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Abstract— While Graph Neural Networks (GNNs) are pop-
ular in the deep learning community, they suffer from several
challenges including over-smoothing, over-squashing, and gra-
dient vanishing. Recently, a series of models have attempted to
relieve these issues by first augmenting the node features and then
imposing node-wise functions based on Multi-Layer Perceptron
(MLP), which are widely referred to as GA-MLP models. How-
ever, while GA-MLP models enjoy deeper architectures for better
accuracy, their efficiency largely deteriorates. Moreover, popu-
lar acceleration techniques such as stochastic-version or data-
parallelism cannot be effectively applied due to the dependency
among samples (i.e., nodes) in graphs. To address these issues,
in this paper, instead of data parallelism, we propose a parallel
graph deep learning Alternating Direction Method of Multipliers
(pdADMM-G) framework to achieve model parallelism: parame-
ters in each layer of GA-MLP models can be updated in parallel.
The extended pdADMM-G-Q algorithm reduces communication
costs by introducing the quantization technique. Theoretical
convergence to a (quantized) stationary point of the pdADMM-
G algorithm and the pdADMM-G-Q algorithm is provided with
a sublinear convergence rate o(1/k), where & is the number of
iterations. Extensive experiments demonstrate the convergence of
two proposed algorithms. Moreover, they lead to a more massive
speedup and better performance than all state-of-the-art com-
parison methods on nine benchmark datasets. Last but not least,
the proposed pdADMM-G-Q algorithm reduces communication
overheads by up to 45% without loss of performance. Our code
is available at https://github.com/xianggebenben/pdADMM-G.

Index Terms—Model Parallelism, Graph Neural Networks,
Alternating Direction Method of Multipliers, Convergence, Quan-
tization

I. INTRODUCTION

Graph Neural Networks (GNNs) have accomplished state-
of-the-art performance in various graph applications such
as node classification and link prediction. This is because
they handle graph-structured data via aggregating neighbor
information and extending operations and definitions of the
deep learning approach [1]. However, their performance has
significantly been restricted via their depths due to the over-
smoothing problem (i.e. the representations of different nodes
in a graph tend to be similar when stacking multiple layers)
[2], the over-squashing problem (i.e. the information flow
among distant nodes distorts along the long-distance interac-
tions) [3], and the gradient vanishing problem (i.e. the signals
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of gradients decay with the depths of GNN models) [2].
These challenges still exist even though some models such
as GraphSAGE [4] have been proposed to alleviate them.

On the other hand, the Graph Augmented Multi-Layer
Perceptron (GA-MLP) models have recently received fast-
increasing attention as an alternative to deal with the aforemen-
tioned drawbacks of conventional GNNs via the augmentation
of graph features. GA-MLP models augment node represen-
tations of graphs and feed them into Multi-Layer Perceptron
(MLP) models. Compared with GNNs, GA-MLP models are
more resistant to the over-smoothing problem [2] and therefore
demonstrate outstanding performance. For example, Wu et al.
showed that a two-layer GA-MLP approximates the perfor-
mance of the GNN models on multiple datasets [5].

GA-MLP models are supposed to perform better with the
increase of their depths. However, similar to GNNs, GA-MLP
models still suffer from the gradient vanishing problem, which
is caused by the mechanism of the classic backpropagation
algorithm. This is because gradient signals diminish during
the transmission among deep layers. Moreover, while the
models go deeper, efficiency will become an issue, especially
for medium- and large-size graphs. Compared to the data
such as images and texts, where identically and independently
distributed (i.i.d.) samples are assumed, efficiency issues in
graph data are much more difficult to handle due to the de-
pendency among data samples (i.e., nodes in graphs). Such de-
pendency seriously troubles the effectiveness of using typical
acceleration techniques such as sampling-based methods, and
data-parallelism distributed learning in solving the efficiency
issue. Therefore, parallelizing the computation along layers is
a natural workaround, but the backpropagation prevents the
gradients of different layers from being calculated in parallel.
This is because the calculation of the gradient in one layer is
dependent on its previous layers.

To handle these challenges, recently gradient-free optimiza-
tion methods such as the Alternating Direction Method of
Multipliers (ADMM) have been investigated to overcome
the difficulties of the backpropagation algorithm. The spirit
of ADMM is to decouple a neural network into layerwise
subproblems such that each of them can be solved efficiently.
ADMM does not require gradient calculation and therefore
can avoid the gradient vanishing problem. Existing literature
has shown its great potential. For example, Talyor et al. and
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Wang et al. proposed ADMM to train MLP models [6], [7].
Extensive experiments have demonstrated that the ADMM
has outperformed most comparison methods such as Gradient
Descent (GD).

In this paper, we propose a novel parallel graph deep learn-
ing Alternating Direction Method of Multipliers (pd ADMM-
G) optimization framework to train large-scale GA-MLP
models, and the extended pd ADMM-G-Q algorithm reduces
the communication cost of the pd ADMM-G algorithm by
the quantization techniques. Our contributions to this paper
include:

e We propose a novel reformulation of GA-MLP models,
which splits a neural network into independent layer
partitions and allow for ADMM to achieve model par-
allelism.

e« We propose a novel pd ADMM-G framework to train
a GA-MLP model. All subproblems generated by
the ADMM algorithm are discussed. The extended
pdADMM-G-Q algorithm reduces communication costs
by introducing the quantization technique.

« We provide the theoretical convergence guarantee of the
proposed pd ADMM-G algorithm and the pd ADMM-G-
Q algorithm. Specifically, they converge to a (quan-
tized) stationary point of GA-MLP models when the
hyperparameters are sufficiently large, and their sublinear
convergence rates are o(1/k).

+« We conduct extensive experiments on nine benchmark
datasets to show the convergence, the massive speedup of
the proposed pd ADMM-G algorithm and the pd ADMM-
G-Q algorithm, as well as their outstanding performance
when compared with all state-of-the-art optimizers. More-
over, the proposed pdADMM-G-Q algorithm reduces
communication overheads by up to 45%.

The organization of this paper is shown as follows: In Section
II, we summarize recent related research work to this paper.
In Section III, we propose the pd ADMM-G algorithm and
the pd ADMM-G-Q algorithm to train deep GA-MLP models.
Section IV details the convergence properties of the proposed
pdADMM-G algorithm and the pdADMM-G-Q algorithm.
Extensive experiments on nine benchmark datasets to demon-
strate the convergence, speedup, communication savings, and
outstanding performance of the pd ADMM-G algorithm and
the pd ADMM-G-Q algorithm are shown in Section V, and
Section VI concludes this work.

II. RELATED WORK

This section summarizes existing literature related to this
research.

Distributed Deep Learning. With the increase of public
datasets and layers of neural networks, it is imperative to
establish distributed deep learning systems for large-scale ap-
plications. Many systems have been established to satisfy such
needs. Famous systems include Terngrad [8], Horovod [9],
SINGA [10] Mxnet [11], TicTac [12] and Poseidon [13]. They
applied some parallelism techniques to reduce computational
time, and therefore improved the speedup. Existing parallelism

techniques can be classified into two categories: data paral-
lelism and model parallelism. Data parallelism focuses on dis-
tributing data across different processors and then aggregating
results from them into a server. Scaling GD is one of the most
common ways to reach data parallelism [14]. For example,
the distributed architecture, Poseidon, is achieved by scaling
GD through overlapping communication and computation over
networks. The recently proposed ADMM [6], [7] is another
way to achieve data parallelism. However, data parallelism
suffers from the bottleneck of a neural network: for GD,
the gradient should be transmitted through all processors; for
ADMM, the parameters in one layer are subject to those in
its previous layer. As a result, this leads to heavy commu-
nication costs and time delays. Model parallelism, however,
can solve this challenge because model parallelism splits a
neural network into many independent partitions. In this way,
each partition can be optimized independently and reduce
layer dependency. For instance, Parpas and Muir proposed
a parallel-in-time method from the perspective of dynamic
systems [15]; Huo et al. introduced a feature replay algorithm
to achieve model parallelism [16]. Zhuang et al. broke layer
dependency by introducing the delayed gradient [17].

Deep Learning on Graphs. Graphs are ubiquitous struc-
tures and are popular in real-world applications. There is
a surge of interest to apply deep learning techniques to
graphs. For a comprehensive summary please refer to [18]. It
classified existing GNN models into four categories: Recurrent
Graph Neural Networks (RecGNNs), Convolutional Graph
Neural Networks (ConvGNNs), Graph Autoencoders (GAEs),
and Spatial-Temporal Graph Neural Networks (STGNNs).
RecGNNs learn node representation with recurrent neural
networks via the message passing mechanisms [19], [20], [21];
ConvGNNs generalize the operations of convolution to graph
data and stack multiple convolution layers to extract high-level
node features [22], [23], [24]; GAEs encode node information
into a latent space and reconstruct graphs from the encoded
node representation [25], [26], [27]; the idea of STGNNs
is to capture spatial dependency and temporal dependency
simultaneously [28], [29], [30].

III. THE PDADMM-G ALGORITHM

We propose the pd ADMM-G algorithm to solve GA-MLP
models in this section. Specifically, Section III-A formulates
the GA-MLP model training problem , and Section III-B
proposes the pd ADMM-G algorithm. Section III-C extends
the proposed pd ADMM-G algorithm to the pd ADMM-G-Q
algorithm for quantization.

A. Problem Formulation

Consider a graph G = (V, E), where V and F are sets of
nodes and edges, respectively, |V| is the number of nodes,
let U = {¢1(A), -+ ,¥K(A)} be a set of (usually multi-
hop) operators 1;(A) : RVl — RIVI(G = 1,... | K) that
are functions of the adjacency matrix A € {0, 1}VI*IVI and
RIVI is the domain of t;(A) (i =1,--- ,K). X = Hipp(A)
is the augmentation of node features by the k-hop operator,
where H € R?*IV| is a matrix of node features, and d is the



Notations Descriptions
L Number of layers.
Wi The weight matrix for the {-th layer.
b The intercept vector for the [-th layer.
2 The auxiliary variable of the linear mapping for the I-th layer.

fi(z1) The nonlinear activation function for the [-th layer.

D The input for the I-th layer.
q The output for the [-th layer.
X The node representation of the graph.
A The adjacency matrix of the graph.
Yy The predefined label vector.

R(zL,y) The risk function for the L-th layer.
ny The number of neurons for the I-th layer.
uy The dual variable for the [-th layer.

TABLE I: Important Notations
dimension of features. Xy (k = 1,---,K) are stacked into

X = [Xy;--- ; Xg| by column. Then the GA-MLP training
problem is formulated as follows [7]:

Problem 1.

minw, b,z p, R(ZL; y)7
st.oa=Wipr+b, py1 = filz)(l=1,---,L-1),

where p; = X € R™*IV| is the input of deep GA-MLP
models, where ng = Kd is the dimension of input and y is
a predefined label vector. p; € R™*IVI is the input for the
[-th layer, also the output for the (I — 1)-th layer, and n; is
the number of neurons for the [-th layer. R(zp;y) is a risk
function for the L-th layer, which is convex and continuous;
z1 = Wipr + by and pj41 = fi(z;) are linear and nonlinear
mappings for the [-th layer, respectively, and W; € R™ *"i-1
and b; € R™ are the weight matrix and the intercept vector
for the [-th layer, respectively.

In Problem 1, ¥ can be considered as a prepossessing step
to augment node features via A, and hence it is predefined.
One common choice can be ¥ = {I, A, A2 ... AK-1},

Problem 1 can be addressed by deep learning Alternating
Direction Method of Multipliers (dIADMM) [7]. However,
parameters in one layer are dependent on its neighboring layers
and hence can not achieve parallelism. For example, the update
of p;41 on the (I + 1)-th layer needs to wait before z; on the
l-th layer is updated. In order to address layer dependency, we
relax Problem 1 to Problem 2 as follows:

Problem 2.
minp,W,b,z#I F(p7 Wa byza q) = R(Z[” y)

L L—1
F 2 - W= b+ 3 - A B,
st pi+1 = qu,

where p = {pi}i_;. W = {Wi}{;. b = {bi}j . z =
{z1},, 4 = {@}-,', and v > 0 is a tuning parameter. As
v — oo, Problem 2 approaches Problem 1. We reduce layer
dependency by splitting the output of the [-th layer and the
input of the (I + 1)-th layer into two variables p;+; and ¢,
respectively.

B. The pdADMM-G Algorithm

The high-level overview of the pdADMM-G algorithm is
shown in Figure 1. Specifically, the inputs of GA-MLP models
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Fig. 1: The overall pd ADMM-G optimization algorithm: it
splits GA-MLP models into layerwise components.

are augmented by Hy,(A) (k = 1,---, K), and then GA-
MLP models are split into multiple layers, each of which can
be optimized by an independent client. Therefore, layerwise
training can be implemented in parallel. Moreover, the gradient
vanishing problem can be avoided in this way. This is because
the accumulated gradient calculated by the backpropagation
algorithm is split into layerwise components.

Now we follow the ADMM routine to solve Problem 2. The
augmented Lagrangian function is formulated mathematically
as follows:

Lp(PaWabaZJL ll)
1
:F(p7w7bazaq)+zbl (uljw(pl+17ql)+(p/2)”pl+l - QI”%)
L
ZR(ZL;y)+¢(p1,W17bl721)+ZL=2¢(2?1,Wl,blazz,QFhUH)

w2 lla— A3

where ¢(p1, Wi,b1,21) = (v/2)lz21 — Wipr — bilf3,
O(p1, Wi, b, 21, qu—1,w-1) = (v/2)|la — Wipr — bill3 +
w1 (= a-1)+(p/2)llpr — @13, w(l =1, ,L—1) are
dual variables, p > 0 is a parameter, and u = {ul}f:_ll. The
detail of the pd ADMM-G algorithm is shown in Algorithm 1.
Specifically, Lines 5-9 update primal variables p, W, b, z and
q, respectively, while Line 11 updates the dual variable u.

Due to space limit, the details of all subproblems are shown
in Section A in the Appendix.

Our proposed pd ADMM-G algorithm can be efficient for
training deep GA-MLP models via the greedy layerwise
training strategy [31]. Specifically, we begin by training a
shallow GA-MLP model. Next, more layers are increased to
the GA-MLP model and their parameters are trained, then we
introduce even more layers and iterate this process until the
whole deep GA-MLP model is included. The pd ADMM-G
algorithm can achieve excellent performance as well as reduce
training costs by this strategy.

Last but not least, we compare the computational costs of
the proposed pd ADMM-G algorithm with the state-of-the-art
backpropagation algorithm, on which the gradient descent is
based. We show that they share the same level of compu-



Algorithm 1 The pd ADMM-G Algorithm to Solve Problem
2
Require: y, p1 = X, p, v.
Ensure: p,W b,z q.
Initialize k = 0.
while p*, W* b* z* ¢* not converged do
pp ™t < argminy, L,(p, W*,b* 2" q* u") for different
[ in parallel.
W/} < argminyy, L,(pF+!, W,b*,z¥, ¢*, u*) for dif-
ferent [ in parallel.
by« argming, L,(pFtt, WET b, 2% ¢F, u¥) for dif-
ferent [ in parallel.
2P« argming, L,(pFt!, WL bR 7 g, u¥) for
different [ in parallel.
gFtt « argming, L,(pFtt, WETL pFTL ZE+1 g u¥)
for different ! in parallel.

rf < piH = ¢t (1=1,-- L) in parallel # Compute
residuals.
uf“ —uf + p(pﬁ_’l1 — qlk'H) for different [ in parallel.
k+k+1

end while

Output p, W, b, z, q.

tational costs. For the backpropagation algorithm, the most
costly operation is the matrix multiplication z; = W;p; +b; in
the forward pass, where W, € R™*"™~1 and p; € R-1*IV1,
which requires a time complexity of O(n;n;—1|V|) [32]; for
the proposed pd ADMM-G algorithm, the most costly opera-
tion is to compute the derivative Vyy, ¢, and it also involves the
matrix multiplication, and hence its time complexity is again
O(nyni—1|V]). However, the proposed pd ADMM-G algorithm
trains the whole GA-MLP model in a model parallelism
fashion [33], and therefore all computational costs can be split
into different independent clients for parallel training; whereas
the backpropagation algorithm is implemented sequentially,
and thus it is less efficient than the proposed pd ADMM-G
algorithm.

C. Quantization Extension of pdADMM-G (pdADMM-G-Q)

In the proposed pd ADMM-G algorithm, p; and g; are trans-
mitted back and forth among layers (i.e. clients). However, the
communication overheads of p; and ¢; surge for a large-scale
graph G with millions of nodes. To alleviate this challenge,
the quantization technique is commonly utilized to reduce
communication costs by mapping continuous values into a
discrete set [34]. In other words, p; is required to fit into a
countable set A, which is shown as follows:

Problem 3.
minp,W,b.,z,q F(pv Wabvza q) = R(ZL7 y)

L L—1
w2 e = Wi = b3+ S = I,
s.t. Pi+1 = qi, pi S A= {517' o 76m}7

where 6;(¢ = 1,--- ,m) € A are quantized values, which
can be integers or low-precision values. m = |A| is the

cardinality of A. To address Problem 3, we rewrite it into
the following form:

L
Ininp,W,b,z,q R(ZL§ y) + Zl:2 ]I(pl)

L L—1
+ (’//2)(221:1 21 — Wipr — bi13 + lel la = fi(z0)113),
st pryr = q,

where the indicator function I(p;) is defined as follows:
I(p)) = 0if p; € A, and I(p;) = +oo if p; € A. The
augmented Lagrangian of Problem 3 is shown as follows:

L
Bo(p. W,b,z,q,u) = L,(p,W.b,z.q,u) + >~ I(p),

where L, is the augmented Lagrangian of Problem 2. The
extended pd ADMM-G-Q algorithm follows the same routine
as the pd ADMM-G algorithm, where L, is replaced with 3,.
Due to space limit, the solutions to all subproblems generated
by two proposed algorithms are shown in Section B in the
Appendix.

IV. CONVERGENCE ANALYSIS

In this section, the theoretical convergence of the proposed
pdADMM-G algorithm and the pd ADMM-G-Q algorithm is
provided. Due to space limit, we only provide sketches of
proofs in this section, and their details are available in Section
C in the Appendix. Our problem formulations are more
difficult than existing ADMM literature: the term ||q;— f1(2;)||3
is coupled in the objective, while it is separable in the existing
ADMM formulations. To address this, we impose a mild
condition that 9 f;(z;) is bounded in Assumption 1, and prove
that w; is controlled via ¢; and z; in Lemma 5 in Section C in
the Appendix.

Firstly, the proper function, Lipschitz continuity, and coer-
civity are defined as follows:

Definition 1 (Proper Functions). [35]. For a convex function
g(x) : R = RU{xoc}, g is called proper if Yz € R, g(x) >
—o0, and Iz € R such that g(xp) < +oc.

Definition 2. (Lipschitz Continuity) A function g(x) is Lips-
chitz continuous if there exists a constant D > 0 such that
V1,9, the following holds

l9(x1) — g(@2)[| < Dljz1 — w2].

Definition 3. (Coercivity) A function h(x) is coerce over the
feasible set F means that h(x) — oo if v € F and ||| — oo.

Next, the definition of a quantized stationary point [34] is
shown as follows:

Definition 4. (Quantized Stationary Point) The p; is a quan-
tized stationary point of of Problem 3 if there exists T > 0
such that

p; € argmingea ||6 — (pr — V, F(p, W,b,z,q)/7)]|.

The quantized stationary point is an extension of the sta-
tionary point in the discrete setting, and any global solution
p; to Problem 3 is a quantized stationary point to Problem



3 (Lemma 3.7 in [34]). Then the following assumption is
required for convergence analysis.

Assumption 1. f;(z;) is Lipschitz continuous with coefficient
S > 0, R(ZL;y) is proper, and F(p,W,b,z,q) is coercive.
Moreover, 0fi(z;) is bounded, i.e. there exists M > 0 such
that ||0fi(z)|| < M.

Assumption 1 is mild to satisfy: most common activation
functions such as Rectified Linear Unit (ReLU) [33] and leaky
ReLU[36] satisfy Assumption 1. The risk function R(z;;y) is
only required to be proper, which shows that the convergence
condition of our proposed pdADMM-G is milder than that
of the dIADMM, which requires R(z;;y) to be Lipschitz
differentiable [7]. Due to the space limit, detailed proofs
are provided in Section C in the Appendix. The technical
proofs follow a similar routine as dIADMM [7]. The difference
consists in the fact that the dual variable w; is controlled by ¢;
and z; (Lemma 6 in Section C in the Appendix), which holds
under Assumption 1, while u; can be controlled only by z;
in the convergence proof of dIADMM. The first lemma shows
that the objective keeps decreasing when p is sufficiently large.

Lemma 1 (Objective Decrease). For both the pdADMM-
G algorithm and the pdADMM-G-Q algorithm, if p >
max(4v.S?, (V1741)v/2), there exist Cy = v/2—20252%/p >
0 and Cy = p/2—2v%/p—v/2 > 0 such that it holds for any
k € N that

p(pk Wk bk,zk,qk uk) L (pk-i-l Wk—H bk+1 k+17qk+1 uk’—H)
> S0 ) I3 YL 6 2) W
+Zu v/2)|lb; —by Hz‘FZH Cillz =23
HDlE - B+ 3, Callal - gl (1)
Bp(pk Wk bk,zk,qk uk) Bp(pk—H Wk—‘rl bk+1 k—‘,—l’qk—&-l uk—‘,—l)
>Z (O /2) Wit —wf ||2+Z (v/2) 107 =07 3
+Z LCUl =2 13+ /2l - 2
k+1 k2
*Zl L C’qu a2

Sketch of Proof. They can be proven via the optimality con-
ditions of all subproblems, and Assumption 1. O

2

Lemma 2 shows that the objective is bounded from below
when p is large enough, and all variables are bounded.

Lemma 2 (Bounded Objective). (/). For the pdADMM-G
algorithm, if p > v, then Lp(pk W* b" k,q u®) is lower
bounded. Moreover, p*, W*, bk k,q ,and u® are bounded,
i.e. there exist Ny, Ny, Ny, N, Ny, and N, > 0, such that

%1 < Ny W4 < Ny, [B°]) < N 28] < N, "] <N,
and ||u*|| < N,.
(2). For the pdADMM- GQ algorithm, if p > v,

then ﬂp(p Wk b", "”',q u®) is lower bounded. Moreover,
wk, bk 7¥.q",and u* are bounded, i.e. there exist Ny, Ny,
N, Nq, and N, > 0, such that |W*|| < Ny, |[p*| < N,
I2*] <Nz, llg*]| < Ny, and [[u*]| < Ny

Sketch of Proof. We only show the sketch proof of (1) because
(2) follows the same routine as (1). In order to prove the
boundness of L,, we should prove the following:

Lp(pkawkabk7zk,qk?uk)
> F(p*, WF,b*, 25, q) + ((p = v)/2)llpf

> —00,

-q'll3

F(p*, WE,b", 2, q)
qfll3 ~ are  upper
bounded by  L,(p*,W* b" zF ¢, u¥) and  hence
L,(p°, W, b° 2% q°,u’) (Lemma 1). The boundness
of variables can be obtained via Assumption 1. O

= ql/ . Therefore,

where pﬁ_l
v)/2)|Ipis

and  ((p -

Based on Lemmas 1 and 2, the following theorem ensures
that the objective is convergent.

Theorem 1 (Convergent Objective). (1). For the pdADMM-
G algorithm, if p > max(4wS? (V1T + 1)v/2),
then Lp(pk,Wk,bk,zk,qk,uk) is convergent. Moreover,

limy o0 [[P*H1 — p*[3 = 0, limyoo WL — WF|3 = 0

limg 0 ku-H - bk”% = 0, limyoo sz+1 - Zng = 0

limg o0 [|g¥ Tt — g% = 0, limy o [u**t —uk|3 = 0.

(2). For the pdADMM-G-Q algorithm, if p >
k

max(4vS?, (V17 + 1)v/2), then B,(p*, WF b* 2" ¢* u*)

is convergent. Moreover, limy_,o W™ — WF|3 = 0,
limg o0 B = B3 = 0, limg o [2*F! — 2% = 0,
limg o0 [lg" ™ — ¥ |13 = 0, limg o [l +! — |3 = 0.

Sketch of Proof. This theorem can be derived by taking the
limit on both sides of Inequality (1). O

The third lemma guarantees that the subgradient of the
objective is upper bounded, which is stated as follows:

Lemma 3 (Bounded Subgradient). (/). For the pdADMM-
G algorithm, there exists a constant C > 0 and ¢F*t' €
OL,(pk*t, WkH,ka,zkH,qu,ukH) such that

lg" 1l < CUIP*H —p* ||+ [WEE = WE| -+ " — 87|
S A [ e A R e Tl B
(2). For the pdADMM-G-Q algorithm,
there exists a constant C > 0, §]§V+1 €

1
Vwk+1ﬁ (pk+1 ch+1 bk+ 7Zk+1 qk+1 k+1)

G e Ve Byl WL B gL gt e,
g§+1 c 8k+15 (pk+1 Wk+1 bk+17zk+1 qk+17uk+1),
E{;H c k+16p(pk+1 wh+1 bk'H,z ,q k+1 k+1)’
ﬁ’,f“ S Vuk+16p(pk+1,Wk“,bk“,zk“,qk*l,ukH) such



that
gyl < CUWHE — Wr| + o™ — "
=2 gt = g e u),
g FH < CUWEEE — W]+ o™ — "
S AR R [ Al [ T
gt < CUWEE — W]+ o™ — ")
[ =2 gt = g T —u),
lgg FH < CUWEEE — Wh| + o™ — "
=2 g = g+ (et ),
g < COWHE = WE) -+ [ — %)
=2+ (g = g T u).
Sketch of Proof. To prove this lemma, the subgradient is
proven to be upper bounded by the linear combination of

[ = R WEHE WL B b ),
la*+ — gt and ut 1 — ). =

Now based on Theorem 1, and Lemma 3, the convergence
of the pd ADMM-G algorithm to a stationary point is presented
in the following theorem.

Theorem 2 (Convergence of the pdADMM-G algorithm).
If p > max(4vS? (V17 + 1)v/2), then for the vari-
ables (p,W.b,z,q,u) in Problem 2, starting from any
(PO, W, b°,20 40, u®), (p*, W* b* 2% ¢* u*) has at least
a limit point (p*,W*,b*,z* q*,u*), and any limit point
is a stationary point of Problem 2. That is, 0 €
OL,(p*,W*,b",z*,q*,u*). In other words,

pik+1 = ql*, vp*Lp(p*7W*ab*az*aq*au*):07
VW*LP(p*vvv*ab*vz*aq*»u*):07vb*Lﬂ(p*aW*7b*az*vq*7u*):O

Oeaz*Lp(p*7W*7b*az*7q*au*)vvq*Lﬂ(p*7W*7b*az*aq*7u*):0'

Sketch of Proof. This theorem can be derived directly from
Lemma 2 and Lemma 3. [

Theorem 2 shows that our proposed pd ADMM-G algorithm
converges for sufficiently large p, which is consistent with pre-
vious literature [7]. Similarly, the convergence of the proposed
pdADMM-G-Q algorithm is shown as follows:

Theorem 3 (Convergence of the pdADMM-G-Q algo-
rithm). If p > max(4vS?, (V17 + 1)v/2), then for the
variables (p,W.,b,z,q,u) in Problem 3, starting from any
(°, W0 b°,2°,¢°, u"), (pk,Wk,bk,zk,qk,uk) has at least
a limit point (p*,W* b* z*,q*,u*), and any limit point
(W*,b*,z*,q*,u*) is a stationary point of Problem 3. More-
over, if le+1 is bounded, then p* is a quantized stationary
point of Problem 3. That is

Pis1 =a VwBy(p*, Wb, 2", q"u") =0,
ViB,(p*, W, 0" 2" ¢, u™) =0,
0€dB,(p", W, b",2",q",u*),

Ve Bop™, W, b",2" ", u™) = 0,

p; € argminsen [|6 — (o] — Vpr F(p™, W*,b",2",47) /7).

where 1" is a limit point of le.

Validation Test

Dataset Node# Edge# Class#| Feature# ~Training
Set# Set# Set#

Cora 2,485 10,556 7 1,433] 140 500 1,000
PubMed 19,717 88,648 3 500 60 500 1,000
Citeseer 2,110 9,104 6 3,703 120 500 1,000
FAmamn 13,381 491,722 10 767 200 1,000 1,000
Amazon 7,487 238,162 8 745 160 1,000 1,000
Photo
Coacusfhof 18,333 163,788 15 6,805| 300 1,000 1,000
Coauthor 34,493 495,924 5 8,415| 100 1,000 1,000
Physics

Flickr 89,250 899,756 7 500 44,625 | 22,312 | 22,313
Ogbn-Arxiv_| 169,343 | 1,166,243 40 128 90,941 | 29,799 | 48,603

TABLE II: Dataset statistics.

Sketch of Proof. This theorem is proven using a similar pro-
cedure as Theorem 2, and the definition of the quantized
stationary point. O

The only difference between Theorems 2 and 3 is that p*
is a stationary point in Problem 2 and a quantized stationary
point in Problem 3. Next, the following theorem ensures the
sublinear convergence rate o(1/k) of the proposed pd ADMM-
G algorithm and the pd ADMM-G-Q algorithm.

Theorem 4 (Convergence Rate). (I). For the pdADMM-G
algorithm and a sequence (p*, W*, b* 7", q", u®), define c;, =
mino<i<k(312o (77 /2) I} =i 13+ 3 (07 /2) W -
W3 + S /215 = b3 + 5 Crllz™ — 2113 +
/2T = IR + SE Callg ™ — qilE) where
Cr=v/2-2025%/p>0and Cy = p/2—20%/p—1v/2 >0,
then the convergence rate of cy, is o(1/k).
(2). For the pdADMM-G-Q algorithm
a sequence  (W", b* 2% q", u),  define dy
ming<i<r (30 (0] /2)[WiH — Wi + o0, (v/2)l1b -
b3 + S il = FIB + w2l - AR+
lL;ll Collq ™ — g} ||2) where Cy = v /2 — 21252 /p > 0 and
Co = p/2 —2v%/p —v/2 > 0, then the convergence rate of
dy, is o(1/k).

and

Sketch of Proof. (1). In order to prove the convergence rate
o(1/k), ¢k satisfies three conditions: (a) ¢x > ck41, (b)
> e ¢k is bounded, and (c) ¢ > 0.

(2). dj, can be proven using a similar procedure as (1). O

V. EXPERIMENTS

In this section, we evaluate the performance of the proposed
pdADMM-G algorithm and the proposed pd ADMM-G-Q al-
gorithm on GA-MLP models using nine benchmark datasets.
Convergence and computational overheads are demonstrated
on different datasets. Speedup and test performance are com-
pared with several state-of-the-art optimizers. All experi-
ments were conducted on the Amazon Web Services (AWS)
p2.16xlarge instance, with 16 NVIDIA K80 GPUs, 64vCPUs,
a processor Intel(R) Xeon(R) CPU E5-2686 v4 @ 2.30GHz,
and 732GiB of RAM.

A. Datasets and Settings

Nine benchmark datasets were used for experimental eval-
uation, whose statistics are shown in Table II. Each dataset is
split into a training set, a validation set, and a test set. Due
to space limit, their details can be found in Section D1 in the
Appendix.



When it comes to experimental settings, we set &' = 4 for
the multi-hop operator W, and defined a diagonal degree matrix
D where D;; = le‘gl A;j, and a renormalized adjacency
matrix A = (D +I)""2(A+I)(D + I)~*/? e RIVI*IVI[1].
Moreover, we set ¥ = {I, A, A%, A%} [2]. For all GA-MLP
models, the activation function was set to ReLU. The loss
function was set to the cross-entropy loss. For the pd ADMM-
G-Q algorithm, A = {-1,0,1,---,20} in Problem 3, and p
was quantized by default.

B. Comparison Methods

GD and its variants are state-of-the-art optimizers and hence
served as comparison methods. For GD-based methods, all
datasets were used for training models in a full-batch fashion.
All hyperparameters were chosen by maximizing the perfor-
mance of validation sets. Due to space limit, hyperparameter
settings of all methods are shown in Section D2 in the
Appendix. The following are their brief introductions:

1. Gradient Descent (GD) [37]. The GD and its variants are
the most popular deep learning optimizers. The GD updates
parameters simply based on their gradients.

2. Adaptive learning rate method (Adadelta) [38]. The
Adadelta is proposed to overcome the sensitivity to hyper-
parameter selection.

3. Adaptive gradient algorithm (Adagrad) [39]. Adagrad is
an improved version of GD: rather than fixing the learning
rate during training, it adapts the learning rate to the hyper-
parameter.

4. Adaptive momentum estimation (Adam) [40]. Adam
is the most popular optimization method for deep learning
models. It estimates the first and second momentum in order
to correct the biased gradient, and thus accelerates empirical

convergence.
onvergence

Firstly, in order to validate the convergence of two proposed
algorithms, we set up a GA-MLP model with 10 layers, each
of which has 1,000 neurons. The number of epochs was set
to 100. v and p were set to 0.01 and 1, respectively.

Figure 2 demonstrates objectives and residuals of two
proposed algorithms on four datasets. Overall, the objectives
and residuals of the two proposed algorithms are convergent.
From Figure 2(a) and Figure 2(c), the objectives of the two
proposed algorithms decrease drastically at the first 50 epochs
and then drop smoothly to the end. The objectives on the
PubMed dataset achieve the lowest among all four datasets,
whereas these on the Coauthor CS dataset are the highest,
which still reach near 10° at the 100-th epoch. As for residuals,
even though the residuals of the pd ADMM-G-Q algorithm
are higher than these of the pd ADMM-G algorithm initially,
they both converge sublinearly to 0, which is consistent with
Theorem 2 and Theorem 3. Specifically, as shown in Figure
2(b) and Figure 2(d), the residuals on the Cora dataset decrease
more slowly with fluctuation than these on other datasets,
while residuals on the Amazon Computers and Amazon Photo
datasets demonstrate the fastest decreasing speed at the first 40
epochs before reaching a plateau less than 10~6. The residuals
on the PubMed dataset accomplish the lowest values among
all four datasets again with a value of less than 107,

D. Speedup

Next, we investigate the speedup of the pd ADMM-G algo-
rithm in the large deep GA-MLP models. The running time
per epoch was an average of 10 epochs. p and v were both set
to 1073, We investigate the speedup concerning two factors:
the number of layers and the number of GPUs.

For the relationship between the speedup and the number
of layers, the pd ADMM-G algorithm in the GA-MLP models
with 4,000 neurons was tested. The number of layers ranged
from 8 to 17. The speedup on small datasets and large datasets
are shown in Figure 3(a) and Figure 3(b), respectively. Overall,
the speedup of the proposed pd ADMM-G increases linearly
with the number of layers. For example, the speedups on the
Cora dataset and the Amazon Computers dataset rise from
3 and 3.5 gradually to 4 and 4.5, respectively. The speedup
on the PubMed dataset achieves the lowest with a value of
less than 3, whereas that on the Coauthor CS dataset at least
doubles that on any other small dataset, with a peak of 6.
Moreover, the speedup is more obvious on large datasets. For
example, when the slopes of speedups are compared, the slope
on the Flickr dataset is at least five times much steeper than
that on the Coauthor CS dataset. The same trend is applied
to the Ogbn-Arxiv dataset. This means that our proposed
pdADMM-G algorithm is more suitable for large datasets.

For the relationship between the speedup and the number
of GPUs, we set up a large GA-MLP model with 16 layers
and 4,000 neurons and kept all hyperparameters in the pre-
vious experiment. The speedup of our proposed pd ADMM-G
algorithm was compared with all comparison methods. Figure
4 shows all speedups on two large datasets. The proposed
pdADMM-G algorithm achieves a higher speedup than any
GD-based method. For example, the speedups of 8 GPUs are
nearly 8 on the Flickr dataset and the Ogbn-Arxiv dataset,
while the best speedups achieved via comparison methods are
in the vicinity of 6 and 5 on two datasets, respectively. We also
observe that while speedups of all methods scale linearly with
the number of GPUs, the slopes of our proposed pd ADMM-G
algorithm are steeper than these of any comparison method.
For example, the slope of our proposed pd ADMM-G algorithm
on the Flickr dataset is more than 10 times steeper than that of
Adam. All comparison methods show similar flat slopes, and
they achieve a higher slope of the speedup on the Ogbn-Arxiv
dataset than that on the Flickr dataset.

In summary, the speedup of our proposed pdADMM-G
algorithm scales linearly with the number of layers and the
number of GPUs. Moreover, its speedup is superior to any
other comparison method significantly by more than 10 times.

E. Communication Overheads

Then, it is necessary to explore how many communication
overheads can be reduced using the proposed quantization
technique on different quantization levels. To achieve this, we
established a large GA-MLP model with 10 layers, each of
which consists of 1,000 neurons. We set up three quantization
cases: no quantization, the quantization concerning p only,
and the quantization concerning both p and q. For every
quantization case, we also set up two different quantization
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Fig. 4: The speedup of all methods on two large datasets
concerning the number of GPUs: speedups of the proposed
pdADMM-G are higher than these of all comparison methods.

sizes: 8 bits and 16 bits. Figure 5 demonstrates the relationship
between the test accuracy and communication overheads for
different quantization cases and sizes on three datasets. Over-
all, communication overheads can be reduced significantly by
the proposed quantization technique. The amount of reduction
depends on different quantization cases and sizes. Generally
speaking, the more variables are quantized and the fewer bits
are compressed, then the more savings in communications can
be achieved. Take the Citeseer dataset as an example, while all
algorithms reach the same test accuracy above 70%, the pro-
posed pd ADMM-G (i.e. no quantization) consumes the most
communication costs with the value of around 1.4 x 10° bytes.
If the variable p is quantized using 16 bits, the communication
overhead drops by 10%, and then using 8 bits saves another
5%. When variables p and q are both quantized, the commu-
nication overhead tumbles down to 1.2 x 10° bytes, which
means decreases by 16.7% when it is compared with the case
where only p is quantized. When variables are compressed to

Dataset Cora PubMed Citeseer
GD 0.73040.022 | 0.6384+ 0.080 | 0.637+0.040
Adadelta 0.67140.064 0.70540.038 0.620+0.016
Adagrad 0.72640.025 0.753%+ 0.015 0.60140.037
Adam 0.72540.036 0.74240.007 0.6311+0.018
pdADMM-G 0.78440.003 0.78440.004 0.70940.003
pdADMM-G-Q | 0.788+0.003 0.78240.003 | 0.712+ 0.001

Dataset Amazon Amazon Coauthor

Computers Photo CS

GD 0.6464+0.032 | 0.7354+ 0.169 | 0.88440.010
Adadelta 0.1361+0.060 | 0.369+ 0.045 0.78740.086
Adagrad 0.6884+0.023 | 0.8134 0.018 | 0.88740.007
Adam 0.72440.010 0.8554-0.009 0.88340.009
pdADMM-G 0.73540.006 0.85640.011 0.915+0.004
pdADMM-G-Q | 0.6874 0.054 | 0.832+0.010 0.91440.003
Dataset Cl,‘;f‘y“:fg:r Flickr Ogbn-Arxiv
GD 0.90940.007 0.46640.007 0.36140.063
Adadelta 0.9154+0.014 0.46140.008 | 0.5234 0.030
Adagrad 0.91640.012 0.48140.003 0.56710.016
Adam 0.91240.016 | 0.512 £0.004 | 0.674+ 0.006
pdADMM-G 0.92140.003 0.51340.002 0.64740.002
pdADMM-G-Q | 0.919£0.002 0.50740.003 0.65540.002

TABLE III: The test performance of all methods when the
number of neurons is 100: two proposed algorithms outper-
form all comparison methods.

8 bits instead of 16 bits, the communication overhead slips
further to 1.1 x 10%, a nearly 30% decline. The same trend
is applied to the other two datasets, and they accomplish
a shrink of communication overheads by 33% and 45%,
respectively. This demonstrates that our proposed quantization
technique is effective for reducing unnecessary communication
costs without loss of performance. We also observe that the
Coauthor CS dataset is the largest dataset among the three,
and it accomplishes the greatest communication reduction.

F. Performance

Finally, we evaluate the performance of two proposed
algorithms against all comparison methods on nine benchmark
datasets. We set up two standard GA-MLP models with 10
layers but different neurons: the first model has 100 neurons,
while the second model has 500 neurons. Following the greedy
layerwise training strategy [31], we firstly trained a two-layer
GA-MLP model, and then three more layers were added to
training, and finally, all 10 layers were involved. The number
of epochs was set to 200. We repeated all experiments five
times and reported their means and the standard deviations.
Due to space limit, hyperparameter settings and the perfor-
mance of validation sets are shown in Section D2 and D3 in
the Appendix, respectively.

Table III demonstrates the performance of all methods when
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Dataset Cora PubMed Citeseer
GD 0.75740.024 | 0.69940.655 0.68040.014
Adadelta 0.71740.063 0.7224+0.696 0.5644-0.028
Adagrad 0.77640.013 0.75940.761 0.650 £+0.038
Adam 0.7714+0.020 | 0.778%0.767 0.662 £+0.021
pdADMM-G 0.786+0.005 | 0.78610.786 0.71340.007
pdADMM-G-Q | 0.786+0.005 | 0.788+0.787 0.71240.005

Dataset Amazon Amazon Coauthor

Computers Photo CS
GD 0.7074+0.012 | 0.81740.005 0.90640.005
Adadelta 0.24340.063 0.3804-0.069 0.88040.011
Adagrad 0.7534+0.009 | 0.8664-0.007 0.91140.003
Adam 0.73940.022 | 0.880+ 0.016 | 0.898+0.013
pdADMM-G 0.75140.008 0.87340.004 0.920+0.002
pdADMM-G-Q | 0.748+0.004 | 0.86540.007 0.91940.003
Dataset Coaut'hor Flickr Ogbn-Arxiv
Physics

GD 0.91740.004 | 0.46640.001 0.43640.042
Adadelta 0.91740.004 | 0.46240.001 0.58440.031
Adagrad 0.91440.004 | 0.48740.005 0.63040.016
Adam 0.91440.002 | 0.51740.002 0.6824-0.010
pdADMM-G 0.9184+0.003 | 0.51540.002 0.65540.001
pdADMM-G-Q | 0.918+0.002 | 0.51240.003 0.65740.002

TABLE IV: The test performance of all methods when the
number of neurons is 500: two proposed algorithms outper-
form all comparison methods.

the number of neurons is 100. In summary, the two proposed
algorithms outperform all comparison methods slightly: they
occupy the best algorithms on eight datasets out of the
total nine datasets. For example, they both achieve 78% test
accuracy on the Cora dataset, whereas the best comparison
method is GD, which only reaches 73% test accuracy, and is
at least 6% lower than the two proposed algorithms. As another
example, two proposed algorithms accomplish 78% test accu-
racy on the PubMed dataset, 4% better than that achieved by
Adagrad, whose performance is the best aside from the two
proposed algorithms. The Citeseer dataset shows the largest
performance gap between the two proposed algorithms and
all comparison methods. Two proposed algorithms reach the
level of 70% test accuracy, whereas all comparison methods
fall in the vicinity of 60% test accuracy. In other words, the
two proposed algorithms outperform all comparison methods
by more than 10%. For two proposed algorithms, the proposed
pdADMM-G algorithm outperforms marginally the proposed
pdADMM-G-Q algorithm due to the quantization technique.
Their largest performance gap is 5%, which is achieved on the
Amazon Computers dataset. The Adam is the best comparison
method overall, and it serves as the best algorithm on the

Ogbn-Arxiv dataset. The Adadelta performs the worst among
all comparison methods, whose performance is significantly
lower than any other method on several datasets such as the
Amazon Computers dataset, the Amazon Photo dataset, and
the Coauthor CS dataset. Last but not least, the standard
deviations of all methods remain low, and this shows that they
are robust to different initializations.

Table IV shows the performance of all methods when
the number of neurons is 500. In general, two proposed
algorithms still reach a better performance than all comparison
methods, but the gap is more narrow. For example, in Table
II, the proposed pd ADMM-G algorithm achieves the best on
the Amazon Computers dataset. However, it is surpassed by
Adagrad slightly in Table IV. We also observe that a GA-MLP
model with 500 neurons performs better than that with 100
neurons, which are trained by the same algorithm. This makes
sense since the wider a model is, the more expressiveness it
is equipped with.

VI. CONCLUSION

The GA-MLP models are attractive to the deep learning
community due to potential resistance to some problems of
GNNs such as over-smoothing and over-squashing. In this
paper, we propose a novel pd ADMM-G algorithm to achieve
parallel training of GA-MLP models, which is accomplished
by breaking the layer dependency. The extended pd ADMM-
G-Q algorithm reduces communication overheads by the in-
troduction of the quantization technique. Their theoretical
convergence to a (quantized) stationary point of the problem is
guaranteed with a sublinear convergence rate o(1/k), where k
is the number of iterations. Extensive experiments verify that
the two proposed algorithms not only converge in terms of
objectives and residuals, and accelerate the training of deep
GA-MLP models, but also stand out among all the existing
state-of-the-art optimizers on nine benchmark datasets. More-
over, the pd ADMM-G-Q algorithm reduces communication
overheads by up to 45% without loss of performance.
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APPENDIX
A. Solutions to Subproblems of the pdADMM-G Algorithm

We discuss how to solve all subproblems generated by pd ADMM-G in detail.

1) Update p***': The variable p**! is updated as follows:
pf"rl < arg min;l)l L,D(pa Wk7 bkv Zk? qu uk) = (b(ph Wlk7 bfa Zlka QIk—lv uéc—l)'

Because W, and p; are coupled in ¢, solving p; should require the time-consuming operation of matrix inversion of W;. To
handle this, we apply similar quadratic approximation techniques as used in dIADMM [7] as follows:

Py arg min U (pi; ), 3)

where U, (pi; TzkH) </5(PlaVVl 7bfvzwa 1a“z 1)+V k(b (vaWz ,bf,zl,ql 1»“1 D — p[)‘*‘(Tzkﬂ/Q)”pl_pm%» and

7/ > 0 is a parameter. 77! should satisfy ¢(py Tt Wz bF 2E gF Ll ) < U(pFTY 7). The solution to Equation (3)

k1
is: py = pp - p{‘(;s(pl’vvl bps 2 7‘11—17“1—1)/71

2) Update W*T!: The variable W* is updated as follows:

(T W, bk, 28, =1,
o(p fH,VVl,bl,zl aql—lﬂuf—l)’ 1 <I<L.

W/} < argminyy, L,(pF+, W,b", 2" ¢* u*) = arg miny, {
Similar to updating p;, the following subproblem should be solved instead:
V[/'ll€+1 + argminy, V;(W;; leﬂ), 4
where
V1(W1§9]f+1) = ¢(py T , Wi ,b’f,zl) +Vwk¢T( yr Wlk,b]f,zf)(Wl—Wlk) (9k+1/2)HWI - Wf”%»
Vi(Wis 05T = oo WL bF 2y uf 1)+VW’€¢T( P WL 2 by uf ) (W= WE) + (071 /2) W — W3,

and  OF*t s a parameter which  should satisfy — @(pf™ WFT! vk 2k) < V(WL gkl and
P(pitt W’“Jr1 bF 2F gF L ul ) < V(WL 08T (1 < 1 < L). The solution to Equation (4) is shown as follows:

vwak“wwk>wﬁ% I=1,

WhH ppk
: : Vs o(py ™ WEDE 2faf puf ) /07, 1< 1<L.

3) Update b**': The variable b*+! is updated as follows:

¢(p]f+1 W1k+17blvzf)7 1:13

bk-‘,—l
l k+1 k1
¢( l+ 7Wl+7blvzlkvqlk—17ug€—1)7 1<l§ L.

< arg miny, Lp(pkH,WkH,b,zk,qk,uk) = arg miny, {

Similarly, we solve the following subproblems instead:

B e argming, G(pEH Wb, ) + Wy T G, WEFL B ) (00— 08) + (v/2) 00— B} 3

k+1 : E4+1 yyk+1 k k k T/ k+1 yik+1 1k _k _k k k
by < argminy, ¢( W b 2L G, U ) F vbqu (pl Wb, 2 =1, W) (b = b7)

+ (v/2) b - I3 <1< D). (5)
The solution to Equation (5) is:

bk+1 - bk: Vb“ﬁ( v W1k+1abllcazf)/ya l= 1,
: R R - W bE 2E b ub ) v, 1<I< L.



4) Update zF+1: The variable z"*! is updated as follows:

2 eargmin, (v/2) 2= W™ =63 +(v/2) g — fi(2) 5+ (v/2)la— 2 30 < L), (6)
2y eargming, R(zp;y)+(v/2) |z =W pp = b7 3. o

where a quadratic term (v/2)||z; — 2f||3 is added in Equation (6) to control zf"* to close to z. Equation (7) is convex, which
can be solved by Fast Iterative Soft Thresholding Algorithm (FISTA) [41].

For Equation (6), nonsmooth activations usually lead to closed-form solutions [7], [42]. For example, for ReLU f;(z;) =
max(z,0), the solution to Equation (6) is shown as follows:

SRl min((W;py ™ 4071 +2) /2,0, 2 <0,
! max((Wlk‘pr‘H—&—bﬁl—i—qlk—i—zf)/?),0), zlk"’l > 0.

For smooth activations such as tanh and sigmoid, a lookup-table is recommended [7].

5) Update q*+': The variable ¢**' is updated as follows:

k+1 : k+1 k+1 ynk+1 _k+1 kY _ : k+1 k+1 1k+1 _k+1 k
ql <~ a‘rgmlnqz Lp(p 7W 7b ,Z 7(1a“ ) - argmlnqz ¢(pl+1 7VV1+1 abl_t,.l 7Zl+1 thUl ) (8)

Equation (8) has a closed-form solution as follows:

gt (oo uf v fizET) /(p + ).

6) Update u**': The variable u**! is updated as follows:
w el + o - a. ©)
B. Solutions to Subproblems of the pdADMM-G-Q Algorithm

Obviously, the only difference between the pd ADMM-G-Q algorithm and the pd ADMM-G algorithm is the p;-subproblem,
which is outlined in the following:

pf“ <« arg miny, U;(py; Tf“) + I(p), (10)

where U; follows Equation (3). The solution to Equation (10) is [34]: pf“ +— argmingea |0 — (p{C —
vp;”¢(pé€7 Wlka b;c’ Zlka qufla uffl)/TIk-‘rl)”‘

For the pd ADMM-G-Q algorithm, the variable p is only required to be quantized (i.e. p; € A) when the p;-subproblem is
solved (i.e. Equation (10)), and the variable q can be any real number when it is updated (i.e. Equation (8)). However, q is
guaranteed to fit into A by the linear constraint p;11 = ¢;. This design is convenient for the convergence analysis, which is

detailed in the next section. One variant of the pd ADMM-G-Q algorithm is to quantize p and q (i.e. p;, ¢ € A) when they

are updated. In this case, the solution to Equation (8) is ¢/ *' < argminsen |6 — (pp}i) +uf + vfilzf ™)/ (p+ ).

C. Convergence Proofs

1) Preliminary Results:
Lemma 4. It holds for every k € Nandl=1,--- L — 1 that
uf = vlaf — filzh)).
Proof. This follows directly from the optimality condition of ql’“ and Equation (9). O
Lemma 5. It holds for every k e Nandl=1,--- L — 1 that

lur ™ — || < wllgf ™ —gf | +vSlzrtt = 2]
Proof.
™+ = uf |
= |w(g™ = filz ™) — vl — fulz))||(Lemma 4)
<vlg ™ =gl + VIl filz ) = filzf) || (wiangle inequality)
<vlgtt = gf | +vS|lz ! — 2 [|(Assumption 1).



Lemma 6. It holds for every k € Nandl=1,--- |L — 1 that
lu ™t —uf |3 < 20%(lg ™ = g |5 + S22 = 2 115).
Proof.
™t =13 = V2 la ™+ = file ™) — @ + fi(=) |3 (Lemma 4)

<202l = af I3 + | Az — fi(2))]|3)(mean inequality)
<20%(lg = qf I3 4+ S?(1z " — 2f|13)(Assumption 1).

O
Lemma 7. For every k € N, it holds that

Lo(p", W4 b2, g k) — L (4 WE B, 2 g ) > 37 ()t - ok ()
Lo(p™, WHB*, 2, g ub)— L, (01, W B 28, g ) > 3 (0 /2) [ - W, (12)
L™, Wk+17bk’zk’qk7uk)in(pkH’ WHH B 2k gk k) > (1/2) Zi Hbfﬂfbfcﬂi (13)
Lp(Plc+17 Wk+17bk+1’zk’qk7uk)_Lp(pk+17 Wk+17bk+1’zk+17qk’uk) > (V/2) ZL ||Z}<;+1 lecHg7 (14)
Bp(pk’wk’bk7zlc’qk7uk) > ﬁp(pk+1’wk7bk’zk7qk’uk) (15)
ﬁp(pk+1,Wk’bk7zk7qk,uk)_/8p<pk+l’Wk+17bk7zk7qk u Z 9/{)—}—1/2 HWk-H W2, (16)
Bp(pk+1’wk+17bk7zk,qk’uk) (pchrl WhHL pRHL 2k gk k) > (V/Q)Z ||bk+1 BE|I2, (17)
3, (pPrL, WhHL pEHL gk gk g Ry B, (p*HL, WhH, B P gk k) > (V/Q)Z ||zk+1—zl‘||§. (18)

Proof. Generally, all inequalities can be obtained by applying optimality conditions of updating p, W, b and z, respectively.
We only prove Inequalities (11), (13), (14) and (15). This is because Inequalities (12) and (16) follow the same routine of
Inequality (11), Inequality (17) follows the same routine of Inequality (13), and Inequality (18) follows the same routine of
Inequality (14).

Firstly, we focus on Inequality (11). The choice of 7 k“ requires
o(p) . Wz >bl7zl7QZ 1auz 1) < Ullp kHv kH)- (19)
Moreover, the optimality condition of Equation (3) leads to
VoS W 2 af s uf—y) + 77 (ot = ) = 0, (20

Therefore
Lp(pk7 Wk7 bk7 zk)7 qk:7 uk:) _Lp(pk+1, Wk, bk Zk, qk7 uk)

L
k
:Zl:2(¢(p§cvwlkabécazlkaQZk—lau;C—l)_¢( i Wl 7bl7zl7QZ lvul 1))

L
= Zz:g(¢(291 »Wz »bl azl an 1a“l 1) — Ulp, A k“))(lnequahty (19))
L .
- Zl 2(—V k(bT(p;Ca I/Vlk7 bf? Z;C?Qf—lvu?—l)(pf_'_l - péf) - ( +1/2)||pk+1 - pf”%)

- Zl ) (T4 2)|p) T — pf||3(Equation (20).

Next, we prove Inequality (13). Because Vy, ¢(p1, W1,b1,21) and Vi, ¢(pr, Wi, by, 21, g1, u;) are Lipschitz continuous with
coefficient v. According to Lemma 2.1 in [41], we have

¢( kL WlkJrl bk+1 ie) S ¢(p11<:+1 WlkJrl b1,21)+vbk¢ ( fHl Wlk+1 bl”zl)(bk+1 _bk)
+ (v/2) 15 = b3, 1)
Py WL O 2 af oy uf ) < ol WL A af )
+ Voo (o WL 2 g )07 =)+ (/2 = ol 22)

Moreover, the optimality condition of Equation (5) leads to
bk¢(p1aW1 JOF,2) + V(b’f—H - b)) =0, (23)
ka¢(pl»Wl abzazu% 1a“;C )+ V(béﬁl_bf):(l (24)



Therefore, we have

Lp(pk+17 wk‘Jrl’ bk, zk’ qk:7 uk:)_L ( k1 Wk+1 bk‘+17 Zk7 qk, uk)
= o(™ WL BE, 27) — o(py W b1 1)

L - -
+Zl 9 k+1 WkJrl bl 7Zl 7Ql l,uf 1) — ¢( o WkJrl karl Zlkvfﬂkflauf—l))
> -V k¢T( T WL B ) (T = 0F) — (v/2)]by ! - b3
+ ZZ:Q _vbf¢T(p§€+1 WkH bl >Zl >(Iz 17“1 1)(bk+1 ) - (V/Q)Hb;cJrl - bﬂl%)
(Inequalities (21) and (22))

L

= (v/2) lel [bFTY — bf||2(Equations (23) and (24)).

k+1

Then we prove Inequality (14). Because 2,7~ minimizes Equation (6) and Equation (7), we have

W/2)l27+ = W = o R+ /2l — flTDIE+ /2 2

< /2 = W =0 + (v/2)llar = Sz, (25)
and
R(zpsy)+ (v/2)|2f =W ot =bE 3 = Rz y) = (v/2)l2p 7 =Wty ™ =673
= R(21;y) = R y) + (v/2))12f — 20U + w(zp ™ = Wi pE o )T (o] — 21
(la=bl|2 = lla—c||2 = ||b —c||3 + 2(c — )T (b — ¢) where a = WFTpE L L ph+tl h = 2% “and ¢ = 2FT1)
> sT (2] =2 ) + (w/2)l2f — 2L 3+ vt = WEFET = b (2] - )
(s € OR(2F;y) is a subgradient of R(25T;y))
= /2l = 2L 3 (26)
(0 € s+v(zft —WEHpht!t — 71 by the optimality condition of Equation (7).
Therefore
Lp( K+l Wk‘+1 karl’ Zk, qk:7 uk) _Lp(pk+17wk+1, karl7 zk:-l—l7 qk:7 uk:)
= Z (/21— WEE B+ (r/2)laf — A3
- (V/2)||Zk+1 = W =S = v/2)llaf —~ i)
+R(z55y)+ (v/2)|2f — Wf“ T 0PI — RGE T y) — (/22 =W 0y
Lo k1 : .
> (v/2) Z |27 — 2F||3(Inequalities (25) and (26)).
Finally Inequality (15) follows directly the optimality condition of p**1. O

Lemma 8. For every k € N, it holds that

Lp(pk+1, Wk+1, bkﬂ,zkﬂ,q 7uk) (pk'H, w/k-i-l7 bk+17zk+1, qk+1 uk+1)
>3 o222 p— v/ — ab I3~ @25 o)1 — 213) @7)
ﬁp(pk-i-l7 Wk+1,bk+17zk+17q ,uk) 5 (Pk-H, Wk+1,bk+1,zk+17q o+1 uk-‘rl)
>3 /222 0 — v/ — g I3 — @28 p) 12— 2H13). (28)



Proof. We only prove Inequality (27) because Inequality (28) follows the same routine of Inequality (27).

K+ kL k1 _k+1 k k K+ k1 1k k+1 k+1
L,(p** W* P 2R R uh) — L, (pPt, W R M gF T ub T

le L (w/2)] () = a5 — /21 A =g 5 — ™) (@ — g
(P/Q)quﬂ —q ||2 - (UP)HU?H - ||2)

—Zl L (/2)] () = a5 = /2 A = ¢ M5 = v(a ™ = Al (@ — g
(p/Q)HQ’““ —qrll3 = (1/p)luf ™ — uf|[3)(Lemma 4)

> Z ~(v/2)llg*" = a3 + (o/2)lla; ™+ = a3 = (1/p)lluy ™ — wflI3)

(—v(q — fl( ) = —(v/2)Vylla — fi(zF )3 is lipschitz continuous concerning ¢; and Lemma 2.1 in [41])
> Z (/2 = a5+ (p/2)llaf T = @ ll5 — /o) la ™ = gf I3 — (2025 /p) |2 = 27 13)
(Lemma 6)

= Zl (p/2=27p— v/l = qF I3 — (20757 /o)1 = 2 3).

2) Proof of Lemma 1I:

Proof. We sum up Inequalities (11), (12), (13), (14), and (27) to obtain Inequality (1), and we sum up Inequalities (15), (16),
(17), (18), and (28) to obtain Inequality (2). O]

3) Proof of Lemma 2:

Proof. (1) There exists q such that Prg = ql, and
F(pk7wk7bkazk7q/) Z minpyw’b’lﬁq{F(pvwvva (l)|pl+1 = ql} > —00.
Therefore, we have
" 3 L 3
Ly(p", W*,b* 2" q* u*) = F(p*, WE, b 2" q) + 7 ()T (ofs — a) + (0/2) It — o113
L L-1
= RGEw) + /23 Nt = WEnk = 0bIE+ " llaf — AGEDIB)
L-1
+> o @) Wl —af) + (/2lpfr — arl13)
L L-1
= RGEw) + /23 Nt =Wk = 0b1B+ " llaf — AGEDIB)
L-1 ,
+> Wl = A (@~ a) + (/) Ipky — af[13)

(o) 1= qZ and Lemma 4)
L
> R + /20 k- Wik — 13+ Y i - AGDIR)
L-1 ,
S w2l - B+ ek — b B)
g — filzf™) = (1/2)Vy |l — fi(27)||3 is lipschitz continuous concerning ¢; and Lemma 2.1 in [41])

= F(p aWk7bk7Zkaq ) + ((p - V)/Q)”pl-‘rl —q ||2 > —00.
Therefore, F'(p*, W*,b*.2" q') and ((p — v)/2)|pf., — ¢f||3 are upper bounded by L,(p*, W* b* z* q* ,u*) and hence
L,(p°, W° b, 2% q°,u®) (Lemma 1). From Assumption 1, (p*, W* b¥ z*) is bounded. q* is also bounded because (p —

v)/2||lpF., — qf |13 is upper bounded. u* is bounded because of Lemma 4.

(2). It follows the same routine as (1). O

4) Proof of Theorem 1:



Proof. (1). From Lemmas 1 and 2, we know that L,(p*, W" b* zF ¢* u*) is convergent because a monotone bounded
sequence converges. Moreover, we take the limit on both sides of Inequality (1) to obtain

0 = limy_00 L, (p*, W¥, b, 2% ¢* u")

k+1 k+1 k+1 _k+1 k+1 k+1
7W 7b ,Z »q L )

L
> limpooo (Y (77 /2) o —pf 13
L L
+ ZH 9'€+1/2)||W/chl W3+ Z,:l(V/2)||bf€+1 -orl3
+ Z o 27+t = 2E115 + (v/2)ll2EH = 25113

3 Oallgt —gf3) > 0

= limg 00 Lp(p

Because L,(p*, W" b* zF q* u*) is convergent, then limy . [[p"™' — p¥|3 = 0, limj_o0 [[W*T — WH|Z2 = 0,
limy o0 ku“ b¥(13 = 0, limj_y00 |21 — 2F||2 = 0, and limg_o [|qFt — @¥|12 = 0. limp o0 [[uFT! — u¥|3 = 0 is
derived from Lemma 6 in Section C in the Appendix.

(2). The proof follows the same procedure as (1). O

5) Proof of Lemma 3:

Proof. (1). We know that aLp(pk'H, WkJrl, bk+1, zh T, qk'H, uk'H) = {vkarl L, Vwr+1Ly, Vg1 Ly, 01 Ly, Vgr1 Ly, Virta Lp}
[7]. Specifically, we prove that ||g|| is upper bounded by the linear combination of ||p**! — p¥||,|W* 1 — W*|, |[b**! —b*||,

|21 — 2%, [lg*+! - FL_uk.
For py 1,
\v4 k+1L (pk+1 Wk+17bk+17lk+1,qk+1 uk‘+1)
-V k+1¢( k+1 Wlk-‘rl,b;i:-‘rl k+1’qlk+11’ ;f+11)
= Vool WO 2 gy upy) + 0 ot = o) = 7 ot pt)
FAWETWE B (W + o WETH — (W — (W) (Wi of
+ (= uf )+ )t = pf) — plg = af )
(L pky (W) T W LR (R T ph +V<Wk+l>Tblc+1 (Wbt
v(WED T v (W2 + (™ —uf0) + pof ™ = o) = (@ — @)
So

v, HlL (P, WL pEFT ghtL gkl gkt

_ ||Tk+1(p§€+l p;f) + V(Wlk+1)TW}€+1 k+1 (Wk)TWl pl + V(Wk+1)Tbkt+1 (Wlk)Tb;f
v(WEDY T2 o (W2 + (i —uf) + o) =) = ol — a0
<7 = pf | A vl (WY T Wt — (WETWEDE | + vl (W) o+t — (W T
F|(WEED T — (WIT2E |+l ™ = w4+ pllpy ™ = o7l + pllg™) — a1 || (wiangle inequality)
=7 pE T = pEll + vl (W)W (T = pf) + (WD T (W — W)l + (W — Wi T Wip|
+ V||(VV’€+1)T(karl — b)) + (W = WA+ v | (WD (T = 2) + (W = W) 2|

+ [l = |+ el = pF |+ pllg = g
<M = o 4+ WP = pr |+ v W ET W = WEIIRE | + v WE = WEIWE | F
+ V||Wk+1||||bk+1 - b + VHW’CJrl — WEIBF | + v W 2T = 2F |+ v W = W25

+u(lay —asall + SIIZ’“+1 — 2D + ol = pl + el =g

(triangle inequality, Cauthy-Schwartz inequality and Lemma 5)

< = pf I+ Nl — ] 2oNwNp W — W+ uNw b+ — 0|+ oNy W — W
+uNwllz ™ = 2P+ vN W = W+ 202 (g — a3 + S22 = 20 118) + pllpf ™ = pf+ pllg ! — il
(Lemma 2).



For W[t

kaHL (pk+1 Wk+17bk+17zk+1’qk+1’uk+1)

_ ka+1¢( k+1 Wf“,b’f“,zf“)

= Vi WEBE, 28) + 07 (W — W) + (W — Wipi (o )T + (o — o) (o )"
V(T T o W - W)

= (Wi = WPy oyt T + vt =0 )T = v T = D) T - oyt Wt - W)
(The optimality condition of Equation (4)).

So

“VW{C+1LP(I)]€+1,W/€+1 brH1 Zh L gkl uk )|

— w(WE = W T (B — B (ph )T — (& — )T — e (W — )
< U WE — WE I 2 + w6 = BEllpE | 4l — 4 0 W — W
(triangle inequality and Cauthy-Schwartz inequality)

S v|WEH = WEING + v[loy ! = BF[INp + ]2+ — 20 [N + 07 [WH — W (Theorem 1).

For W/ (1 <1< L),

k1 ywhtl phtl k1 k1 o kt1
lek+1Lp(p ,WETH DT 27T q" T u )

_ k+1 k+1 k+1 k+1 k+1 | k+1
—VWI«+1¢( Wl b ,pl 1,ul 1)

= Vwk¢( PP WES 2 p ) ezkH(WzkH - W) + V(WlkJrl W)p k“(pr)T

+ V(berl _ b;c)(péﬁl)T _ ( E+1 Zlk)(pk+1)T _ 9k+1(Wlk+l _ Wk)

= v(WFE = Whpr T o )T vt = o) ()T = v =2 )T = 0T (W — )
(The optimality condition of Equation (4)).

So
HlekJrle( k—i—l Wk+1 bk+1 zk+1,qk+1,uk+1)||
_ ||I/(Wlk+l Wl ) k+1 (pgc-l-l) + V(blc-'rl _ bk)( k+1)T _ V( k+1 — 2! )<pk+1) elk-‘rl(VVlk-‘rl _ Wlk)H
<ylIWit - W ||||p’““||2 vl = 0 T+ vl = 2 e o W - W
(triangle inequality and Cauthy-Schwartz inequality)
< VW~ WEINZ w0 — BNy + w2+ — N, + 6P WA W (Theorem 1),

For b’f“,

ka+1L ( k+1 Wk+1,bk+1,Zk+1,qk+1,uk+1)
k+1 k+1 3k+1 _k+1
= kaH(;S( * VVljL ,b1+ ,ZlJr )
k+1 k+1 1k _k k+1 k k+1
:kaqS( * VV1Jr 7b1,z1)+1/(b1+ _b1)+V(Zl _21Jr )

=v(zF - zf“) (The optimality condition of Equation (5)).

So ||Vb:1c+1Lp(pk+1,Wk“,bkﬂ,zk“, e Lan [ P |
For bft1(1 <1< L),

k1l ywk+l phtl oktl kbl okl
ka+1L(p+W+,b+,z+,q+,u+)
k1 yprktl phtl _k+1 kK
= ka+1¢( W0 Q1 U—)
k+1 k1l pk ok kK k+1 gk ko _k+l
= V(P WL 2 s wlg) (T =) F vz =)

=v(zf — zlkH) (The optimality condition of Equation (5)).



SO [|[Vyesa Ly(pFH, WHEEL DML 2801 bt ub ) || = w277 — 2.
For zf“(l < L),

8zf+1Lp(Pk+1a WHHL pEFL Rt ghtl gkt
=0,en1L, (pFH, WL bR 2L qF k) 4 v (2f T — 2F) —w( ™ — 2F) — vafi(27 ) o (¢f Tt — ¢f)(o is Hadamard product)
= (T = 2F) —vafi(z ) o (g —gf) (0 € 8Zlk+1Lp(pkH,WkH,ka,zk b u®) (T - 2R,
So
10441 Lo(p pETL WHHL pEHL gR T ghHL gkt

= || = vzt = 2f) —vofiz ) o (gt = gl
<v|zf = 2F| v |0 filzE T llgf T — ¢ || (Cauchy-Schwartz inequality and triangle inequality)

< vl =2+ v Mgt = g (10 £ ()] < M).

For zj 1, 9, 1Ly phitl WhHL prHL ght1 gk+1 yk+1) — O by the optimality condition of Equation (7).
13 q y P y q

For qu,

Vq;chle(pkH»l’ Wk,-‘rl , bk-‘rl , ZkJrl7 qurl uk+1)
=V k+1Lp(pk+1,Wk+1,bk+1,zk+1, "+ ub) + uf“ —uf
= uf“ — uf (quﬁ»l Lp(pkﬂ, WhHL phtl gkl qu,uk) = 0 by the optimality condition of Equation (8)).

S0 [V L (B, WHHL B 540 g4t w1 | = [l

For uf“,

Vo1 Lp(pF T WEFL DL 0L gMH L ) = () — i *Y) = (0™ — i) /p.

S0 [V L (011, WAL BEFL 200 gEFL ub ) | = uf 1 — /.

In summary, we prove that Vi1 Ly, Vki1 Ly, Vg1 Ly, Oppt1 Ly, Vss1 Ly, Vst L, are upper bounded by the linear
combination of [[p*** — p*|, IIW’“rl WEL DR — b, 25 — 28], [|g*F — g, and [jut Tt — ¥,

(2). It follows exactly the proof of (1) except for pf“ . O]

6) The proof of Theorem 2:

Proof. From Lemma 2(1), (p*, W* b¥ 2, ¥, u*) has at least a limit point (p*, W*, b*, z*, ¢*, u*) because a bounded sequence
has at least a limit point. From Lemma 3 and Theorem 1, ||gT!|| — 0 as k — oo. According to the definition of
general subgradient (Definition 8.3 in [35]), we have 0 € OL,(p*, W*,b*,z* q*,u*). In other words, every limit point
(p*, W*,b*,z*, q*,u*) is a stationary point. O

7) The proof of Theorem 3:

Proof. From Lemma 2(2), (W* b* z* ¢* u*) has at least a limit point (W*, b*,z*, q*,u*) because a bounded sequence has
at least a limit point p” has at least a limit point p* because p* € A and A is finite. From Lemma 3(2) and Theorem 1,
Igw I = 0, [lge™ | — 0, [[g&t] — o, [[gE*!| — 0, [gi™|| — 0 as k — oco. According to the definition of general
subgradient (Deﬁntion 8.3 in [35]), we have Vw*ﬂp(p ,W*,b*, ,q",u*) = 0, Vp8,(p*, W, b*, 2", q*,u*) = 0, 0 ¢
OrBo(p*, W*,b", 2", q*,u*), V¢ 3,(p*, W*,b", 2", q*,u*) = 0 and V- 3,(p*, W*,b", 2", q*,u*) = 0 (i.e. pj,; = ¢}). In
other words, every limit point (W*,b* z* u*) is a stationary point of Problem 3. Moreover, le has a limit point 7, because it
is bounded. Let 7% = {7F} L ,. Consider a subsequence (p*, W*,b®,z ,qS w75t — (p*, W* b*, z*, q*, u* T *). Because
uf“ = uj + p(pj}, — q;) and uSJr1 — uj, thus pl+1 — g7, and p,Jr1 — qu Because ql+ — qf, then pH_l — pjy, for
any [. In other words, p**! — p®. Because p* — p*, then p**! — p*. The optimality condition of p**! (i.e. Equation (10))
leads to

plSH < argmingea [|6 — pj — Vps (i, Wi b1 20 g1, uj—1) /T SH)H

Taking s — oo on both sides, we have
pi  argminsea |6 — (p — Vo1, W5 b7 205 ai v wia) /770) |-
Because V,: F(p*, W*, b, z*, q*) = vW] (2 — Wp; — b)) = Vyro(pf, Wi, b, 2, gy, ui_y ). Then
i argmingea [|6 — (p] — Vi F(p*, W5, 0%, 2%, %) /7).

*

Namely, p* is a quantized stationary point of Problem 3. O



8) The proof of Theorem 4:

Proof. (1). To prove this, we will first show that ¢ satisfies two conditions: (1). ¢, > cx+1. (2). Z;OZO ¢k, 1s bounded. We
then conclude the convergence rate of o(1/k) based on these two conditions. Specifically, first, we have

L
ck:min0<i<k(zl (7 +1/2)\\p”1—p1\|2+z (077 /2) IIWl+1 Wl||2+z (v/2)ll67 ~j13

+Z Ll - B+ /)l _ZL||2+Zl ) "Callg™ - gil3)
L
>m1no<i<k+1(zl (7 /2l - szerZ 9“1/2 Wy =wy ||2+Z (v/2)lIb;™ = i3

+Zl . CCullt - IR /2) 1 - ZL||2+ZZ . " Collgitt = gil13)

= Ck+1-

Therefore ¢, satisfies the first condition. Second,
Do
L )
= Z mino<;<k le (7t /2) It —pill3 + Z 91“/2 W =W/ 3 + Z (v/2) |16/ =03
+ Zl ClIIZ’+1 — 215+ /2l — 2Ll + Z Czl\ff+1 —qll3)
] L
< Zk : ol bR+ S O W R+ S /2 o3

YO B /A - Y Calla - g 3)
S Lp(p 3W07bovzo7q0,u0) _Lp(p*»W*vb*a 7q ,u )(Lemma 1)

So Y7o,k is bounded and ¢, satisfies the second condition. Finally, it has been proved that the sufficient conditions of
convergence rate o(1/k) are: (1) ¢, > cx41, and (2) > po, ¢ is bounded, and (3) ¢, > 0 (Lemma 1.2 in [43]). Since we have
proved the first two conditions and the third one ¢ > 0 is obvious, the convergence rate of o(1/k) is proven.

(2). It follows the same procedure as (1). O]

D. More Experimental Results

1) Datasets Details: 1. Cora [44]. The Cora dataset consists of 2708 scientific publications classified into one of seven
classes. The citation network consists of 5429 links. Each publication in the dataset is described by a 0/1-valued word vector
indicating the absence/presence of the corresponding word from the dictionary. The dictionary consists of 1433 unique words.
2. PubMed [44]. PubMed comprises 30M+ citations for biomedical literature that have been collected from sources such as
MEDLINE, life science journals, and published online e-books. It also includes links to text content from PubMed Central
and other publishers’ websites.

3. Citeseer [44]. The Citeseer dataset was collected from the Tagged.com social network website. It contains 5.6 million users
and 858 million links between them. Each user has 4 features and is manually labeled as “spammer” or “not spammer”. Each
link represents an action between two users and includes a timestamp and a type. The network contains 7 anonymized types of
links. The original task on the dataset is to identify (i.e., classify) the spammer users based on their relational and non-relational
features.

4. Amazon Computers and Amazon Photo [45]. Amazon Computers and Amazon Photo are segments of the Amazon co-
purchase graph, where nodes represent goods, edges indicate that two goods are frequently bought together, node features are
bag-of-words encoded product reviews, and class labels are given by the product category.

5. Coauthor CS and Coauthor Physics [46]. Coauthor CS and Coauthor Physics are co-authorship graphs based on the Microsoft
Academic Graph from the KDD Cup 2016 challenge 3. Here, nodes are authors, that are connected by an edge if they co-
authored a paper; node features represent paper keywords for each author’s papers, and class labels indicate the most active
fields of study for each author.

6. Flickr [47]. In Flickr, one node in the graph represents one image uploaded to Flickr. If two images share some common
properties (e.g., same geographic location, same gallery, comments by the same user, etc.), there is an edge between the nodes
of these two images. Node features are bag-of-word representation of the images and labels are classes of images.

7. Ogbn-Arxiv [48]. The Ogbn-Arxiv dataset is a directed graph, representing the citation network between all Computer
Science (CS) ARXIV papers indexed by MAG. Each node is an ARXIV paper and each directed edge indicates that one paper
cites another one. Each paper comes with a 128-dimensional feature vector obtained by averaging the embeddings of words in
its title and abstract. In addition, all papers are also associated with the year that the the corresponding paper was published.
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2) The Settings of All Hyperparameters: This section provides more details on the hyperparameter settings of all datasets,
which are shown in the following tables.

Dataset Cora PubMed Citeseer Dataset Cora PubMed Citeseer
Learning Rate(GD) 1071 5 x 10~ 2 10~ 1 Learning Rate(GD) 10~ 1 5x 10~ ° 1071
Learning Rate(Adadelta) 1073 1073 10~° Learning Rate(Adadelta) 10~3 10~ 1% 10~%
Learning Rate(Adagrad) 1073 1073 1073 Learning Rate(Adagrad) 1073 1073 1073
Learning Rate(Adam) 1074 1074 1073 Learning Rate(Adam) 10~ 1% 10~ 1% 1074
p, v(pdADMM-G) 1074 1074 1077 p, v(pd ADMM-G) 10~ 1% 10~ 1% 10~3
p, v(pd ADMM-G-Q) 1074 1073 1073 p, v(pd ADMM-G-Q) 10~ 1% 10~3 10~°
Dataset Amazon Amazon Coauthor Dataset Amazon Amazon Coauthor
Computers Photo CS Computers Photo CS
Learning Rate(GD) 10~2 1072 1071 Learning Rate(GD) 10~2 10~2 1071
Learning Rate(Adadelta) 1073 1073 1073 Learning Rate(Adadelta) 10~3 10~3 10~°
Learning Rate(Adagrad) 1073 103 1073 Learning Rate(Adagrad) 1073 1073 1073
Learning Rate(Adam) 1073 1073 1073 Learning Rate(Adam) 10~ 1% 10~ 1% 1074
p, v(pdADMM-G) 1073 1073 1072 p, v(pd ADMM-G) 10~° 10~° 10~%
p, v(pdADMM-G-Q) 10~2 10~3 102 p, v(pdADMM-G-Q) 10~ 32 10~ 32 10~ 3
Dataset CP(;laylLtlki(:r Flickr Ogbn-Arxiv Dataset Cl’ii/l:illzr Flickr Ogbn-Arxiv
Learning Rate(GD) 1071 1073 10~2 Learning Rate(GD) 10~2 10~2 10~2
Learning Rate(Adadelta) 1073 1072 1071 Learning Rate(Adadelta) 10~° 10~2 1071
Learning Rate(Adagrad) 1073 1073 1073 Learning Rate(Adagrad) 10~3 10~3 10~°
Learning Rate(Adam) 10~2 10-2 10~° Learning Rate(Adam) 10~ 7 10~ 32 10~ 2
p, v(pdADMM-G) 10~ 2 10~ 7 10~ 7 p, v(pdADMM-G) 10~ 2 10~ 7 10~ 7%
p, v(pdADMM-G-Q) 10~ 2 10~ 7 10~ 7 p, v(pdADMM-G-Q) 10~ 2 10~ 1 10~ 7%

TABLE V: Hyperparameter settings of all methods on nine TABLE VI: Hyperparameter settings of all methods on nine
benchmark datasets when the number of neurons is 100. benchmark datasets when the number of neurons is 500.
3) The Performance of Validation Sets: This section provides more experimental results on the validation sets of all

datasets, which are shown in the following tables.

Dataset Cora PubMed Citeseer Dataset Cora PubMed Citeseer
GD 0.70440.037 0.626+ 0.072 0.61940.045 GD 0.73140.018 0.6514+0.034 | 0.679£0.008
Adadelta 0.65240.064 0.7204-0.035 0.620+0.022 Adadelta 0.71640.061 0.688+0.024 | 0.597+£0.025
Adagrad 0.7204 0.022 | 0.7624 0.012 | 0.604 £0.027 Adagrad 0.76540.014 0.7761+0.006 | 0.668-+0.028
Adam 0.72040.034 0.745+ 0.014 0.62440.014 Adam 0.758+0.013 0.778+0.008 0.668+0.020
pdADMM-G 0.75010.005 0.788+0.004 0.72410.005 pdADMM-G 0.75340.004 0.7921+0.004 | 0.729+0.003
pdADMM-G-Q | 0.754+ 0.002 0.793+0.002 0.722+0.002 pdADMM-G-Q 0.75740.005 0.792+0.003 | 0.730+0.004

Dataset Amazon Amazon Coauthor Dataset Amazon Amazon Coauthor

Computers Photo CS Computers Photo CS

GD 0.65410.033 0.7304£0.165 0.875+0.007 GD 0.7274 0.012 | 0.80940.012 | 0.897+0.003
Adadelta 0.13610.062 0.34340.046 0.78140.084 Adadelta 0.24610.073 0.37110.075 0.884+0.003
Adagrad 0.75040.095 0.80840.018 0.889+0.006 Adagrad 0.76610.011 0.860+0.003 0.912+0.004
Adam 0.74040.010 0.850+0.006 0.88740.009 Adam 0.75040.017 0.8721+0.020 | 0.893+0.013
pdADMM-G 0.7531+0.005 0.84640.014 0.91340.003 pdADMM-G 0.778+0.007 0.86140.005 0.9121+0.003
pdADMM-G-Q 0.68810.063 0.822+0.013 0.9161+0.003 pdADMM-G-Q 0.76440.008 0.85040.009 | 0.910£0.003
Dataset C];:;l;}l:r Flickr Ogbn-Arxiv Dataset Crf;j;u;}::r Flickr Ogbn-Arxiv
GD 0.92140.009 0.464+0.008 0.37840.004 GD 0.9284-0.001 0.46610.001 0.45140.033
Adadelta 0.918+0.014 0.4614-0.006 0.514+0.014 Adadelta 0.9324-0.006 0.462+0.004 | 0.591+0.017
Adagrad 0.92840.005 0.4804-0.003 0.57440.008 Adagrad 0.93540.005 0.488+0.007 0.646+0.010
Adam 0.9194 0.010 0.5124-0.004 0.681+0.003 Adam 0.93340.007 0.5161+0.002 | 0.692-+0.008
pdADMM-G 0.93340.001 0.5144-0.001 0.649+0.012 pdADMM-G 0.93240.001 0.51440.003 0.66110.005
pdADMM-G-Q 0.935+0.002 0.5064-0.004 0.66140.004 pdADMM-G-Q 0.9334-0.002 0.51440.001 0.667+0.003

TABLE VII: The validation performance of all methods when TABLE VIII: The validation performance of all methods
the number of neurons is 100. when the number of neurons is 500.
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