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ABSTRACT

Neighbor sampling is a commonly used technique for training Graph Neural
Networks (GNNs) on large graphs. Previous work has shown that sampling-
based GNN training can be considered as Stochastic Compositional Optimization
(SCO) problems and can be better solved by SCO algorithms. However, we find
that SCO algorithms are impractical for training GNNs on large graphs because
they need to store the moving averages of the aggregated features of all nodes
in the graph. The moving averages can easily exceed the GPU memory limit
and even the CPU memory limit. In this work, we propose a variant of SCO
algorithms with sparse moving averages for GNN training. By storing the moving
averages in the most recent iterations, our algorithm only requires a fixed size
buffer, regardless of the graph size. We show that our algorithm preserves the
convergence rate of the original SCO algorithm when the buffer size satisfies
certain conditions. Our experiments validate our theoretical results and show that
our algorithm outperforms the traditional Adam SGD for GNN training with a
small memory overhead.

1 INTRODUCTION

Graph Neural Networks (GNNs) have become the state-of-the-art models for machine learning
tasks on graph-structured data. By recursively aggregating the features of neighboring nodes,
GNNs learn an embedding of the nodes and use the embedding for downstream tasks such as node
classification (Kipf & Welling, [2017; |[Duran & Niepert, |2017) or link prediction (Zhang & Chen,
2017;2018).

Due to the recursive neighbor aggregation, training GNNs on large graphs is computationally
challenging. To alleviate the computation burden, various neighbor sampling methods have been
proposed (Hamilton et al 2017} [Ying et al.l 2018} |Chen et al., 2018} Zou et al.l 2019} |Li et al.,
2018; Chiang et al.,|2019; Zeng et al., 2020). The idea is to compute an unbiased estimation of the
aggregation result in each layer based on a sampled subset of neighbors. These sampling techniques
enable GNN training on large graphs. However, due to the composition of the aggregation functions
in multiple layers, the stochastic gradient obtained with sampled neighbor aggregation is not an
unbiased estimation of the true gradient, which undermines the convergence property of SGD-based
training algorithms.

Previous work has shown that sampling-based GNN training is actually a Stochastic Compositional
Optimization (SCO) problem (Cong et al., 2020;|[2021). |Cong et al.{(2021) show that SCO algorithms
can achieve faster convergence than the commonly used Adam SGD for GNN training on small
graphs. Despite their good convergence property, SCO algorithms are not widely adopted for GNN
training due to two reasons. First, although SCO algorithms achieve smaller training losses, the
obtained GNN models usually have poor generalization — the validation and test accuracy are lower
than the models trained by Adam SGD. Second, SCO algorithms need to maintain the moving
averages of aggregation results of all nodes in the graph. For large graphs, the moving averages may
exceed the memory capacity of the GPU. While it is possible to store the moving averages in CPU
memory, copying the data from CPU to GPU in each iteration is expensive, which may negate the
benefits of the faster convergence of SCO algorithms.

To address the above issues, we propose a Sparse Stochastic Compositional (SpSC) gradient method
in this work. Our main idea is to store the moving averages for nodes sampled in the most recent



Under review as a conference paper at ICLR 2022

I Sampled Nodes [ Sampled nodes found in buffer Invalidated nodes
[ Unsampled Nodes EEE Sampled nodes not found in buffer  T——1 Unsampled Nodes
—
chunk-0 ﬁ“

chunk-1

+ ﬁkx‘.

0

- =(1-B)X
chunk-(k mod t) . ( 2
chunk-(t-1) D
YO y®

k+1
(a) SCGD (b) SpSC

Figure 1: Updating the moving average of Z(M . SCGD needs to store the moving averages for all
nodes in the graph. In SpSC, we only stores the data for nodes sampled in the past ¢ iterations.

iterations instead of all nodes. As only a small number of nodes are stored, our algorithm has
small memory consumption even for large graphs. We provide a convergence analysis on SpSC
and show that, when the number of stored iterations satisfies certain constraints, SpSC can preserve
the asymptotic convergence rate of the original SCO algorithm. In practice, the sparse moving
averaging slightly slows down the convergence of SCO algorithm, but it surprisingly overcomes
its poor generalization problem and achieves higher accuracy for sampling-based GNN training.
Compared with Adam SGD, our algorithm incurs a small overhead for updating the moving averages
in each iteration, but the overhead can be easily justified by the faster convergence of our algorithm.

Our experiments with two GNN models on different input graphs validate our theoretical results and
show that our algorithm achieves higher accuracy than Adam SGD with the same or less amount of
training time.

2 BACKGROUND AND MOTIVATION

To facilitate our discussion, we first give background on sampling-based GNN training and its relation
to stochastic compositional optimization.

2.1 GNN COMPUTATION

The computation at each layer of a GNN is conducted in two steps: aggregate and update. For
each node v in the graph, the aggregate function gathers data from its neighboring nodes and
returns the aggregation result as

Zy = Aggv (hne[v]7 Ty, xne[v])~ (1)

Here, h,,.[) is the intermediate features of v’s neighbors from the previous layer, z, is the input
feature of v, and x,,.[,) is the input features of v’s neighbors. The update function uses the
aggregated value to produce the intermediate features of v as

hy = Updv (Zm xv)- 2)

By stacking the intermediate features and the input features of all nodes, the computation at layer [
can be written as

ZW = Agg(HU-Y x),  HY =Upd(z®, x,wW). (3)
Here, H(-1 = [h(llfl), o hg\l,)] denotes the intermediate features of all nodes at layer [—1, Z() ¢
RN ¥4 i5 the aggregated features of all nodes at layer [, X = [z1, ..., xx] is the input features of all

nodes, and W) is the learnable weights. As an example, Graph Convolutional Network (GCN) (Kipf]
& Welling, 2017) has Agg(H~1 X) = PH(~1 where P is the normalized Laplacian matrix
of the graph, and Upd(Z®), X, W) = o(ZWW ") where o is a non-linear activation function.
Many other GNNS5 can be expressed in this form with different definitions of Agg and Upd (Zhou
et al.,[2018)).
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2.2  SAMPLING-BASED GNN TRAINING AS STOCHASTIC COMPOSITIONAL OPTIMIZATION

When the graph is large, the neigbhbor aggregation operation Agg incurs a large overhead, making
the training of GNNs computationally challenging. Therefore, prior work has proposed to replace

the Agg function with a sampled neighbor aggregation operation Agg. By sampling the neighboring
nodes, an unbiased estimate of Z() is computed at each layer, i.e.,

70 = Agg(H"™V, X) @)
with E[Z (l)] = ZW_If we define the computation at layer [ of the original GNN as a function
f(l)(Z(l—l)7 V[/(l—l)7 - W(T)) — [Z(l), W(l), . W(T)] (5)
=[Agg(Upd (2D, X, W= w, . w],
the computation with sampled neighbor aggregation can be written as a stochastic function
fél)(g(l_l) w1 W(T)) _ [Z(l) w® W(T)] (©6)
1 ) bR ) )t
=[Agg(Upd(z(!—D, x, W=y, wh _ w]

where ¢; represents the sampled neighbors at layer [. Since ZW is an unbiased estimate of Z(!), we
have E[ fg(ll)] = £, and the computation of a T-layer GNN can be written as

F(0) = Bery, [f1) (Ber |15 (-Be[FV0)].)])] )

where 6 = [ X w, W ], FT+1) is the loss function, and f( + ) corresponds to the estimated

loss with mini-batch sampling. Note that we put all the learnable Weights in 0 to formulate the
computation as a stochastic compositional function. Our goal is to minimize F'(6), which is exactly a
multi-level SCO problem.

2.3 LARGE MEMORY CONSUMPTION ISSUE WITH A NAIVE IMPLEMENTATION

SCO has been well studied in the past few years, and many algorithms with guaranteed convergence
have been proposed (Zhang & Xiao, |2019; Yang et al., 2019; [Chen et al., 2020; |Yang et al., [2019;
Balasubramanian et al., 2020; (Chen et al., 2020; |Lian et al., [2017; |Wang et al., 2017b; |Ghadimi
et al.,[2020). It seems straightforward to adopt these SCO algorithms to achieve faster training of
GNNs. However, these algorithms have large memory consumption when applied to GNN training
and cannot run on GPUs for large graphs.

To see the problem, let us consider the implementation of the SCGD algorithm (Yang et al., | 2019) for
GNN training. Formally, the algorithm is written as

v = (1= B + Bt (B, 8)
91(3-1 = (1 = Br)yy, Y+ kag(ll)k (yl(cl+1l))v 2<I<T, ©)
Ocir = 0 — VD 00)VIE ). VT (D). (10)

The key idea is to store an auxiliary variable 3(*) to maintain the moving average of each composite
function. Since ff(ll) returns the exact values of W, .., W(T) we only need to maintain a moving

average of Z for each layer. The computation is shown in Figure The moving average of the
aggregated features is stored in Y (!) with each row for one node. In each iteration, some nodes (rows)
are sampled, and the estimated aggregation results Z® are merged into Y(!) based on Formula
and (@) For the nodes that are not sampled, we simply multiply the corresponding rows of Z() by
(1 — B). Since the number of rows in Y'(!) is the number of nodes in the graph, Y'(*) takes a lot
of memory when the graph is large. For example, for training a 3-layer GCN on a graph with two
million nodes, suppose the hidden state dimension d; = 512 and a floating point has 4 bytes, Y takes
3 x 2M X 512 x 4 = 12GB of memory. All of the existing SCO algorithms need to maintain this
moving average, which impedes their application to large-scale GNN training.
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3 SPARSE STOCHASTIC COMPOSITIONAL GRADIENT DESCENT

To reduce the memory consumption of SCO algorithms for GNN training, we propose a Sparse
Stochastic Compositional (SpSC) gradient method. Instead of storing the moving averages of all
nodes in the graph, we only store the moving averages of nodes that are sampled in the most recent
iterations.

As shown in Figure[Tb] we maintain a fixed size buffer of the moving averages. The buffer is divided
into ¢ chunks with each chunk for the Z() of one iteration. The size of each chunk is my - d; where
m; is the maximum number of the nodes that can be sampled at layer [ and d; is the hidden state
dimension. Initially, the buffer is empty. In every iteration, we first check if the sampled nodes are in
the buffer. For the nodes that are found in the buffer, we collect the corresponding rows of the buffer

and add them to Z ,(Cl) based on Formula (8)) and (@) For the nodes that are not found in the buffer, we
multiply the corresponding rows of Z ,(Cl) by Bx. The updated Z ,El) is then written to chunk-(k mod ¢).
All the other chunks are multiplied by (1 — k). Since the sampled nodes found in the buffer are
updated to chunk-(k mod t), the original values in chunk-0 and chunk-1 are invalidated, as shown
by the shadowed rows in Figure[Ib] As the buffer size is a constant (T - ¢ - m; - d;) regardless of the
graph size, our algorithm can be employed to train GNN on very large graphs.

Our algorithm overwrites chunk-(k mod t) in iteration k. The information of the overwritten nodes is
lost. The update of the moving averages can be written as

k—1

1 ! N, (- !
il = 0= B + 8t ) - TT - 8wl (11)

j=k—t+1

where o o
uy” = P(&r—t/(Eh—t+1 U U&)Yplir- (12)

P& p—t/ (& k—t+1 U---U& x)) is a matrix with binary values representing the overwritten nodes
in the current iteration &, i.c., the nodes that are sampled in iteration £ — ¢ and are not sampled
in the following ¢ iterations. (Since we only store the moving averages of nodes that are sampled
in the most recent ¢ iterations, the information of the overwritten nodes is lost. These nodes are

multiplied by (1 — ;) in every iteration after iteration k — ¢. The values of the overwritten rows are
H?;,ift (1= 6j)u,(€l). Our algorithm simply replaces Formula (8) and @) in the SCGD algorithm
with Formula (TT).

To study the convergence property of SpSC, we make the following assumptions that are commonly
used in the analysis of SCO algorithms (Yang et al.,2019; |Balasubramanian et al., 2020).

Assumption 1. The composite functions f) are L;-smooth. That is, for any y and y', we have
V18 () = VIS W)l < Llly — o/

Assumption 2. The stochastic gradients of the composite functions f") are bounded in expectation,
e, E[|V 1 ()]7) < C.

Assumption 3. The estimated aggregation results obtained by sampled neighbor aggregation
is unbiased, i.e., E[f(,l)(y)] = fU(y), and the stochastic gradient of f) is unbiased, i.e.,
B[V (y)] = VIO (y).

Following the single-timescale analysis of the algorithm (Balasubramanian et al.||2020), we use large
batches for estimating the composite functions and assume that the estimation variance is small.

)

Assumption 4. The estimated aggregation results have small bounded variance, i.e., E[||f, Jew) —

FOwWI < V2.

This is a reasonable assumption for GNN training on GPUs as we always sample a batch of nodes for
neighbor aggregation to achieve better utilization of the GPU parallelism.

In additional to the conventional assumptions, we make an assumption on the moving averages.

Assumption 5. The moving average of the aggregated features are bounded, i.e., E[|lyV||?] < D2
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The convergence rate of our algorithm is summarized in the following theorem.

Theorem 1. Under Assumptions 1-5, if we set f < 1 — 20VCT-1) gnd o = B -
. 1 2(1-p)2T-1-1 2 ini
min | 57— o )T Al2+160mw(712T>’ the model parameters {0y} of our training

algorithm with ({[1) for updating sparse moving averages satisfy

1+Cmaw 1_6 2(t—1) 1_ﬂ 2t+1
1+ G5 | (=50

1

K—1
= Y B(IVE@? <O(8) +4C0.1? (
k=0

a3

where Crop = maz(C3C3 -+ CE,C5CT---CF, - ,C3,1) for L = 2...T, t is the number of
buffer chunks used in our algorithm.

The last term on the RHS of (I3)) reveals how the convergence of the SCGD algorithm is affected by
the sparse moving averages. The larger ¢t we use (i.e., the more chunks we have in the buffer), the
smaller (1 — 3)2(*=1 and (1 — 8)?**!we have, and the faster convergence we achieve. In theory, if
we can make (1 — $)2(*=1) = O(*), the algorithm will achieve O(+/1/K) convergence rate. As
B — 0, we need larger ¢ to maintain the convergence rate, and eventually, we will need to store the
moving average of all nodes in the graph.

Applying Sparse Moving Averages to SCSC. Our sparse moving average can also be applied to
other SCO algorithms. For example, the Stochastically Corrected Stochastic Compositional gradient
method (SCSC) (Chen et al., [2020) has a correction term in the update of the moving averages.
Because of the correction term, SCSC needs a relaxed assumption on the estimation error of the
composite functions. More specifically, if we change (IT)) to

k—1
== B + 10 ) -l w0 - T a-s)ul  as
j=k—t+1

and replace (8) and (9) with (T4), we can relax Assumption 4 as

Assumption 6. The estimated aggregation results have bounded variance, ie., E[| fg(f)k(y) —
FOw < v

The convergence rate of SCSC with sparse moving averages is summarized as follows.

Theorem 2. Under Assumptions 1-3 and 5-6, if we choose o, = o = C—\/}L( and B, = 8 = \;% the
model parameters {0} of SCSC with for updating sparse moving averages satisfy

LN 201+8) (1= )7V <
= S E[IVF@:)] <0 (5) + pv: > Di
k=0 =1
g\ 2(t=1) T
I A (15)

where C,, = max (élC'l2 + vl)forl =1...T.

The result suggests that, if we can set ¢ such that (1 — 3)2(:~1) = O(?), the algorithm will achieve
O(4/1/K) convergence rate.

4 IMPLEMENTATION DETAILS

Algorithm [I] describes an implementation of Formula (TI) in our algorithm. For each layer, we
allocate a buffer (bu f) of size tm; x d; for the moving averages. The buffered nodes are maintained
in a list node_list € R where node_list[i] is the index of the node stored at bu f[i]. If bu f[i] is
empty, node_list[i] is set to -1. In every iteration k, we first get the location of chunk-(k mod t).
Then, we look up each of the sampled nodes in the buffer (line 3). The LookUp function computes
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Algorithm 1: Updating sparse moving average of aggregated features at layer [ in iteration k

Input: Sampled nodes S, Buffered nodes node_list € R, buf® ¢ Rt™xd, Z,E” € RISIxdi
// Get the location of chunk-(k mod t)

start = (k mod t) * my;

end = chunk_start + |S|;

// Look up the sampled nodes in the buffer

idx_in_buf,idx_in_z = LookUp(S, node_list);

// Update the moving average for the sampled nodes

Z,i” = B * Z,i”; Z,gl) [ide_in_z] = (1 — Bx) * bufO[idz_in_buf] + Z,il)[idx,in,z];
// Update the moving average for all buffered nodes

bufO = (1 — Be) xbuf?; bufO[start : end] = Z,gl);

// Invalidate the old buffer for the sampled nodes
node_listidz_in_buf] = —1;

// Add the sampled nodes to node.list

node_list[start : end] = S,

the intersection of S and node_list and returns the indices of the overlapping nodes in the two arrays.

If a sampled node is not found in the buffer, we multiply the corresponding row of Z ,gl) by Bi. If a
sampled node is in the buffer, we read in its current moving average and update the corresponding row

of Z ,gl) (line 4). For buffered nodes that are not sampled, we simply multiply their moving averages
by (1 — i) (line 5). For buffered nodes that are sampled, we invalidate their original buffer by setting
node_list[idz_in_buf] to —1 (line 6). Last, we add the sampled nodes to the node_list.

Most of the operations in Algorithm [T|are simple vector operations, and they incur little overhead. The
performance bottleneck is the LookUp function. With a naive implementation, it has O(¢tm; log | S|)
time complexity, assuming S is sorted. In our implementation, we use an auxiliary array node_loc €
R¥ to store the locations of all nodes in the buffer and accelerate the LookUp function. Specifically, if
node-i is in the buffer, we store its location in buffer in node_loc[i]; otherwise, node_loc[i] is set to -1.
With the auxiliary array, the idz_in_z can be obtained by comparing node_loc[.S] with zero, and the
idz_in_buf is simply node_loc[S][idx __in_z]. Before updating the node_list at line 7 of Algorithm[l]
we remove the overwritten nodes from node_loc by setting node_loc[node_list[start : end]] to -1.
Finally, we store the locations of the newly sampled nodes to node_loc by setting node_loc[S] to
[start, start + 1,. .., end]. It is easy to see that all these operations have O(]S|) time complexity.

5 EVALUATION
5.1 EXPERIMENTAL SETUP

We conduct our experiments on a workstation with an Nvidia RTX 3090 GPU, an Intel Xeon Gold
6226R CPU, and 512GB RAM. Our code is implemented with PyTorch 1.8.0 and PyTorch Geometric
1.7.0.

We evaluate our algorithm on five graphs as listed in Table [I] The reddit and yelp graph are
adopted from GraphSAINT (Zeng et al.} 2020), and the arxiv, proteins, products are from
the Open Graph Benchmark (Hu et al.| 2020).

We apply our algorithm to two GNN models: GCN (Kipf & Welling, [2017)) and GraphSAGE (Hamil{
ton et al.,[2017)). Both models have three convolutional layers. We use Formula for updating
the moving average instead of Formula (T4). This is because Formula (I4) requires two forward
passes which incurs extra overheads. The algorithm is run for 50 epochs. We set 3 to 0.2 initially,
and decrease it to 0.1 at epoch 20, and further decrease it to 0.05 at epoch 40. The number of buffered
chunks () is set to 8. We adopt the layer-wise sampling method in|Zou et al.|(2019) for neighbor
sampling. The batch size is set to 4096, and the number of sampled neighbors in each layer is set to
8192.

5.2 TRAINING RESULTS

Validation Accuracy. Figure[2ashows the validation accuracy of different algorithms for training
a GCN on arxiv. We can see that full neighbor aggregation (Adam_Full) achieves the highest
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Table 1: Graph datasets ("'m’ stands for multi-label classification).

| reddit | yelp | arxiv | proteins | products

#nodes 233K 717K 169K 132K 2.4M
#edges 11.6M 7.0M 1.2M TOM 123M
#classes 41 100 (m) 40 112 (m) 47
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Figure 2: Validation accuracy over epochs.

accuracy. This is reasonable because full neighbor aggregation returns unbiased estimates of gra-
dients. If neighbor sampling is used, the accuracy clearly drops with the same training algorithm
(Adam_Sample). Our algorithm (Sparse_SCO) is able to improve the convergence of sampling-based
GNN training and achieves almost the same accuracy as full neighbor aggregation. The results on
reddit and yelp are similar. On products graph, Adam_Full runs out of memory, so we only
show the results of sampling-based training in Figure 2d] Interestingly, we find that our algorithm
with neighbor sampling achieves even higher accuracy than Adam_Full on proteins graph, as
shown in Figure[2c The original SCO algorithm (which stores the moving averages for all nodes
in the graph) also has lower accuracy than Sparse_SCO. This is probably due to the overfitting of
models by Adam_Full and SCO.

Training Loss.  Figure [3] shows the training loss of different algorithms on different graphs.
For reddit and yelp, we are able to run full neighbor aggregation on our GPU. As expected,
Adam_Full achieves the smallest training loss. Adam_Sample, however, has the slowest convergence.
SCO achieves training loss close to Adam_Full. We run our algorithm with different ¢’s. The larger ¢
we use, the smaller training loss we obtain. The results are consistent with our theoretical analysis and
also suggesting that the poor accuracy of the original SCO algorithm is probably due to overfitting.
For product s graph, we are not able to run full neighbor aggregation. The results show a clearly
faster convergence of our algorithm than Adam SGD for sampling-based training.

Test Accuracy. Table[2]lists the test accuracy of the models trained by different algorithms. For
reddit and yelp, we follow the GraphSAINT paper (Zeng et al.,|2020) and report the F1-micro
score. For proteins, we follow the OGB (Hu et al., 2020) and report the ROC-AUC. We can see
that our training algorithm achieves the highest test accuracy for both GCN and GraphSAGE on
almost all the graphs. We do not include the results for GCN on yelp graph because its accuracy
is apparently lower than GraphSAGE with all training algorithms, probably due to the limited
expressiveness of the GCN model. While it is hard to draw a direct comparison with GraphSAINT
because the sampling methods and the model architectures are different, our test accuracy on reddit
and ye 1p matches the best accuracy reported by GraphSAINT (Zeng et al., [2020). It is worth noting
that our algorithm achieves higher accuracy than Adam SGD with both full neighbor aggregation and
neighbor sampling on proteins and products graph. The numbers are higher than the accuracy
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Figure 3: Training loss over epochs.

Table 2: Test accuracy of models trained by different algorithms on different graphs (’-> means not
available due to out of memory).

(a) GCN
| reddit | arxiv | proteins | products
Adam_Full 0.961 0.712 0.749 -
Adam_Sample 0.957 0.663 0.726 0.790
SCO 0.945 0.698 0.744 0.773
Sparse_SCO 0.961 0.711 0.770 0.802
(b) GraphSAGE
| reddit | yelp | arxiv | proteins | products
Adam _Full 0.963 0.632 0.714 0.758 -
Adam_Sample 0.956 0.631 0.685 0.718 0.787
SCO 0.913 0.628 0.644 0.717 -
Sparse_SCO 0.966 0.651 0.713 0.779 0.801

of the same models reported in OGB Leaderboards (ogbl 2021)). The results suggest that there is an
improvement space for the accuracy of GNN models by using better training algorithms.

Execution Time. Table[3|lists the time per epoch of different training algorithms on different graphs.
Although full neighbor aggregation achieves good convergence in many cases, it incurs a much large
computation overhead than sampled neighbor aggregation. The execution time of Adam _Full is 7x to
55x longer than that of Adam_Sample. Compared with Adam_Sample, the SCO algorithm incurs a
small overhead for updating the moving average of aggregation results. Our algorithm runs slightly
slower than SCO because the LookUp operation in Algorithm [I]incurs an extra overhead. However,
the execution time is still much smaller than full neighbor aggregation.

Memory Consumption. Figure ] shows the memory consumption of different algorithms. We
collect the numbers by calling the max_memory_allocated function in PyTorch at the end of the
first epoch. For arxiv, reddit, proteins, and yelp, full neighbor aggregation takes much
larger memory space than sampled aggregation: SCO and Sparse_SCO require additional memory for
storing the moving averages. Because we only store the moving average of nodes sampled in recent
iterations, Sparse_SCO uses less memory than SCO.(On products graph, SCO requires extremely
large memory due to the massive number of nodes, while our Sparse_SCO can run with only 2GB of
GPU memory.

6 RELATED WORK

To overcome the scalability limitation of GNN training, various neighbor sampling methods have
been proposed, including node-wise sampling (Hamilton et al., 2017} |Ying et al., 2018), layer-wise
sampling (Chen et al.l 2018} |[Huang et al., [2018}; |Zou et al.l [2019), and subgraph sampling (Zeng
et al.| 20205 |Chiang et al.,|2019). These sampling-based training methods achieve good accuracy in
practice (particularly on small graphs), but they lack theoretical justification.


92511
高亮

92511
高亮


Under review as a conference paper at ICLR 2022

Table 3: Time per epoch of different training algorithms in seconds (’-’ means not available due to
out of memory).

(a) GCN
| reddit | arxiv | proteins | products
Adam_Full 28.4 1.97 20.65 -
Adam_Sample 0.53 0.28 0.55 1.01
SCO 0.72 0.37 0.67 2.31
Sparse_SCO 0.82 0.51 0.81 1.24
(b) GraphSAGE
| reddit | yelp | arxiv | proteins | products
Adam_Full 45.29 23.07 4.10 46.16 -
Adam_Sample 0.82 2.38 0.50 0.93 1.47
SCO 1.09 3.61 0.61 1.03 -
Sparse_SCO 1.26 2.93 0.85 1.26 1.87
3 1 25 12 5
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S 6 10 a 2
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Figure 4: GPU memory consumption of different algorithms.

Some recent works (Cong et al., [2020; |2021)) point out that sampling-based GNN training is actually
multi-level Stochastic Compositional Optimization (SCO). However, they either use this connection
to justify their sampling techniques and fall back to Adam SGD for training (Cong et al., [2020), or
they directly adopt an SCO algorithm without considering the large memory consumption issue (Cong
et al.l [2021).

The research on SCO traces back to (Ermoliev, |1976) where a two-timescale stochastic approximation
scheme was proposed for two-level problems. Various SCO algorithms and convergence analyses
have been proposed ever since (Wang et al.|[2017a3b; |Lian et al., 2017} |Yang et al.,|2019; Zhang &
Xiaol 20195 |Chen et al., 2020; Balasubramanian et al., 2020; |Ghadimi et al., [2020; Hu et al.,[2019;
Lin et al.,[2018). Despite a substantial volume of work on SCO in recent years, none of the existing
work has considered the large memory consumption issue and the data movement overhead of the
algorithms. Our work is the first to establish a convergence analysis for SCO algorithms with sparse
moving averages.

7 CONCLUSION

In this work, we propose a new variant of SCO algorithm for training graph neural networks on
large graphs. Our main idea is to maintain a sparse moving average of the aggregation results in
each convolutional layer. We study the convergence property of our algorithm and show that the
algorithm can achieve O(1/1/K) convergence rate when a sufficient amount of moving averages
are maintained. Our experiments with two GNN models on different graphs validate our theoretical
results and show a clear advantage of our algorithm against Adam SGD for GNN training.
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8 APPENDIX

Link to our source code: |https://anonymous.4open.science/r/iclr2022_
artifact-0FE6/

8.1 PROOF TO THEOREM 1

Based on the discussion in Section[3] our proposed algorithm can be written as

k—1
uil = 1= u + st o) - T - su, (16)
j=k—t41
k—1
l ! D, (-1 1
yil = =B + 8t i) - T -8, 2<i<T, ()
j=k—t+1
Opr1 = 0r — ax Vi, (18)
with . y
ué) =P &x—t/(Eh—t+1 U Uflk))ka 1 (19)
and
(T T
Vk:vff(ll,)k( ) vf&T k( k+1 )vfﬁT:rllh(yl(c-F)l) (20)

8.1.1 SUPPORTING LEMMA

Lemma 3. The change of y(l) in every iteration is bounded, i.e.,

1 2
B [ -] < 2 [ @0 -] + e[ + sive

kjmk—t41
(1=1)
2y
and
k 1
Al |+ ]+ - || + v
el ) < 25l ) -] 5 T0 o] v
(<2
(22)
Proof. According to (I7), we have
k—1
l ) O ( -1 (l) @
(i =) =60 (£ (W50) —o”) =TT @ -8
j=k—t+1
k—1
-1 1 -1 l
=6 (10 (00) =) + 0 (S0 WD) — 10w ) =TT =B
j=k—t+1
(23)
Taking the square of both sides and using Assumption 4, we have
2
5 k—1 ‘
E U]y,ﬁil ~ o ] —E {8 (/O () -u) =TI a-spul| |+ 802
j=k—t+1
k—1
Si |:Hf(l)(k+1))_yk+1H:|+ I a-s) M )H}‘FBSVZ
B j=k—t+1
(24)
O
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Lemma 4. The difference between the stochastic gradient and the true gradient is bounded, i.e.,

T+1 -1
IE(VAIZ] = VF @0 < 30 S AnaB[[lo) - £ (57| 17]
=2 m=1

(25)

i
M%
=

E [Hyffll - (y;iljf)) H |.7:k]

Il
—

where A := Z Al .

m=Il+1

This lemma is commonly used in the analysis of SCO algorithms |Chen et al.| (2020); Yang et al.
(2019). Proof can be found in|Chen et al.|(2020), page 20-23.

Lemma 5. The difference between the composite function and its moving average satisfies

K-1 T
5= 58 ol - 0 ()]
k=0 l=1

SW KiE 19 @0)1?]
o
+2C,m0s T2 K ((1 - 53)2” + Cm“‘"”(lﬂgmwl) + 4 Tgm) D?
+ 20 00a T°K (5Cmm A At T)> V2, (26)
where Cy0 = maz(C3C% -+ C2,C3CT---C3,--- ,CE, 1) forl =2...T.
Proof. According to (I7), we have
- 70 ()
=(1—B) (y,il) (y,(f+ )) ( (y,m ) fo (y,iljll))) ~ ]ﬁ (1 - ) ul
j=k—t+1
=0 (7 =10 (7)) a0 (0 (7)1 ()
o (0 () -0 ) - TT -l
j= k t+1
= (1= 80 (5 = 1O (7)) + 1O (5 7) = 50 (2))
=y,
k—1
#oe (sl (nd”) =10 (7)) =TT a-md?
27
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Taking the square of both sides of (]7_7[) and taking the expectation conditioned on Fj , :=
{]—'k,y;(ﬁp"- ,y,(fﬂl)} we have:

{Hyk—i-l (ygﬂl)) H }

2
= |||(1 = 8) (s = 1O (s077)) + 10 - j_];[[;l (1-B))uy
sl ) - ) o
N oz [ -0 ) ¢ g e ]
v, I1 0-sre[pe]emr
k j=k—t+1
Let us define
Sl(c+1 =E [Hyl(clll - f® (yél;11)> HQ] ) (29)
Formula (Z8)) can be rewritten as
St < -80s0 + 5 = O]
(30)
e
Because
E [HYQ”HQ] =E [Hf(”(y;il;f)) - f(“(y;il_l))Hg]
(Assumption2) 2 D
2 gy -]
when! =1,
[[n]] < cze [100 - ]
< CE [ xVi + ax VF(8k) — ax VF (03|’ 32)
< 0% o - @B [IVF @] + 273 4350,
=1
plugging (32) into (30), we have
stha-ps’+ 5 1 a-67 U\ )H2] + BV
k j=k—t+1
v O]
(33)

<(1- B S + ﬂlk kf[l (1—ﬁj>2EU\u§j>1ﬂ+ﬁzv2

=k—t+1

T

2 1 5 2 1 W

+ = —— C2EE|VFO)) + = - LCRoR T A7S .
B 1— DBk B 1— DBk —
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When k = 0, ||u}||* = 0, and

T
2 1 2 1
StV < (1 B0)SEY + Bo (B3V? + =5 - ——CRa |VF(00)|” + =5 - ——CFadT Y S
1 —( 60)0 60(60 Bg 17ﬂ0 1 OH (0)” 63 1750 120 lzzl 1)
::A(()l)
= (1= B0)S" + Bory”
(34
Similarly, we have
537 < (= pust + pat
: (35)
Sidh < (1= BuSY + Bray).
Here, for i > ¢,
2
A = H (1= B)” Uu }w?v?
'L —t—
2 2 2
t oo = CaE [IVF(0.)I°] (36)
2 1 2 2 @)
+ 7 _BiC’laiTZSHl,
for0 <1 <t,
(1) 2172 | 4. 1 2 2 A2
B2V + 52 =5 ClolE IV F@)|7]
) (37)
L2 s
70 § o
Because S((]l) = 0, we can recursively write:
iV <BoafY
857 <(1 - BBAS + BT
S8V <(1 = Ba)(1 = B1)BASY + (1= B2)Bi ALY + oA
(38)

SE <A =Br) (1= BUBANY + (1= i) (1= B)BAl 4.

+ (1= B1)B1AY | + Beall)
k
= Z wi,kAz('l)v
=1

where w; = (1 — B) -+ (1 — Bit1)Bi-
For [ > 1, (30) can be rewritten as

C? (-1 (1) i
Sl(cl+1 <A-By)8) + —L—FE [ yk+1 ~ Yy ] 32 H (1-5)° [ } +BV?
N I
(Lemma 3)
—51@)55) _BCP 51(62_11 + 820,
(1—Bx)°
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where

201 77 T (1-1) 22 |
=g 11 0-8) [H H] ﬁkl—ﬁk):llﬂ(l_ﬁ] [H M”V

k j=k—t+1

It follows that
C?
S <0 - s + s, + s
(1—B)?
Accordvﬂngto (2) 51@02 (1) (2)
< (1_/6k)5k +szi,kAi +ﬂka
C?
=(1-— /Bk)Sl(f) + 5k <( %k sz KA @ 4 Z(2)>
=0

Following the same steps as , by recursively plugging S,(c into Slg 1> We can obtain

C J
Sl(c2+)1 < ZU’J k ( 25] > RAY Z<2)>

1=0

S CBwjk ¥ M @)
_ Wy, , 2
=2 (1—5,)2 D wikliY Y wiZ,

=0 i=0 i=o0

k k

Cwj i )

=> Do g |k Y wikZ

=0 \ j=¢ (1 BJ) =0

Combining (3) and (#2), we have
k 2
2) C3 1) @)
53 < Z <(1 SRR Wi 1A+ wi k2, )
i=0

k
02 (1) (2)
< E A Z
i me((l ﬁz) i T4

= Z wi,kAz(?)
i=0

S

Similarly, for any [ > 1, we have

k
Sita <D wird

=0
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(42)

(43)

(44)

(45)

BrC?
1— B
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where
2
@ _ G5 1, 2
A 7(1—&)2&' 4
2
@ _ 3 2) |, 3
A _(1—51')2Ai +2i
020‘2 1 0[2 9 (46)
(I=8)r""  (A=p)2" ’
AW 2 GGGy G5O ey, G CF e g0

O R A E IR (R AR

Let Cpyaz = max(C3C2 - CE,C2C3---C?,--- ,C?,1),VI € [1,T) and Z"* defined as follows:

i—1 i—1
- 1 Cmam iCmaa:
2 =gz [I 0=8)"D*+ grgtas I (1-8)"D*+8V* + %

3 3 , -y
B; it By (1= i) it 1—5i
47)
Plugging (#6) into (#3), we can obtain
0 - & (1) 0
l mazx maac l
Sp1 < Z (1— B;)2T-D T _ 32— W kA + sz k Z )21 T ayea—nZi - (48)
i=0

Summing from [ = 1to T, setting B, = [ and o) = «, then substituting Ag) we have:

K-1 T 0 K-1 k T O ) K—-1 k T l C 0
l max 1 max l
ZSk < : mei7kAi + Z ZU&‘,I@ZZWZZ-
k=0 [=1 k=0 i=0 [=1 k=0 i=0 =1 j=2
K—-1K-1 K—-1K-1
CrmazT (1) CmazT2
< e Wi k1A, + 7wi,K*1Zimax
k=0 i=k (1= p)r=n =" * k=0 i=k (1= gD
K-1 K—1K-
OmaxT C(maacrf2 maz
< (1— B)2(T-1) Z Z )2(T wi’K_lzi
k=0 k= =k
K-1 T
CrnazT 22 ZCla 2C12a2T )
SA—ppT 2 (5 Vi gyt VPO ]+ gy 2 S
= =1
C’ma,;TDzK CrnasT? K Zm0®
53(1 — B)2(T-1-1) + (1— B)2T-1)
(49)

It follows that

K-1

T K—-1
CraeTB*(1 = B) < 20202
sW < B2+ L E|||[VF (0]
~ ; kol = 52 1 — B)2T=1 — 2C2C,pq,02T2 k; B82(1-B) { ]
CmMTDQK(l — B)Qt“ CmaITQBQ(l - B)KZ’”W”
B3(1 = B)2 =1 —2C3CaaT202B " B2(1 — B)2T—1 — 203C,p0,02T2
(50)

+
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2C.T Crmaax

If weset 3 < 1— 27 \1/T and o < 2 20=P" =1 e can ensure B2(1 — B)27~1 —
2C2C nara®T? > B2 /2, and (50) can be simplified as

K-1 T K-—1
4C ax C?T o2
D S 2 TR (1= V2 4 2 ST B [[VE (0]
k=0 I=1
A\2t+1
+ QCmaa:TI(;gl ﬁ) D2 + QCmawTZK(l _ ﬁ)Zmam
4C0:C2T 0 S
<Cmaa TKBA(1 - §)*V2 4 = L2 N R [|VE (6]
5 k=0
a\2t+1
+ 2R 2 4 20,0, T2 - ) (24 G ) v
N (51
2CmazT2K(1 - ﬁ)%_l Cmax 2
+ 53 (1+]=—6)D
AC,apC2T 02 "= )
< SR IVE@)?]
k=0
) (1 _ /8)2t—1 Cmaz(l _ 5)2(16—1) (1 _ 6)2t+1 )
+2Cma T2 K ( BT 3 g5 )P
201
+ 200 T* K (ﬁcmm + Cat BT)(l + T)) V2

8.1.2 REMAINING STEPS TOWARDS THEOREM 1.

Using the smoothness of F(6y), we have
L
F(0i41) < F(0) + (VF(O), 01— 0) + 5 101 — O
L , 9
= F(0) — ax (VF(0k), gk+1) + 2% g+l
2 Laﬁ 2
= F(0) = i [[VFO)I] + 5% lgusa I + an (VF(8,), VF(0k) = gisa)

L 2
= F(0) — [ [VF ORI | + =55 lgrsall” + o (VF(0k), VF(0) — Vi) + 0 (VF(0k), Vi = gi1) -
2
(52)
Conditioning on F, and taking expectation of both sides w.r.t. £, we have
E[F (Ok+1) |Fk]
L
<F(0k) = auE [IVF O] + 5B [0ks1 = 0xl® | Fi] + an (VF(0), E[VF(0r) = Vil i)
L
F(0) = aukE [ VE(O0)|P] + 5CF - Chad + axE [[VF (0] [E Vel Fe] = VE(O))]
(Lemma 4)

F(O) i [[VF@I] +50F - Chad +a i (A VE@IE [|[sih, — 7O i) A

F(0r) — o <IZA2> [|VF (0r) ||} i My(l) — Oy (l 1 H |.7:1<} + Cl -Crag.

(53)
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Summing from & = 0 to K — 1, we have

K-1 K—-1 K—-1
E[F(Ora|Fe)] <D FOr) = > ar(l— = ZA2 IVE@6)]]?
k=0 k=0 k=0 (54)
K-—1 T K-—1 I
l
3B S+ Y 50 Chad
k=0 =1 k=0

Substitute (50) into the above equation, we have

K—1 K—1 K—1
ST E[F(OraF) <> F(O) — a(l - —ZA2 S E[|VFO))?
k=0 = k=0

k=0

AC,anC2T 02 "

5 S E[IVF@OI?] + —02 .C2a’
k=0
1— 5)2:&71 Omax(l _ ﬂ)2(t71) (1 _ B)2t+1
+2C 0 T2 K <( + + D2
B? 32 T2
3(1 —
+ 2Oma;cT2K </8207na3: + B (1 [;1)(1 + T)> V2.
(55)
If we set a < ST A2+21€30 Gz We can ensure 1-— & Zszl Al2 — % > %’ and thus,
=1 max
5 N a N 2, LK 2 2
E[F(6kalFR)] < ) F(0k) + 5 S CE[IVFO) + =01+ Cha
k=0 k=0
1— 5)2:&71 Omax(l _ ﬁ)2(t71) (1 _ B)2t+1
+2C 0 T2 K <( + + D2
B? 32 T2
3(1 —
+ 207na;cT2K </820ma3: + ﬂ (1 [;1)(1 + T)> V2.
(56)

Combining with the condition for a and 3 in (30), if we set
B<1— 9(=1/(2T-1))

a = - min ) T ’
20, T Crnaz Siei A2 +16C,0, C3T

£ (v, <20 =)

we have
K-1

1
4] +LC2 .- C2a
k=0

_ 2t—1 _ 2(t—1) _ 2t+1

af? aB? TaB?
4 4C 00 T (ﬂzc’”‘“ LBa-ha +T)> V2
« o
) 14+ Cmam)(l o ﬂ)Q(tfl) (1 o 5)2t+1 )
<O(B) + 4CpaaT ( L + 0 ) D

(58)

This completes the proof of Theorem 1.If we can set ¢ such that (1 — 5)2(=1) = O(3%), the algorithm
achieves O(1/+v/K) convergence rate.
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8.2 PROOF TO THEOREM 2

The SCSC algorithm with our sparse moving average can be written as

k—1
iy = (1= By + £ 00) — (1= B £ ) — T A= 8pul”, 59

j=k—t

k—1
l l l -1 l -1 l
il = 1=yl + 10 i) - =L ) - TT -8l 2 <1< T, (60)

j=k—t
Orr1 = 0r — ax Vi, (61)
with
u) = P(&1 o/ (E1hmtpr U - UL, (62)
and
1 T T—-1 T+1 T
Vi =V O0) VIO Wl IV ). (63)

8.2.1 SUPPORTING LEMMA

Lemma 6. The change of y,(f) in every iteration is bounded, i.e.,

e -] =2 (725 ) e -5 () ]

2
+ (f’“ﬁ ) V2 4+3CE K {Hy;ﬁlﬁ) *y;(f_l)H ] (64)
k
k—1 l 9
+3 J] a-5)E [HWH ]
j=k—t

Proof. According to (60), we have
(1— Br) (y;m — oy ) =P (f(fk (y£l+11)) - ka)
=80 (10, () = 18, (7)) = T =’

j=k—t
D o[ (-1 -1
5 () k) 5 (8, () o)
k-1
! -1 ! -1 !
+ (=80 (£, () =18 (7)) = TT =gl
j=k—t
(65)
Taking the square of both sides of (63) gives us (64). O

Lemma 7. The difference between the composite function and its moving average is bounded, i.e.,

# =0 i) 0w 0 ) |

+4(1Bk)QC?E[Hy,§‘” ,§l+1”M+2ﬂkv ©6)
k—1

v 1 -8B [P

Ly -
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Proof.

1-1)
yk+1 F (y(+1 )

=10 (u” — 7O (57)) + @ =80 (#O (5070) - 1O (u12D))

+ (10, (WD) = 10 (u)) (67)

=T5

w080 (F, (5) =20 (7)) + TT 0 -8

::T3

Conditioned on F}, taking expectation over &; ;,, we have:

E{(1 = Br) Ty + BT + (1 — Be) T3]
= [= 50 £O () = 10 () + 18 (o) = =80 1, ()]
=0

Taking the square of both sides of @ and taking the expectation conditioned on Fj , :=
{]—‘k,yﬂlw- ,y,(fﬂl)} we have:

! =1\ |2
B {Hy,azl - 10 (540)) }

=FE (1 — Br) ( f(l) (y](clil))> _ ]ﬁ (1— Bj)u(l)
G=k—t

2

+E[I(1= B T + BT + (1 - B) T
k-1

<=k || - 10 ()] + 5 T a-mre (1]

kimk—t

+ 2B [II(1 = Be) Ty + BT [Fin] +2(1 = B E [IT3]1° | Fin

< (=B E |[u - 1O (s ”)H +2(1= B E[IT1] B + 2828 [IT)1 | P

2(1= 3 E [T 1Fin] + 5 I a5 E [ lu’|1’]

j=k—t
<(1-B) E[Hy(l) 7O (V)| ]+2 (1-By)’ [Hf(l (s72) = 10 (o50)] }
20 [l (o) - 1, () + 20
o il;[ (1= 8)"E [l )

(68)
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N

<=0 - 70 ()|

1= g e ||l - 2P| + 20t

(69)
= -
«
+5 I a-s)E [EYE
Jj=k—t
O
8.2.2 REMAINING STEPS TOWARDS THEOREM 2.
Using the smoothness of F'(6y), we have
L 2
F(Or41) < F(0r) + (VE(Or), Ok1 = On) + 5 [10r41 — O]
L
= F(0k) — ax (VE(Or), Vie) + 5 [10k+1 — Orll”
L
= F(0) — axE[|[VF(0,)]°] + 3 1041 — Okl* + i (VE(0r), VE(Or) — Vi) -
(70

Conditioning on F}, and taking expectation of both sides w.r.t. £, we have
E[F (Or+1) | k]
L
<F(0) — o [IVF O] + 5B [00s1 = 0xl® | Fi] + o (VF(0), E[VF(00) = Vil i)

L
F(O) — B [IVF )] + 5C2 -+ 3108 + kB IVF (@) ) [E V4l F] — VE@L)|
(Lemmd@

F(6) — aiE [IVF@)]2] + 25 - it + o 3 AE(IVFO)E (o2 = FP 5| 17]
=1

rin - (155 s liwrioor?] + 2 S - s )

L
+ 501 Chpaf,

(71)
The subsequent analysis builds on the following Lyapunov function:
T 2
Vi = F(6x) — F(0.) + Y _E {Hyg) _ f(l)(yl(Cl—l))H ] 72)
=1

where 6, is the optimal solution of the problem.

Conditioning on Fy, and taking expectation of V1 w.r.t. £, we have
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E V1| Fe] <Vie — au ( ZA2> {HVF 0]l } n Ecg o C2yq02
e 3 [ - 10 () ] - S - 10 () ]
ii [Hw )]
2 4 k+1 k+1 k
(Lemma 8)

L
< Ve—ay ZA2> {HVF (0k)l } + 5012"'0%+10‘i

+ (14 Bk) (1 = Br) — 1) ZE [Hy;(f) _ f(l)(y’(“l_l))Hz |]:k}
=1

+4(1+ Be) (1 - Br)°CIE [H@k — O ? |fk}

+ ZT: [4(1+ Br) (1= Br)*CF 4+ ] [Hylirll) - yS‘”H |]:k]
=2
F2(14 BIFENV 4 1 ;f - H (1-5) ZE (1]
T — 3 T
=B ||u - V| 1R - ?kZJE {Hyff — 10D }
1=2 =1
<V — o (1 — ZA2> IVE (61)II° + 01 -Chp0f +2(1+ Br) BENV?

+ACEE [0 — 01 |* | 7]

T 2
#3124 ||l - 1]
=2
d -1 -1 B — ! 1 2
—> E {Hy,(cjl) —yy )H |f4 - —ZIE {Hy;ﬁll - f(l)(yl(cJ:ll))H }
=2 =1
148, % )2
+ 3, H (1-8;) ZE { |y }

j=k—t
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(Lemma 7) L
< Ve—a (1—ZA2> IVE 01| + 562 Ch o

+ACEE [0k — 01| |17

+3 Pr Qi(4c2+ E 00 — p@ (,0-2 2
(1—ﬂk) ~ l ’Yl) {Hylﬁl f (yk+1 )H }

=TI,

5k Z]E {Hy;(JL (yz(cl+11)> H }

=1k,

T 2
+3) (4C7 + ) CELE [Hy’(clHQ) B ?J/(CH) H Ifk]

=2
=Ip,
S i -]
=1k,
B 2 T
+ 2(1+6k)5iN+( i ) (4C2 + ) | v?
1=Pk) =
1+ﬁk k—1 ) T k—1 T I 2
t I a-a7? Y[ P] +3 ] (1—5j>22(40?+w)E[Hu2 d }
j=k—t =1 j=k—t 1=2
(73)
If we define ~y; such that:
3( B >2§Tj(403+w)<5’“ (74)
1=Be) = 2
and
3 (4CF +m) CFy < i1, (75)
then
Iy, + I, <0 (76)
I, + I, <O0. (77)
It follows that
E [Viet1|F] <Vk—ak< ZA2> [HVF (0 } *Cf"'c%ﬂai
+ (3(4C +2) + )CEE [0k — 01| | 7|
B\ 2 2
+ [ 2(14 Be) BEN + 1- 3, Z<4Cz +3) |V
=2
k—1 T
1+ 12
. H -5) ZE[H% 1) +3 TT (=873 (47 + ) [Juf ]
j=k— G=k—t 1=2
(78)
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Setting 81, = ai, 3.1, A2, we have

L
E Vis1|Fr] <V — %E[HVF (00)]1%] + 5012 - Chy10f + (3(4CF + 72) + 4)CTE {H@k — O |~7:k}

2 T
+<ﬂuﬂwﬁN+Gf%>§:Wﬁ+w>W

=2

REYS VICITD o0 MU FR, QRS e (VR
=2

j=k—t =1 j=k—t
(79)

cg

Setting ap, = @ = \;—% and B, = 8 = IR and summing up both sides of l| fromk=0to K — 1,
we have

K—

2V,
Z IVF (6] <K—O+LCl CF o+ 2(3(4C3 + v2) +4)C1CE - C3 a
k=0

2 T
1=2
21+ 5)(1- 5>V 1§ 0
L zEm 1
0 =1
6(1— 2(t-1) 4 K-1T D112
+%? S (C+ ) E Mug ) ] ®0
k=0 1=2
(Assum<ption S)O 1
=% ()
2(1 1— 2(t—1) T
(1+B) (aﬂ B) ZD;

=1

T 2(t—1)

where C,, = max (4C7 + ) forl =1...T.

This completes the proof of Theorem 2. If we can set ¢ such that (1 — 6)2@71) = 0(B?), the
algorithm achieves O(1/v/K) convergence rate.
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