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Lecture Aims

@ In the last lecture we derived a range of decentralized learning algorithms, which we
classified as penalty-based, primal-dual and gradient-tracking based.

@ We also derived incremental variants.
@ In this lecture, we will develop convergence guarantees for all of these algorithms, which
clarify the impact of:

» Bias-correction

» The step-size and gradient-noise
» Network connectivity

» Heterogeneity of local objectives
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Network Basis Transformation

When we studied the dynamics of decentralized averaging algorithms in Lecture 3, we found it
useful to separately study the evolution of the network centroid and that of each individual
agent’s deviation from the centroid. In the context of decentralized optimization algorithms,
we will employ the same kind of technique. We illustrate this in the context of the distributed
gradient descent algorithm, repeated here for reference in network quantities:

wi = AT wi_q —uNVIT (Wi—1) (1)
or in terms of node quantities:
Whi = Y agwei1 — pV J(wpi1) (2)
LeEN},
For generality, we will allow for stochastic gradient approximations, resulting in:
Wi = Y agwei 1 —pV I p(wpi1) (3)
LeN},

where we replaced the true gradient V.Jj(wy ;—1) by its stochastic approximation

VJk(wg,i—1), and changed the iterates wy, ; to utilize bold font since they are now random.
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Network Basis Transformation

In network notation, we can then write:
wi = AT w1 —uV T (Wi_1) (4)
where we defined the network gradient approximation:

@1(11)1,1‘—1)

VJa(wa,i—1)

W(Wz‘—ﬁ = (5)

ﬁK(wK,i—l)
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Network Basis Transformation

Now recall from Lecture 3, that the weight matrix .4, when generated from a strongly
connected graph, is primitive, and as a result has a very structured Jordan decomposition
decomposition A = V. JV1:

]lT

v ©)

_ |10 -1

In this lecture, we will be employing symmetric combination matrices A = AT, in which case
the Jordan decomposition reduces to the eigendecomposition, and we can more simply write
A=VAVT with VTV = VVT = Ik and:

v=[det n]oa=]y 4] (7

The matrix Ay, which corresponds to the Jordan matrix J,, in (7) is now a diagonal matrix,
with Ay(A) through Mg (A) on the diagonal and p(A3) < 1.
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Network Basis Transformation

Given the eigendecomposition of A, we can deduce the eigendecomposition of A = A® Iy
through the observation that:

A=VAVT = A=V & Iy) (A2 Ly) (Ve Iy) =VAVT (8)
where we defined:

V=V&lIy (9)
A=A® Iy (10)
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Network Basis Transformation

We use V to define a basis transformation for the distributed gradient descent recursion (4):
VW =VTAT w1 — VTV T (Wi_1)
WyT ATV w1 — VTV T (Wii)
O VT VT w1 — VTV T (Wit)
9 AVT Wy, — VTV T (Wis1) (11)

where (a) follows since V is orthogonal, (b) follows by symmetry of A and (c) employs the
eigendecomposition of A. If we define Wi = VT w;, we can write:

W, =AW, |~V VT (Wi_1) (12)
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Network Basis Transformation

We find that the network basis transformation partially diagonalizes the network recursion,

since A = A ® I is block-diagonal. We say “partially” here because (12) is still driven by the
term pVT VI (Wi_1). We have:

L qT

A i

[ 1T ® Iy
Iy | w; = VK
VQT W;
(a) [ \/?wc,i ]

V;— W;

(13)

where in (a) we defined the network centroid w.; = % ZkK:1 wy, ;. Hence, the first block

captures the dynamics of the network centroid. The second block VJ w; also carries a useful
interpretation, as we see on the next slide.
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Deviation from the Centroid
Note that:

Wi =VTw; = VW, = WTw; = w; (14)
and hence
ﬁﬂ @Iy Vo ] wi
\/I?wc,i ]

|
= [\/%]I(X)IM V2] VT wi

= (1@ In) we; +VoVs Wi
=1 Q@ we; +V2V) Wi (15)
After rearranging, we have:
Wi —1 @we; = VoV, w; (16)

We see that V;— W, captures information about the deviation of each agent w, ; from the
centroid w, ;.
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Network Basis Transformation
For the right-hand side, we have:

VK w,; Iy O ﬁﬂT@IM ﬁﬂT@fM
T Tl o0 A T Wil T
VQ W; 2 VQ VQ
r 1 T 1 T
_ | veb @ RE @ Q
— T i—1 —H T
A2V, Vs

[ EXmwkia ] ) R Vk(wrin)
L AV wig VIVI(Wi1)

[ \/I?'wc,ifl —u \/% Zsz1 ﬁk(wk,ifl)

I /\2V; Wi—1 V;ﬁ(wi,l)

VI (Wi-1)

@(Wz’—l)

1 4T . 1 qT 7 T( W
B <W1 ®IM) Wi_1 _M (ﬁn ®IM) VI (Wi-1)
AoVI Wiy ViVT (Wi-1)
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Partially Decoupled Recursions
We observe that the transformed recursion partially decouples into two recursions:

K
VE We; = VE e — =S Vi (wiie 18
we, Weio1 \/F; k(Wr,i-1) (18)

Vér W, = /\QV; Wi-1 —,U«VQTﬁ(WZ‘_l) (19)
We divide (18) by v/K and find:

K
We,; = Wei—1 —% ; VJk(wk,z‘—l) (20)
VQT Ww; = /\QVQT Wi_1 _MVJW(Wi—I) (21)

Examination of (20) reveals that the network centroid w,; evolves almost as the centralized
stochastic gradient algorithm we studied in Lecture 1, except that stochastic gradient
approximations ﬁk('wkﬂ-_l) are evaluated at the local iterates wy, ;_; rather than the
centroid we ;1.
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Network Basis Transformation for Diffusion

Recall that we motivated in Lecture 4 the Adapt-then-Combine (ATC) diffusion algorithm by

employing an incremental variation of the argument that led to the distributed gradient
descent algorithm:

—_—

Vi = Wri1 —pV Ik (We 1) (22)
Wi = > amty; (23)
ZEN}C

We are again allowing for stochastic gradient approximations V.J(wy;—1). In terms of
network quantities, we have:

T ——
w;=A <W¢_1 —uVj(wi_1)> (24)
Stefan Vlaski and Ali H. Sayed Lecture 5: Performance and Trade-Offs IEEE ICASSP 2024 Short Course 12 /52



Network Decomposition for Diffusion

Applying the same network basis transformation W), = VT w;, and repeating the argument
that led to the decomposition (20)—(21), we find for the diffusion algorithm:

K
Wei = Wei-1 —% > Vik(wkio1) (25)
k=1
VI wi = AaV3 Wit AV VI (Wis) (26)

Note that the recursions for the network centroid (25) and (20) are identical. Second, the
recursions for the network deviation (26) and (21) are structurally similar, but distinguished by
an additional factor Ao multiplying the driving term —MAQVQT@(Wi_l) in the case of the
diffusion algorithm. This factor results from the fact that the mixing operation in the case of
the diffusion algorithm is applied to both the weights themselves as well as the gradient
update. This subtle difference is the source of improved stability properties of incremental-type
algorithms.

Stefan Vlaski and Ali H. Sayed Lecture 5: Performance and Trade-Offs IEEE ICASSP 2024 Short Course 13 /52



Network Decomposition for Penalty-Based Algorithms

We remark that the fact that the centroid recursions for distributed gradient descent and
diffusion algorithms are identical is a useful insight, but does not imply that the trajectories of
both centroids will be identical. This is because the centroid recursions are coupled with the
deviation recursions (26) and (21) through the iterates wy, ;_1, where the gradient
approximations are evaluated. These distinctions will seep into the centroid recursions and
cause varying dynamics of the centroid as well. Nevertheless, the structural similarity of the
recursion allows us to formulate a general form of penalty-based algorithms, and develop
convergence analysis that will apply to both algorithms. In particular, we will study a
decomposition of the form:

K
Wei = Wei—1 —% ; VJi(wgi—1) (27)
T T TS 7 (vn,.

VI wi = AoV Wit —uDVI VT (Wi ) (28)

where we recover the distributed gradient descent algorithm by setting D = I, and the
diffusion algorithms by setting D = As.
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Visualization of the Network Decomposition

Individual error dynamics Network error decomposition

wa ;
(@)
w3 ;
W1 @)
~ o _— )
w
Wy
(@)
W5 ;
Strong coupling of optimization and network effects Weak coupling of optimization effect, which affects
through the total individual errors primarily the centroid, and the network effect, which

affects primarily the local deviations from the centroid
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Perturbation Terms
To make the coupling explicit, we introduce the error terms:

shi(wrio1) 2 VIp(wii1) — VJg(wyi1) (29)
diim1 (W i—1) = VI gp(wyio1) — Vi (wei—1) (30)

We can then write:
ﬁk(wk,i—l) = VJip(wei-1) + ski(wri—1) + di—1 (Wki—1) (31)

Here, sy i(wy i—1) corresponds to a gradient noise term analogous to the ones we have
encountered in previous non-cooperative, centralized and federated implementations of
stochastic gradient algorithms. The second term dy, ;1 (wy ;—1) represents a second deviation
term resulting from lack of consensus across the network. In particular, as long as

Wi i—1 A Wei—1, We would expect dy ;1 (wy ;—1) to be small. We define the network versions
of these quantities as well:

si(Wi—1) =col {spi(w,i—1)} (32)
di—1(Wi-1) = col{dyi—1(wk,i-1)} (33)
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Perturbed Transformed Recursions

These definitions allow us to reformulate the recursions (27)—(28) as:

K
Wei = Wei—1— ZVJk: We,i— 1 %Z Skzwk,z 1 +dkz l(wkz 1))
k=1
K
= wei-1 —pVJI(Wwei1) — 17d ; (8k,i(Wryi—1) +dpi—1(wr ;1)) (34)

Vs Wi = AoV Wi 1 =DV VI (1 @ wei 1) — uDVy (si(Wi_1) +di_1(Wi_1)) (35)

The first recursion contracts in the mean-square sense for sufficiently small step-sizes since
We i1 —% Zle VJ(we;i—1) corresponds to a gradient step. The second recursion contracts
since for strongly-connected graphs we have p(Az) < 1.

Stefan Vlaski and Ali H. Sayed Lecture 5: Performance and Trade-Offs IEEE ICASSP 2024 Short Course 17 /52



Modeling Conditions

As we have done so far, we assume J(w) to be v-strongly convex with J-Lipschitz gradients,

and that the individual objectives have di-Lipschitz gradients. Furthermore, we impose the
gradient noise condition:

E{ski(wgi—1)|wki—1} =0 (36)
E {lsi(wni) |’ wiiot < Blwf = wiit |* + of (37)
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Coupled Inequality Recursion
Upon bounding the perturbation terms we find one coupled inequality recursion:

Elwe? Bl 1| 252
T2 | S T 2 | T [ o } (38)
ElVy will E[V] wi1 || "
where
N =1-—2uv + p25? (39)
VALOG2)  O(4)
b= DI ( 40
o (%) A2 + O(u?) (40)
1 K
o? = 2z 2 (380lluwf — el + o7 )
k=1
4 K
b= IPIPIVTIE Y IV TP + DI VTP Ko (42)

k=1
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Mean-square Behavior

Theorem (Mean-square-behavior of penalty-based decentralized algorithms)

There exists a step-size . that is small enough, so that:

p(1) < [Tl = max {1 — v + O(2), Ao + O()} < 1

(43)
and the decentralized penalty-based algorithm converge in the sense that
||, 2 | 0 +0 (t25)
oo | <0t 4| o) e (44
VI wi | o (£) +o(dsn)
where
b= I Z IV T (w) |2 + 1DV T2 K20 (45)
k=1 )
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Returning to Individual Errors

The theorem quantifies separately the centroid error along with the deviation of individual
agents from the centroid. We can return to individual errors wy; = w® — wy,; by noting:

K K
1 - 1 - 2
e glEH’wk,z‘\P e 1?1 Elw® — we; +we; —wpi||* < 2E||we;|* + I §1EH We; —wyi|?

(46)
where the last step follows from Jensen's inequality. The first term corresponds to the centroid
error, while the last term can be related to ||V w; |2 via:

K
2 2 2 2V22
e DBl il = Bl w1 wea | = LBV w w2 2 2 T, 2
Hence:
K
1 _ _ 2[| Va2
> Bl < 2Bl + 22 T (47)
k=1
S T = >



Visualization of the Limiting Regions

lim iiE”w —wel2<0 u2b +0 I
msup < ki cill” = K(1—A2) K(1—X2)2

i—00 F—1

b
I 2 < 2 %
Hl_nsup]E”wc,z” < O(po™) + O <K(1 )\2)

K

s Y Bl < Ouo?) +0 (7t ) 40 (i 55 )
zJoopKkzl Rl = DA K(1—X2) K(I—Xy)?

Stefan Vlaski and Ali H. Sayed Lecture 5: Performance and Trade-Offs IEEE ICASSP 2024 Short Course 22/52



Discussion

Assuming the step-size is small enough so that terms of order 3 and higher can be disregarded,
we find for the average mean-squared deviation:

K
; L ~ 2 2 1°b
— 112 < =7
h?if;l.fp % kglEHwkZH <O (po*)+0 (K(l ) (48)

Here, 1 denotes the step-size of the algorithm and A2 denotes the second-largest eigenvalue of
the weight matrix A. The remaining constants are:

K
1 o 0
0? == (38 ug — w’|* +of) (49)
k=1
2K 0\[|12
— A2

Stefan Vlaski and Ali H. Sayed Lecture 5: Performance and Trade-Offs

IEEE ICASSP 2024 Short Course 23 /52



Leading-Order Term and Linear Gain

The first term O(uc?) is proportional to the step-size i and the aggregate gradient noise o2
We encountered this exact term as the steady-state-error expression for stochastic
gradient-descent in earlier lectures. Indeed, after specializing to the homogeneous scenario
where all local gradient noise profiles a,% = 07 and minimizers wy = w? are the same, we can
recover linear performance gain via:

K K
1 1
0" =g 2 (38t — vl + of) = 15 3ot = (51)
k=1 k=1

=[S

and hence:
2
2\ Ko7
O(po*) =0 <K ) (52)

We conclude that in a homogeneous setting, and for small step-sizes, K agents will perform K
times better than a single agent.
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Higher-Order Term and the Cost of Decentralization

The second term % is new and a result of our decentralized implementation. It
essentially corresponds to the loss in performance we endure since we are implementing our
decentralized algorithm over a graph and rely on the local diffusion of estimate rather than
central aggregation. For the diffusion algorithm, we have D = As, and hence

i (PR V@) | pPAK?
)

—_ 53
K(1— X K(1—X)2 1— (53)
This entire term is multiplied by ©2. Assuming all other constants are fixed and finite, this

2
means that as y — 0, the bias term K(*l‘if)@ will eventually be dominated by the noise term

po?. Similarly, if the network is very densely connected, this will imply that A\ — 0, and again
the bias term will be dominated by the noise term, since both expressions on the right-hand
side of (53) are scaled by A3.
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The Effect of Heterogeneity

There are, however, important settings where the bias is non-trivial.

@ When the network is very sparsely connected, resulting in Ay close to one and hence
1 — A2 — 0. The fact that the two terms on the right-hand side of (53) are divided by
(1 — X2)? and 1 — )y respectively has the potential to significantly amplify the bias term
for sparse networks.

@ When exact gradients are used, or the gradient approximation is of very high quality,

23y2 K 0|2
resulting in o2 — 0. In that case the term £ 22 Z‘Ei!\;‘zj’“(w IZ il dominate all terms

involving the gradient noise variance o2 and cause a bottleneck.

This insight is consistent with the discussion in Lecture 4, which concluded that the
distributed gradient descent algorithm is unbiased if, and only if, all objectives J(w) are
minimized at a common minimizer w°, which implies Zszl |V Ji(w®)||? = 0. We will hence
now investigate if bias-corrected algorithms yield improved performance guarantees.
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Unified Formulation

In this section, we describe a unifying and generalized framework that includes all the
decentralized primal-dual and gradient tracking-based methods derived so far as special cases.
Let B € REMXEM 3nd ¢ ¢ REM*KM denote two general symmetric matrices that satisfy
the following conditions:

Bw=0<+= wp =we...,WK
Cw=0«<= Bw=0orC=0 (54)
C is positive semi-definite

For example, C =L =Igpy — A and B = £1/2 is one choice, but many other choices are
possible including beyond what we have encountered so far. We will provide more examples in
the sequel. Let also

A=Ax Iy (55)

where A is some symmetric doubly-stochastic and positive definite matrix. For example,
1 _ 1 - oy e
A = 5(Ix + A) is one possibility.
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Unified Decentralized Algorithm

Assuming the matrices {A, B,C} have been chosen, we can then solve:

1
w* £ argmin {j(w) + —lw H%} , subject to Bw =0 (56)
WERKM 2p

and introduce the corresponding saddle-point formulation
1 1
n)l/%}nm}é\mx Jw) + ﬂ” wliz + ;)\TBW (57)
where A € REM is a Lagrangian factor and p > 0. To solve the above problem, we introduce

the following unified decentralized algorithm (UDA), which consists of three successive steps
(primal-descent, dual-ascent, and combination):

zi=Urxm —C)Wi1 —p V/T7(Wi71) —BAi (58)
Ai=Ai1+Bz; (59)
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Recovering Decentralized Algorithms as Special Cases of UDA

Table: Obtaining several decentralized methods as special cases of the unified decentralized
algorithm (UDA) described by (58)—(60). We define A = I — L in terms of the Laplacian matrix L.

| Algorithm | A | B | C |
EXTRA I L1772 L=1Ikgy—A
EXACT diffusion | A= Ixp — L | L1/ 0
DIGing T L=1Igy—A| Iy — A?
NEXT A L=TIgny—A| Igny— A
Aug-DGM A? L=Igxy—A|0
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Network Decomposition for Bias-Corrected Algorithms

The argument essentially mirrors the one one for penalty-based methods. We will again
decompose the network recursion into a recursion for the network centroid, and a second
coupled recursion for the network deviation. The additional technical challenge now will be to
account for the presence and impact of the dual variable A;, which will complicate the
recursions but ultimately be instrumental for bias correction. We can combine (58) and (60)

wi = A(Ixar — C) Wit —p AV T (Wi_1) — ABAi_1 (61)
Note that for all choices of A, B,C in Table 1, we have:

(]1T®IM)A:]1T®IM (62)

(1T ) B=0 (63)

(11T ® IM) (I —C) =17 @ Iy (64)
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Network Centroid for Bias-Corrected Algorithms

We can then conclude:

<]lT ® IM) Wi
= (nT ® IM) A(Igp — C)wi1 — (11T ® IM) AV T (W) — (11T ® IM) ABXi_1
= (]lT ® IM) Wi_1 — (]lT ® IM) V/T7(Wifl) (65)
Hence:
K
. Zwk P = Weio —% Z VJk(wri) (66)
k=1

We conclude that the network centroid for all primal-dual and gradient tracking-based
algorithms evolve according to an approximate centralized stochastic gradient recursion,
provided that the matrices A, B, C satisfy conditions (62)—(64).
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Deviation from the Centroid
To quantify the deviation from the centroid, note that:

1 1
Wi —1@w.; =w,; — <K1111T ® IM) w; = (IKM - ?]IHT ® IM> Wi (67)
Applying this linear transformation to (61):

wi—1®@w.;

a - 1
@ (A — K]l]lT ® IM> Uxm —C) Wim1 — L @ wei—1)

_ — 1
— (A - %]I]IT ® IM> VI (Wi1) — (A - E]l]lT ® IM> BAi_1

(:b) D(IKM — C) (Wifl —1® 'wc,l-,l) — IU,DV/‘\Y(WZ;D — DBAifl (68)

where in (a) we again made use of the spectral properties (62)—(64) which imply that
(A= 2117 @ Ing) Ik — C) (L @ wei—1) = 0, and in (b) we defined:

- 1
.
D=A- 11" @Iy (69)
K
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Coupled Inequality Recursions

This time, we measure the deviation from the network centroid via:

A 2B wi 1 @we; 3¢ +ElIX|3

(70)
Following a similar argument as before, but accounting for the dual variable, we can bound:
E|we.;|? E|lw,; 1] 2 2
Foedl™ | _ o] Elltoeil +[“§ ] (71)
A i—1 (7o
where
. VA+0@?) 0(4) 72)
= 2] =
0] <“1_a ) Q
3 — 1 &
02=ﬁ262||w2—w°|l2+ﬁ20i (73)
k=1 k=1
b= ||D|| K%c? (74)
Notably, 75, [|VJi(w®)||> = 0 no longer appears in b.
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Convergence of the Universal Decentralized Algorithm

Theorem (Mean-square-behavior of the Universal Decentralized Algorithm)

Suppose all conditions of Theorem 1 hold, and additionally A, B, C, D and j are chosen such
that p(I') < 1. Then, the iterates generated by the UDA recursions (58)—60) satisfy:

E|w.,; 2 . O [LO'Z +0 _I%
Beal® ) oy | 987 K“%J) (75)
Bl wi —1 @ we | o(£2) +o(5s)

where < denotes an elementwise inequality. Assuming y is small enough so that we can
disregard terms of order 3 or higher, it follows that:

K
L W i W’ K| Dl|o?
= D E[[@p]* < O(p(T)) + O (uo®) + 0 (J)

1—a (76)
k=1

v
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Performance Bounds for Specific Decentralized Algorithms

Table: Steady-state performance bounds for decentralized algorithms up to second-order terms in
the step-size i obtained by specializing Theorem 2.

Algorithm ‘ lim sup;_, o, % Zszl ]E||17;,“||2 ‘
DGD 0 (no?) +0 ({252 ) + 0 (M lEA )
Diffusion O (no?) +0 (%) L0 <u2>\§(AI)( %%12 |(|X§,§(wo>\\2>
EXTRA 0 (no?) +0 ({525)
Exact diffusion | O (uo?) + O (%)
DIGing O (uo?) + O (lﬁfggj))
NEXT 0 (o) + 0 ({5575
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Observations and Take-Aways

We now present a number of observations and take-aways that arise from the performance
bounds described in Table 2. Two important facts should be noted: First, the expressions only
represent bounds on the limiting performance of the various decentralized algorithms. Second,
bounds are presented in terms of O(-) expressions, and hence omit the dependence on certain
constants. As such, some care needs to be taken when interpreting these bounds.
Nevertheless, provided the bounds are sufficiently tight, and constants are consistent across
expressions, meaningful interpretations can be inferred from the performance bounds. To
verify this, we complement the discussion in this section by numerical results. Specifically, we
will provide a collection of K agents with data following the linear model:

i = hlug + v, (77)

with isotropic regressors hy, ~ N(0,021y) € RM and Gaussian noise vi ~ N(0,02) € R.
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Controlling Heterogeneity

To control the heterogeneity of the local models wy?, we sample them from the distribution
N(1,02 1) € RM. In this manner, by setting o2 = 0, we recover a homogeneous data

setting with w] = w? = 1, while o2 > 0 results in heterogeneous models with variance defined
by 02, Each local loss is given by:

1
Tu(w) = 5By, — hlwl? (78)

It can then be verified that w{ = arg min,, Ji(w) and w® = arg min,, J(w), where
J(w) = + Zszl Jr(w). Each agent constructs local gradient approximations:

.
VIk(wri1) = —hg, (’Ym —hy, 'wk,i—l) (79)
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Algorithms (1)

We include in simulations three algorithms to represent the three families: the diffusion
algorithm as a penalty-based algorithm, the Exact diffusion algorithm as a primal-dual

algorithm and the Aug-DGM algorithm as an example of a gradient-tracking based algorithm.
The diffusion recursions for the choice (79) amount to:

Vi = Wi i1 +h (’Yk,z- —hp; wk,i—1> (80)
Wi = Y amtby; (81)
ZGNk

The Exact diffusion recursions amount to:

Wi = Wrio1+hig <7k,z’ —hp; wk,i—l) (82)

Pri = Vi + Wri-1 — Vi1 (83)

Wi = Y andy, (84)
LEN}
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Algorithms (2)

For the Aug-DGM algorithm we find:

Vi = Wki1 —1Ggi—1 (85)

Wk,i = Z APy (86)
EENk

9ri = Z g, (9“71 — hy; ('7k,z‘ —hy; 'wk,i) + Rt (‘Yk,iq —hpi wk,i—l)) (87)
ZENk

We generate an Erdos-Renyi graph with edge probability 0 < pjinx < 1, which allows us control
the level of connectivity of the graph. We construct an adjacency matrix using the
Metropolis-Hastings rule (recall Lecture 3). The choice of pyi,k indirectly controls the resulting
mixing rate \o(A).
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Baseline Simulation

—— Diffusion
——— Exact diffusion
= AugDGM
10°
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£ 1071
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1072 el s
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Iteration
Figure: Baseline simulation with u = 0.01, 07 = 02 = 02 = 1, piink = 0.1 and X2(4) = 0.945.

v =

Stefan Vlaski and Ali H. Sayed Lecture 5: Performance and Trade-Offs



Observation #1: First-order expressions match

Our first observation is that the first-order terms in all performance bounds in Table 2
coincide. This indicates that for small step-sizes, as O(u) terms dominate higher-order terms,
the difference in performance between penalty-based and bias-corrected methods should
decrease. This is one the next slide by reducing the step-size by a factor of 10.

Algorithm \ lim sup;_, % ZkK LEllwy |2 ‘
K o

Diffusion O (uo?) +0 (%) +0 (ALQ/\%(AI)((%:E:/\IQ'('X)‘;S(ZU )”2>

Exact diffusion | O (uo?) + O (%)

Aug-DGM O (po?) +0 <%>
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Observation #1: First-order expressions match

—— Diffusion
——— Exact diffusion
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Figure: Reduced step-size with = 0.001, 07 = 02 = 02 = 1, pink = 0.1 and Ao(A) = 0.945.
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Observation #2: Difference is amplified for heterogeneous environments

Comparing the bounds for the diffusion, Exact diffusion and Aug-DGM, we note that the
primary difference is in the term containing S IV Jk(w®) ||, This indicates that the
difference in performance should vanish for homogeneous objectives, and is verified on the next
slide by setting the variance of local models to zero, i.e., 02 = 0.

Algorithm | limsup; .. % b, w2 |
P ZK2(A)o? INZ(A)Y IV Tk (wO)]]?
Diffusion O (uo?) + 0 <#1_W> +0 (M ? K(1]LAL2(A))§ >
Exact diffusion | O (uo?) + O <%)
2K02(A)o2
Aug-DGM 0 (no?) +0 (5557
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Observation #2: Difference is amplified for heterogeneous environments

—— Diffusion
100 \ - Exact diffusion |
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Figure: A homogeneous setting with = 0.01, 07 = 02 =1, 62 = 0, prink = 0.1 and A2(A) = 0.945.
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Observation #3: Difference is reduced in densely connected networks

Our third observation is that the term distinguishing the performance of the three algorithms
is multiplied by m. This indicates that the difference in performance is reduced for
densely connected networks, where A\y(A) — 0. This is verified on the next slide by increasing
the connectivity via pinx = 0.5, which results in A\y(A) = 0.725.

Algorithm ‘ lim sup; , o % ZkK:I E||wy, ;||* ‘
270122 2 32 e W
s 0(u0") +0(“7 ) 0 (PURL T
Exact diffusion | O (,u(ﬂ) +0 (%)
2KAZ(A)o?
Aug-DGM O (po?) + 0 (%)
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Observation #3: Difference is amplified in sparsely connected networks

—— Diffusion
——— Exact diffusion
===+ AugDGM

10°
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- W
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Figure: A well-connected graph with 07 = 02 = 02 =1, plink = 0.5 and Aa(A4) = 0.725.
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Observation #4: Incremental variants exhibit additional variance reduction

Our final observation is that second-order terms in the incremental methods, compared to
their non-incremental counterparts, exhibit additional variance reduction by a factor of A2(A)
or A3(A). We illustrate this on the next slide by comparing the performance of the diffusion
algorithm with that of the DGD algorithm. We observe that the diffusion strategy outperforms
the DGD algorithm by a small margin.

’ Algorithm ‘ Hm sup; o0 2 > gy Bl ‘
2 K w® 2
o ot - o(¢2) (T

i K)\3(A)o® PN S [V Tk (wO)]?
Diffusion | O (uo?) + O (%) +0 (“ : K(lf)\g(A))’g )
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Observation #4: Incremental variants exhibit additional variance reduction

m— DGD
= Diffusion
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Figure: Comparison of DGD (non-incremental) and diffusion (incremental) algorithms with
07 =02 =02 =1, piink = 0.1 and A2(A4) = 0.945.



Stability of Incremental Variants

A related fact to our previous observation is that incremental variants of decentralized
algorithms tend to have wider stability ranges than their non-incremental counterparts. This is
due to an asymmetry present in non-incremental recursions. We can illustrate this by
comparing the DGD:

Wi = Y agwei — pV T p(wei1) (88)
LeEN}
and diffusion recursions:
Wy = Z ag (we,iq - Mﬁe(wz,iq)) (89)
fGNk

We verify this by on the next slide by increasing the step-size of until one of the algorithms
becomes unstable.
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Stability of Incremental Variants
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Figure: Comparison of DGD (non-incremental) and diffusion (incremental) algorithms with p = 0.75,
07 =1,02=0.01,62 =0, prink = 0.1 and A2(A) = 0.945.
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Conclusion

@ We presented performance bounds for penalty-based (DGD and diffusion), primal-dual
(EXTRA and Exact diffusion) and gradient-tracking (DIGing, NEXT, Aug-DGM)
algorithms.

@ To first order in the step-size, performance bounds are identical amongst all algorithms,
and match those of centralized architectures.

» This implies that for homogeneous objectives and small step-sizes, all algorithms exhibit
linear performance gain.

@ Bias-corrected algorithms outperform penalty-based ones particularly for:

Moderately large step-sizes

» Sparse graphs

» Heterogeneous objectives

» Exact gradients or very low gradient noise

v

@ Incremental algorithms exhibit better performance and wider stability ranges than their
non-incremental counterparts.
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