y ¢ {O otherwise. (13)
Note that given a vector x = (x1,...,24) € R?, we have
x;/p; if jeSs
Cz); =<7 .
(Co); {0 it j¢s

So, we can control the sparsity level of the product Cz by engineering the properties of the random
set S. Also note that E[Cz] = z for all .

C.2 DATA-DEPENDENT SPARSIFICATION OPERATORS

In order to further alleviate the communication burden inherent in distributed optimization, we further
propose data-dependent sparsification operators that can take full advantage of the smoothness
matrices L; associated with the local losses f;. To the best of our knowledge, this is in sharp contrast
with the design of all existing tractable compression techniques used in distributed training, which are

14
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proposed independently of the training data, and typically based on intuitive or information-theoretic
principles.

With each node i we associate an unbiased diagonal matrix C; of the form (I3). We use this and the
smoothness matrix of f; to define a sparsification technique, described next.

Definition 6 (Data-dependent sparsification). In situations when the ¢-th node wished to communicate

local gradient V f; (), we ask the node to send the sparse (=compressed) vector CiL;rl/ *Vfi(x) to
the server instead. The server then constructs (=decompresses) an unbiased estimator of V f;(x) as
follows:

gi(z) = L’ CLI"*V f,(x), (14)
where L;fl/ ? denotes the square root of the Moore-Penrose pseudoinverse of L;.

Notable differences of our proposed communication protocol when compared with standard sparsifi-
cation techniques are: i) we use the smoothness matrix L;, ii) the compressed vector CiLzT»l/ Y, fi(x)
is not unbiased, iii) we devise a separate decompression mechanism (I4), also involving L;, and this
enforces effective unbiasedness.

C.3 MATRIX-SMOOTHNESS-AWARE REDESIGN OF 3 DISTRIBUTED METHODS

To showcase the power of our approach, we demonstrate how our matrix-smoothness-aware spar-
sification technique (T4)) can be adapted to DCGD, DIANA and ADIANA, in each case leading to
significant communication savings. By doing so, we show that matrix smoothness can be effectively
used to speed up communication compression, variance reduction and acceleration, respectively. This
results in three novel methods: DCGD+, DIANA+, and ADIANA+; see Table 2]

C.4 DRAMATIC IMPROVEMENTS IN COMPLEXITY RESULTS

We perform complexity analyses for our methods and derive convergence rates under matrix smooth-
nesy’| (see Assumption and strong convexity assumptions (see Theorems and . We show
that new methods always outperform the originals/baselines, and often dramatically so.

To illustrate the potential of our sparsification technique embedded in the new methods, let
all machines ¢ € [n] use sketches C; induced by independent®| samplings S; with probabilities
pi;; = Prob(j € S;). Then we show that, with optimized probabilities p;,;, DCGD+ can be
O(min(n, d)) times faster then DCGD (see Remark [3)) and DIANA+ can be O(min(n, d)) times
faster than DIANA (see Remark E]) depending on the distribution of L;. For the accelerated method,
we highlight improvements when condition numbers of subproblems are O(nd?). We show that
ADIANA+ can be faster than the original ADIANA by a factor of O(+/d) in high compression regime,
and by a factor of O(y/min(n,d)) in low compression regime (see Remark . Main theoretical
results are summarized in Table

C.5 SINGLE NODE CASE

Specializing our theory to the single machine setting (n = 1), we design new non-distributed algo-
rithms providing an alternative viewpoint to randomized coordinate descent methods (see Appendix

C.6 LOWER BOUNDS

Using matrices as linear compression operators, we further investigate the trade-off between commu-
nicated bits and variance induced by the compression (see Appendix [K).

>The closest to our result is work of Hanzely & Richtarik| (2019b) and their ISEGA method which is able to
exploit diagonal smoothness matrices. To the best of our knowledge, we are the first to fully exploit smoothness
matrices of arbitrary structure, and elevate them as a new tool at the disposal of algorithm designers.
Sampling S; is called independent if p;.;; := Prob({4,1} C S;) = pi,;piy forall 4,1 € [d].
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C.7 EXPERIMENTS

We conduct numerical experiments using LibSVM datasets (Chang & Lin, [2011)), confirming the
effectiveness and superiority of our sparsification protocol (14) over the standard sparsification
scheme (see Section [F).

D NEwW COMMUNICATION-EFFICIENT DISTRIBUTED METHODS
EXPLOITING MATRIX SMOOTHNESS

Consider the distributed optimization problem (8] with the smoothness Assumption[2]and for strongly
convex f.

Assumption 3 (y-convexity). f: R? — R is u-convex for some p > 0, i.e.,
I(@) 2 f) + (V)2 —y) + Glle —y]?
for all z,y € R%.

Below we present our new distributed methods, redesigned for matrix smoothness, and their con-
vergence guarantees. Each node i € [n] generates diagonal sketches C; independently from others
via an arbitrary sampling S; and, togther with its smoothness matrix L;, composes the compression
matrix CiLZTl/ 2, Probability matrices P; and P; associated with the sampling \S; and sketch C; are
defined as follows

P, = (pi;jl)?lzla pizji = Prob({j, 1} C Si),

5 ~ ~ Di;jl
P; = (Pijt)ji=1, P =———1.
? 2590) jl=1 2 pi;jjpi;ll

15)

Next, we introduce the key quantity, £,,ax, describing the joint contribution of our sparsification (14)
to the complexities of the three proposed methods:

Emax = max Ei7 Zz = )\max(ﬁi o Lz)a (16)

1<i<n

Above, o stands for Hadamard (i.e. element-wise) product.

D.1 DCGD+

We now present our matrix-smoothness-aware sparsification technique by adapting DCGD algorithm
(Khirirat et al., [2018)).

Upon receiving the current model z* from the server, each node computes le/ *V fi(«") based on
local training data and smoothness matrix. Next, sparsified updates Cijl/ *V f;(z*) are sent back to

the server, which then averages decompressed updates L;/ 2C§LII/ *V f;(2*) and performs proximal
step to get a new model z*+1,

Algorithm 1 DCGD+
1: Input: Initial point z° € R¢, current point z*, step size 7, diagonal sketch C¥
2: on server
3:  send z" toall nodes

get sparse updates CfLI v fi(2") from each node

¢F = & T LGV fiah)

g+ = prox, p(2* —79")

AN AN

With this method we get convergence up to a neighborhood.

16
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Theorem 3 (see[L.3). Let Assumptions[2]andB|hold and assume that each node generates its own
diagonal sketch C; independently from others. Then, for the step-size

1
Oy —
L+ 2 Lomax
the iterates {x*} of Algorithmsatisfy

2 *
0 _ x*H2 + o
un

E [[la* —2**] < (1 — )" |l : (17)

where o* = 1371 L[V fu(2®) |12

Proof technique. First we show the unbiasedness of g*. As smoothness matrices L; are not

necessarlly invertible, terms like L, / 2LT /2 show up in the analysis and block chains of cancellations.

This part is handled by the fact that gradlents V fi(z) of an L;-smooth function are constraint to
remain in Range Li; and the mapping associated with the matrix L, / 2LT V2 s identity on the subspace
Range(L;). Second part is the tight estimation of E||g¥ — V f(z )H2 which describes the progress
of the method in the presence of stochasticity. Key part is getting the decomposition

k19" = Vi) = IVf(") = Vi) + ZHVL ||Lt/2(PoL)Lr1/2, (18)

which shows the exact interaction between random sketches and local smoothness. We complete the
proof using the unified convergence theory of |(Gorbunov et al.| (2020al).

D.2 VARIANCE REDUCTION: DIANA+

Next, we apply our sparsification technique to the variance reduced method DIANA (Mishchenko
et al.l[2019).

In this method, each node maintains an auxiliary control vector hf , called shift, which helps to
reduce the variance coming from the sparsification. Moreover, the central server keeps track of
only the averaged shift h*. Then, the model z* as well as control vectors h¥, h* are updated by
decompressing sparse information A¥ using matrices L;.

Algorithm 2 DIANA+
1: Input: Initial point z° € R, initial shifts hY € Range(L;), current point z*, step size parameter
~ and a, sketch C¥ and CF == L;/*CFLI"”, current shifts h¥, ..., h% and h¥ .= LS pk.
2: on each node
get 2 from the server

3

4:  send sparse update Ak = CELI*(V f;(2%) — hF)
s: AF = LAY, gf = hf+ B Wi = hE + o}
6: on server
7.
8
9

get sparse updates Af from each node
_1ym Ak_1yn 1Y
F ~n Zi:l Af ~n 2131 L; 2Ai‘€
F= ARk =03, CF (Vfila®) = hY) + by
10: 2kt = prox,YR(ixk —vg")
11: BFE = hE 4 aAF

In this case we get rid of the neighborhood and provide linear convergence to the exact solution z*.
We use O notation to ignore log % factors and constants.

Theorem 4 (see[L.4). Let Assumptions2]and 5| hold and assume that each node generates its own
diagonal sketch C; independently from others. Then, for the step-size

1
L + %Zmax7
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Algorithm@guamntees E [[|z* — 2*||?] < € after

_ L Lo
O wmax""*"'@ (19)
B np

iterations, where wWpax = Maxi<;<p W; and w; = Maxi<j<q p—l - — 1 is the variance of compression
== = =" Piyj
operator induced by sketch C;.

Proof technique. The structure of the proof resembles the one for DCGD+. With the introduced
shift vectors, the unbiasedness of ¢g* additionally requires h¥ € Range(L;). This is resolved by
the initialization h? € Range(L;) and linear update rule for hf“ in line 5. The proof develops a
decomposition similar to |i with modified second term % := 1 S°" | ||nF — V f(2*) Hif involving

shifts h¥. To avoid the neighborhood term in (17) and guarantee a linear convergence for 2%, we make

o converge linearly too. Key technical part of the proof is to establish contracting recurrence relation

for o* which boils down to E[C] LIC,] < (w; + 1)L!. The latter bound justifies the structure of

C; as it filters the interaction between compression and smoothness mixed in the expectation and
separates variance w; of compression from smoothness matrix L;.

Remark 1 (Variance Reduction: ISEGA+). In Appendix|Njwe apply our redesign to another variance
reduced method called ISEGA (Mishchenko et al., |2020; |Hanzely & Richtarik, |2019b|)). At the core
of ISEGA, the mechanism for variance reduction is based on SEGA method (Hanzely et al.|2018).
The key difference between ISEGA and DIANA is that ISEGA updates the control variates h more
aggressively using projection instead of the mere a-step towards the projection used in DIANA.
Formally, adapting our matrix-smoothness-aware sparsification to ISEGA, we define the update rule
of control vectors hf as follows

it = arg min lh = hE|2, = hf + L Diag(P;)CELI* (V fi(a") — h).
heRange(L;) i
CFLI'2v f (aF)=CFLI?h

On the other hand, notice that the update rule in DIANA+ has the form
W= oL CEL (V fi(a*) — h)

for some fixed scalar o > 0, and thus is more conservative. Note that we choose the gradient
estimator for ISEGA+ to be the same gF = h¥ + L;/2CfL;rl/2(Vfi(xk) — h¥). The method is
presented as Algorithm[/|in Appendix

In contrast to DIANA+, we can not obtain the convergence rate of ISEGA+ directly from the
framework of|Gorbunov et al.|(2020a). Instead, to get the tight convergence rate, we shall cast it
as an instance of GJS method (Hanzely & Richtarik, 2019b)).. Theorem|23|provides the result — we
can see that the worst case complexity is identical to DIANA+. However, in terms of the practical
performance, we expect ISEGA+ to outperform DIANA+ due to the more aggressive update rule of
control variates.

Remark 2 (Variance Reduction with Bi-directional Compression: DIANA++). As an extension to
DIANA+, in Appendix[O|we apply our sparsification technique both for nodes and for the central
server, thus compressing gradients in both directions of communication. We develop and analyze
DIANA++ method (see Algorithm[8), for which the central server applies compression in its turn
with sketch C independently. To converge in a linear rate, DIANA++ maintains an additional control
vector, which helps to reduce the variance coming from the master’s sparsification. Theorem
provides complexity result for DIANA++, which recovers the same complexity (I9) of DIANA+ if no
compression is applied by the master.

D.3 ACCELERATION WITH VARIANCE REDUCTION: ADIANA+

Finally, we redesign the accelerated method ADIANA (L1 et al.| 2020) to effectively exploit local
smoothness matrices.

The algorithm develops four sequences {z*, y*, ¥ w*} of models, which are layered via convex
combinations, proximal steps and probabilistic assignments. In each iteration, nodes receive models
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x* and w* from the server, and send back sparse updates A¥ and 6* using local data and control
vectors h¥. Then, decompressing these sparse vectors with matrices L;, nodes update their shifts h¥
and the server updates all four models along with averaged shift h*.

Algorithm 3 ADIANA+
1: Input: Initial points f— yo = 20 = w0 € R4, initial shifts h? € Range(L;), current point ak,
parameters 7, @, 3,1, 01, 02, q, sketch C¥ and CF = L;/chle/Q, current shifts p%, ...  hk
E_ 15" 1k
and b = = >0 | By
on server
k = lek + egwk + (1 — 91 — Hg)yk
send z* and w" to all nodes
on each node )
send sparse update A¥ = CFLI"2(V f;(a*) — hF)
send sparse update 6 = CkLWZ(Vf ( k) — hk)
update local gradient AF = L/2Ak| gk = pk 4 Ak
9:  update local shift 6¥ = 1/25’“ th hY + ad¥
10: on server
11:  get sparse updates A¥ and 6% from each node

D &=L DAL B - LS L

130 gF=AF 4k =L CF(Vfi(a*) — nF) + nE
14: AP = BF 4 bk

15 y**+! = prox, p(z¥ — ng*)

16:  2Mt =K+ (1 - p)ak + %(yk+1 — k)

{yk with probability ¢,

17: ktl — . .-
v wF  with probability 1 — q.

Clearly, the new method ADIANA+ enjoys the accelerated rate, which is strictly better then the one
for DIANA+.

Theorem 5 (see [L.5). Let Assumptions [2] and [5| hold and assume that each node generates its
own diagonal sketch C; mdependently from others. Then, the iteration complexity of Algorithm 3]
guaranteeing E [||2% — z*||?] < e is

O ( Wmax + \/ Wmax Lmdx) lf nL < Emax

O wmax + \/> Wmax 'Zldx ﬁ) l‘f nL > ['max

(20)

Proof technique. The additional difficulty that acceleration brings on top of variance reduction is
the modified term H* := L 3"  ||AF — V f;(w*)[|?, controlling variance reduction process. The

subtlety of H* in contrast to o* is gradients V f;(w*) which are not fixed. Key technical part is to
reduce contracting property of H* into upper bounding E[(I — aC;) TL!(I — aC;)] by (1 — )L!
as quadratic forms in the subspace Range(L;).

E IMPROVEMENTS OVER THE ORIGINAL METHODS

To compare the proposed methods with originals and highlight improvement factors, we choose
independent sampling for all nodes. For Algorithms [I] and [2] we optimize probabilities of the
samplings based on the complexities we found.
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E.1 PARAMETERS DESCRIBING DISTRIBUTION OF L;

Define parameters v and vy describing the distribution of local smoothness matrices L; as follows

n d 1/8
U= 21;17 Vs ‘= max ZJ;’JI/J @
max;e[n] Li €] max;e|q) Ly

where L; = Apax(L;) and s = 1 or s = 2. Let Ly, = maxi<i<n L;. Note that parameters
v € [1,n] and vs € [1,d] describe the distribution over the nodes and coordinates respectively. If
L; are distributed uniformly, then v = n and vs = d. On the other extreme, when the distribution
is extremely non-uniform, we have v < n and v; < d. These parameters are used to highlight the
range of iteration complexities new methods can provide.

E.2 IMPORTANCE SAMPLING FOR DCGD+

Lett =E[|S;]] = Z?:l Pi;; be the expected mini-batch size for the samplings S;, where p;,; = pi.j ;.
Notice that convergence rate of Algorithmdepends on Emax = maxi<i<n ENZ Since each node
i € [n] generates its own diagonal sketch C; independently from others, each node can optimize
ZZ- = )\max(f’i o L;) independently based on local smoothness matrix L;. In general, minimizing
)\max(lgi o L;) with respect to probability matrix 151 is hard. However, when each node uses an
independent sampling, which means p;.;; = p;;jpi; if j 7# [, then

/\max(f’i oL;) = max < 1

—1]|L;, 22
1<j<d \ pisj ) w 22
for which we can find the optimal probabilities p;;;. To minimize the maximum term in (22), we
should have (1/p;;; — 1) L;,; = p; for some p; > 0. Then the solution is

= - 23
Pii = T4 (23)

where p; > 0 is the unique solution to 2?21 L_Lf‘ﬁpv = 7. The latter does not allow closed form
i tpi

solution for p;. However, since p; is the root of strictly monotone and one dimensional function, it
can be computed numerically using one dimensional solvers. Thus, we can efficiently compute the
optimal probabilities (23)).

Proposition 6 (Optimality). The independent sampling with probabilities (23)) is the optimal inde-
pendent sampling for the rate ({I7).

Remark 3 (Improvement over DCGD (Khirirat et al., 2018)). With probabilities we show in
Appendix|M.1|that

£+@<<K+ﬂ)@' 24)
w nu ~ \n Tn 7!

In the interpolation regime (i.e. V f;(x*) = 0 for all i € [n]), the iteration complexity of DCGD
. A/ L Lonax . . . . 4.
is O(ﬁ + “’T) for general compression operator with variance parameter w. If we specialize
compression to sparsification with T = d/n entries (which gives w = d/r — 1 = n — 1), we get

(’)(L‘;‘f" ). Notice that, in this regime, Theorem 3| also provides linear convergence with iteration

complexity (’3(% + ﬁn—:") Based on , it is bounded by (’3((% + %)%), which is always

better than O(L£m2x) and can be as small as O(—L»2x_)_ Hence, for mini-batch T = d/n, DCGD+
w - min(n,d)p

(Algorithm guarantees the same O( L‘Za") complexity in the worst case, but could provide up to

min(n, d) times speedup.

E.3 IMPORTANCE SAMPLING FOR DIANA+

To find optimal probabilities for DIANA+, we minimize wmyax + LE‘“" part of the complexity .

n
Definitions of L,,x and wpax imply that it is equivalent to minimize

1 Li.;
max ( - 1) Lj;, Li;==—"L+1, (25)
1<5<d \ Pi;5 ’ ’ n

W
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which can be solved in the same way as (22)) yielding

Li.; L;,;
DPisj = 15 n 7T o ,un; : (26)
Li;,+p; L+ (14 pf)un

Proposition 7 (Optimality). The independent sampling with probabilities (@) is the optimaﬂ inde-
pendent sampling for the complexity (I9).

Remark 4 (Improvement over DIANA (Mishchenko et al.,[2019; Horvath et al.l 2019b)). Here we
compare DIANA+ against the original DIANA method, which has iteration complexity O(n + %)

when each node sparsifies with T = d/n entries. With probabilities we upper bound the complexity
(19) in Appendix|M.2)as follows

L Zmax 2d 2 Linax
wmax+u+<+<”+”1>. e

un T n ™ i

Therefore, with T = d/n, DIANA+ (Algarithm guarantees the same (5(71 + %) complexity in
the worst case, but could provide up to min(n, d) times speedup with iteration complexity O(n +

Linax )
min(n,d)p /"

E.4 INDEPENDENT SAMPLING FOR ADIANA+

Clearly, if we sparsify with uniform probabilities p;.; = 7/4, then Algorithmrecovers the rate of
ADIANA.

Remark 5 (Improvement over ADIANA (Li et al.,[2020)). To show that the rate could be significantly
better in some cases, consider the following choice

Li;j
= -t (28)

where pl is determined uniquely from Z'{l:l pi;j = 7. Then, with these probabilities and for
Lmax/p = O(nd?), we show in Appendixthat

£ g VLmax’ A O <I/2d> , Emax _ O <V2d LmaX) )
12 nu T un T n

Furthermore, assuming both v and vy are O(1), choosing T = d/n we get

L L. ; Lo
SO( mdx), wmaX:O(n), Lmdx :O< n max>.

u L pn 7
Then, the complexity ([20) of ADIANA+ reduces to
1/4 ~
n+n (Lo ) i 1L < Lo,

3/s ~
n+ Lmax + (n@> zfnL > ﬁmaxa

o %

which, compared to the complexity of ADIANA with w = O(n) compression, gives Vd times

improvement in the first case and \/min(n, d) times improvement in the second case (ignoring the
first summand n of the complexities).

F EXPERIMENTS

In this section we numerically compare the proposed matrix-smoothness-aware sparsification strategy
(T4) with the usual sparsification scheme.

"In the sense that it minimizes a quantity, which is the complexity of DIANA+ up to some constant factor.
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F.1 EXPERIMENTAL SETUP

We devise three different experiments on logistic regression with LibSVM data (Chang & Lin, [2011).
In particular, the objective is given as

1 ms [
fie) = —— 3 log (1+ exp ((Aim)jo - (bim))) + & 12l
0 j=1
where A, € R%m*4 is the data matrix with corresponding labels b;,, € R% . In our case, we did
split the randomly reshuffled datasets into equal chunks among workers in each case so that m; = m;
for all 4, 7 < n. The data matrix A was normalized so that each datapoint has a norm equal to %
Lastly, we have chosen p = 1073 for all experiments.

For each of the datasets, we have selected a specific number of workers given by Table ] Each of the
method was run with theory supported parameters with an exception of the ADIANA+, where we
have omitted several constant factors for the sake of practicality.

Table 4: Datasets.

| Dataset | #datapoints [ d | n [ m; |
ala 1 605 123 | 107 15
mushrooms 8124 112 12 677
phishing 11 055 68 11 1 005
madelon 2 000 500 4 500
duke 44 7129 | 4 11
aBa 22 696 123 8 2837

F.2 VARIANCE REDUCTION WITH NEW SPARSIFICATION AND IMPORTANCE SAMPLING

We now comment on the experiment illustrated in Figure[2] We examine three sparsification schemes
(two variants of our strategy and the usual sparsification not aware of smoothness matrices) and
their influence on convergence using six different datasets. Considered schemes are i) DIANA+
with importance sampling (26), ii) DIANA+ with uniform sampling, and iii) DIANA with uniform
sampling, i.e., uniform sparsification unaware of smoothness matrices. In all three cases we fixed the
sampling size 7 = 1.

As expected, Figure 2] confirms our theoretical findings. First, it demonstrates that our sparsifica-
tion (T4) always outperforms the naive/direct sparsification, sometimes by a large margin. Second, it
shows the benefit of importance sampling (26) over the uniform sampling.

F.3 THE PROPOSED AND USUAL SPARSIFICATION TECHNIQUES FOR THE 3 DISTRIBUTED
METHODS

In the second experiment depicted in Figure[3] we compare six different methods: well-established
DCGD, DIANA, ADIANA and our methods DCGD+, DIANA+, ADIANA+, all with uniform
sampling for 7 = 1. In order to highlight the importance of the variance reduction, in this experiment
we choose the starting point to be close to the optimum.

Figure [3] demonstrates the following: i) methods with matrix-aware sparsification (i.e., DCGD+,
DIANA+, ADIANA+) always outperform their baselines (i.e., DCGD, DIANA, ADIANA) ii) accel-
eration almost always outperforms the non-accelerated variant, often dramatically so and iii) variance
reduction never hurts the convergence, but often stabilizes the oscillation of the non-variance reduced
counterpart.

F.4 THE EFFECT OF SPARSIFICATION LEVEL 7 ON THE CONVERGENCE RATE

In this experiment, we study the effect of sparsification level 7 on the convergence rate. Informally
speaking, our theory suggests that the sparsification does not hurt the convergence rate unless 7 is
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Figure 2: Comparison of our sparsification strategy of size 7 = 1 for DIANA+ (Algorithm [2)) using
i) importance sampling with probabilities , ii) uniform sampling with p; = (%, é, e é) and iii)
DIANA (Mishchenko et al.} 2019) using standard sparsification scheme with uniform sampling. All
methods are run with stepsizes as dictated by theory.
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Figure 3: Comparison of the three original methods DCGD (Khirirat et al., 2018), DIANA
(Mishchenko et all,[2019) and ADIANA 2020) with the proposed new methods DCGD+
(Alg. [I), DIANA+ (Alg. 2) and ADIANA+ (Alg. [3). All six methods use uniform sampling with
single mini-batch size 7 = 1.

smaller than some constant. The value of such constant depends on various factors such as the type
of sampling and the specific smoothness structure of the objective.

To contrast this with known results, Mishchenko et al.| (2020) show that the sparsification does not

hurt ISEGA significantly (a method with sparsification unaware of smoothness matrix) as soon as

mn > d. Addmitedly, Mishchenko et al.|(2020) assume identical smoothness constants for both f

and f;, so such a conclusion is slightly imprecise. In our case, ignoring the W,y factor, the rate is
Limax

dominated by the sparsification factors only if L = O (—)

n

The results are presented in Fugure [d] (Iteration vs Residual) and Fugure [5] (Communication vs Resid-
ual). As expected, we see that the sparsification only hurts the iteration complexity when 7 is below
certain treshold which is smaller for the uniform sampling compared to the importance sampling.
Consequently, DIANA+ is capable of significantly reducing the worker->server communication at no
cost in terms of the total iteration complexity.
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the iteration.

G CONCLUSIONS, EXTENSIONS AND FUTURE WORK

In this paper we have proposed a novel gradient sparsification technique for distributed optimization
and demonstrated that it allows one to properly exploit the smoothness structure of the local objective.
We have shown that the proposed matrix-smoothness-aware sparsification can be coupled with both
the variance reduction and acceleration, providing further speedup in terms of the convergence rate
and the total bits transmitted from workers to server. Next, we list possible extensions of our work
that we believe can or should be done in the future:

e Subsampling the local objective. While DCGD+, DIANA+ and ADIANA+ all require an
access to the full local gradient from each machine at every iteration, we believe this require-
ment can be easily dropped. In particular, the local objective can be further subsampled and
extra variance reduction can be employed on top of these methods, similarly to as done for

ISAEGA (Hanzely & Richtarik}, [2019b).
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o Greedy sparsification. Notice that the sparsified local gradient can be seen as a randomized
coordinate descent estimator of a given machine. However, greedy coordinate descent was
shown to outperform randomized coordinate descent in certain scenarios (Nutini et al.
2017). Therefore, one might pose a question whether a greedy sparsification might work for
distributed optimization.

o Bi-directional sparsification. As we also mention in Section |H, one drawback of our
approaclﬂis that only worker—server communication is sparse. It would be very interesting
to develop a bi-directional sparsification capable of properly exploiting the smoothness
matrices. For this matter, in Section[O]we develop and analyze DIANA++ method employing
bi-directional matrix-smoothness-aware sparsification and twofold variance reduction.

o Weakly convex and non-convex cases. While we state our theory for the strongly convex
case (i.e., Assumpiton[3)), it can be rather easily extended to weakly convex case (i.e., = 0).
However, obtaining an efficiennt smoothness matrix aware sparsification for non-convex
optimization remains an open problem.

H LIMITATIONS
Next, we discuss main limitations of our approach.

e The server is required to store matrices L;/ ? for all machines i € [n] and multiply them by

sparse updates CFL!/*V f;(2*) in each iteration. Therefore, our method is not expected
to be practical when d is large and matrices L; are not of a special structure so that they

are cheap to store and so that Cijl/ *V fi(x*) can be evaluated cheaplyﬂ On the other
hand, our strategy is still practical when i) d is small or ii) L; is of a special structure such
as low rank or diagonal. In particular, diagonal L; requires only O(7) extra computation
per each node (which is negligible), while attaining a rate which is never worse compared to
the naive sparsification.

e Except DIANA++ method presented in Section[O] we sparsify only the communication from
the workers to server. Sparsifying workers—server communication only is very common in
the area of distributed optimization as the workers— server communication is significantly
more expensive compared to the server—workers communication. Such a phenomenon can
be assigned to the fact that the server is broadcasting the same vector to all workers, and
thus the server—workers communication can be implemented more efficiently.

Remark 6. The overhead that comes from the computation of L;rl/ VY f;(z*) is not an issue in general.
Given that L; is of rank r, one requires O (d2r) flops to precompute SVD of L;. Given that SVD of
L; is known, the evaluation of LZW *V fi(x*) takes only O (d27") flops. While the cost of computing

V fi(x*) varies depending on the application, we can expect it to takes at least §) (dzr) flops for
the application of generalized linear models (i.e., logistic regression). Next, we shall mention that

evaluating L;(I/QVfi(zk) comes at O (d) cost when L; is diagonal.

81n fact, this is a drawback of the vast majority of compression methods from the literature. A notable
exception is DoubleSqueeze (Tang et al.,2019) which compresses the server—worker communication too.

°For example, if L; is of rank 7, for all 4, we require extra O(ndr) storage and O(ndr) flops at the server at
each iteration.
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I TABLE OF FREQUENTLY USED NOTATION

Table 5: Notation used throughout the paper

Symbol Description Reference
d dimension of the model = € R? 1;
o strong convexity parameter of f Asm. |3
L smoothness matrix of f Asm. |2
L;; the element at ith row and jth column of L -
L; smoothness matrix of f; Asm.
L; smoothness constant of f;(z), i.e., Ly = Amax (Li) -
L smoothness constant of f, i.e., L = Amax (L) -
S random sampling (subset) of coordinates [d] := {1,2,...,d} -
Pjts Pj pji == Prob ({j,1} € 5), p; =pj; -
P the probability matrix (p;; )3{1=1 associated with random sampling S
v; ESO parameters associated with f and .S jointly -
C diagonal sketch matrix with ¢th random variable ¢, = 1/p; if ¢ € S and 0 otherwise 13
w variance of general compression operator C, i.e. E [||C(z) — w|\2} < wlz|?, Yz € R? -
C, Ck C =LY?cLi"?, CF = L}/2CFL!"? -
I, E the identity matrix and the matrix with all entries equal to 1 -
P, P P = Diag (1/p) PDiag (1/p) with entries p;; = :L_gj ,adP=P—-E
C, L expected smoothness constants £ = Apax (P o L), L= )\max(f) oL) -
n number of parallel machines in distributed setting 'H)
C;,P;,P;, 15,, diagonal sketch matrix and probability matrices for ith worker (113|), (115|)

Pijs> Pisjs Disj

j-th diagonal element of P;, P;, P;

w; variance of compression operator induced by C;, i.e. w; = maxi<;<a ﬁ -1 -
Wmax maxi<;<n Wi = MaX1<;<n MaX1<<d ﬁ -1 M
Li, /37 expected smoothness constants, L; = )\max(ﬁi oL;), EZ = )\max(f’,, oL;) -

Zmax, Emax Lmax = maxi<i<n )\max(f’i oL,), Emax = maxi<i<n An]ax(f’i oL;) 16
T
v, Vs Parameters describing distribution of L;, v := iy Li Z;l:l L'i;js 21

—, Vg ‘— Imax;
maie ] L1V i€ln

1/s
max; e 4] Li'j

B
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J THEORY IN THE SINGLE NODE CASE: RCD AS SKETCHED GRADIENT
DESCENT (SKGD)

In single node setup, matrix smoothness assumption and arbitrary samplings have been considered
mainly in the context of coordinate descent methods. For example, randomized sampling S =
{j},7 € [d] with arbitrary probabilities p; € (0, 1] reduces to standard Randomized Coordinate
Descent (RCD) algorithms (Nesterov, [2012} Richtarik & Takacl 2014). Parallel and mini-batch
variants arise when the sampling .S contains more than one coordinate (Bradley et al., 2011} |Richtarik
& Takacl 2016b). The first coordinate descent method analyzed with arbitrary sampling and under
L-smoothness assumption is the "NSync algorithm (Richtarik & Takac) 2016a; |Qu & Richtarik,
2016agb) considered for strongly convex losses. In the same general setup, Hanzely & Richtarik
(2019a)) developed and analyzed Accelerated Coordinate Descent. Recently, [Hanzely et al.[(2018)
developed a variance reduced coordinate descent algorithm, SEGA (SkEtched GrAdient), which uses
general sketch matrices and handles non-separable proximal terms in contrast to traditional coordinate
descent methods. This idea of gradient sketching then extended to Generalized Jacobian Sketching
(GJS) algorithm providing a unified theory for first-order methods with variance reduced (Hanzely &
Richtarikl [2019b)).

Consider the unconstrained optimization problem

min, f(z), (29)
with very large dimension d and assume that function f is L-smooth. In this setting, the state-of-art
methods are Randomized Coordinate Descent (RCD) type methods where in each iteration only a few
coordinates get updated. Here we present new theories for RCD with arbitrary sampling paradigm,
which are new and follow the idea of sketches. We will view RCD as a special case of Compressed
Gradient Descent (CGD) with sketches (T3).

J.1 ‘NSYNC

First, we recall the first coordinate descent type algorithm, ‘NSync (Richtarik & Takac, [2016a),
using arbitrary sampling. Let S C [d] be an arbitrary (proper) samplinof coordinates such that
pj = Prob(j € §) >0, j=1,2,...,d. Foravector h € R?, let hg € R? be the vector coinciding
with h at coordinates j € .S and zeros everywhere else. Denote by o the Hadamard (i.e. element-wise)
product. Given an arbitrary sampling .S and smoothness matrix L, let v = (v1, v9, . . . , v4) be positive
constants satisfying the Expected Separable Overapproximation (ESO) inequality

P oL =< Diag(pov), (30)

where P is the probability matrix associated with sampling .S having entries pj; := Prob({j,1} C
S), p; = pj;. Analogous to , letP =P —E.

Algorithm 4 ‘NSYNC (RICHTARIK & TAKAC, 2016A)

1: Input: Initial point z° € RY, random sampling S, step size parameters v, current point z*
2: Sample random set of coordinates Sy ~ S
3: Update selected coordinates "™ = 2% — L o V f(z)g,

Theorem 8 (‘NSync, (Richtdrik & Takac| 2016a)). Let Assumptions 2} [3|hold and v ~ ESO(f, S)
be the vector of ESO parameters associated with function f and sampling S. Then the iterates {z*}
of ‘NSync converge as follows

where Ay = f(2°) — f(z*).

1nly proper samplings are considered in this work
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Thus, ‘Nsync gives an iteration complexity
. A
max ~2- log =L 31)
1<j<d pjp €

In case of serial sampling, namely |S| = 1 a.s., we have P = Diag(p1,p2, ..., pq). Hence ESO

Lii 1og %. This leads to the optimal

holds with v; = L;; and iteration complexity becomes max;

> Ly
o

pip
Ay
lOg e

probabilities p; = ZL’E” yielding iteration complexity
l

J.2  SKETCHED GRADIENT DESCENT (SKGD)

Let us view RCD methods as a special case of Compressed Gradient Descent (CGD) with linear
and diagonal sketch C defined in and consider random sparsification operator C induced by
random diagonal sketch C, namely C(x) = Cz, z € R%. Clearly, C is an unbiased compression (i.e.
E [C(z)] = x) with variance w = maxi<;<gq 5 — L

E[|Cz —z|3] =2 "E[C* - 1] 2 < wlz3. (32)

Algorithm 5 SKGD

1: Input: Initial point 2z° € RY, diagonal sketch C, step size +, current point 2"
2: gkt =gk — 4 CV f(2F)

Theorem 9 (see [L.I). Let Assumptions hold and S be any proper sampling with probability
matrix P. Then, for the step-size 0 < v < A\ L, (P o L), the iterates {x*} of Algorithm|5|converge
as follows

E[f@*)] - f(z*) < (1— )" Ay
The following lemma shows that, both ‘NSync and SkGD provide the same theoretical guarantees.
Lemma 10. v
min max —= = Amax (ﬁ o L) .
v: PoL<Diag(vop) 1<j<d P;

Proof. If parameters v satisfy ESO inequality (30), then parameters defined by

v; ::pimaxﬁ >, 1<i¢<d
J Py

also satisfy ESO inequality and give the same iteration complexity as
. '

A= max& = max —.

L v Pi

In particular, this implies that instead of searching for d parameters v, ..., vq satisfying ESO
inequality P o L < Diag(v o p) it suffices to find one scalar A > 0 such that P o L, < Diag(Ap o p)
and set v; = Ap; for all ¢ € [d]. The optimal (smallest) value of the scaling factor is

A = Amax (Diag(1/p)(P o L)Diag(1/p)) = Anax ((Diag(l/p)PDiag(1/p)) o L) = A\pax (P o L) :

Notice that with the choice of v = \p, iteration complexities as well as the update rules of both
methods coincide. ]

One difference between these two methods is that, the update direction % o Vf(x)s of ‘NSync is
biased in general as opposed to unbiased direction % o Vf(x)g of SKGD.

Note that the rate and the analysis of Theorem@]is with respect to functional values (i.e. f(x*) — f*).
Natural question is to develop an analysis based on iterates of the algorithm (i.e. [|z% — x*[|?).
Below, we provide such analysis under slightly different conditions on f and with weighted distances.
Formally, let, instead of L-smoothness and p-convexity, assume

pllz — |3 + [V f(2)|? < 2(Vf(z), (x —2"))L. (33)
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Notice that the following is true just by combining L-smoothness and p-convexity:
plle =2 + V(@)L < 2V F(2), (@ - 2%)). 34)
However, in general, inequalities (33) and (34) are not equivalent.

Theorem 11. Let instead of L-smoothness and p-convexity assume (33) holds. Then, for the step-size
0<vy <ALk, (P L) the iterates {x*} ofAlgorlthmconverge as follows

E[lla* — 2*|2] < (1= )" [a° — 2|3

Proof. Consider the improvement of the algorithm in a single iteration z+ = 2 — yCV f(z).
Efllz* —a*E] = E[o—a"—1CVf()|i]

= o -2} - 2v{x — 2", Vf(2))L + VE[|CVf(2)IIE]

(x))
= o2} - 2y(x — 2", V(@)L + IV @) eng
O e — a2 - 29— 2, V@)L + 2IVE@) 2,
< o= a2 = 2v(x — 2%, V@)L + 72 Amax(P o L) |V £(2)]|2
< o=t = 2v(e — 2%, V@)L + 1|V £ (@)
* (|12
< (=) e — 2|2

J.3 CGD+

Here we introduce a new variant of CGD with non-diagonal matrix C := L'/2CL"/2, which works
with any proximable regularizer R(z). In this case the method converges to the neighborhood of the
solution. Recall that the proximal operator is defined as followsL:

1
proxg(z) = arg min (R(u) + —|lu— x||2) . (35)
u€Rd 2

Define expected smoothness constants

L =Xnax(PoL), L =Xnax(PoL).

The following lemma reveals the relationship between these constants.
Lemma 12. Let L = Apax(L). Then L < L < L + L.

Proof. First, positive semi-definiteness Bf P was proved in Theorem 3.1 (Qu & Richtarik, |2016).
As Diag(1/p) is positive definite, then P is positive semi-definite too. Since Hadamard product o
preserves positive semi-definiteness, we have that P o L > 0. It follows from Lemmathat

E[LV(C-1)" (C-1)L¥| =L""LI"*(P o L)L/ L,

Hence the left hand side as well as PoL  are symmetric and positive semidefinite. In particular,
PoL > L. Hence L = Apax(L) < /\maX(P L) = L. The upper bound follows from the convexity

of Amax 5 £ = Amax(P 0 L) = Amax(L + P 0 L) < Anax(L) + Amax(P o L) = L + L. O

Algorithm 6 CGD+
1: Input: Initial point 2° EBd, sketch matrix C = L'/2CL1"/2, step size , current point 2
2: a*tt = prox p (% —yCV f(zF))

With the new sketch C in Algorithm E] we able to perform the analysis with respect to iterates in
standard norm, under strong convexity and L-smoothness, allowing any proximable regularizer.
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Table 6: Original and proposed new methods for both single node and distributed setups.

ORIGINAL ‘NSYNC CGD DCGD DIANA ADIANA
NEW SKGD CGD+ DCGD+ DIANA+ ADIANA+
(ALG[3) (ALG[6) (ALG[T)) (ALG]2)) (ALG[3)
PROXIMAL X v v v v
DISTRIBUTED X X v v v
VARIANCE REDUCED X X X v v
ACCELERATED X X X X v

Table 7: Complexity of new methods with hidden log factors and constants.

Method Iteration Complexity
SKGD (Algorithm|5 %
CGD+ (Algorithm|6 % + H@

1 L Zrnax Emax

DCGD+ (Algorithm 1 o Smax 4 pax

i L | Luwax

DIANA+ (Algorithm |2 Wmax + 7 + e
Wmax + \/Wmax m;:x if nL< Emax

ADIANA+ (Algorithm |3

Wmax T \/> + W if nL > cmax~

Theorem 13 (see@) Let Assumptions|2} [3|hold and S be a sampling with probability matrix P.
Then, for the step-size 0 < v < /2L, the iterates {x*} of Algorlthm@converge as follows

E[lla* — 2] < (1 —9p)" [la® — 2*|* + THVf(:E )z
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K LOWER BOUNDS FOR SKETCHES AS LINEAR COMPRESSION OPERATORS

Here we investigate general sketch matrices S as a linear compression operators. The motivation
of this is to understand the trade-off between communication and variance of linear compressors.
The notation, used in this section only, slightly deviates from the paper but otherwise is consistent
throughout the section.

Consider compression of vectors z € R? allowing approximation error in exchange for less bits
of communication. Let compression operator C: RY — R? be composed of some linear encoder
E(z) = Sz with s x d sketch matrix S and an arbitrary decoder D: R®* — R<, so that C(z) = D(Sx).
Throughout we consider the space R? equipped with an inner product together with its induced norm
given by some symmetric and positive definite matrix B of size d x d as follows

(r,y)g = By, |zlls =\/(z,2)g, z,yeR"

In general, we let matrix S, number of rows s and decoder D to be random, while the matrix B will
be fixed throughout the analysis. Since we consider only linear encoders, we may assume ||z||g = 1.

K.1 FIXED SKETCHES

We first analyze the case where the sketch matrix S is fixed and hence the compression operator
C is deterministic. The analysis then we will lead us on a more usefull result for random sketches.
The decoder D receiving vector y = Sz should be able to reconstruct & = D(y) so to minimize the
squared error

a(8) = sup [[Cla)—ally = sup [D(Sx) - x|} < L.

llzllz=1 lzllB=1

The following lemma shows the optimal strategy for the decoder and possible values for «(S).
Lemma 14. For a fixed sketch S the optimal reconstruction from y = Sx is

D*(y) = Sty =B-18T (SB!8")'y, (36)

where -1 indicates the Moore—Penrose inverse of a matrix. Furthermore, if ker(S) = {0} then
a(S) = 0 as in this case D*(Sx) = x for any x € R%. Otherwise, if ker(S) # {0}, then a(S) = 1.

Proof. Let ker(S) = {z: Sz = 0} be the kernel of S and 28 = S'By be the minimal B-norm
solution to the system Sz = y so that the set of all solutions is 78 4 ker(S):

T
o' = argmin ]} = S'Py =B (sB) 'y,
z: Sx=y

Denote by

S(x) = (2'® + ker(S)) N {z € R%: ||z||g = 1}
the intersection of the affine set of solutions and the unit sphere. Notice that initial vector z € S (z)
as it has unit B-norm and satisfies Sz = y. Now the cost of sending Sx instead of original z, is the
uncertainty that the decoder has to deal with by estimating the original vector within the set S so to
minimize a.. We first show that z° = 228 — € S(z), which is equivalent to

B — 2 ker(S) and ||2xTB — 3c||%3 - 1.

The first claim follows from the fact that both  and z1® are solutions to Sz = y, namely Sz 15 =
y = Sz. Expanding the square in the second claim we get <xTB ,ote — :r> = 0 which holds as 2
is the minimal B-norm solution. Therefore the vector y the decoder receives does not differentiate
between x and %, This implies that for any choice of & of the decoder

~ ~ ~ “ 2
max (|2 — 2|, |2 - 2%IB) > 7 (I2 — 2lls + & — 2%|lB)" > fllz® — 2|l = 2" — «[If

squared-error is unavoidable for the couple z, z° and the optimal choice is # = xB. Thus, the
optimal decoding strategy to y = Sz is D*(y) = z'® given in . Now, if ker(S) # {0} then we
could pick the initial vector x from the kernel space, i.e. « € ker(S) and ||z||g = 1. Then we would
have 2 = 0 and hence the minimal squared-error (S) = 1. On the other hand, if ker(S) = {0},
then zT® = z as the system Sz = y has unique solution. [
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To conclude for fixed sketches, notice that, 2z and 2° are in symmetry in this analysis. Indeed, if the
initial vector was z° as opposed to x, then Sz = Sz, hence 2578 = 8 and 2°° = x. Therefore,
the analy51s of Lemma|[T4]leads to the following lower bound for any decoder D and initial vector
z € R?

max_[[C(z) = 2[5 > [l — ally =1 - [l2™[|5 = 1 - | Z2l|3, 37)

where we used orthogonality <xTB ,ofe — x>B = 0 and defined the random matrix Z = Z(S) via
T
Z:=ss =B~ (sB*) s=B's" (SB's")'s.

K.2 RANDOM SKETCHES

Now we turn to the general case when sketch matrix S is random and drawn from some distribution
D, to which both encoder and decoder have access. The number of rows s of S can also be random. In
this case, the decoder D upon receiving random vector y = Sx should estimate possibly randomized
Z = D(y) so to minimize the expected square error

(D)= swp BIC() - alp] <1, (38)

where C(z) = D(Sx) is a random mapping with a source of randomness coming from the distribution
D and decoder D. Below we prove a lower bound for (D).

Theorem 15. Let D be some distribution over s X d matrices S allowing variable number of rows
s € [d]. Then for any (possibly randomized) compression operator C(x) = D(Sx) with i.i.d. samples
S ~ D and x € R? the following lower bound holds

a(D) +Ep [r/d] > 1, 39
where r = rank(S) is the number of independent rows in S.
Proof. Based on the lower bound (37) obtained from the deterministic case, decoder cannot avoid

the error 1 — ||Zz||% even in the case of knowing what sketch the encoder used. Therefore minimal
expected error 1 — Egp|Zx||% is unavoidable for any initial 2. This leads to the following bound

l-a(@) < inf Ep[|Za|]

= inf Ep [xTZTBZm]

llzllz=1

B inf Ep [ TB—WZTBZB—V%}

llzl=1

- HiﬁflzT]ED {B*WZTBZB*W} 2

= i (ED [B_l/QZTBZB_l/QD

= min (Ep [B™'Z"BZ])

= Dumin (IE [B-1s7 (sB's7)'s])

Amin (Ep [Z]) ,

where the expectation is with respect to S ~ D. Thus, we obtained the following lower bound:
(D) + Amin (Ep [S™®S]) > 1. (40)

To prove the inequality (39), it is enough to establish the following upper bound for the minimal
eigenvalue

Amin (Ep [Z]) < Ep [/d].
We follow the proof of Lemma 4.2 of (Gower & Richtarik| (2015)) to prove this inequality. It can be

easily checked that, using the properties of pseudo-inverse, Z = S™8S is an idempotent matrix for
any S, namely Z2 = Z. This implies that all eigenvalues of Z are either 0 or 1 as they must satisfy
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the same relation \> = ). Trace tr(Z) of such matrices coincides with the number of non-zero
eigenvalues, which also shows the rank:

d
tr(Z) = Z Ni (Z) = #{i € [d): \i (Z) # 0} = rank(Z). (41)

From the properties of pseudo-inverse it follows that rank(ATA) = rank(AT) = rank(A) for any
matrix A. Hence

.
rank(Z) = rank(S™®S) = rank (B1/2 (SB*V?) s>

= rank ((SB_I/Q)T SB_1/2> = rank (SB_1/2> =rank (S) =r.

Combining with (@) we get tr(Z) = r. The purpose of expressing the rank as a trace is that in
contrast to rank, trace and expectation operators are commutative, which basically follows from the
linearity of the expectation:

tr (Ep[Z]) = Ep [tr(Z)] . (42)
Using (1), (42) and tr(Z) = r, we conclude

d
i (En [2]) < ;;AL (Ep [Z]) tr (Ep [Z]) _ Ep [tr (Z)] _ ED[T],

d d d
which completes the proof. O

K.3 OPTIMAL SKETCHES

With the knowledge of this new lower bound, here we construct a distribution D of sketches that
will achieve equality in . Let B = QAQ be the eigendecomposition of the symmetric matrix
B, where A is diagonal with eigenvalues and Q is orthogonal with eigenvectors as columns. Let
C be the diagonal sketch of size d x d corresponding to random sparsification with probabilities
p = (pi)iz;. namely
. 1 with prob. p;,
C = Diag(c), = {o with prob. 1 — p;.

Define a distribution D = D,, of sketches as S = CQ" and notice that

d d d
Ep [rank(S)] = Ep [rank(C)] = Ep [#{i € [d]: ¢; = 1}] = Ep lz ci] => Epla] =) _pi
i=1 i=1 i=1
Therefore, Ep [r/d] = &> p;. With decoder D(x) = Qu we get a compression operator C(z) =
QSz. Next, we compute (D) as follows

oD) = sup E [[|C(x) — [|B]
lzllz=1
= 0w E [|QSz — 23]
x B:l
= sup E [wT(I - QS)'B(I- QS)x]
T Bx=1
= sup 2z E[I-QCQ")BI-QCQ")|=z
zTQCQTz=1
= sup  (QT2)"E[(I-C)Q'BQI-C)](Q'2)
(QTz)TA(QTx)
y=Q T
= sup y E[I-C)A(I-C)ly
y T Ay=1
= sup (A"?y)"E [(I—- C)?] (A?y)
yT Ay=1
=4y sup z' -Diag(l —p) -z
llzll=1
= Em0-)=1- g
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Hence
1 d
< T = — 1 . — .
1 < a(D) + Ep [/d] 11@&“+d§f“

and equality occurs if and only if all probabilities p; are equal to some ¢ € [0,1]. Thus, the
optimal sketches are obtained by rotating the coordinate basis to the basis of eigenvectors of Q
(.e.  — Q'x), and then randomly sparsify coordinates with diagonal sketch matrix C (i.e.
Q"2 — CQ "z = Sx). We summarize this result in the following theorem.

Theorem 16. Let B = QAQT be the eigendecomposition of B of induced norm, q € [0,1] and
C be random diagonal sketch corresponding to the random q-sparsifer. Then sketches S = CQ T
are optimal with respect to variance against rank trade-off (39) with squared error « = 1 — q and
expected rank E[r] = qd.

K.4 RANDOM SKETCHES WITH LINEAR CONSTRAINTS

In this part we extend the theory of compressing vectors z € R? with an additional linear constraint
2 € Range(A) for some d x d’ matrix A. Such scenarios occur when to-be-compressed vectors are
the gradients of f(w) = ¢(A T w), for which Vf(w) = AV#(ATw) € Range(A). Without loss of
generality, we may assume that A is of full column rank and consequently d’ = dim Range(A) =
rank(A). The constraint z € Range(A) then can be equivalently written as © = Az’ for some

2’ € R?. The induced inner product and norm on Range(A) is then given by the matrix A " BA as
<x7y>B = <A;v/, Ay/>B = <x/7y/>ATBA7 r=Azr,y= Ay
Notice that, since Sz = SAz’, communication of 2z € R? with sketches S reduces to communication

of 2/ € RY with sketches SA. Thus, the additional constraint # € Range(A) C R? reduces the
problem to lower d’-dimension with sketches SA, S ~ D and norm induced by AT BA.

K.5 VARIANCE AGAINST COMMUNICATION TRADE-OFF

The obtained lower bound (39) can be easily translated in terms of the number of bits. Assuming
each float takes 32 bits to encode and there is no redundant row in S (i.e. s = r), then Sz € R" can
be communicated with up to b = 32r bits. Therefore, the lower bound can be written as

E [o]
a+ 324 >1, (43)
which (ignoring the expectation) is exponentially stronger than the lower bound o - 4”4 > 1 obtained
for general compressors in (Safaryan et al.||2020). We visualize the comparison of these two lower
bounds in Figure[6] Furthermore, denote by 3 := E [b] /32d the expected communication reduction
factor and recall that « is the portion of the expected lost of information. With this notation the above
lower bound (43) turns to the following simple inequality

a+ B 2>1,

showing the trade-off between information lost and communication reduction for linear compressors;
namely more reduction in communication leads to bigger information loss and vice versa. In one
extreme, when all 32d bits are sent, no reduction in communication is made (8 = 1) and no
information is lost (a« = 0). In other extreme, when no bits gets transferred (3 = 0) we loose all
information (o = 1).

To conclude this section, let us investigate the optimality of random g-sparsifier with respect to the
lower bound . Recall that random g-sparsifier is optimal with respect to (39). Let ¢ € (0, 1), and
k be the (random) number of non-zero entries of sparsified vector. Clearly, [E |k| = ¢d and to encode

any k-sparse vector one needs b = 32k + log, (Z) bits. As we know from Theorem , the squared
error o« = 1 — q. Therefore

o+ B =1-q+ g [32% +logy ()] = 1+ 55E [log, ()] < 1+ HE[H (5)] <1+ 2312,
The first inequality follows from the following estimate (only upper bound) for binomial coefficients

odHa(r) < d ) 9dHa(r)

< <——, 0<7<],
8dr(1—7) Td 2rdr(1 —71)
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where Ho(7) = —7logy 7 — (1 — 7) log, (1 — 7) is the binary entropy function in bits. The second
inequality follows from concavity H function and the Jensen’s inequality. Because of the symmetry
around 7 = 1/2 (namely H2(1 — 7) = H(7)) and concavity of the function Hs, one can show that
the maximum is achieved at 7 = 1/2 and H(1/2) = 1. Thus, in the worst case we have o+ 3 < 33/32
upper bound, when roughly half of the entries are chosen uniformly at random. For other values of ¢,

it is even closer to the optimum; numerically Hs (7) &~ (47 (1 — 7'))3/4 ,0<7<1.

1.0 [N

kR Sg

1 “y

1 ~
L 08 <
o 1 ~
S 1 RS
06 1 SN
> 1 ~
3 1 S

N
N [ S
© 0.4 1 \\
E | <
o \ S
< 0.2 \ L
. \ S
\ \\
\ \\
0.0 >

0 4 8 12 16 20 24 28 32
bits per coordinate

== General UP Random-k
== Linear UP Top-k

Figure 6: Comparison of general uncertainty principle o - 4”¢ > 1 (dashed red line) of [Safaryan
et al] (2020) against the new linear version (@3) (dashed blue line). Each color represents one
compression method: yellow for usual random sparsification with uniform probabilities and orange
for greedy sparsification (a.k.a Top-k sparsification). Each triangle marker indicates one particular

d = 103 dimensional vector randomly generated from Gaussian distribution, which subsequently
gets compressed by the compression operator mentioned in the legend.
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L PROOFS

L.1 PROOF OF THEOREM[|

Using smoothness of f, we have
Ef(z"*!) = Ef(z" — 4CVf ("))

< f(a*) =y (Vf (@), E[CVf(")]) + 1 IE [ICV f(")I2]
7 ky\(2 (@4)
= f@@*) =V + S IV ) Eowe

1
< f(@*) = 7(2 = YAmax (E[CLC))) - [V f(")||*.
Computing the expectation inside, we get

L\ . . s
E[CLC] = E [(cichij)j{j:l} - (ppf_pjf) — (Diag(1/»)PDiag(1/p)) oL = PoL. (45)
v i,j=1

Therefore, using the bound for the step size v and strong convexity of f, we get
E [£(*) ~ (@*)] < (F@*) — (@) =7 (2~ 3Amax (PoL)) - L[V
< (fa*) = 1(@) = FIVFEIP (46)
(1—7M( kﬂ—f@ﬂ%

repeated application of which completes the proof.

L.2 PROOF OF THEOREM [13]

The following lemmas will be useful to handle the computation with pseudo-inverses.

Lemma 17 (Lemma E.2 and E.3 (Hanzely & Richtarik,2019b)). If f is convex and L-smooth, then
forany x,y € R?

1
F) = J(@) +(Vf(2),y — 2) + SV (@) = VW)L (47)
If, in addition, f is bounded below, then ¥V f(z) € Range(L') = Range(L) for all x € R%.
Lemma 18. With C = L'>?CL""/2, the following holds

E[L7(C-1)" (C-DL”] =L/ (PoL) LIV2LY2, (48)
Proof. Using the property L'/2L"/2L"/> = L"/? of pseudoinverse, we have
E[L”(C-1) (C-DL”]
E L7 (LPCL 1) (L CLY2 — 1) L]

E {Ll/z (LTI/ZCLCLW? —LP2cLY? — LY2CLP? + I) LI/Q]

I

L2 (LT1/2 (PoL) L2 — LIV2LY2 — LY2L1/2 4 I) LY

LY (LTl/z (PoL)LiV2 — LTl/zLLT1/2) LY
+LY2 (LT1/2LLT1/2 CLtLYe et o I) L2
( L) LI2LY2 4 LY? (I _ Lw/le/z) (1 _ Ll/er1/2> LY>
— LMtz (P o L) LiverYz 4 (Ll/z» _ Ll/szl/le/z) (Ll/z _ Ll/szl/sz)
<

—  LYLPYV PoL) LU21Y2.

= L72L"2(Po
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O

For convenience we skip iteration count k, and write x,z" instead of z*,z**+1!.

expansiveness of the prox operator we get

E [J|la* —2"?]

Using non-

< E|lz—a" —y (L CLY?) V(@) + 49 /()]
= Jo—a'? = 2y{e - 2", V() = V(@) + 9B ||| (L7CLY?) V(@) - V("))
< a—a P - 29(@ - 2", V@) - V(")
+2%E [|ILY2CLY (V f(2) = V(@) 2] +29°E [|| (LY2CL 1) V(") 2]
< la—a P 29— 2", V(@) - V")
+29 Ao (E[CLC) L (Vf(2) = ¥/ (2*) | + 24°E || (LY2CLT ~ 1) V£ (2")|?]
(45), (49)

< e =P = 29(e - 2", Vf(2) - Vf(z7)) N
+29* Amax(P o L) [V f(2) = Vf(2")[IE+ + 27" Amax (P o L) [V £ (2) 11

= o —a2*|? = 2v(z — 2", Vf(z) — V(")) + 2LV f(2) = V(@) 3 + 292L)V ()13,

where we used E [CLC] = P o L based on (45) and for the last term we used Lemmato represent
Vf(x*) = L'?g, and then applied Lemma

E M (LV2CL2 —1) V£ (2 1 — B[] L7 (LU CLY: ~1) (LOLM: — 1) L]

= V)T (L“/Q (ﬁ o L) LT1/2> v (z*)

< Amax (P o L)V () 3.
(49)

Using the bound on step size v < 1/2Z, strong convexity of f and @), we continue as follows

Eflat—a'2] < Jlo—2"I - e —a*, VI() - V()
—y ((z— 2", Vf(z) = V(") — [Vf() = V(@)i)
2BV 2,
47| .
(L= i) & — a2 + 229 F ") 2,

Telescoping the above inequality, we complete the proof.

L.3 PROOF OF THEOREM[3|

In this proof we skip the iteration count k to simplify the notation. Define

M, L/E[(C;, -1)T(C, -] L/

H@

1/QLTI/?( OL')LTI/QLI/Z

= 1/2LT1/2( OL _L )L'I'l/ZLl/Q

= 1/2LT1/ ( oL )LT1/2 Y2 _ L;/zLIWLiLIWL;/z

_ 1/2LT1/ ( )Lfl/sz/z L

= L (E[C] é] 1)L, (50)
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We are going to estimate the moment E [||g(z) — V f(2*)||?] and show the following bound for the
gradient estimator g(x) = = 3" | C;V f;(x) (see line 5 of Algorithm:

*

E [llge) - V()] <2 (L + 25) Dy(r,a®) + 22

Due to Lemma we have V f;(z) = Lz/ %r; for some ;. Therefore

1

E [61sz(x)] _E |:L1/QC L’rl/le/z } Ll/zLTl/le/z Li/2T¢ — Vfi(z), (51)

which implies unbiasedness of the estimator g(x), namely E [g(x)] = V f(x). Next, note that

E [llg(z) — V(2" [ Zc Vii(z) = V(") ]
- ;iE[HCNﬁ( ~Via)|] + 2 ;E (CiVfilw) = VI().C;V f(x) = Vf(a"))
_ leiE[HCinl D] + 195 )P - 2B (CiV fila), V("))
+o 3 (VA(a) = V1) 94y(0) = V1)
-2 Z IV A @) + IV A1 = 2(V (), V)
V(@) - Vi) - Z I97:() = V)P
ZHVL P+ 19 5@ 2 = 2(9(w), VI )
V(@) - V)| - ZIIVL Vi)
= V(@) = VAP + Z Irilis,

1 2
= IV F@) - VI + Z T ST

i=1

=V f(z) = Vf(=")I]* +

Tl/ 2v f H
which gives as the following decomposition

E[llg() = VI@I)I*] = [VF(z) = Vi) +

LTWVfl )HP (52

ioL;
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For the first term it can be bounded using convexity and smoothness of f, namely ||V f(z) —
Vf(z*)||? < 2LDy(z,z*). For the second term we proceed as follows

= LIV fi(@)| ;L <— ZAW Lo L)LV ()2
£ oL
=3 ZE IV fi(x ||2
<= ;Ez—nwxx) VA + éiiwxx*)n;
< %iQZini(x,x*) + 2::

=1

AL 20"
= nd Dy(z,z") + 7.

(53)

Combining these two estimates, we get

E[lg(x) — V(")|?] <2 <L y Zom ) Dy(e.x) + 20

It remains to apply the result of Gorbunov et al.| (2020a).

L.4 PROOF OF THEOREM [4]

First, we show the unbiasedness of the estimator g(xk) In , we showed unbiasedness of
CEV f;(z*) using inclusion Vf;(z*) € Range(L;). Assume for a moment that we also have
hk € Range(L;). Hence, in the same way we can show [Ej [C‘fhﬂ = h¥, which implies the
unbiasedness of g* as

Ex [¢F] = %ZE,C [CEVfi(2*)] — By [CERE] + Y = ZVfZ = Vf(z").

=1

The inclusion h¥ € Range(L;) follows from the initialization hY € Range(L;) (see line 1 of
Algorithm and linear update rule of hf“ =hF+ ozL;/ *Ak (see line 5 of Algorithm . As both
V f;(2*) and h¥ belong to Range(L;), denote V f;(x*) — h¥* = L;/*rF. Next we bound
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E[lg" = V(@] = [VF(a") ~

< 2LDy(a",2*) + E |

—2LDf P sz

ZE [H Ck —I)LY/*k

]
=2LDg (% z*) +

i=1

.2LDf (¥, z*

2
= 2LDy(x", 2* sz (Vfilz") = i)l

<2LDg(2F 2*) + :;;xznvfz(xk i”Lj

n

2L max
§2LDf(xk,z*)+ 2 Zuvfl = filz HLT

=1

AL 2L max <o
< 2LD k * InaxD k * max hk .
< 2LDy (", a7) 4+ f<x,x>+—n > lIni = Vit

=1

_ 2Emax k max k
_2<L+ " )Df(m,;v ZHh — Vfi(x

Then we deduce a recurrence relation for the last term o
we will need the following bounds

0=<L/°L{L/* <1,

% > CHV fia®) = hf) + hff = V fi(a¥)
=1

2
ﬁ Z Hréc||]E[Li/Q(éf—I)T(éf—I)LyQ}
||7‘ H b2y 1172 tly2y 12

: L,/2LI"?(P,oL,)LI/?L;

‘P,ioLi

k._

V) +E [llg® - V("))

2

(54)

n

DI LU STl

=1

Ly, Hhk Vfilz HU For that

(55)

which can be proved via SVD and eigenvalue decompositions. Since L; is square, symmetric and
positive semidefinite, we know that singular value decomposition and eigenvalue decompositions

are the same. Let L;/Q = U,;D, U]/, where D; is diagonal and U; is orthogonal so that U] = U; ',

Then

L/’LILY? = U,D, U] U,DI’U] U,D, U] = U, (Dm?m) ul = U, (D,Dj) U/,

which can admit eigenvalues only in [0, 1] since the matrix DiD;f is diagonal with entries either O or

1. Denote

Wi = Amax (E [(C’?)2]) — 1= max

~1. (56)



Published as a conference paper at ICLR 2021

k+1

and bound each summand of o as follows

E, [th“ ~Vfi(z") if}

=Eyg {th - V/fi(z") + aZinﬂ

= ||nt = Vi[5 + 20 (BE = Vfila"), Vfi(a®) = BE)yy + %R [Hck Vi(a*) = 18]

= [0} = Vi) gy + 20 (hf = Vi), Vi) = hE)yy + 02 [ Vi) = B o rrren
< |[hi = Vi ||Lf + 20 (hi = Vfi(a"), VFi(a®) = hi)ps + o |V fia" iHLﬂ/?E[(cmLfﬂ
< ||nf = V(o o (hf = V@), Vi(a®) = BE)py + a®(1+ w) Hsz )= Bl
< |[hi = Vi ||Lf +2a<hf = Vfia"), VIi(a®) = b >Lr +al|VAi(*) - nE|l7

< (1- ) [l — VA +a VA - Vi)

LT)

where we used bounds a < ﬁ and
B [(©TLITH] = LB [ChL LI o L < LR [(ch?] LY

Therefore

ot 1) = ZE [P+t = v fia)

n

: }
i
L;

= V@) gy + 5 EZHVL = Vfila")|Ig

n

2«
<(1-a)d"+=> D (" z*
<( oz)JJrnZ r (2, x)
= (1 —a)o® +2aDg(z*, z*).
Thus, with a < m, the estimator ¢* of Algorithm satisfies
Ex [¢F] = Vf(2¥)
k [lg" = VIE))?] <2 (L + ) Dy(a¥, %) +

Ey, [0" ] < (1 — @)o” +2aDy (", 2*).

2»Cmarx k
—0
n

2‘&/maux
n

It remains to apply Theorem 4.1 (Gorbunov et al.,[2020a) with parameters A=L+ %Zmax, B =
2 s p=a, C=aand M = 2L A+CM =L+ 5L, 1+ 2 —p=1-2.

L.5 PROOF OF THEOREM[3

Following the analysis of [Li et al.| (2020), define

28 = a2, YR = F(h) - Fet), W= Pub) - Fa®),

1 n
— z; ||Vfi(wk) - h?”i;
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Lemma 19 (Lemma 2, (Li et al.l 2020)). Let n < %7 0 < i» b2 = %’ 7= m and
B=1—yu. Then
2
E[Z"+] + ;ﬁ [VEH] <BZF + (1 — 61 — 62) WﬁY" +2 /3 b4 ﬁE [llg* = V£ (=*)]?]
1

ST EZHVL =~V - G }jHVﬂ = Vi)l

Proof. Proof is the same as for the original lemma except we use L;-smoothness of f; via 7).

filw) 2 fi(a®) + (Vfile"),u—2*) + %”vfi(u) = Vi

Lemma 20 (Lemma 3, (L1 et al.} 2020)).
E [WHH] = (1 — q)WF + g

Lemma 21 (Lemma 4, (Li et al.}[2020)).

E [llg* - Vf(z" WZHVJ% - Vfi(z )||L++ mdxH"~

Proof. Let V fi(z¥) — hf = Lll-/z‘rf. Then

2

E [llg"® - V£(=")?]

%§jéﬂVﬂwh—h%—«Vﬁ@ﬂ—hﬂ

n

> (CF =D)(Vfila") - hf)

=1

1
EE

1 i k 1/2 k 2
72 [H (Ci i
=1

) 1 <
nzZHT HL PE[(@F-1)T (CE-D|L/? — 7
i=1

e e ennvon

HWWﬁ@WfM)

=1
z]Wﬁ@ﬂ*hmZ
=1

22111 X = NIIl X
< 2 3 [0~ VA + Y )
i=1 i—1
O
Lemma 22 (Lemma 5, (Li et al, [2020)). If @ < +—1—, where wyax = maxi<i<, w; and w; =

maxi<;<d H 1, then

E [H"] < (1 _ %) H’“+<1 + i?) %q (; |V fi(w") — ¥V fi(x T +Z |V fi(w®) — V f;(z")]

42
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Proof. We start bounding the summands of H*+1. Let V f;(w*) — h¥ = L;/*rk

Ek[||wz—wk+l>—hf“||i;]— [IVAG -] + 0 0 |9t -
<o (14 2) 9nt) - vahIE + (1= 0k (14 5 ) o) B[IVh0H - 160
2q
= o (14 2) |95t - TA6AIg + (14 5) E [I9A@H - 1G]

(
_ <1+i>||Vfi(w Vg + (1 5) E[| 0= 0BT i) - 187, ]
(

2
=0 (14 2) I8 = VA + (14 5) I msga-atyres oo pnle-

Next, we simplify the matrix of the second term.

L/’E [(I —aCHTLII - aéf)} L/
—E [Ll./2(I —aLI2CFLY)LI(1 - aLT/2C§L,Tl/2)L;/2]
—E [(Ll/z aL/PLI2 kLY Li(LY? - L;/QCQ?LZTI/ZL;/Q)]
= E |L/LIL oL/ "LIL/ " ClL] VL)
— oL"LI*CiLPLIL” + azL;/QLIWCfL;/QLZTL;/QCfLIWL;/Q}

E [L§/2L}L§/2 — oLPLIL/*CrLi LY

— aLPLICILPLILY 4+ 2L PL (ChL] L)

= L°LILY” — oLPLILLI LY — oLPLILPLILY 4+ o211 [(CF)?] LI

59)
2 L/LIL/? — 2oL°LILY* 4 o®(w; + 1)L/’LI"LI°L

= (1 - 20+ a®(w; + 1))L/°LIL}?
=< (1 - a)L/"LIL,

where in the last step we make use of the bound o < 5 _W =mini<i<n 775 + . Then we finish the
recurrence as follows

Bl

<q

(wh+1) — hf“”iﬂ

2q
a> vai(w —V/fily HLT + (1+ ) HT HL /2E[(I-aCF) TL] (I-aCk)|L,"?

Vi
[0

(1 ;

of1+ QQ)uvw VA + (14 5) (= 0) [ gy
(0%

=o(1+%) ;

I A

VA" = VA5 + (1+ )1—a IV £iw*) = Bt s

<2 (14 2) (|95(¥) = VO + 9508 - Vit ||Lf)+(1—f)r|wz

Averaging over i € [n] completes the proof. O
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Proof of Theorem[B] Using the 4 lemmas above and 6; < 1, 5 = 1, the Lyapunov function ¥*1
admits the following recurrence

E[U] = E |20+ 4 Z0yke | 0 g P20+ 0) it | 877 Lmax pris
0, qu afdin
Lemmal[I9] 2
oz (-0, — 020y 1 /3 + JIE[Ig" - V)]

01
ST ZHW ~ VA - g ZHVﬁ ) = Vi)

1E|2v8 02(1 +91)Wk+1 + 8777£maka+1
01q abin
e 5 75 4 (1 0, — 0) gﬁyuz st + 208 [Ig* - VS
ST ZHW = Vil an ) = Vi),
1 1
+oyp2L 00 +91)(1—q)Wk+2'yﬂ72( +01) iy g | 81w i
t1q 01 abin
<pzh+ (1= 20yn (1 _019) 95 (Hol)wk
2 91 2 1q

4n9 Z”vfz Vfi( LT_S 0 ZHVfl vfl(xk)”ij

8 Emax
+ B [llg" = Vfah)|?) + B | Ll g
01 01in
Lemma2T]
B gk y (1= D) BBy 1—91—‘1 27 (Hgl)w
2 91 q
ST ZHVﬁ =~ VA - g ZHVL ) = Vi),
2 ﬁmax 2 »Cmax 8 Zmaux
+ S £ (w) -V fy(a)|[2 + Times gy | ST i
01n? 01n abin
Lemma22]
B pzh g (1- D) Dyky (e QBM
2 01 2 f1q

4n9 ZIIVfZ = Vi)l - & 9 Z”sz ) = Vila")ILs

291 Lomax i 290 Lmax 5 . 8V Lmax ay ok
SEEmax 7 £ (wk) — V f; H 1-=\)H
+ 01n? IV £i(w?) =V filz )”LT + 0in * abin ( 2)

‘Ede
+ (1+ > 1617; e g (Z IVfi(w”) =V fi(x T+Z||sz Vfi(xk)”ig

— ﬂZk + (1 2) 275yk < 91Q) 2 B (1 —;el)Wk + (1 _ %) 8’Yn£maka

01 040171

v (1 20Luwax | ©
e (8 - n) Z; IV fi(w") — Vfi(xk)lliz

Zmax -
- (; - (1+2) 16’7wq> (ZWfi(w )~ Viie T+Z|\sz wx‘“)ni;) .

i=1
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To make the last two lines disappear from the recurrence, we need to make sure

1 20Lomax 1 2\ 167Lmax
,_77720 and Z_ 1+£ MZO7
8 n 8 « an
or equivalently
< n d < n 1
n> = an n < = .
16L max 64Lmax o (3 +1)
Since a < +1 (see Lemma and we also need to have n < L (see Lemma , we can set
. n
n=mn| —, —= .
QL 64£max (QQ(Wmax + 1) + 1)2
Therefore

Blon) < g7+ (1= 2) D0ty (1209 5200 Oy () 2) S10ma 0
2 01q 4 abin

< (1 - ”’“‘) AR (1 - 91) BByn (1 - 91") 2 57( 00 (1 - f) 8L
01q

4 afdin

1 —ypu <1— J& duetonu < 601, and 6, :min{%,

<R
—

where we set v = m, 8=

After telescoping we get an e-solution E [||2% — z*||?] < ¢ after

max | 4(1 4+ Wmax), —,
n

2 2L max (2(Winax + 1) + 1) 70
8 — max <L, 32L (2q(w +)+1) ) log
q

nL
32Lmax

2(14+wmax)

max(

-1
iterations. Choosing ¢ = min {1, ) } we can simplify the above iteration com-

plexity into

o wmaxﬂ/'m(;jgw> if L < 128L

k=90 (1+wmax + %‘W) it 128Lmax < nL < 32Lmax (2wmax + 3)2
o (wmax n \/%) i 32L max (2wimax + 3)% < nL.

Combining last two cases concludes the proof. O
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M IMPROVEMENTS OVER THE ORIGINAL METHODS

In this part we provide detailed derivations skipped in Section[E] Recall parameters v, v, describing
the distribution of matrices L;:

4 11Ys
n
il 2 =1 Lijj
===y = max ———, 57
max L; 1<i<n max L'/-?
1<i<n 1<j<d 2¥)

where L; = Apax(Li;) and we will choose s = 1 or s = 2. Let Lyax = maxi<;<n Li.

M.1 IMPORTANCE SAMPLING FOR DCGD+

Let7 = E[|S;]] = 27:1 pi;; be the expected mini-batch size for the samplings S;. Notice that

convergence rate of DCGD+ depends on Emax = maxi<i<n EZ Since each node i € [n] generates
its own diagonal sketch C; independently from others, each node can optimize £; = Apax(P; o L;)
independently based on local smoothness matrix L;. In general, minimizing Ay (P; o L;) with

respect to probability matrix P, is hard. However, we can find the optimal probabilities when each
node generates via an independent sampling, namely p;.;; = p;;;pi; if j # [. Then

N 1
/\max(Pi © Lt) - 1%1?%(‘1 (pi'j

for which we can find the optimal probabilities p;;;. To minimize the maximum term in (58), we
should have (1/p;;; — 1) L;,; = p; for some p; > 0. Then the solution is

L.

_ 1> L, (58)

i35
Disj = ) (59
L +pi
where p; > 0 is the unique solution to Z‘;:l L_Lf‘ﬁpv = 7. The latter does not allow closed form
TP

solution for p;, but it can be computed numerically using one dimensional solvers. Hence, we can
efficiently compute the optimal probabilities (59). Moreover, we can deduce a simple upper bound
for p;

d d d
L;.; L;; 1

=) g < L= — % Ly, (60)

S Liitei i i P

which gives us an upper bound for L; as follows
d

- E

»Ci — )\max(P o L - pz S ZL’L] >~ Vl max~ (61)

Proof of Remark[3] Using the following inequalities with respect to matrix order

1 n
L=<- L;, L; XnlL, 62
<= L n (62)

=1

we bound L as follows

1 « 1« v
L= )\max (L) Inax ( ZL > S E Z )\max (Lz) = ﬁ ZLL S ELmax- (63)
i=1 =1

pi

Fix 7 = Z;l:l pi;; € [0,d] expected mini-batch of coordinates for all nodes i € [n]. Then, with
probabilities (59) we have

£max 1 ~ 1 (61) %1 1%}
— = — Inax El = — Imax p; S 7Lmax S 7LmaX7
n n 1<i<n n 1<i<n ™ ™
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To get it upper bounded by L.y, notice that maxi<;<q Li;j < Amax(L;) = L;, which implies

Lyax = max max L;; < max L; = Lipax. (64)
1<i<n 1<5<d 1<z<n

Therefore
Emax ( v 151
n

- + 7) Lmax'
n ™

M.2 IMPORTANCE SAMPLING FOR DIANA+

To find optimal probabilities for DIANA+, we minimize wyax + Lmax part of the complexity (1

when each node uses an independent sampling as for DCGD+. Deﬁmtlons of ljmax and W ax imply

Lonax 1 1 L, 1 L,
pn v \DPi;j w \Pi;j pn Y \Pi;j Hn @)

Therefore it is equivalent to minimize the following for each node ¢ € [n] independently:

1 L;.;
max ( — 1) L, Li;=="+1>1, (66)
1<j<d \ Pi;5 ’ un
This can be solved in the same way as (58). The optimal probabilities are
Liy
Piri = L;;j _ pn +1 (67)
i) — = 1.
R T
and an upper bound for p/ is analogous to (61)
d d d
1 1 L;; 1 L, I d Linax d Linax
<13 u, -ty (M) fy L3 L @, e @, ntee
T Y T \n nT i~ p m‘ I T nT W
(68)

Proof of Remark[d] With probabilities (67) we can upper bound the complexity (I9) as follows

Zmax " ].
Wmax T 7! 2 max max < — 1> L;.j
Pisj '

un 1<i<n 1<j<d

2
& 2 max p, (69)

T 1<i<n' "
2d N 201 Lipax
- 7 ™ pu

Combined with (63), we have

L Emax 2d 14 2v1\ Lmax
wmax + + < - + - + .
I I

un T no™m

O

Remark 7 (Improvement over standard DGD). Let us estimate how much improvement do we get with
respect to standard Distributed Gradient Descent (DGD), where each node computes full gradients
v fl( k) and sends dense updates to the server in each iteration. The iteration complexity of DGD is
(’)( ). To compare it against the complexity (19) of DIANA+ we use the same setup as in previous

remarks (namely, independent samplings with probabilities @) and 7 = d/n). Since L; =< nL, we
have Lyax = maX;cpy] Amax(Li) < nL. Hence, (.) implies

L Lo 3nL
wde + + < 277/ + b)
poopn 1
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which is O(n) times bigger than the iteration complexity of DGD. However, in case of DGD, each
node sends n times more bits to the server. In total, DIANA+ and DGD have the same communication
complexity in the worst case. To illustrate the best complexity DIANA+ can provide, consider the
special case when L; = L for all i € [n] and vy = O(1). Then, clearly Ly, = L and we get
O(n+ %) complexity for DIANA+, yielding up to n times speedup against DGD. Moreover, in case

of diagonal matrices L;, DIANA+ spends n times less local computation on partial derivatives and
guarantees additional n times speedup.

M.3 INDEPENDENT SAMPLING FOR ADIANA+

For the accelerated method ADIANA+, we construct probabilities p;.; similar to @I) and as

follows y
1 L 2
L;’j /2 Lzr;J _|_ 1 , LLJ
plj = L/ 1/ = ’ Li;j = + 1 Z 17 (70)
i T 0% /an +1+p Hn
’ 1/2
where p! is determined uniquely from Zj 1 (L’Li-ﬁ-]p”) = 7. Notice that
i35 i
/2 1/2
L] L] 1
() e () s
j=1 <L;;J’ + P;/> j=1 ol i j=1 ’
Therefore
d
1 L 1 L;.; d 1 L
< %) 1< = 2 1 < = - %]
pz_sz:; ;m+ _sz_;<v,un+>_7+7'jz_; un
(71

! 7 @ |I. d Lo
wmaxzmax( —1>:max( ff +1—1>§max I,?’Z < max+/p] < V2 =2

©3 - \DPisj .3 i) 0,3 i % T T un
(72)
L,
s @ (L 1) Lo @ g VI [T @ (422 [P [
1220 .7 \DPi;j pun i,j /Lu +1 i,J T T un un

(73)
d L

Let v and v are O(1). Denote w = £, k; = 7 and Kmax = MaX;e[y] /i Then with this notation
we have
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which should be compared with O (w (1 + \/Z22x)) (Li et al., [2020). If fyax = O(nd?), then we
get O(\/&) speedup factor. If nL > Zmax, then

L Lmax L
Wmax + —+ Wmax -
Iz pn\ p

ofe ) b ) )

which should be compared with w + Kax + w**n'/*, /e (Li et al., 2020). If Kax = O(nd?),
then we get O(/n) times smaller second term and O ((nd)*/*) times smaller third term.

O
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N VARIANCE REDUCTION: ISEGA+

In this part we apply our redesign to another variance reduced method called ISEGA (Mishchenko
et al.l 20205 [Hanzely & Richtarikl 2019b). At the core of ISEGA, the mechanism for variance
reduction is based on SEGA method (Hanzely et al., 2018). The key difference between ISEGA
and DIANA is that ISEGA updates the control variates h more aggressively using projection instead
of the mere a-step towards the projection used in DIANA. Adapting our matrix-smoothness-aware
sparsification to ISEGA, we define the update rule of control vectors h¥ as follows (for now assume
L; is invertible)
R = arg min [lh — thiT
heRange(L;) v
CFLI2v £, (x*)=CFLI /2

. T .
= B4 LL Ok (CHL L) LV ) — )
1 T 1
= n¥ +L°Ck (Cheh) CiL (v f;
= h¥ + L/ Diag(P;)CILI*(V f; (2"

a*) — hy)
— bk,

~_

Note that the update rule in DIANA+ has the form

WAL = bk 4 oL CELI (W fi(aF) — 1))
for some fixed scalar « > 0, and thus is more conservative. Note that we choose the gradient estimator
to be the same g¥ = h¥ + L/*CFLI"*(V f;(2*) — h¥). The method is presented as Algorithm

Algorithm 7 ISEGA+
1: Input: Initial point 2° € RY, initial shifts h? € RY, current point x*, step size parameter  and
a, sketch C¥ and CF = L;/QC;“LII/?, current shifts 2%, ..., kX and A% := % S hE.
on each node
get ¥ from the server

2:

3

4:  send sparse update A¥ = CfLIW(Vfi(:rk) — hE)
50 g =hb+ LAk
6

7

8

9

hEHL = hk 4+ L/?Diag(P;) Ak
: on server
get sparse updates A¥ from each node

1
10: 2" = prox (=" —vg") .
k 271
11: AR = LS50 Rt = pk 4 15 L/*Diag(P;)AF

Note that we can not obtain the convergence rate of ISEGA+ directly from the framework of|Gorbunov
et al| (2020a). Instead, to get the tight convergence rate, we shall cast it as an instance of GJS
method (Hanzely & Richtarik, [2019b)). Theorem@]provides the result — we can see that the worst
case complexity is identical to DIANA+. In terms of the practical performance, we expect ISEGA+
to outperform DIANA+ due to the more aggressive update rule of control variates.

1
4Lmax 4 9,4 p1(wmax+1)

E[WU*] < (1 — yu)¥°,

Theorem 23. Suppose that v < . Then, we have

where

2. N ) .
Ll D Bl [ AR ACS [N
=1

and (;Si? = Lzl/ 2hf. Consequently, the overall complexity of ISEGA+ is

A L Zmax
O Wmax + -+ — .
B np
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Proof. The proof can be seen as a special case of the generalized Jacobian sketching theory of[Hanzely
& Richtarikl (2019b). For the sake of clarity, we provide a specialized proof here.

Note first that by (34),we have

E[llg" — Vf(")|?] < <L+

Similarly, we have

2£max

2‘z:vmax - t1/2 % 2
2 % _Li vfl(aj )

> Df(.%'k7l‘*) +

65—~ LIV ) Botagee
|6} + Diag(P:)CHLV fi(a") = 6F) = LIV fi(e") drag(e,) - |

E
E

— E[|(1- Diag(P;)C}) (¢} — LI"*Vi(2")) + Diag(P:)CIL *(V fi(e") = Vfi(a") iag(e,) 1]
E

/(- Diag(P;)C})Diag(P;)~* (¢ — L{*V fi(s")) + Diag(P;) *CEL"* (V fi(a") = ¥ fi(a")) 2]
~ E|[|(1- Diag(P;)C})Diag(P:)# (¢} — L{"*V (")) 2] +E || Diag(P,)*CILI*(V fi(a*) = Vfi(a")|1?

= |l¢F — LIV £i(a") |Biageps)-1—1 + L2 (V£i(2¥) = Vfi(a*)])?

1 * *
S ||(b7],C - LI /2vfl(x )||2Diag(Pi)*1fI +2sz (xk?'r )
and therefore

1 & 1 1 .
= N0 — LIV @) [Diagee, - ] ZIIQﬁ’“ L}V fi(a") [Diagcp.)- -1 +2Ds (a*, %)
=1 =1

(75)

Following the classical analysis of SGD (i.e., proof of Lemma C.1 of |Gorbunov et al.|(2020a)), we
get

E[[la"* =[] = (1—an)la® —a*|® = 2vDs (2" 2*) +7’E [|lg" — Vf(z")|?]
k %12 2Zmax k _*
< A=)l —a™" =2y ( 1=y | L+ — Dy(a",2")

2£

2
— L2V fi(a¥)

Adding 3-multiple of (73)) to the above, we get

Z H¢k+1 11/2Vfi($*)%iag(Pi)1]

. 1 W .
<1 —qp)la’ -2 ||2—27<2—7<L+ ))Df(wk,m)

2L,
qIomax 7

E [||lz*** — 2*||?]

LT1/2va(

7N : \
> l6k = LI (@) Biage) 760
i=1

Next, note that we have

2£

~ L Z = F”wm*)||2Diag(Pi)fl_1

(L= yp)y " .

i=1
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since it is equivalent to
4211’1&}(7 i ‘
[

which holds since vy <

¢ — LI’V fi(a*)

i=1

2 n 1 « - 1 *

v Y I LIV i) age 1 < Y l6F-LI*V (@)
i=1

- r

Amax 4 (wWmax+1)

To finish the proof, it remains to plug into (76), use that v < L

4Lmax
n

and unroll the recurrence.

O
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O VARIANCE REDUCTION WITH BI-DIRECTIONAL COMPRESSION: DIANA++

In this method, the master server applies compression in its turn with sketch C independently. Thus,
we maintain an additional control vector H*, which helps to reduce the variance coming from the
master’s sparsification. Moreover, nodes keep track of H* just like the central server.

Algorithm 8 DIANA++
1: Input: Initial point z° € R<, initial shifts h? € Range(L;), H® € Range(L), current point z*,
step size parameter v, ov and 3, sketch C¥ and C¥ := L;*CFL!"/?, current shifts h¥, ... h  HF
and h* .= L S°0  pk.

2: on each node )
3:  send sparse update Ak = CFLI*(V f;(2%) — h¥)
40 AP =LAk gb =nk 4 Af,hfﬂ — bk + Ak
5: on server
6:  get sparse updates A¥ from each node
e n Ak n 1
7 g :j >i1 A} = % 251 Li/zAf
8 gF=AF+pF =151 CF(Vfi(zF) - nF) + R}
9:  send sparse update 0¥ = CFL"/?(¢g* — H¥)
10: &% =LY26*, gk = H* + 6% = H* 4+ C* (¢¥ — HY)

1 ghtt —prova(x — %)

12 hEtt = pF 4 oAk

13:  HM = HF + 36k

14: on each node

15:  get 6% from the server

16:  reconstruct ¥ = L'/26% gk = H* + % = H* + CF (gk _ Hk)
17: 2F*t1 = prox, z(zF —~g )

18:  HFtl = H* 4 B6*

Theorem 24. Let Assumptions[2land 3| hold and assume that each node generates its own diagonal
sketch C; independently from others. The master server, in its turn, generates C independently from
the nodes. Then, Algorithm[8 has the following iteration complexity

o 1 Lo+ B0+ 50 L+c+£c;m+2,m
min (. — 86’,8)  min(a—F6,8) \ p p ni np ’

where we made the following notations
nl n 20 ~

0= < , 0 ‘Cina,x <1€][0,1]
£IﬂaX + Zﬁﬁénax Q‘C;nax
Lty ™= 103X Amax (151- o (L/°Lf L?)) L= Amax (f’ ° L)
with bounds o < m = MaXe[,) MaAX;c[d] 5, andﬁ < 1-Tu = max;¢[q) i

Remark 8. Note that, when master does not compress the messages, then we have P = 0. This
implies the same complexity we had for DIANA+ as quantities L, 0, 0 are all become zeros.

Proof. The proof follows the same structure as for DIANA+, with additional variance reduction
process introduced for the master server. Analogously, we start bounding the following second
moment:

E[Ilg* = V#@)IIP] =E[1g" - ¢"I?] +E[llg" - V()] (78)

We can bound the second term as it was done in (54):

E[ngk—wmuﬂ<2<L+2‘§6‘*>Df<x’zx> ’“"Zl\h’“ Vi) g -
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Then we decompose the first term E [||§* — ¢*||?] into two as follows:
E[llg" - g"I°] = E[IC*(g" — H") = (¢" — H")|I’]
_ |2
- ”g —-H H]E[(I_ék)T(I_ék)]

= |lg* — H*|)? (79)

LtY/2(PoL)LtY/2
< E”Q - Hk”LT
<2L|lg" = V(@)L + 2L H" =V f(@)[IF-

To bound each of the two summands in (79), we derive the analogue of (@8).

E[L”(Ci-1) LI (C -1 L)]
—E L/ (L] c) - 1)Lt (Lol ~ 1) L]
=& L/ (L Cw L) e - L e,/ - LiL e,L” + L) L]
L (L] (Pro (L/PLILY?)) LIV - LIPL/°LT - LIL/ LYY 4+ 1) L)
= L/LY (Pro (LLIL)) ) UL — L 1L

=L/ L (f’i o (LWLTLW)) LIV LY.

(80)
Then we bound them as follows. First, we have
E[llg" = Vf(@)is] = IV (") = Vi) L +E [llg" — V()E]
2
1 e~
<2Dp(a*,2") + B |||= D CHV fi(a¥) = bf) + hf = V fi(a¥)
n =1 LT
:2Df(xk,x*)+iilﬁz H(é’uI)LV?r’f ’
nQ P 3 1 K3 LT
k% 1O k12
=2Dy(z",2%) + ) 2 3 H]E[Li/z(éf7I)TLT(6§71)L1/2]
&0) . -
2Dy (2", a )+EZHT HLl/QLT 2(B,0(L/?LIL,/?))LI/?L)/?
i=1
i i (81)
= 2D(a",a") + — 1_1\ (V1) =W, e
< 2Dg(x® *)+% |V fi(z") hk||2
— f € "’L‘ n2 Zl 7 T — Iy LI
, 2/.:;1,( i 2 2L . ]2
< 20 (aha7) + 2 3 O - o + 2 zuhé—w I,

~r

gzpf(x’“,x*)jLM%Df(xk, maXZHh’f Vfi(z

2L/ "
_2<1+ ;;ax> Df(zk,x maXZHhk Vfi(z HLT
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Then, for the control vectors H* at the master, we have

Ey, [HH]CH Viz ||L’r}
=By [|H* = Vi) + 857,

— | " = Vf @), + 2BE [(H* =V f(a), 6" = H)y ] + 8%y [|[CHo" — Y, ]

= || = V)7, + 268 [(H* )sg" = H*y] + BEx 19" = B3y reron
s\W—W* o+ 28E; [(H = V/(@").g —H'“>LJ S A [—
< [[H* = VA @Iy, + 288, [(HY = V5 @"), g = HY)y ]+ 820+ w)B [lg" — HE|7 ]

< || - Vi ||U+2ﬂEk[<Hk Via').g '@>LJ+m[||g e

= (1= ) ||H* = V)5, + BEx [[lg* = V@)1 ]

—8) | HF = Vi)

2E£nax k * 252;‘(1&0( - k #\ |12
Now, for some @ (to be defined later), let
1 . * *
= > lIhE = Vfi(a )Hi; + 0| H* =V f(*)]|3:-

Then, we have

E [||g* — V£ (z*)[]
B (15" ¢*12) +E [llg" - V@]
Z k *\ (12 E k *\ (12 k N
< & E[llg" — Vf(@)f:] + 2L H" = V()3 +E [lg" — VF(")|?]
. 2‘Cinax k * 4‘52111ax - k *\ [[2
< E(l—l— . )Df(x T )—l—TZth — Vfi(z™) Lt
L »Cmax D k max hk v
T " FLCAR ZH filz HLT
+2L||H* — V f(2) |3+
~ / r
=9 (L +2L + Mﬁmax + 2£§“> Dy(z", %)
4£E;nax 2L .
+( - ) ZHhk Y fil)||g + 2L HE = V@)
ALL! 2 ALL 2L
=2 <L+2£+ Ll + ﬂm“) Dy(z,z*) + < Ll + E’“""‘) ",
n n n n
with the following choice of 6:
0. _ n£~~ < n 7 7£,

max —

ﬁmax + 2££;ﬂax 2£;nax
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For the control vectors h¥ and H*, we deduce

E [ k:Jrl]

(1-a)— ZHhk Vfi(z || +2an(ack,:r*)

2L 2 0[2
+a—mewﬁ—Vﬂﬁm;+ﬂw<l m“)DAﬁﬂr i m”}jwﬁ—Vﬁ !b

280L1, .
(1m0 ) St v+ 0 - v

i=1

/
+2 (a + B0 (1 2£max>> Dy(2", %)
n
!
< max (1 —a+ % ,1— ﬂ) oF +2 <a + 36 <1 2£max>> Df(xk,x*)
n

=max (1 —a+ B0',1—B)o" +2(a+ B0+ B0) D(z,2*).

Thus the constants from (Gorbunov et al., [2020a)) are as follows

A= 49F + 4££max n 2L max
n n
~ - -
B_4££maX+2£maX:%
n 0
C=a+p80+p30
p=min (a— B¢, 3).
Leth— and note that B = 2L and B’ = £Emax Then
oz—l—ﬁ@—i—ﬁ@’
A M=A+2B——————
M = A = 59 5)
B o+ B0 + B0’ ~ LL.. Lmax
_O<min(aﬂ9’,ﬂ) LrL+—" n + n '
B _ p 1 . ,
1+M—p—1 5—1 imln(a Bo', B) .
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