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Abstract

Graph Transformers, which incorporate self-attention and positional encoding,
have recently emerged as a powerful architecture for various graph learning tasks.
Despite their impressive performance, the complex non-convex interactions across
layers and the recursive graph structure have made it challenging to establish a
theoretical foundation for learning and generalization. This study introduces the
first theoretical investigation of a shallow Graph Transformer for semi-supervised
node classification, comprising a self-attention layer with relative positional en-
coding and a two-layer perception. Focusing on a graph data model with discrim-
inative nodes that determine node labels and non-discriminative nodes that are
class-irrelevant, we characterize the sample complexity required to achieve a zero
generalization error by training with stochastic gradient descent (SGD). This paper
provides the quantitative characterization of the sample complexity and number of
iterations for convergence dependent on the fraction of discriminative nodes, the
dominant patterns, the fraction of erroneous labels, and the initial model errors.
Furthermore, we demonstrate that self-attention and positional encoding enhance
generalization by making the attention map sparse and promoting the core neighbor-
hood during training, which explains the superior feature representation of Graph
Transformers. Our theoretical results are supported by empirical experiments on
synthetic and real-world benchmarks.

1 Introduction

Graph Transformer [15, 29, 61] was developed for graph machine learning as a response to the
impressive performance of Transformers demonstrated in various domains [50, 27, 5, 13, 9]. It
is designed specifically to handle graph data by constructing positional embeddings that capture
important graph information and using nodes as input tokens for the Transformer model. Empirical
results have shown that Graph Transformers (GT) outperform classical graph neural networks (GNN),
such as graph convolutional networks (GCN), in graph-level learning tasks such as molecular property
prediction [44, 29, 59], image classification [19, 43], as well as node-level tasks like document
analysis [63, 23, 22, 68, 8], semantic segmentation [43, 24], and social network analysis [70, 15, 7].

Despite the notable empirical advancements, some critical theoretical aspects of Graph Transformers
remain much less explored. These include fundamental inquiries such as:

e Under what conditions can a Graph Transformer achieve adequate generalization?
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e What is the advantage of self-attention and positional encoding in graph learning?

Some recent works [61, 8] theoretically study GTs by comparing their expressive power with other
graph neural networks without self-attention. Meanwhile, other studies [29, 43, 19] explain the
design of PE in terms of graph topology and spectral theory. However, these analyses only establish
the existence of a desired GT model, rather than its achievability through practical learning methods.
Additionally, none of the existing works have theoretically examined the generalization of GTs, which
is essential to explain their superior performance and guide the model and algorithm design.

To the best of our knowledge, this paper presents the first learning and generalization analysis of a
basic shallow GT trained using stochastic gradient descent (SGD). We focus on a semi-supervised
binary node classification problem on structured graph data, where each node feature corresponds to
either a discriminative or a non-discriminative pattern, and each ground truth node label is determined
by the dominant discriminative pattern in the core neighborhood. We explicitly characterize the
required number of training samples, referred to as the sample complexity, and the number of SGD
iterations to achieve a desired generalization error. Our sample complexity bound indicates that
graphs with a larger fraction of discriminative nodes tend to have superior generalization performance.
Moreover, our analysis reveals that better generalization performance can be achieved by using graph
sampling methods that prioritize class-relevant nodes. Our technical contributions are highlighted
below:

First, this paper establishes a novel framework for the optimization and generalization analysis
of shallow GTs. We consider a shallow GT model with non-convex interactions across layers,
including learnable self-attention and PE parameters, and Relu, softmax activation functions, while
the state-of-the-art works on GNNs [37, 46, 66] exclude attention layers due to such difficulties. This
paper develops a novel and extendable feature-learning framework for analyzing the optimization
and generalization of GTs.

Secondly, this paper theoretically characterizes the benefits of the self-attention layer of GTs.
Our analysis shows that self-attention evolves in a way that promotes class-relevant nodes during
training. Thus, a GT trained produces a sparse attention map. Compared with GCNs without self-
attention, GTs have a lower sample complexity and faster convergence rate for better generalization.

Third, this paper theoretically demonstrates that positional embedding improves the gener-
alization by promoting the nodes in the core neighborhood. Different from the state-of-the-art
theoretical studies on Transformers that either ignore PE in analyzing generalization [30, 48, 46] or
only characterize the expressive power of PE [43, 19], this paper analyzes the generalization of a GT
with a trainable relative positional embedding and proves that, with no prior knowledge, positional
embedding trained with SGD can identify and promote the core neighborhood. This, in turn, leads to
fewer training iterations and a smaller sample complexity.

2 Related Works

Theoretical study on GTs. Previous research has applied tools of topology theory, spectral theory,
and expressive power to explain the success of GTs. For example, [61, 8] illustrates that proper
weights of the Transformer layer can represent basic operations of popular GNN models and capture
more multi-hop information. [43] explains the necessity of PEs in distinguishing links that cannot
be learned by 1-Weisfeiler-Leman test [55]. [29, 19] depict that the PE can measure the physical
interactions between nodes and reconstruct the raw graph as a bijection.

Theoretical analyses of GNNs. The works in [60, 12, 62] characterize the expressive power of GNNs
by studying the Weisfeiler-Leman test, inter-nodal distances, and graph biconnectivity. [52, 12, 72]
analyze the stability of training GCNs. References [35, 20, 39, 67] characterize the generalization

gap via concentration bound for transductive learning or dependent variables. In [31] and [66], the
authors explore the generalization of GNNs with node sampling.

Learning neural networks on structured data. [45, 6, |, 66, 11] study one-hidden-layer fully-
connected networks or convolutional neural networks given data containing discriminative and
background patterns. This framework is extended to self-supervised learning and ensemble learning
[56, 57, 2]. The learning and generalization of one-layer single-head Vision Transformers are studied
in [25, 30, 40, 34] based on the spatial or pattern-space association between tokens.

3 Problem Formulation and Learning Algorithm



Let G = (V, £) denote an un-directed graph, where V is the set of nodes with o

size |[V| = N and € is the set of edges. X € R4*Y denotes the matrix of e
the features of N nodes, where the n-th column of X, denoted by x,, € R¢, O v
represents the feature of node n. Assume ||, || = 1 for all nodes without S—

loss of generality. We study a binary node classification problem ’. The label | Yy @]

of node n is y, € {4+1,—1}. Let £ C V denote the set of labeled nodes. " \ﬁf

Given X and labels in £, the objective of semi-supervised learning for node
classification is to predict the unknown labels in V) — L. The learning process is
implemented on a basic one-layer Graph Transformer in (1)®, which includes
a single-head self-attention layer and a two-layer perception with a relative
positional embedding.

F(xz,) = aTRelu(WO Z vassoftmaxn((WKwS)TWan—i-uELn)b))
seT™
(D

where ,,x, € R? and 7" is the set of nodes for the aggregation computation of node n.
softmax,, (g(s,n)) = exp(g(s,n))/ >_ e~ exp(g(j, n)) if we denote g(s,n) = x| WEWox, +
u(T b. Wi € Rmaxd W, € R™e*d and Wy, € R™>*? are key, query, and value parameters to

s,m)
compute the self-attention representation by multiplying X. Wy € R™*™ and a € R™ are the
hidden and output weights in the two-layer feedforward network. We define the one-hot distance
vector U (s ) € RZ, where the non-zero index reflects the truncated distance between nodes s and n.
It is an indicator of the shortest-path distance (SPD) between nodes. Then,

u {ei, if the SPD of s and n equals i — 1 and i < Z,
(s;m) =

Wgxn WTQ Xn  Wyx,

Xn

Figure 1: Graph
Transformer in (1)

2
ez, iftheSPDof sandnequals? —1andi > Z, @

where e; is the i-th standard basis in RZ. This architecture originates from [50] and is widely used in

[29, 70, 68, 43] for node classification on graphs. The PE ua n)b is motivated by [61, 43, 19, 58, 69],

which is one of the most commonly used PEs in GTs. °

Denote ¢ = (a, Wo, Wy, Wi, W, b) as the set of parameters to train. The semi-supervised
learning problem solves the following empirical risk minimization problem fx (1)),

mdi)n : fN(@Z)) ! Z f(fcn,yn;i/)), Z(mna Yns 1/’) = max{l —Yn - F(:IJ"), O}a 3)

|£| neLl

where £(x,,,yn;1) is the Hinge loss function. Assume (x,,y,) are identically distributed but
dependent samples drawn from some unknown distribution D. The sample dependence results from
the dependence of node labels on neighboring node features. The test/generalization performance of
a learned model 1) is evaluated by the population risk f(v), where

fW) = fla,Wo, Wy, Wi, Wy,b) = Eg ~pmax{l —y - F(x),0}]. @)

Training Algorithm: The training problem (3) is solved via a mini-batch stochastic gradient descent
(SGD), as summarized in Algorithm 1. At each iteration ¢, the gradient is computed using a mini-
batch B; with |B;| = B and step size n with all parameters in 1) except a. At iteration ¢, we uniformly
sample a subset S™* of nodes from the whole graph for aggregation of each node n.

Following the framework “pre-training & fine-tuning” for node classification using [64, 63, 22, 36],

we set W‘(,O), 6(20), and WI((O ) come from an initial model. Every entry of Wéo) is generated from

N(0,£2). Every entry of a(®) is sampled from {+1/y/m, —1/y/m} with equal probability. b(*) = 0.
a is fixed during the training'".

"Extension to graph classification and multi-classification is briefly discussed in Appendix E.4 and E.5.

8Since the queries and keys are normalized, we remove the v/Mg scaling in the softmax function as in
[30, 48, 47, 40].

%As the first work on the generalization of GT, we mainly study this PE for simplicity of the presentation.
The analytical framework is extendable to GTs with other PEs. We briefly introduce the formulation and analysis
of absolute PE, such as Laplacian vectors and node degree, in Appendix E.2.

11t is common to fix the output layer weights as the random initialization in the theoretical analysis of neural
networks, including NTK [3, 4] and feature learning [26, 1, 30] type of approaches. The optimization problem
of Wg, Wik, Wy, Wo, and b with non-linear activations is still highly non-convex and challenging.




4 Theoretical Results

4.1 Theoretical Insights

Before formally introducing our data model in Section 4.2 and the formal theoretical results in Section
4.3, we first summarize our key insights. We consider a data model where node features are noisy
versions of discriminative patterns that directly determine the node labels and non-discriminative
patterns that do not affect the labels. v, is the fraction of discriminative nodes, 7 is the noise level
in node features. The node labels are determined by a majority vote of discriminative patterns in a
so-called core neighborhood. A small es corresponds to a clear-cutting vote in sampled nodes in the
core neighborhood. ¢ and 4 are the initial model error. p is the fraction of errors in observed labels.

(P1). A new theoretical framework of a convergence and generalization analysis using SGD for
GT. This paper develops a new framework to analyze GTs based on a more general graph data model
than existing works like [66]. We show that with a proper initialization, the learning model converges
with zero generalization error. The sample complexity bound is linear in v, 2, (©(1) — es) 2. The
required number of iterations is proportional to (1 — 2p)~*/? and (©(1) — § — 7)~ /2. The result
indicates that a larger fraction of discriminative nodes and a smaller confusion ratio improve the
sample complexity. A smaller fraction of label errors and smaller pattern/embedding noises accelerate
the convergence.

(P2). Self-attention helps GTs perform better than Graph convolutional networks. We theo-
retically illustrate that the attention weights, i.e., softmax values of each node in the self-attention
module, become increasingly sparse during the training and are concentrated at discriminative nodes.
GTs can then learn more distinguishable representations for different classes, outperforming GCNs.

(P3) Positional embedding promotes the core neighborhood. We prove that starting from zero
initialization, the positional embedding eventually finds the core neighborhood and assigns nodes in
the core neighborhood with higher weights, which improves the generalization.

4.2 Data Model Assumptions

Each node feature x,, is a noisy version of one of M (2 < M < m,, m;) distinct patterns
{p1, po,---, pa} in R with noise level 7, i.e., minjen [|@n — py]] < 7,Vn € V. py and
Lo are two discriminative patterns that correspond to the label 1 and —1, respectively All other
patterns p3, ey, - - -, s are referred to as non-discriminative patterns that do not determine the
labels. Let kK = minj<;zj<ar ||pti — pj]| > 0 denote the minimum distance between different
patterns. We assume ~ > 47. Denote the set of nodes that are noisy versions of u; as Dy, I € [M],
and UM D) = V. Let 74 = |D1 U Ds|/|V| = O(1) represent the fraction of nodes that contain
discriminative patterns''. We assume the dataset is balanced, i.e., the gap between the numbers of
positive and negative labels is at most O(v/N).

If node n has the ground truth label y™ = 1, the nodes in D; are are called class-relevant nodes for
node n, and nodes in D, called confusion nodes for node n. Conversely, if y” = —1, Ds and D; are
class-relevant and confusion nodes for node n, respectively. We use notations D7 and DY, for the
class-relevant and confusion nodes for node n without specifying D; and D,. We define distance-z
neighborhood of node n, denoted by N7, as the set of nodes that are away from node n with distance
z. The average winning margin of each node n and the core distance z,,, are defined as follows.

Definition 1. The winning margin for each node n of distance-z and the average winning margin for
all the nodes of distance-z are defined as

n mn n mn A _ 1
An(2) = DL NN =D NN, Al) = > Au(2), Q)
ney
forany z € [Z — 1]. The core distance is defined as

Zm = arg Zgzaiql] A(z). 6)

Assumption 1. A, (z,,) > 0, for all nodes n.

""The ground truth label of each node n € V follows a categorical distribution with probability
(vi,v2, - yvm), Where vy = vo =~vg/2andvs +va+ - +vm=1—4



®omek

Figure 2 provides an example of winning margin. Assumption | indicates that distance-2 bs
the ground-truth label " for every node n € V is consistent with a majority B o II/.
voting of p; and o patterns in the core neighborhood NV, , i.e., if §" =1

(or g™ = —1), then there are more nodes that correspond to g1 (or o) in dismjc;— In=+1

N7 . We also assume [N | not too small to facilitate the sampling. We ./ Oﬁ
consider the general setup that the observed labels {y;, } e, contain errors core neighhom
with the error fraction p. We set [N | > N/poly(Z) for all n to avoid a Zm =2

trivial size of the core neighborhood.

Assumption 2 in Appendix B requires the pre-trained model maps the query, Figure 2: Example
key, and value embeddings to be close to orthogonal vectors with an error of O_f the winning mar-
o < O(1/M) for queries and keys and ¢ < 0.5 for values. It is the same as 811 Nodp n has
Assumption 1 in [30]. Such assumptions on the orthogonality of embeddings 2 non-discriminative
or data are widely employed in state-of-the-art generalization analysis for feature p3 and label
Transformers [40, 48]. '? +1. Then A, (1) =

—2,and A, (2) = 3.

4.3 Main Theoretical Results for Graph Transformer

Table 1: Some important notations

% The set of all the nodes D R D;i Sets of class-relevant nodes and confusion nodes for node n

L The set of labeled nodes T The set of nodes for aggregation for n

D The set of nodes of the pattern g¢; Sf ’t, S;’t Sampled class-relevant and confusion nodes out of 7™ at iteration ¢
Yd The fraction of discriminative nodes A(Z ) Average winning margin of all nodes at the distance-z neighborhood
N, Zn Distance-z neighborhood of node n Zm The core distance that has the largest winning margin

€S confusion ratio, the average fraction of confusion nodes in sampled nodes of distance-z,,, neighborhood

We define confusion ratio es as the average fraction of confusion nodes in the distance-z,, neighbor-
hood over all iterations and all labeled nodes. Some notations are summarized in Table 1.

Definition 2. The confusion ratio €g is

¢s = Epso et pync (S5 NNT /ISP USE) AN ), ™

where S and S;Z’t denote the sampled class-relevant and confusion nodes in T™ for node n in
training iteration t, respectively.

We then introduce our major theoretical results.

Theorem 4.1. (Generalization Guarantee of Graph Transformers) As long as T < min(o, 8),; and
a model with m at least M?log N for ¢ € (0,1/2), and the mini-batch size B and the number of
sampled nodes |S™*| for each iteration t larger than Q(1). Then, after T iterations such that

T=0@n"*1-2p) 21 -6—1)713), (8)

as long as the number of known labels satisfies

1£] > max{Q((1 — 2es(1 —v4) — (o + 7)) 2(1 + 62

Zm

where 6., = maxyey |N7' | measures the maximum number of nodes in distance-zy, neighborhood,
forsome es € (0,1/2) and p € (0,1/2), then with a probability of at least 0.99, the returned model
trained by Algorithm I achieves zero generalization error as f () = 0.

Remark 1. (Generalization improvement by good graph properties) The first term in (9) dominates
when p is not very close to!? 1 /2, i.e., the fraction of erroneous training labels is small. Then the
sample complexity in (9) scales with 1/92, (1 — es) ™2 and (©(1) — 0 — 7)~2. Hence, a larger
fraction of nodes of discriminative patterns (a larger v4), a smaller fraction of confusion patterns in

We conduct experiments to verify the existence of discriminative nodes and the core neighborhood with
four real datasets in Appendix A.1. We also show Assumption | and 2 are not strong by comparing existing
works in Appendix E.1.

"*The exact condition is when p < 1/2 — 6.4 /2.



the core neighborhood (a smaller €5), a smaller pattern noise and embedding noise (a smaller 7 and
o) can reduce the sample complexity. The required number of iterations also reduces with a smaller
fraction of label errors p and the pattern and embedding noises 7, o.

Remark 2. (Impact of graph sampling) A graph sampling method that can sample more class-relevant
nodes in the distance-z,,, neighborhood can improve the learning by reducing €s.

4.4 What does self-attention improve? A Comparison with GCN

We show that the attention weights become concentrated on class-relevant nodes in Lemma 1. It
increases the distance between output vectors from different classes, which in turn improves the test
accuracy. In contrast, Theorem 4.2 shows that without the self-attention layer, GCN requires more
iterations and training samples.

Lemma 1. (Sparse attention map) The attention weights for each node become increasingly concen-
trated on those correlated with class-relevant nodes during the training, i.e.,

Tw®  w® T
softmax,, (x; W W TptUp, NP
;t fimax,, (2; Wic nTEG, 1 —es —n%, n: non-discriminative.
€Sy

Z n)b(t)) . {1 -, n: discriminative, (10)

at a sublinear rate of O(1/t) as t increases for a large C > 0 and all n € V.

Lemma 1 indicates that the outputs of the self-attention layer for all nodes, which are weighted
summations of value vectors, evolve in the direction of the class-relevant value features along the
training. Then it promotes learning class-relevant features while ignoring other features. Lemma 1 is
a generalization of Proposition 2 in [30], which considers a shallow ViT with one self-attention layer
without positional embedding or graph structure. Here, we extend the analysis to node classification
on graphs with PE.

Theorem 4.2 indicates that without the self-attention layer, the resulting GCN requires more training
iterations and samples to achieve zero generalization, even if the core distance z,,, is known, and the
learning is performed on the core neighborhood only. Specifically,

Theorem 4.2. (Generalization of GCN) When fixing Wx = W = 0and b = 0in (1), and all S™*
(n€L)and T™ (n € V — L) are subsets ofJ\/'Z" , the resulting GCN [28, 38] learning on the core
neighborhood N! can achieve a zero generalzzatzon with the same condition in Theorem 4.1, but
the number of i iterations and the sample complexity should satisfy

T =021 -2p) P -6 - 1)1/, (11)
1£] > max{Q((v7 — (0 + 7)) *(1+ 62 )log N), BT}, (12)

When m > m,, my, i.e., the number of parameters is almost the same for GCN and GT, Theorem
4.2 shows that GCN requires @('yd_Q) times more training samples and iterations'* to achieve zero
generalization error than those using GT in (9) and (8), respectively. This explains the advantage of
using self-attention layers as in insight (P2).

4.5 How does positional encoding guide graph learning process?

In this section, we study how PE affects learning performance. Our insight is that the learnable
parameter for the PE promotes the core neighborhood for classification and, thus, improves the sample
complexity and required number of iterations for generalization. To see this, first, Lemma 2 shows
that the largest entry in (") indeed corresponds to the core distance z,,. Therefore, PE “attracts the
attention” of GT to the z,,-distance neighborhood. Then, Theorem 4.3 indicates that learning with
the positional embedding has the same generalization performance as an artificial learning process
when the core neighborhood NV is known, and the learning is performed on A" only.

14All the sample complexity and iteration bounds in this paper are obtained based on sufficient conditions for
zero generalization. Rigorously speaking, necessary conditions are also required to compare the generalization
of different network architectures. However, necessary conditions are rarely considered in the literature due to
technical challenges. Here we still believe it is a fair comparison of sufficient conditions because we employ the
same tools to analyze different neural network architectures.



Lemma 2. Starting from b(®) = 0, if T satisfies (8), the returned model trained by Algorithm 1
satisfies

b = b > Qra(B(2m) — A(2))), (13)
Lemma 2 shows that b, is the largest one among all 1 < z < Z — 1 because A(z,,) is the largest
by (6). Because the softmax function employs e’> when computing the attention map, nodes at the
zm-distance neighborhood dominate the attention weights.

Theorem 4.3. (The equivalent effect of the positional embedding)'> when b = 0 in (1), and all S™*
(n€L)and T" (n €V — L) are subsets of N. -~ , a zero generalization can be achieved when the
sample complexity and the number of iterations satisfy (9) and (8) in Theorem 4. 1.

The learning process described in Theorem 4.3 is artificial because z,, is generally unknown. Theorem
4.3 shows that learning with position embedding has an equivalent generalization performance to
learning from the core neighborhood N, .. only.

4.6 Proof sketch

The main proof idea of Theorem 4.1 is to unveil a joint learning mechanism of GTs for our graph
data model: (i) identifying discriminative features and the core neighborhood using PE and (ii)
determining the labels of non-discriminative nodes through a majority vote in the core neighborhood
by self-attention. Several lemmas are introduced to support the proof.

Specifically, by supportive Lemmas 8 and 9, we first characterize two groups of neurons that
respectively activate the self-attention layer output of g1 and o nodes from initialization. Then,
Lemma 4 shows that the neurons of Wy, in these two groups grow along the two directions of the
discriminative pattern embeddings. Lemma 7 indicates that the updates of Wy, consist of neuron
weights from these two groups. Meanwhile, Lemma 5 states that W and Wi evolve to promote
the magnitude of query and key embeddings of discriminative nodes. Lemma 6 depicts the training
trajectory of the learning parameter of PE that emphasizes the core neighborhood. Different from
the proof in [30, 48, 34, 47] that does not consider PE and graph structure, we make the proof of
each lemma tractable by studying gradient growth per distance-z neighborhood for each z rather than
directly characterizing the gradient growth over the whole graph. Such a technique enables a dynamic
tracking of per-parameter gradient updates. As a novel aspect, we prove Lemma 6 by showing that
its most significant gradient component is proportional to the average winning margin in the core
neighborhood.

Proof of Theorem 4.1 We can build the generalization guarantee in Theorem 4.1 from the above.
First, Lemma 5 and 6 collaborate to illustrate that attention weights correlated with class-relevant
nodes become close to 1 when nt = ©(1). Second, we compute the network output by Lemmas 4
and 7. By enforcing the output to be either > 1 or < —1 to achieve zero Hinge loss, we derive the
sample complexity bound and the required number of iterations by concentration inequalities.

The proof of Theorem 4.2 and 4.3 follow a similar idea as Theorem 4.1. When the self-attention
layer weights are fixed at 0 in Theorem 4.2, since that v, = ©(1) and a given core neighborhood
still ensure non-trivial attention weights correlated with class-relevant nodes along the training, the
updates of W and Wy, are order-wise the same as Lemmas 4 and 7. Then, we can apply Lemmas 4
and 7 to derive the required number of samples and iterations for zero generalization. Likewise, given
a known core neighborhood in Theorem 4.3, the remaining parameters follow the same order-wise
update as Lemmas 4, 5 and 7. Hence, Theorems 4.2 and 4.3 can be proved.

S Numerical Expriments

5.1 Experiments on Synthetic Data

Graph data generation: The graph contains 1000 nodes in total. M = 10, p1 to gy are selected as
orthonormal vectors in R%, where d is 20. Node features that correspond to pattern gz; are sampled
from Gaussian distributions N (p;, ¢3 - I), where ¢ = 0.01, and I € R< is the identity matrix. v,4/2
fraction of nodes are selected as noisy versions of class-discriminative pt; and pio, respectively. The
remaining nodes are evenly distributed among other non-discriminative M — 2 patterns. v4 = 0.4

'>We discuss the application of Theorem 4.3 to analyze the generalization of one-layer GAT in Appendix E.3.



unless otherwise specified. Our graph construction method is motivated by and extends from that in
[66]. Every non-discriminative node is labeled with +1 or -1 with equal probability. If labeled +1,
that non-discriminative node is randomly connected with 120 - (1 — es) nodes of p; and 120 - s
of py for some €s in [0,1/2). If labeled -1, it is randomly connected with 120 - (1 — es) nodes of
o and 120 - €5 of p1. We also add edges among w1 nodes themselves, and edges among o nodes
themselves to make each node degree at least 120. There is no edge between g7 nodes and g2 nodes.
The ground-truth label for g7 or o nodes is +1 or -1, respectively. p = 0 if not otherwise specified.

Learner network and algorithm: The learner network is a one-layer GT defined in equation 1. Set
dimensions of embeddings to be m, = my = 20. The number of neurons m of Wy, is 400. § = 0.2,

o =0.1,and £ = 0.01. Wéo) = WC(QO) = 621/, W = 62U /2, where each entry of W)
follows N (0, £2). U is an m, x m, orthonormal matrix. The step size = 0.01. S™ contains node

n and 60 uniformly sampled nodes from distance-1 and distance-2 neighborhood for each node 7 at
iteration ¢.

Sample complexity and convergence rate: We first study the impact of the fraction v, of discrimi-
native nodes on the sample complexity. Let es = 0.05. We implement 20 independent experiments
with the same 74 and |£| while randomly generating graph structure, node features, and sampled
labels. An experiment is successful if the Hinge testing loss is smaller than 10~3. A black block
means all the trials fail, while a white block means they all succeed. Figure 3 (a) shows that the
sample complexity is indeed almost linear in fyd_Q, as indicated in 9. We next set v; = 0.4 and vary
es. Figure 3 (b) shows that the sample complexity is linear in (1 — es) ™2, which is consistent with
our result in (9). We then change p and evaluate the prediction error when the number of training
iterations change, when 4 = 0.4, es = 0, and |£| = 400. Figure 4 shows that a larger p requires
more iterations to achieve the same generalization, and the increase is significant when p increases to
0.5, which is consistent with (8).

2 p
-+ p=0.2
S p=0.:
600
0 5 10
400 Epoches
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(a) (b) .
Figure 3: The impact of 74 and es on the sample complexity of loss against the number of
GT epochs for different p.
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Attention map and comparison with GCN: We then verify the sparsity of the attention map during
the training. Let |£| = 400, 4 = 0.2. In Figure 5, the blue circled line shows the summation of
attention weights on class-relevant nodes averaged over all labeled nodes increases to be close to 1
during training, which justifies (10), since when es = 0, the left side of (10) converges to 1 — nc for
C > 0 for all nodes. Meanwhile, the summation of attention weights on other nodes decreases to
be close to 0, as shown in the red dotted line. We also compare the performance on GT in (1) and a
one-layer GCN with a similar architecture, and Wi and Wy, being 0, es = 0.2. Figures 6 and 7
show the sample complexity and the required number of iterations of GCN are almost linear in ’yd_4
and 7;2, consistent with theoretical results in (12) and (11), respectively. In contrast, the theoretical
sample complexity and the number of iterations of GT are respectively linear in 7;2 (also see Figure
3) and independent of 4, which are order-wise smaller than GCN.



5.2 [Experiments on Real-world Dataset

Dataset and neural network model: We evaluate node classification tasks on three benchmarks, a
seven-classification citation graph PubMed [28], a five-classification Actor co-occurrence graph [10],
and a four-classification computer vision graph PascalVOC-SP-1G [16], which are a homophilous,
heterophilous, and a long-range graph, respectively. Please refer to Appendix A for detailed infor-
mation on these datasets and results on large-scale dataset Ogbn-Arxiv [21]. The network contains
four layers of four-head Transformer blocks. We implement the SPD-based PE as defined in (2) with
7 = 20 and uniformly sample 20 nodes across the whole graph for feature aggregation of each node
during every iteration.

0.2
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Figure 8: The values of entries of b and the test accuracy of PE-based sampling. Left to right:
PubMed, Actor, Pascal VOC-SP-1G.
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Figure 9: Test accuracy of GT with/without PE and GCN when the number of labeled nodes varies.
Left to right: PubMed, Actor, PascalVOC-SP-1G.

Success of PE: The blue circled lines in Figure 8 show the average values of each dimension of the
last-layer learned PE vector b(7) in these three datasets. We additionally train multiple models with
the same setup, except that only distance-z nodes are used for training and label prediction, i.e., S™*
(for all labeled nodes n and iteration ¢) and 7™ (for all unlabeled nodes n) belong to M. |S ™ is
still 20. The red dashed curves show the test accuracy of these models. One can see that the test
accuracy of these models has a similar trend as that of b, values. This justifies the success of PE and
the existence of a core neighborhood defined in Definition 1.

Comparison of GTs with/without PE and GCN. We use a four-layer GCN defined in [28]. The
model size of GCN is slightly larger than GT by < 10%. Figure 9 shows that GT with PE has a better
performance than that without PE and is better than GCN. This verifies Theorem 4.2 and discussions
in Section 4.5.

6 Conclusion, Limitation, and Future Work

This paper presents a novel theoretical analysis of Graph Transformers by explicitly characterizing
the sample complexity and required number of SGD iterations needed to achieve zero generaliza-
tion for node classification tasks. The analysis is based on a new graph data model that includes
class-discriminative features that determine classes and class-irrelevant features, as well as a core
neighborhood that determines the labels based on a majority vote of class-discriminative features.
This paper shows that the sample complexity and training iterations are reduced when the fraction
of class-discriminative nodes increases and/or the sampled nodes have a clear-cutting vote in the
core neighborhood. This paper also proves that attention weights are concentrated on those of class-
relevant nodes, and the positional embedding promotes the core neighborhood. All the theoretical
results are centered on simplified shallow Transformer architectures, while experimental results on
real-world datasets and deep neural network architectures support our theoretical findings. One future
direction is theoretically analyzing more complex network architectures with milder assumptions.
The authors find no ethical or immediate negative societal consequences of this work.
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APPENDIX

The appendix contains five sections. We add some extra experiments in Section A. In Section
B, we introduce some definitions and assumptions in accordance with the main paper for ease
of proof. Section C first lists some key lemmas and then provides the proof of Theorem 4.1,
Theorem 4.2, Theorem 4.3, Lemma 1, and Lemma 2. Section D shows the proof of lemmas of
this paper. We finally add the extension of our analysis and other discussions in Section E.

A Additional Experiments

A.1 Verifying assumptions made on the graph data model

For the assumption on the graph data model, we conduct several experiments to verify this assumption
on the real-world dataset Cora, PubMed, Actor, and Pascal VOC-SP-1G.

Existence of discriminative nodes. We first compute the eigenvalue of the covariance matrix of the
feature matrix of data of all classes in Figures 10, 11, 12, and 13. One can observe that the feature
matrix is almost low-rank, which indicates that node features from the same class can be represented
by a few eigenvectors. Therefore, for each class, we select the top three eigenvectors and compute the
3-dimensional representations of each node feature with these three eigenvectors. Then, we select all
nodes with features that are less than 7 /4 angle away from the mean of 3-dimensional representations
as discriminative nodes. Non-discriminative nodes are the remaining nodes of each class. Tables 2, 3,
4, and 6 show the fraction of discriminative nodes in each class. One can see a large fraction of the
node features in each class is close to its top three eigenvectors.

The core distance (Assumption 1). We further probe the core distance of each dataset by computing
the fraction of nodes of which the label is aligned with the majority vote of the discriminative nodes
in the distance-z neighborhood. To extend the definition from binary classification in our formulation
to multi-classification tasks, we use the average number of confusion nodes per class in the distance-z
neighborhood as | D, N N7, the number of confusion nodes in the distance-z neighborhood of node

n. Figure 14 shows the value of a normalized A(z) for z = 1,2, -+ , 12, where A(z) is divided by
|V to control the gap of different numbers of nodes in different neighborhoods. The empirical result
indicates that (1) homophilous graphs Cora and PubMed have a decreasing value of the normalized

barA(z) as z increases. The gap between the largest and the smallest normalized A(z) is large.
This implies the core distance is 1 for Cora and PubMed and is aligned with the PE-based sampling
performance of PubMed in Figure 8. (2) the heterophilous graph Actor has the largest normalized
A(z) at z = 1, but the difference from other z is very small. This is consistent with the result in Figure
8 where the PE-based sampling has a close performance of less than 0.5% across z. (3) the long-range
graph PascalVOC-SP-1G has the normalized A(z) when z = 1, but the value when z = 12 is also
remarkable. This corresponds to Figure 8§ where the testing performance of Pascal VOC-SP-1G is the
highest when z = 1 or z = 12.

We then verify the balanced dataset assumption and show a difference of no more than O(v/N) could
be achieved in practical datasets. Table 9 shows that for Cora and Actor, this condition holds since
the largest gap between the average number of nodes and the number of any class of nodes is smaller

than O(v/'N) = 10V/N.

class 1 class 2 class 3 class 4 class 5 class 6 class 7
82.05% | 88.02% | 82.54% | 78.12% | 78.17% | 83.56% | 76.11%
Table 2: The fraction of discriminative nodes in each class of Cora

class 1 class 2 class 3
82.18% | 93.34% | 80.48%
Table 3: The fraction of discriminative nodes in each class of PubMed
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Figure 10: Eigenvalues of the covariance matrix of the feature matrix of all classes of Cora
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Figure 11: Eigenvalues of the covariance matrix of the feature matrix of all classes of PubMed

A.2 Experiments on Synthetic Dataset

This section compares the required number of iterations for Graph Transformer and GCN by their
orders in 4. The experiment setup follows Section 5.1. We set the number of known labels to be
800. For Graph Transformer, es = 0.05. For GCN, €5 = 0.2. Figure 15 (a) shows that the required
number of iterations is independent of 4. In contrast, Figure 15 (b), which is exactly Figure 7
indicates the number of iterations is linear in v 2.

A.3 Experiments on Real-world Datasets

We first add an introduction to the dataset PascalVOC-SP-1G we evaluate. This belongs to the
Long Range Graph Benchmark, PascalVOC-SP [16], which is a computer vision dataset for node
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Figure 12: Eigenvalues of the covariance matrix of the feature matrix of all classes of Actor
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Figure 13: Eigenvalues of the covariance matrix of the feature matrix of all classes of Pascal VOC-SP-
1G

class 1 class 2 class 3 class 4 class 5
42.09% | 53.33% | 57.85% | 60.93% | 64.79%
Table 4: The fraction of discriminative nodes in each class of Actor

classification containing 11, 355 graphs, 5, 443, 545 nodes, and 30, 777, 444 edges in total. Since this
dataset is large, we pick the 2nd graph from the whole dataset and name this graph PascalVOC-SP-1G,
which contains 479 nodes and 2, 718 edges for node classification. The dimension of the node feature
is 14. The number of classes is 3. Note that the size of the graph is not small compared with WebKB
datasets [41], including Cornell, Texas, and Wisconsin, which contain 183, 183, and 251 nodes in
each dataset, respectively.

Meanwhile, to verify the scalability of our conclusion, we conduct the experiments on the large-scale
graph dataset Ogbn-Arxiv [21], which is a citation network with for node classification. The detailed
statistics of these four datasets can be found in Table A.3.

We show the results of the Ogbn-Arxiv in Figure 17 and 18, where the dimension of b(™) is set to
be 5. We still plot bgT) with blue-circled lines for these datasets. Red dashed curves denote the
test accuracy of the models learned with nodes all sampled from the distance-z neighborhood for
z €{1,2,---,5}. The result of Ogbn-Arxiv shows a large bgT) when z is around 1. One can also
observe that the testing accuracy using only distance-z nodes has a similar trend as bgT) with the
largest accuracy around z = 1. This is consistent with our conclusions on PubMed from Figure 17 in

Section 5.2 since Ogbn-Arxiv and PubMed are both citation networks that are homophilous.

Figure 18 showcases that for Ogbn-Arxiv, GT with PE has a better performance than that without PE
and GCN. The conclusion is consistent with Figure 9

B Preliminaries

We first formally state the Algorithm 1. The notations used in the Appendix is summarized in Table 8.
The loss function of a single data is defined in the following.
Loss(x;, yi) = max{1l — y; - F'(x,),0}. (14)

The formal algorithm is as follows. At each iteration ¢, the gradient is computed using a mini-batch
B; with |B;| = B and step size 7. We first pre-train Wy, for Ty steps and then implement a full
training with all parameters in ) except a for T'(> Tj) steps. At iteration ¢, we uniformly sample a

subset S™! of nodes from the whole graph for aggregation of each node n. We set that W‘(/O), g)),

and WI((O ) come from an initial model. Every entry of Wéo) is generated from N (0, £2). Every entry

of a®) is sampled from {+1//m, —1/,/m} with equal probability. b(*) = 0. a does not update
during the training.

class 1 | class2 | class 3
98.62% | 100% 100%
Table 5: The fraction of discriminative nodes in each class of PascalVOC-SP-1G
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Figure 14: Normalized A(z) for Cora, PubMed, Actor, and Pascal VOC-SP-1G.

Cora

PubMed 2

Actor

Pascal VOC-SP-1G

95.68%

85.73%

86.31%

98.54%

Table 6: The fraction of nodes satisfying A, (zy,) > 0

20

Epochs

()

20

Epochs

Y
(b)
Figure 15: The required number of iterations against 7;2 (a) Graph Transformer (b) GCN.

Table 7: The statistics of datasets.

Dataset #Nodes #Edges #Classes | #Features Type
PubMed 19,717 44,324 3 500 Citation network
Actor 7,600 26,659 5 932 Actors in movies
PascalVOC-SP-1G 479 2,718 3 14 Computer vision
Ogbn-Arxiv 169,343 | 1,166,243 40 128 Citation network
4 € 72%
. .
'DN 1 72%.? g §
: b1 i g o
2 \ nE = -
g N ey ks ~7-F GT with PE
1|-F Uniform sampling L < <l:-> g 68% "_" ~3-GT without PE
—§- Value of b, - "}— +GCN
-} PE-based sampling ., 85 |
0 68%5 5 0.2 0.4 0.6
N Fraction of labeld nod
Distance z raction of labeld nodes
Figure 18: Test accuracy of GT

Figure 17: The values of entries of b and
the test accuracy of PE-based sampling

for Ogbn-Arxiv.
0

with/without PE and GCN when the
number of label nodes varies for Ogbn-
Arxiv. 0

Figure 18: The required number of iterations against fyd_Q (a) Graph Transformer (b) GCN.
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Table 8: Summary of notations

F(x;), Loss(zi, y1) The network output for the node x; and the loss function of a single node.

p;i(t), q;(t), rj(t) The features in value, key, and query vectors at the iteration ¢ for pattern j,
respectively. We have p;(0) = p;, g;(0) = g;, and 7;(0) = r;.

z;i(t), n;(t), 0;(t) The error terms in the value, key, and query vectors of the j-th node
compared to their features at iteration t.

Wi (0), U;(0) The set of lucky neurons for node [.

dn(t), vn(t), pn(t), A  Approximate value of some attention weights at iteration ¢. A is the
threshold between inner products of tokens from the same pattern and
different patterns.

S]“ S;L’t is the set of sampled nodes of pattern j at iteration ¢ to compute the
aggregation of node n.
0, The maximum number of nodes in distance-z neighborhood for all nodes,

which is no larger than v/N.

average # of each class | 10v/N | largest gap to the average
Cora 386.86 520.38 431.14
Actor 1520 667 871.78

Table 9: The fraction of discriminative nodes in each class of Actor

ASSUmptiOﬂ 2. [ ]Deﬁne P = (p11p27 T 7PM) € RmaXM’ Q = (QLqu tr qu) € RmbX]V[
and R = (ry,72,--- ,7pr) € R™>*M g5 three feature matrices, where P = {py,pa, -+ , P},
Q={q1,92, - ,qu}and R = {ry,re, -+ ,rp} are three sets of orthonormal bases. Define the
noise terms z;(t), n;(t) and o;(t) with || z;(0)|| < o+ 7 and ||n;(0)]],]0;(0)|| < d+7forj € [L].
q1 = T1, g2 = T2. Suppose ||W‘(/O)||, | W[({O)H, ||Wé0)\| <1 0,7<O(/M)andé < 1/2. Then,
forzx, €8}

1 W‘(/O)Scl =p;t+zj (0).
2. WI((O):BI =4q;+tn; (0)
3. WC(QU)Q:l =r;+ Oj(O).

Assumption 2 is a straightforward combination of Assumption 1 in [30] and the equation
minje g [|[@n — pj]] < 7,Yn € V by applying the triangle inequality to bound the error terms for
tokens. We then provide a condition which is equivalent to the equation min;c s [|2n — pj]] <
7,Yn € Vsince 7 < O(1/M), i.e., if nodes i and j correspond to the same pattern k € [M], i.e.,
i € Dy, and j € Dy, we have wiij > 1. If nodes 7 and j correspond to the different feature
k,le[M],k#lie,i€ Dyandje€ Dy, k # 1, we have :ciij < A < 1. Here, we scale up all
nodes a bit to make the threshold of linear separability 1 for the simplicity of presentation.

Definition 3. Define

-
V,.(t) = W‘(,t) Z wnsoftmaxn(wsTWI(;) Wg):cn + uz;_’n)b(t)). (16)
sET™

for the node n. Define W,,(0), U, (0) as the sets of lucky neurons such that

Wa(0) = {i : WG Vi(0) > 0,1 € S}, (17)
Up(0) = {i : WG Vi(0) > 0,1 € S3'}. (18)

Definition 4. When n € Dy U D», we have

Lo ¢n(t) = (Does N2 0 SEHela@IPHetnlar IS S ((r 0 §™t) —
St|ebt” )1
! .
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Algorithm 1 Training with Stochastic Gradient Descent (SGD)
1: Input: Training data {(X, y,,) }ner, the step size 7, the number of iterations T, batch size B.
2: Initialization: Each entry of W and a(®) from (0, £2) and Uniform({-1/y/m, —1/+/m}),
respectively. W‘(,O), W( ) and W( ) are initialized from a fair model. () = 0.

3: Node sampling: At each 1terat10n t, sample S™! for each node n to replace 7" in (1) when
computing the ¢(-) function in (3).

4: Training by SGD: For ¢ = 0,1,--- T —1land WO e (WS Wi W w b))
WD —w® —y. Z Vo U@, yn; a®, WS WP WO W 60) (5
nGB,
5: Output: W57, W Wi wil p®.

2. un(t) = (C.ez NP N SPt|ellas @1 = (e+n)lla @) 1+b | Yz NP A S -
Sy
3 pult) = Yoes INZ NI
When n ¢ Dy U Dsy, we have

1 6n(t) = (S.ez (NI NS
S /(ST U Sy )

@I+l @)+, (7).

7 n, 1 24 (o+71)|q1 (t) N
NszS#tDqu OIF+(o+71)llq1 (t)]|+b2 +Zz€Z ‘(NZLU

)
2. vp(t) = (Zzez(W" n Sn’t| + |Nzn n S;’t|)6“‘11(t)\|2*(U+T)||Q1(t)\\+b(zt) 4 ZZEZ |(NZ71 U
S /(Sp U Syt et L

) =

3. pult) = Loz WP N SPH el O~ +lar @I+, (1)

We then cite useful results of the concentration bounds on sub-gaussian variables.

Definition 5. [57] We say X is a sub-Gaussian random variable with sub-Gaussian norm K > 0,
1
if (E|X|P)» < K\/pforall p> 1. In addition, the sub-Gaussian norm of X, denoted || X ||y, is
1
defined as | X |, = sups, p (E|X|P) .
Lemma 3. (/53] Proposition 5.1, Hoeffding’s inequality) Let X1, Xo,--- , XN be independent
centered sub-gaussian random variables, and let K = max; || X;||y,. Then for every a =

(a1, - ,an) € RN and every t > 0, we have

N
P{‘;ai

where ¢ > 0 is an absolute constant.

ct? )
K2|al”

x| > t} <e-exp(— (19)

C Key Lemmas and Proof of the Main Theorems
We first present our key lemmas, followed by the proof of the main theorems.
For [ € S for the data with y,, = 1, define

Vi(t) = Z W(t)a: softmaxn(a:gTW(t) W(t):c +u(
seSmt

We later can show that

-
Vi(t) = Z softmaxn(wsTWI((t) Wg):cn + uzg )b( ) p1+ z(t) + Z W;(
sesSP? J#1

Y vewd T Y v

b=1 ieW,(b) igWi(b)

2D
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We have the following Lemmas:

Lemma 4. For the lucky neuron i € W;(0) and b € [T), we have that the major component of

ng_ ) is in the direction of p1, i.e.,

t2(1 — 2p) m

‘/V(t) > i ni —pn(t

0w PLR o5 EEB 15 EEB e (t) +&,
n b n b

(t) [0
Wo,.,PS ﬁWO(Mpl, forp € {p2,p3,--- ,Pm},

) 2 £ nt*(1 - 2p) m 2
neBy neby
and for the noise z(t),

WS 2@ < @+nIWs) |
For i € U;(0), we also have equations as in (22) to (25), including
2
® o5 & g tA-2p) m
WY ezt S LI )
neBy neBy

(t) [0
Woi.,PS EWO(L,)M, forp € {p1,p3,p4, -+ ,PM},

2
® 2w & 2 nt(1 — 2p) m 2
(W 2 (5 3 U2 S ) g,
neby neBby
For the noise z(t),

WS 2@ < @+nIWs) I
For unlucky neurons i and j € W;(0), k € U;(0), p € P, we have

(t) IR (t) (t)
WO(MP = \/Emm{wo<jw>p1’ WO(k,~>p2}’

t t
WS 20l < (@ +nIWS) |,

1 .
WS, P < 5min{|Wg) 1% IWg), 1)

Lemma 5. There exists K(t),Q(t) >0, t =0,1,--- ,T — 1 such that forr € S

defining

ai(t) = | [T+ K1),

ri(t) = | [[(+Qu)r,

where 1 = 1, 2. Then, we have
soﬁmaxl(erWI(;H)WgH)wl + ugﬂyl)b(tﬂ))

LAFE @) las (017 —(+7) g (1) +5)

4o
sifue.,

(22)

(23)

(24)

(25)

(26)

27)

(28)

(29)

(30)

€1V}

(32)
-1,

(33)

(34)

2

Similarly, for r ¢ SL*, we have

-
soﬁmaxl(a:TTWI((tH) WSH):BI + ua’l)b(t))

b(t)
€ #0
<

S ez NP N SET 0K M= tnla @I+ 4 52 (N SnT) = SpTers”

(35)
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Lemma 6. During the training, we fix bét) = b(()o) =Q(1). Forz > 1,

bgt) _ bg)
(1- 2p Pn(b)m* 57725 m Vd
SIYIDIE= 3) SLLCILILIER -
b 1 neBy b=1neB, ( )
ISV AN |- |5;f NN |$ivf NN = S5 NN

K|SH| B K|Sht|
~q 1SEE N NE = S5 MY

0 >y L 30 3 L2 5 e im0 1S ST

b 1 neEBy b=1neBb,

(38)
Lemma 7. For the update of W‘(/t ), there exists A < O(1) such that

¢ T T
Wia, =m0 oW e S ko) e, gesit o9
b=1 ieW,(0) igWn (0)

¢ T T n
Wzl =py—nY (> VWS 4+ 3 AOWS) )4z, Sy @0
)

b=1 i€l (0 i¢U4(0)
t m
-
Wt ar = p =0y S AVOWS) 2, jeST\STTUSET), @)
b=1 i=1
Iz, < (o +7), (42)
with
Wi(t) < walt )IS"\ lest, (43)
1 — 2
Vi) S — =2 wpn i e Wi(0), (44)
neBy 4
1 — Qp .
Vi(t) 2 > pn i€ U0), (45)
nEBb,
1
Vi(t) > — , if i is an unlucky neuron. 46
(t) 5 if ky (46)
Lemma 8. [30] If the number of neurons m is larger enough such that
m > M?log N, 47)

(0)| satisfies
IWi(0)], [ +1(0)] = €(m). (48)

Lemma 9. Under the condition that m > M? log N, we have the following result.
Fori € Wi(0) and | € D, we have

the number of lucky neurons at the initialization |W;(0)|,

WS Vi) =1 (49)
Fori € U;(0) and | € Ds, we have
WS Vi) =1; (50)

Proof of Theorem 4.1:
Denote the set of neurons with positive a; as K and the set of neurons with negative a; as KC_. For
yn = 1, recall from (10) and Definition 4, we have

1 1
Fle,)= Y fRelu(WC()t(i)Vn(t))+ > fRelu(Wg()i)Vn(t))

iEW, (0) i€y /Wi (0) ¢ (51)
1
-y fRelu(Wg()i)Vn(t)).
(1<) o a
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Therefore,

1
Yo —Relu(W) V,(t)
o ;

1EW,, (0)
1 (t) 1 (t)
= ¥ “Relu(Wg) V(1)) + > “Relu(Wg) Vi, (1))
1€Wn (0) 1EWn (1)
1
Z*'Wo(l ( Z pssoftmaxn(acsTW(t) Wg)icn)—&-z +ZWZ
“ sespt I#s
® 7 o 7 (52)
—at( > VoW o+ Y veawd) ))|Wn(0)|+o
JEW(0) JEWn (0)
my1 t2m 1 —2p
SUES SR T NORE ) ol o PN
neBy neBy b= 1nel’ﬁ’b+
3 nt*(1 - 2p) m 2
'(E Z 1B Z Epn(t)) )7
neBby neby

where the second step results from the formulation of V,,(¢) in (21) and the last step is by (140).
Meanwhile, we have

1
Z *Relu(Wét(?i)‘/;],(t)) Z 0. (53)
1€ L /Wi (0)

To deal with the upper bound of the third term in (51), we have

1 1
’ Z aRelu(Wét(?i)Vn(t))’ < Z gRelu(ngﬁ)Vn(t))- (54)

iek_ €Ky

Note that at the ¢-th iteration,

K(t)
t
1 m/1—2p En( t—|— 1)2
anZ;( > an —0=7)+nm *BZZ
neBby neBby TLGB}, b=1neBb,
3 (1 —2p)n(t + 1)2 m :
A= ()= Y > fpn(t))Q)%(t)(ISl’tl — ST Dl ()]
aB 4B a
neby neBy
S 1
~ellar@®)[12=(6+7)llq (®)[ *
(55)
Since that
> i T
o) 2 A+ _ min  {K(D)})
) . (56)
>
21+ ech(T)HZ—(5+T)H¢11(T)H)
To find the order-wise lower bound of g1 (T"), we need to check the equation
T7)<(1 L T (57)
o)< 1+ ellai(T)[12=(6+7)llq: (T)]| )
One can obtain
O(logT(1—6 - 1) = aa(T) < O(T). (58)
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We require that

m/1 &nT*m 1 —2p —2pT 1
252 S Y p®) — o = pa@) m—E YT S —palh)
neBby neBy b=1neBp
3 nT?(1 - 2p) m 2
(=5 > 15 > Pa(T)) ) (59)
neBy neby
=agn’*T° 4+ a1nT?,
>1,

where the first step is by letting a = \/m and m > M?log N. We replace p,,(b) with p,, (T') because
when b achieves the level of T', b°1p,, (b)°? is the same order as b°* for 01,02 > 0. Thus,

T
> 6 pa(b)” 2 T pa(O(1) - 1) 2 T p, (1) (60)
b=1

We also require

Bz 6(1), (61)
Note that p,, (t) is dependent on other ) __ ~ 0. nodes. Hence, we know that each p,, (T') is dependent
onother 1+ _ > 62 variables of p; (T') for j,n € V. Itis easy to find that p,,(T') is a 1-sub-gaussian
random variable because its absolute value is upper bounded by 1. By Lemma 7 in [67], we can

obtain -
ED[CS(Z"GL Pn(T)—MlIED[pn(T)])] < el Cl+2 ez 02)57 (62)

When nT = O(1), we have |b,(T)| = ©(1) and |b.(T) — b (T)| < ©(1). Therefore, when
n € Dy UD,y, we have

pn(T)
Sz NP N ST fellar (DI ~(@+Dllay (D] +57
= z (63)
ez Ve N SET [elarMIP=(@+nla @I+ L 5™ (N ST — ST |ebt”
>1— 770.
When n ¢ D1 U Dy, we have
pa(T)
n n 24—0 T (T) n n n n,
= Z IV A SPT|ella (D= (et 7)llas (T +02 (Z(|Nz NSMT| + |\ ﬂS#TD
ZEZ zZ€EZ
el Mo la I L 37 us™ ) /(spT u sl
z€EZ
>SN ASETIT(1 =6 — 7)) P (S (NI NS+ NP ST (68)
2€EZ z€Z

(T =5 = )T 1 T AT USH T /(ST Uy e )

zZEZ
n n,T
> |AerWS# |
— n,T n, T’
(W2, NS+ V2 NSLT)
CZZIED[n(T”

—(T(1-6- T))fcebe(T).

Y ez(T(1 =5 —7)C[SET NNP|eb=T)
ez (T =6 —7)C|SHT USHT) NNR|eb=(T) +O(1)
(T(1 =5 —7)° (65)
T1—-6-7)° +0(Q)
(1=7a) (1 —es— (T(1=6—7)) e D) 4 44(1 — 1)
1—es(1—va) —n°.

> (1-9a)Ep|

+ Ya -
(

>
2
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Hence, define

1, ifn € D1 UDy
pa(T) > pi(T) := Wz sy , (66)
W, st irvg,negTy 11 & D1UDe
Therefore,
Nz NSy
Ei>0nev(ph(T)] — 1] < (1 = va)Epng(p,up { = = (1 —)es.
| t>0,ne Lp ( )] | ( ) ¢(D1UD2) (|Nznm QSS’T|+|N;LWQS;T|) ( )
(67)

‘We can also derive
Enee [(1 -, (T))] < 2Bp[1 - p,(T)] <201 - va)es, (68)

where the first inequality is by 1 — (p/,(T"))? < (1 — pl,(T))(1 + p.,(T)) < 2(1 — p,,(T)). We have

| 0T = o+ () 1]
neLl

< ’ ﬁ DB (T) = (0 + 1)) (T) = Enecl(p,(T) = (o +7))p(T)]
nel

(69)
+ Encclll = i (T)?)] + Enecl(o + 7)p;, (T)]
1462 )-logN
5\/(&)'{% +2(1 —vyq)es + (0 + 1),
1 (14462 )-logN
— nT2—1‘< RS ) T [ , 70
MQZP() N\/ L] +2(1 —ya)es (70)
neLl
1 (14462 )-logN
= (T — 1‘ <y —Eml P 4 (1 — : 71
‘|£|Zp( ) N\/ L] + (1= ya)es (71
neLl
‘We can then have ) ) ) .
T:nZ(l—é—T) 2:172(1—6—17) 2. (72)
Vay (1-2p)>
As long as
(1462 )-logN
L| > max{Q ,BT}. (73)
L] { ((1_2(1_’7d)68_(0'+7))2) }
we can obtain
F(xy,) > 1. (74)
Similarly, we can derive that for y, = —1,
F(x,) < —1. (75)
Hence, foralln € V,
Loss(xy,, yn) = 0. (76)
We also have
E(z, yn)~D[LOSS(Zr, yn)] = 0, (77)

with the conditions of sample complexity and the number of iterations.

Proof of Lemma 1:
This Lemma is proved by (63) and (64).

Proof of Theorem 4.2:

The main proof idea is similar to the proof of Theorem 4.1. A major difference is that the aggregation
matrix does not update, i.e., p,(t) stays at ¢ = 0. Since that a given core neighborhood and a
~va = O(1) fraction of discriminative nodes still ensures non-trivial attention weights correlated with
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class-relevant nodes along the training, the updates of W and W7y, are order-wise the same as
Lemmas 4 and 7.

Since that
> cz |Sf’tmNZn| . n,t n,t
5 = 5 ifne S US,)”
pn(0) = { Teez BTN o NG LTSI NI 1o
Lez ISTINNT . n,t n,t 78
Zzez(‘sn’t‘_lsn’tmNan'i‘Zzez \N;ﬁS{l’t’\e’ ifn ¢ (Sl USQ ) ( )
=0(1),

there exists ¢y > 0, such that

E[pn(0)] =74 - O(7a) + (1 — 7a)O(L

9 ) = ¢y (79)

1
E[|pn(0) £ ey7al*] €74 - ©(33) + (1 = 7a) - O(|a £ §I27§) < O(72)- (80)

Therefore,
1
‘m an<T)(pn(T) — (0- + 7-)) _ C%V;‘
n=1

<7 S 0)pn(0) = (04 7))~ E [ 0050 (0) — o+ 7))

+[E[1pa (0 = (o + T)pa0) - 2A31]| 81)

: ligcfv Fo+T)+ \/E[m(m + ¢ %al?] B[ Ipa(0) = ¢474l?]

log N
L]

< + (0 +7)+O6(7)),

where the first step is because p,,(7") does not update since Wf(g ) and Wg) are fixed at initialization

WI((0 ) and Wéo), and the second step is by Cauchy-Schwarz inequality. Since that

\/MgTN—&-(U—&-T) <O(v3), (82)

we have ( ) )
+62 )logN
L] > Qi Bm/ P8 (83)
L o G
and )
T = n’ — (84)

Proof of Lemma 2:
When ¢t = T, we have nT' > ©(1). Since that

ST AN & DI AN
DIDPLLMEEES 3 sRtill

b=1neB, b=1neB,

< €, (85)

with high probability for some 1 > ¢y > 0, we can derive (13).

Proof of Theorem 4.3:

When b = 0 is fixed during the training, but S™* and 7™ are subsets of N7 , the bound for pn(T)
still the same as in (63) and (64). Given a known core neighborhood in Theorem 4.3, the remaining
parameters follow the same order-wise update as Lemmas 4, 5 and 7. The remaining proof steps just
follow the remaining contents in the proof of Theorem 4.1.
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D Useful lemmas

We prove Lemma 4, 5, 7, and 6 jointly by induction. Lemma 4 first studies the gradient update
of lucky neurons in W, (t) in directions of p;, po, and other p. We divide the updates into several
terms and solve each of them. By applying a known result of PDE, we bound the component in the
direction of p;, which is the most important one. The updates of other neurons follow the above
procedure. Lemma 5 computes the gradient update of W and Wi in different directions of «;. By
controlling the gradient update to be positive in the directions of discriminative nodes, we get a lower
bound of B. Meanwhile, we obtain the update of key and query embeddings. Lemma 7 is derived by
considering different components of Wo,, , in the gradient. In proving Lemma 6, we characterize
the update of different distance z in terms ot) components from different neighborhoods. Combining
concentration bounds, we remove the influence on unimportant terms and only retain one part, which
represents the update of the average winning margin of the majority vote, i.e., the update of A(z).
For Lemma 9, We characterize the updates of the lucky neurons to the desired directions to show
lucky neurons can activate the self-attention output of discriminative nodes along the training.
Proof of Lemma 4:

At the ¢-th iteration, if s € S{’ ’t, we can obtain

.
V,(t) = Z W‘(,t)wssoftmaxn(:csTWg) Wg)wn—ku?s’n)b(t))
seSht

.
= Z softmaxn(:csTWI((t) Wg)scn + ué,n)b(t))zh +z(t) + Z W]l (t)p,
SES; j#1

t
b T b T
—nY (> VWS o+ > vieawd) ),

b=1 ieW, (0) igWi(b)

(86)

[ € [M], where the last step comes from Lemma 7. Then we can derive that for k € S;-L’t,

Sz [P AN |edla O+l
Yeez |5 TN ella®1?=(e+0)lai ()]

WE () < (), (87)

which is much smaller than ©(1) when ¢ is large. This is the reason why we ignore the impact of
t—1 by T by T
Wi(t) onn 33 26(Ziewno) iOWS) |+ Tigwyo) Vi(OAWS) ). Hence,

1 Z 8Loss a:n,yn _ Z Y Z a;1[Wo,, Vi(t) > AAGEE (88)

nEBb WEBb lesSn.t

Denote that for j € [M],

t
ORT
H, Z nynas L W) Vi( -y ViWS) pj, (89)
TlEBb b=1 keW,(b)
t
ORT ®)
Hy = LS g LW Vi( =0 V(WS pj, (90)
neBy b=1 k@ Wi (b)
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and we can then derive

t+1) T 6 T
(wos" o) = (W8, ")

1
=5 > maad[Wg) Vit) = Vi) 'p,
leBy

1
=5 2 mnal[W5) Vi) > 0lz() T p;

leBy (91)
1 T
g Z nynail[Wét()i)W(t) > 0] Z softmaxl(mZW]((t) Wg)g;l + Ua,z)b(t))Plij
leBy SES;
1 t
+ 5 l}; yna: LW Vi(t) > 0] ; Wi(t)plp, + Hy + Hy
€by

:=H1+ Hy + Hs+ Hy + Hy,
where

1
Hy = B Z nynail[ng)‘/l(t) > O]Zl (t)ij’ 92)
neBy

1 T
Hy =& Zl; yna: W) Vi(t) > 0] ZS: softmax,(x] W Wz +ul b0l pj, 93)
neby SES;

1
Hy = — 2; nynai LW Vi(t) > 0] ; Wi (t)p) p;- (94)
neby J

We then show the statements in different cases.
(1) When j = 1, since that Pr(y,, = 1) = Pr(y, = —1) = 1/2, by Hoeffding’s inequality in (19),

one can obtain
1 [log B
— E > < B—¢
Pr(’B By" - B )_B ’ ©3)

neby

Pr (|2t p1| 2 V(o + )7 logm) <m. (96)

Hence, with a high probability, we have

| Sn((o(:r 7)) /logmBlogB. ©7)

For i € W, (0), by the reasoning in (139) later, we can obtain

¢ t -
Wé()i,_) ZZ W‘(,):Bssoftmaxl(xsTWIg) Wé)wl + u(TS’l)b(t)) <> 0. (98)
seSht

Denote py, (t) = | ST vy ()ellar (OIF=26la1 (Ol Hence, for k ¢ W(0),

1 1
Hy 25 > ~Ipill* - palt)(1 = 2p), (99)
neBy
Hs =0, (100)
t
1 n? 1 m (o +7)M
Hy >— —— —pn(t)(1 -2 21— ep — ——>—)Wpo,. p1,
1ZE D o Y Tpa(O(L - 2) P2 € Wou P o1
b=1neB, neBby

t
1 n? (c+7), 1 m
|Hal SEZ Z ;(1 I —— )@ Z TMPn(t)HPIHQWO(i,)Pz
b=1neBby neBy (102)
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Hence, if we combine (97), (99), (100), (101), and (102), we can derive

neBby b=1 neBby @
o+ 1)M
W pi(1-2) nz > a1 - e~ TN,
nEBb
ntmWo,,  P1
“Wo p2(l1+ (0 +7)) — #)
n nt(1 — 2p) m (c+7)M
> 1 W (£)(1 — 2p) — DR 2P) ™ T ) (1= ey — 272
2o D a1 =2p) = (0 +7)+ —m= D —pa(t) (1—e ——)
neBby neBy
. WO(i,A)pl)~

Since that Wgzzu) ~ N(0, fj—l), from the property of Gaussian distribution, we have

(WS 6 <e

Therefore, with high probability for all ¢ € [m], we can derive

0
W5 112 €.

(103)

(104)

(105)

When 7 is very small, given p,,(t) as the order of a constant, (103) leads to a PDE on the lower
bound of Wy, | p1 since the last step of (103) is always positive. Denote y(t) as a lower bound of

Wo,, ,P1, We have

dy(t)
ot
—O( - 3 (a1 20) — (o 7)) + PO S T ).
neBy neBy

Therefore, we can derive

nt? (1 nt=(1—2p) >

_ 3B 2n neB, & t) _
y(t) =€ B €By EBb / GB Z pn 1 2p) (U+T))

neBy
1 nu?(1-2p) m
e @B Xnes, il e Ynes, aPn® gy 4 Co).
Note that .
2
w2(1—2p)
/ efﬁ ZneBb %Enezsb %Pn(t)du

— 00

o0 1 nu?(1-2p) m
< e B ZneBb iB ZnéBb ?Pn(t)du

— 0o

Vo (e 3 MBS ()

neBby neby
_ —1
=O(n"").
t w2(1—2 ”
/ 6_5 Snen, © e 2oneB, Elpn(t)du
—o0

0 1 nu?(1-2p) m
> e aB Ynes, TIB  2ncB, Tp"(t))du

—00

=0(n~ ).
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(107)

(108)

(109)



Hence, »
y(0) = "le; (pu()(1 = 2p) = (0 + 7))+ Co=OW ') +Co =& (110)
Co=¢&(1—0(n™). (111)

t+1
Wi b zy(t)
n(t+1)423(1—2p) >

1
>eaB 2nes, neB, %Pn(t)g
~J

(112)
3 n(t+1)°(1—2p) ¢~ m
> > _
ZaB 2 AB >, () e
neby neBby
(2) When p; € P/p*, we have
Hy =0, (113)
1 n [logmlogB & 4
Hy| < — (61288 E 114
'ﬂ—Béme/ 5 Il (114)
neBy

2~ [logmlogB 1
¢ m log m
[Hy| < % > — 5 3B > ;pn(b)WoT(mpj. (115)
b=1 neBby
For k ¢ W;(0),

2 2 ¢t
ntm __ - n logmlogB 1 m T
[Hs| S VBa? Wo..,P1+ o E V"™ 5 2B EB Epn(t)WO(iﬁ_)pQu (116)
neby

b=1

with high probability. (115) is from (24). Then, combining (97), (113), (114), (115) and (116), we
have
T T
(wa o)~ (w8, )|

n 1
Sg'ﬁn%; (vn(t) + (0 +7) am

t
pu(b)ym logmlog B
+ Z TWO(i’_)pj) -5

b=1
Comparing (103) and (117), we have

1
t+1 t+1
Wé(,,_))Pj S 7BW(()(L_))I’1- (118)
(3) If i € U;(0), from the derivation of (112) and (118), we can obtain
2
t+1), > kS n(t+ 1)%(1 — 2p) m
Wo(,i,,) P22 5 Z 1B Z ap"(t) +&, (119)
neBby neBb,
1
t+1 t+1
Wf()u,->)pi N ﬁWéu,.))P% forp € P/p>. (120)

) If i ¢ (Wi (0) Ul (0)),

logmlog B
|Hy + Ha| < 24| 222252 p), (121)

Following (115) and (116), we have

to,2
n® [logmlogB 1 m T
Hyl < —_— —pn (D)W , 122
[Ha| < b§1 o\ 2] 5B HEEB Py (0)Wo,, P (122)
= b

30



77 2tm 0 n? [logmlog B 1 m 0
Hs| S —=—Wo, P +Z AT g g 2 WS P (123)

neBby
Thus, combining (121), (122), and (123), we can derive

T T
(w0 p) - <wg(1,_> ,p> |
<N pr(b)nm log mlog B (124)
S - (lpll + (o +7) +Z > o =W, Py — 75

b=1 ’ﬂGBb
Comparing (103) and (124), we can obtain
(t+1), < L v (+)

Woi,Pi S 5Wo P (125)
for j € Wi(0).
(5) In this part, we study the bound of W(()t()i ) and the product with the noise term according to the
analysis above.
By (42), for the lucky neuron ¢, since that the update of Wg()i ) lies in the subspace spanned by P,

we can obtain
M

+1 t+1 t+1
W2 = Z(wg(i_gmz > (W py)?
=1 1 1 20) (126)
n(t + —2p m
SRS S T
neby neby
t+1 +1
WSz s\w + WS (127)
For the unlucky neuron ¢, we can similarly get

WS 1P < WS, (128)

where j is a lucky neuron. The proof of Lemma 4 finishes here.
Proof of Lemma 5:

We first study the gradient of WSH) in part (a) and the gradient of WI({t 1 in part (b).
(a) from (14), we can obtain

1 Z 8Loss ™ Yn)

leBb
1 aLoss(X"7yn) OF(X™)
_"B 2 OF(X") oW,

LeBy
1 m
=15 D (=un) Y ail[Wo,, , Y Wyasoftmax(z, Wi Woz + ul, b)) > 0]
leBy i=1 seSht
. (WO(L-> Z vassoftmaxl(:csTW;Wle + uz;’l)b(t))
se8ht (129)
. Z softmax;(z,. ' Wi Wox; + uz;_’l)b(t))WK (x5 — wr)wl—r>
resht
1 m
=n5 Z (=) Zail[WOu,-) Z Wy softmax; (x| W, Wox; + uz—s’l)b(t)) > 0]
neBby i=1 seshit
. (WO(i,~> Z vassoftmaxl(wsTWEWQazl + “L,l)b(t))
seSht
- (Wgx, — Z softmaxl(mrTWEWle + ual)b(t))WK:cT):clT).
reSt:t
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WIfil e S{“t orl € 8™, say | € Sf’t, we have the following derivation.
At the initial point, we can obtain

-
Wgzz,.) Z W‘(/O)a:ssoftmaxl((WI(f)ws) W((Qo)ml + u(Tsyl)b(O)) >0, (130)
seSht
and

softmaxl((WI((O)J:S)TWéO)ml+u2;J)b(O)) > Q1) Z softmaxl((W]((O)azr)—rW(S))wﬂruz;’l)b(o)),
reSé’t
(131)
for s € Si’t.
Forr,l € 8", if u(.y. = 1, by (35) we have

softmaxl(erWI((t)Wg)wl + u(TT’l)b(t))
e\llh(t)|\2*(5+‘f)th(t)Hergo) (132)

>
Y ez NE A SET jela DI =@ +nllan DI+ S (Ve A SnT) — ST et

Likewise, for 7 ¢ St* and | € S'', we have

.
softmaxl(aerWI((tH) Wgﬂ)axl + u(TT’l)b(t))
e (133)

< .
NZzEZ NN Sf’T|eHQ1(T)\|2*(J+T)HQ1(T)H+b,(zT) + Zzez |(NrnSnT) — 5?1T|eb(f)

Therefore, for s, 7,1 € S, let

-
Wl(f)a:s - Z softmaxl(cchWI(f) Wg)a:l —|—u&l)b(t))WI(§)mT = BL(1)qu(t) + B4 (1), (134)

reSt:t
where
. B.ez (W2 084 = WL 0 S et=)
~ Zzez IVEN SS’T|6\|Q1(T)H2*(U+T)|\Q1(T)H+b(zT) + Zzez |[(NrnSnT) — S{%T|eb(zﬂ
> ai(t)(IS" = 18y)),
(135)
Bi(t) < 2N ®llg, (1)(|S"| - [Sy*]) < @u(t)(|S™] = |Sy7]). (136)
Meanwhile,
M M .
Bi(t) ~0(1) - ol (1) + Qe(t)ra(t) + D prn(t) = > > softmax, (] Wi W m))rq(t)
n=3 a=1reSi:t
M
=0(1) - (1) + Y ¢hra(t),
n=1
(137)
for some Q. (t) > 0and~, > 0. Here
S’I’L,t|
I < B (¢t |177 (138)
1< B0 g
for [ > 2. Note that |¢/| = 0if |S™t| = |S]"F], 1 > 2.
For i € W;(0), by Lemma 9,
(t) (t) Tw® @ T )
WO(L-) Z Wy, @ ssoftmax; (x Wy WQ x; +u(s7l)b ) > 0. (139)

seSht

32



Then we study how large the coefficient of g1 (¢) in (129).
Ifs e Si’t, from basic mathematical computation given (22) to (25),

.
W(()t() )W(t)mssoftmaxl(mgTW(t) W(t)a:l + u(T& l)b(t))

u%E:p” )—o =)

neBby neBby,

p(t) (1-2p En(t+1)
>
NWS?¢|( 2: a2

e 3 S PO oy (3 LSBT ey,

b=1neBy neBy neBby

Ifse Sé’t and j € Si’t, from (26) to (29), we have

(®) (t) T ) T () T
WOu,.)WV xssoftmax; (x Wi ® W,z + u(s,l)b(t))
S|

.
SWét()i’.)W‘(/t)szoftmaX[((BjTWK(t) Wg)a;l + u(Tj)l)b(t)) 0

Ifi € Wy(0),s ¢ (S USL"), and j € S
-
Wg()i A)W‘(/t)acssoftmaxl(scsTWK(t) Wg)acl + u{s)l)b(t))
T
SJWg()i .)W‘(/t)acjsoftmaxl(a:jTWK(t) Wg):cl + u(TjJ)b(t))cz)l (t) - |

by (30) to (32).
Hence, for i € W;(0), j € St combining (135) and (140), we can obtain

w wt W T", t
(()()'i,~) Zl ‘(/')mSSOftInaXl(mST K(t) ((Q)ml + u?;,l)b(t))ql (t)T
seSh:t

.
(W, — Z softmax; (z, ' W Wg)mz+u2;’l)b(t))WI((t)wr)wlej
resl,t

1-2 t+1)2 1 n
2( zap E: En( a2)vn(1§ E:ZM( 0477)+nnk47 E: pn(b)

neby neBy b=1neB,

(S5 W2 S T )2 10 1)~ kS s (1)

neBby neBy

Fori € Uy(t) and | € SV*, j € 8P, and k € W;(0),

.
Wg&ﬁ) Zl W‘(/t)wssoftmaxl(wsTWIg) Wg)wﬂru(l,l)b(”)ql(t)T
seSht

Wz, Z SOftmaXl(ﬁﬂrTW(t) Wc(zt)wz+u b(t)) W a, x;
resSn.t

(172172577 e an O'*T)+77m7 an

neby nEBb b=1neB,

,(a% > (1—2Pi7]g(t+1) > Zpu)?)on (IS5 BBl (B

neby neBby
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(140)

(141)

(142)

o+7))

(143)

o+7))

(144)



Fori ¢ Wi(t) Uly(t)) and | € b, j € 87,
.
Wg()w Z W‘(/t)scssoftmaxl(a:sTWK(t) Wg)wl + U(Ts,z)b(t))Q1 )7

seSht
(W, - > SOftmaXz(erWI((t) W(f)ml +ul bz, )m "
reSht ) ] (145)
Wo(k , Z WV )& softmax; (x5 WK() W((g x; —|—u(17l)b(t))q1(t)
SGSI t
T 1
-(Wf(g)zcs - Z softmaxl(:chWI(f) Wg)wl + u(Ts’l)b(t))a:T)a:lTa:j 75
reStt
Therefore, by the update rule,
1), _ w® 1 OLosS(X, yn) | 11,(1)
W, x =Wyhx; —n— Z ( TWo W, ):cj
neBby
= ri(t) + K(0)qi(t) + O(1) - (1) + [Ke[ (1) +quz (146)
=1+ K(0)q:(t) +O6(1) - () + [Kel(t) +Z%m
where the last step is by
q(t) = ki(t) - m1(2), (147)
and
qa(t) = ka(t) - m2(t), (148)

for k1(t) > 0 and k2(t) > 0 from induction, i.e., g1 (t) and 71 (¢), g1 (t) and 7 (¢) are from the same
direction, respectively. Define gc;(x) = = " q;(t)/||q1(t)|| and denote

A(l, 1) :ai]I[Wo(i’_) Z ancssoftmaxl(wsTW;WQa:l + u(TSJ)b) > 0]

seSht
(Woy., Y- Wyasoftmax(a, "W Womi +uf, b (149)
seSht
- (Wkxy — Z softmax; (x, ' WL Wz, + u(T,,ﬁl)b)WK:vr)xlT).
T‘eSl’t
We then have
K(t)
1 . ;
(|l X o X ww@ey)| -] X w X aaldd)
1€By,leSh? i€EWL(0) 1€By,leSh? i€U;,» (0)
D T D DR ON(E) B D SN ) SIAON(A)]
1€By,leSh? igWi (0)Uly, (0) 1By, leSk? i=1

Y oY)

l€By,leSht -8k skt

1 1-2 (t+1)2 1 <
ZTIEZG< ngn +2 4szn U*TJFU ?;ZB

neBby neBby neBy

(- (oS 3 LB S I )2 ()5 52Dl ()

neBy neBy

>0,
(150)
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1 St
SR D U R - (1sn)

neBy, St — 81
|K (t)|<l ZAK(t)L (152)
"B St — 187
as long as
-2 pn(b
( ngn a2 an ‘7—7)4'77771* —(oc+7))
neBby nGB;, b 1 neEBy
§ 1—2p)n(t +1)2 m A 7
(G5 2 : iB( : > ;pz(t»?)m(t)(lslﬂf|Sit Mg ()]
ne Bb neBb
(1—2pZ§77 an U—T)‘f'??mfzzpn (0+7))
a? 4B
neBy neBy b=1 neB,

(S 50 L2 LT S 10 49260115 - 61 () a0

neBy neBy
(153)
To find the sufficient condition for (153), we compare the LHS with two terms of RHS in (153). Note
that when |S™¢| > |S]""], by (136),
On(8)(|S™ = [S1]) Z B (1), (154)
Moreover,
12 ¢a(8)IS5]- (155)

For the second term on RHS, we can derive the bound in the same way.

(i) Then we provide a brief derivation of Wgﬂ)mj for j ¢ (S7* U Sy") in the following.
To be specific, for j € S, /(S]"" USI),

< " Z OLoss(X yn j;ql(t)>

neBy 8WQ

1 m1—2p en(t+1)2m 1 , 1 < . (b)

ZHEZ;( I Z 22 (@an(b)—U—THnmﬁZZ a

neBby neby neby b=1neB,
§ (1 —2p)n(t+1)° m, Lt It 2
W=y 3 SRR 5 o) sais | - I Dol
(156)
where
P (t)

Sz [P ANt T iy KO)ai0)=(@+)llar 1)+

ez [(SPTUSH) NNt T Shos KO )= 6+nllar @I+ 1 [gnt] — |S7F| — (S0
(157)

When K (b) is close to 0T, we have

H¢1+K a2 St KOIBOF > 3 k(5 0] (158)

b=1

where the first step comes from log(1 + ) ~ 2 when 2z — 0T. Therefore, one can derive that

1 OLoss(X

"\ Yn)
wmq1<t>> > 0(1)- K(1). (159)
neBby 8WC(;) !
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At the same time, the value of p/, (¢) will increase to 1 along the training, making the component of

qi (t) the major part in 55 D oneB, wm? This is also the same for ga(t).

owy)
Hence, if j € S} for > 3,
Wi e, = qut) +0(1) - ny(t) + (1) - K (t)(qu(t) + galt +zle (160)

Similarly, for j € Sy,

n,t M
Wi a; = (1+ K(t) :ii’t: )g2(t) + O(1) -y (8) + O(1) - K(t)qu(t) + > _viau(t).  (161)

(b) For the gradient of W, we have

Z OLoss( asn,yn) OF (x,,)
B 8F :I}n 8WK

neBy
:E Z (—=yn) Zai]l[WO(h_) Z vassoftmaxl(wsTWI}rWle + uz—s’l)b(t)) > 0]
n€By i=1 seSht (162)
. (WOm) Z Wy softmax; (x| W Wox; + u?;yl)b(t))Wga:l
seSht
- Z softmaxl(mTTW;WQxl +u2;7l)b(t))mT)T>.
reStt

Hence, for j € S{l "t, we can follow (146) to derive

Wi e ~ (14 Q1) qu(t) + O(1) - 0;(t) + Qe (t)|r2(t +Zwm ; (163)
where
Q(t) >K(t)(1—X) >0, (164)
for A < 1, and
il < 5 Z Q(t) 7@“' (165)
B ‘3, |Smt] — 82|
1 |S'Il,t
< = t) ——F——— . 166
@U|B§M)Wwww (166)
neBby
Similarly, for j € S; ’t, we can obtain
Wi e ~ (14 Q(1))ga(t) + O(1) - 0;(t) + Qe (t)ri (¢ +Zwm ; (167)
For j € Sl”’t, l=3,4,---, M, we can obtain
Wiz ~ q(t)+0(1) - 0;(t) + ©(1) - [Qs(1)r1(H) +©(1) - Q +Zw“z , (168)
where
Qs ()] < Q). (169)
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Therefore, for [ € Sf’t, ifj e S{l’t,

ijWI((m)TWgH)ml
RA+EB)1+QW)a M) = 0+ a ()] + Ke(O)Qe(t) g2 (t)[Ir2(1)]]
M
+>_wila®llr @)l
=3

ZA+ K@)+ QW) g = (6 +7)la ()]

=2 neBby =2 nehy

5L B N R | IS i e
\IZ(B > Q) g gr PIn O JZ(B > K0 g Pl

Z(1+ K@)+ Q) llgr()|1> = (6 + )llar (B,

(170)
where the second step is from Cauchy-Schwarz inequality.
If j ¢ S,

ijWI((tH)TWgH)wl
SA+E®)QrMlar(®)|? + Ke(H)Qr )l a2 + vlla@®)* + (6 + T)llgu(t)| 7D
SQr W@ + (6 +7) g ()]l

Therefore, for r,l € Si’t, if Uy 1), = 1, we have

1 1
softmax; (z, | W )Wq(;+ V) + ul, ) bHY)

(K@) a1 (0)]° = (+7) [l (8)[|+55)

e .
Y es WA SET G+ E@)lan T2 =@ +n)la DI+ 45 (N STy — §7T |ent”
(172)
Similarly, for 7 ¢ St and I € SV, we have
T
softmaxl(erWI((tH) W((gt+1)wz + uz;,yl)b(t))
b(t)
< e
N 2 N N SET e KOl (D @t nla DI+ L5 (vn n§nT) — SpT[ent”
(173)
The same conclusion holds if I ¢ (S}"* U S3").
Hence
Qt+1) =V (1+K(t)q(t). (174)
@t +1) = VT KD)aa(t). (175)
r(t+1) = T+ QW) (). (176)
ro(t+1) = /(14 Q(¢))ra(t). (177)

It can also be verified that this Lemma holds when ¢ = 1.
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Proof of Lemma 6:

OLoss( scn, yn)
g >

’ﬂGBb
OLoss( :cn,yn OF (x,,
L Z ) OF ()
B OF (x,,) ob
neBy
1
=ng Z(—yl) Zai]l[Wo(i‘_) Z Wy ajsoftmax; (x, | W Woz; + u?s’l)b(t)) >0]- (WO(M
leBy i=1 seSht
. Z Wy x softmax; (x| WL Wox, + ug’l)b(t)) Z softmax; (x, ' Wi Wox, + u( )b(t))
SES; resnt

’ (u(s,l) - u(r,l)))

1 m
=ng Z(—yl) Zaill[Wou,_) Z Wy x softmax; (x| Wi Wox; + u&l)b(t)) >0]- (WOU,.)
leBy =1 seShit

. Z ancssoftmaxl(wsTW;Wle + u&l)b(t))(u(s’l) — Z softmaxl(erW;WQscl
SES; reSmt
+ul b )ue)).
(178)

Therefore, we can derive

Wo,, - Z Wymssoftmaxl(msTW;WQxl —I—u&l)b(t))(u(sjnz
seSht
- Z softmax; (x, ' Wi Woxz; + ugﬂ)b(t))u(r,l)z)
resSht
=Wo,, , Z vassoftmaxl(msTW;WQxl + u(TsJ)b(t))(l
seSHLENNF
- Z softmax; (x, ' Wi Woxz; + u(TN)b(t))) +Wo,, , Z Wy,
reSLENNF seSLt—NF
- softmax; (z ' Wi Woz; + uE'—S_’l)b(t))(— Z softmax; (z,. ' Wi Wox; + ual)b(t)))
reSLtNNGE
=Wo,, , Z vassoftmaxl(ws WK Wox; + u( )b(t)) Z
seSLINNFE reSbt—N7
softmaxl(mr WK Wox; + u( )b(t)) Wo.. ., Z Wy,
seSbt—NF
- softmax; (z, Wi Wom + ul, )b") > softmax(z, Wi Wom, + u(, b))
reShtnNGE

=P + P>+ Ps.
(179)
where the second step is by

( Z + Z )softmax; (s ' WL Woz, + u(TS}l)b) =1, (180)
SESLINNT ™Y seSLt—N7T!
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Define

P = Z Wo,, , vassoftmaxl(wsW;Wle + uz;_’l)b(t))
seShtNN7FNSL?
> softmax; (z, ' W Woa; + u/, b)) — > Wo,, Wy,
re(Sht—NF)NSL? s€(Sht—N7F)NSL!

- softmax; (x, Wi Wox; + u(ll)b(t)) Z softmax; (x, ' Wi Woxz; + u(TT’l)b(t)),
reSbtNNFNSL?

(181)
P, = Z WO(Manzssoftmaxl(wsW;Wle + ugrs’l)b) Z softmaxl(erW;WQa:l
seSLtNNF—Sb? restt—N]
: +u(TT7l)b(t)) — Z WO(Mstcssoftmaxl(acsW;Wle + u&l)b) Z
se(Sht—N1)—Sb* reSLtNNGE
- softmax; (x| Wi Wom + u, ;) b'"),
(182)
P; = Z WO(Mchcssoftmaxl(a:sW;Wle + u(ll)b(t)) Z
seSLtNNFNSL? re(Sht—N)—skt
. softmaxl(:chWI—(rWle + uz;)l)b(t)) — Z Wo ,Wyxs

se(Sht—NHNSL*

- softmax; (s W WQ:chu&l)b(t)) Z softmax; (x, ' Wi Wox; + uz;’l) b®)).
reshtnNE —Skt
(183)
Note that (S5 — N7~ NSV + (Y NN N SLY) 4 (8P — SbY) =SBt For s, j € SV, by
(223) and (224), we have

Wz, — WPa| < O(l|zt)l) < 7. (184)

Combining (25), we can obtain

n,t 1 n,t n,t 1
(t) |5y m-/vz| 517 _ S ﬁNz|
|P1| S(U_FT)”WO“)” |Sl’t‘ ( |Sl’t| |Sl’t| ) (185)
Let
Ty = > Wo,, , Wy asoftmax; (z, Wi Woz;)
sESLINNF -8t —sl!
Ty T T (b)) _
Z softmax;(x, Wi Wox; + u(T,l)b ) Z Wo. , (186)
resSht—N] sE(SLt—N1)—Sht sk
. vassoftmaxl(wSW;WQa:l) Z softmaxl(mrTWI}rWle + ual)b(t)),
reShtNNF
_ T T (t)
Ty = Z WO(Z’A)WV:cssoftmaxl(wsWK Woxz, + u(&l)b )
sESLtNNFNSL!
Z softmaxl(mrTWI—(rWQ:cl + uz;yl)b(t)) — Z Wo, Wyzs
re(Stt—NHNS, sE(SHt—NHNSL?

- softmax; (z, W Wox; + u/, b)) > softmax; (z, " Wy Woa; + u(, b)),
reSLINNFNS,'

(187)
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Ts = > Wo,,., Wy softmax; (@, Wx Woz, + u(, ,b") >
seShtNNFNSY! resht—Ni-sy!
- softmax; (x, ' Wi Wox; + u(TT,l)b(t)) - Z Wo,. , Wy,
sE(SHt—NHNSL
- softmax; (z WL Woz; + u&l)b(t)) Z softmax;(z,. ' Wi Woz; + ugrr’l)b(t)).
reSLINNF —S*
(188)
Therefore,
P=T+Ty+ T3, (189)
1 Qlit _ ol It 1
W o =87 -8 |sh — M
T < (U+T)HWO(L_)H : ST St (190)
It 1 It It 1
(t) Sy ONZL IS 1Sy NNV
T2 < (0-+T)HWO<1-1_)H ' |Sl’t| (‘Sl’t - |Sl’t| ) (191)
Fory, = 1,5 € S¢* and j € S}, by (223), (224), and (225), we have
WS, (Wz, —wa;)|
0] : ® T t ® T
=W, (pr—patz(t) = (Y Y Vi)Wg. —ny Y Vib)Wg )
b=1iEW,, (b) b=1iclU(b)
: ® " t ® T
Y Y AwewS - OWE )
b=14i¢W, (b) b=1 i¢U(b)
1-2p Ent+1)2%m, 1
> i g —
D D a7 D BENURLEEY
neBy neby
t
1 pn(b) 3 (1—2p)n(t+1)° m
Fmse Y 3 PR () (5 Y e Y Tpa(1)?).
b=1neBb, neBy neBy
(192)
ay < SntPme | mtm - Ent*m
WS (W = Wilah)| S >0 ¢ T8 (1), (193)

Given i € W;(0), with regard to P», we first consider the case when ¢ = 0. Then with probability at

least 1 — |S™t|=C > 1 — (M Z)~% for C,C’ > 0, when z = z,,,
R 1~ olit 1 el
‘sz € D;NNLNSH) _E[|3l,t| Zﬂ[] eD; NN NSH ]]‘
- ! (194)
_jlsoat oAty W< I
|S*¢ NIV s T poly(2)
R PTIpy 1 1 .
‘|3u| Y aljestt ~Bligrm Sl e sty
Fl = (195)

log |S™1| < 1

_‘Isl’tﬂ/\/il _ W
S

St N 1=\ [s™f = poly(Z)
For z =z, ify; = 1
1 1 1
|(D1UD2)HN2‘ _ ‘Nz| < |D10Nz‘. (196)
|(D1 UDs)| N D |
Therefore, we have
[Se NN SN A - M 1 (197)
IS4 ISLEANY +[SE N (v =N T NI+ V=N poly(Z)
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Fori=3,4,---, M, when z = z,,, we can derive

It 1 1 L.t 1
SN W-N) YoM, e) IS n-AD| e

< < . (98)
S AN VIL " poly(2) = sttt poly(Z)
|S§’tﬁ(V*NZZ)| |Slt (V_Nl)l 0(1) (199)
S AN TS N poly(Z)
Hence, we have
SN IS N (V= ND S NN [SE (v = M) S __ 1 (200)
| S| ‘ | St ~  poly(z)’
LEANLSE NV =AY I1SE AN Sh A (v — M
S NN ISE NV NIl ISy NN S (v -NDL 1 (201

S| St ISt St T poly(z)”
Then take the case where 5 is the class-relevant pattern as an example, we have

SIONE IS NS e I6SM A0S
|Sl,t|€ |Sl,t|€ |8l,t|e

Py T 2((1-0)? |

ISht N N7 NS (1—2p)3 pa(b)m fntm
SIS s ol S,

b=1neB,

It It 1 It 1
o 1SS NN =[S NN (1 —2p)° Pl mfntm 2
Z(1-0)* L Z > ),

It It
1541 1541 V=1 B,

(202)
given that
Ty = Z Wo,. ., Wy x gsoftmax; (., Wi Wox + u&l)b(t))
sESHINNFN(SL USL?)
Z softmax;(z,. ' W Wox; + ual)b(t))
reSht—Nl— t —sht
— Z Wo,.. )vassoftmaxl(wSWK Wox; + u( )b( ))
sE(SHt—NDN(SLPushY)
Z softmax; (x, ' WL Wz, + u(T,.J)b(t)),
reShtNNF —Sit—sbt

(203)

and

77 m

|T4] < (04 7) (204)

|| I poly( 7

One can obtain the opposite conclusion if
SN VN e) | (S am - A L e
SEt AN T IV poly(Z) — |Sf’t NN poly(Z)
>|sjg NV-N)I  e@)
IS4 NN poly(Z)

(205)

We can conclude that b, will increase during the updates with the condition (198) and decrease with
the condition (205). When ¢ is large, given that |N!| = ©(|S"!|), define

_ OV _ infp®
K: rzneag{bz} rzrélg{bz 1. (206)
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Therefore,
P;+13

L, 2 z L,
> 2K|81tm-j\/‘z|"(8l’t_-/\[l)052t|_(1+U)2.

(8" =N N SF|- KISY NN NSy

2(0 - = s N 5~ NI
1—2p) n( t
W(sz Z Pn0)m m 577a m) Hp1||2

b=1neB,

K|St"| - (\Si’t NN =18 M) (1= 2)° Zt: S BalO)m Enlim 2

(KIS AN+ [SH = AT

>(1—0)*- i
= It 1 Lt — N2 2
(K‘S ﬁ-/V.z|+|$ Nz|) B b=1neBy “ “
Sl’t |Sl’t m/\/—l| cht | (1 _ 2p)3 t P b)m gntQm
(1 2. SIS AN — ST NG| . [lpall®.
>(1—0) A5 g () lpl

By combining (185), (190), (191), and 207, we can derive,

OL OLoss(X™, yn)
0 Z oss( X", y

neBy
Lt 1 Lt 1
1 (1—2p pn(b)m? §nt m L [SHISS AN = 1S5 NNV
2y XSy 2 el (g e
neB, b=1neBb,
(208)
Ifuiy,. =1,
OLoss(X", yn)
T t+1 t a n
ully (6040 —60) = g 3 SRR (209)

neBy
uy b
SEE NN = |SY NN

t t
1 (1-2p)? Pn(b)m® €nt2 2 ValSs z
ZnEd D g DL D, >z Vel KISt

b=1neBb, b=1neB,

(210)

If we want to compute the difference term bg) — b(t) note that we only need to study the differences

in P3 4 T35 given the previous analysis. Since that the term Wo(i,_) anr:ssoftmaxl(acSW,—(r Wox +
u(TS l)b(t)) is larger when s € N, we can bound the difference P; + T3 using terms in (207). To

find the lower bound, we apply the result in (192) and then directly use the fraction of sampled nodes
in different neighborhoods because concentration bounds can control the error. To be more specific,
on the one hand, if \V. Zl is too small for one z € [Z — 1] and | € V, the left-hand side of (200), (201),
and (202) are close to zero, and these three equations still hold. On the other hand, if we want to
see whether terms (200) and (201) with z = 2z, are larger them with other z # z,,, we have the
following derivation. Take (200) as an example,

IDLANIDiN (V=N = D NN DL (V= ND| = DL NN - D] — D NN - DL
@211)

DL AN
—(IDL A NY D (Vv =N

DN (V=N )| = DN DL (V- AL )
—|D'0Nl|\Dl vV -M))

=L 1AL, = (DL N D= (A= P AT - P
! ﬁ | (IDs _ 1y . Dl
(| zm ‘NzD |D1| (‘Dlm zm‘ |D QND |D*| (212)
+ (DL, |- Wé,n M (DL AN - N ) - Dy
1
=5 (DLANL, | = 1Dy NN, | = (DL NN = [Py N ALD) - D
>0,
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where the first step is by (211), the second step comes from mathematical derivation, the third step is
obtained from that p;, ¢ = 2,3, .-, M is uniformly distributed in the whole graph, and the last step
is by the definition of z,, in (6). We can derive (201) in the same way. Hence,

b(t) —b®
(1- 2p Pn(b)m” nt m Y
3P S>3 el Gy o i
b 1 neBy b=1neB, ( )
. (|s£;t NN |- |5y nALI |$£:t NN - |S5 m\/;|)
K|Sht| K|Sht| '

Note that finally 7" = ©(1). Therefore, K = O(1).

Proof of Lemma 7:

For the gradient of Wy,
OLoss, 1 OLoss(X™,y,) OF(X™)
oWy B S OF(XM) oWy,
b

1 m
=3 Z Z —y)a;1 WO< ) Z Wycclsoftmaxl(a:9 WKWle "’“(sz)b) > 0]

neBy i= seSht
. WO(MT Z softmaxl(scsTWI—(rWle + u&,l)b)Ta}ST.
seSht
(214)
Consider a node n where y,, = 1. Let [ € S}*
-
Z softmax,, (@, | W Wg):cn +ul ) b?) = pa(t). (215)

seSyt

Then for j € S¥*, g € V,

OLoss(X™, yy)
5 :

®) 4

W ;
“,(t) v Lj
neby 9

= Z —y Zal Wg Z softmaxl(a:STW(t) Wé)wl—i—u( l)b(t))W‘(/t)ws > 0]

lEBb SGSl t
WO“ Z softmaxl(méTWI((t) Wg)ml + s z)b( N, x;
SeSn t
(> VilthWo,," + > AViO)Wo,,").
i€W,(0) i¢Wi(0)
(216)
If i € W;(0), we have
S 217)
nEBbJr
Similarly, if ¢ € U (¢),
S 1= 2
Vilt) 2 = Z (218)
nEBb,
if ¢ is an unlucky neuron, by Hoeffding’s inequality in (19), we have
1 1
V)| S—= - —. 219
VOIS 7= 219)

Therefore, we can derive



_772 0(7 Z V;(b Wgz >T

w
JEWL(0) (220)
nt*(1 — 2p) m 2
0 g S T o
b= 1n€Bb+ neBby neBby
b)
|772Wé(1 Z V ()(b) T|
JEUL, n(o) (221)
RS pn(b)m
SIS 3 Oy e,
b=1neBby
T _ ntm|p|?
—mtWo, , > VilhWo,," £ WS P (222)
JEWL(0)Uly,,(0))
Hence,
()Ifj € S foronen € V,
(t+1)_n _ v _n OLoss(X™, yn) |1, (1) .n
wy, x] = wy, x] —77( oWy Wy )33]
t+1 n T t+1 o T (223)
=D _772 Z ‘/i(b)Wé(i,-) _"Z Z )‘Vi(b)Wé(i,-) +2(t).
b=1i€W(,b) b=1 i¢ W, (b)
(2)If j € Sy, we have
(t+1) . (0 OL0SS( X", Yn) |<x(0)\ _n
Wy Tz =Wy ia; —77<W Wy )mj
t+1 o T t+1 o T (224)
—p-nY>. > Vi LW | Y D AV LW, | +2(t).
b=1 i€l (b) b=1i¢U(b)
B3)Ifj e S™t/(SP' USH?), we have
(t+1)_n _ v (0)_n OLosS(X™, yn) |12(0))  n
t+1 m - (225)
b
=p -0 D AVBOWS ().
b=1 i=1
Here
lz; @) < (0 +7) (226)

for t > 1. Note that this Lemma also holds when ¢t = 1.

Proof of Lemma 9:
We prove this lemma by induction.
When ¢t = 0. For ¢ € W;(0) and [ € Dy, we have that

Wo< , Z softmaxl(beW}(f) Wét)scl+0)p1+z +ZW” )p;) 2 £(O(1)—0—71) > 0.

5651 ¢ j#1
(227)
Hence, the conclusion holds. When ¢ = 1, we have
t n
Wi v
-
:Wc()ti:,-) ( Z softmaxl(msTWI((t) W(t)wl + z)b( ) p1+ z(t) + Z W"
SEST Jj#1 (228)
XY veow e Y venws) )
K O(z ! O, ’
b=0 ieW,;(0) igWi(0)
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Denote 6! as the angle between V;(0) and Wgzz N Since that W(g(zz ) is initialized uniformed on the
mg — 1-sphere, we have E[0}] = 0. By Hoeffding’s inequality (19), we have

1 . log N
0 _— 0; 229
H|wl ,Z ‘- o 2 dl=y T (229)
1€W;(0)
with probability of at least 1 — N ’10. When m > M?log N, we can obtain that
1 - , 1
_— 0; — E[9; —). 230

€W (0)

Therefore, for i € W;(0), we have

WO(I)Z > Wi >o. (231)

b=0 ieW;(0)

Similarly, we have that ZZ;% 21w (0) W(()b()) is close to —V;(0). Given that A < 1, we can
approximately acquire that

-w n Z Yo viws) Ty Yo viaw) )T) > 0. (232)
b=0 €W, (0) i@W;(0)
After the first iterations, we know that ué l)b(t) increases the most from u@ l)b(o) by v4 fraction
of discriminative nodes if s € N, ém. Because the softmax is based exponential functions, the most
significance increase in N enlarges Zsesi,t softmax; (mSTW]((t)TWg)mZ + u(TsJ) b(")). Since that
i € W,(0), we then have

0 T n
WS (Y softmaxi(m, W W@+ ul, b0)p1 +2(t) + Y W (t)p,) > 0. (233)
seST j#1
Therefore, we have
W) V' (t) > 0. (234)

i)
Meanwhile, the addition from Wgz) o Wél() ) is approximately a summation of multiple V;(0)

such that ng.) V;(0) > 0 and j € S7. Therefore, Vj(())Tw(O) > 0. Therefore, we can obtain
W) Vi(t) > 0. (235)

(2) Suppose that the conclusion holds when ¢ = s. When ¢t = s + 1, we can follow the derivation

of the case where t = 1. Although the unit vector of Wg()i , ho longer follows a uniform distribution,

we know that (229) holds since the angle is bounded and has a mean which is very close to V;(0).
Then, the conclusion still holds.
One can develop the proof for U ,,(0) following the above steps.

E Extension of our analysis and additional discussion

E.1 Assumption on the pre-trained model

For the assumption on the pre-trained model, we provide the following discussion.

We would like to clarify that the training problem of the graph transformer (GT) is very challenging
to analyze due to its significant non-convexity, and some form of assumptions is needed to facilitate
the analysis. In fact, even for the conventional Transformers, the existing state-of-the-art theoretical
optimization and generalization analyses all make some assumptions on the data, embedding or
initial models, or make further simplifications on the Transformer model. For example, [40] assumes
orthogonality on the raw data. [25] simplifies the self-attention layer by only considering the
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positional encoding (PE). [48, 34] use linear activation in the MLP layer. About the initialization,
[30] assumes orthogonality on the initialization of embeddings. [47] requires that the initialization of
the query embedding is close to the optimal solution.

The initialization assumption made in our manuscript is the same as [30] but for a GT. We would like
to emphasize that our initialization assumption is at least no stronger than the existing initialization
assumptions in [30] and [47]. Notably, our work proposes a novel theoretical framework for the
training dynamics and generalization of GT for the first time, where the number of trainable parameters
is more than the above existing works. Third, although we have assumptions on the initialization
for theoretical analysis, our experiments on real-world datasets in Section 5.2 are implemented from
random initialization. The performance is aligned with our theoretical findings.

E.2 Extension to other positional encodings

Our theoretical analysis is general and can be applied to different positional encodings. Specifically,
Theorem 4.1 is based on proving these two parts, (i) the success of positional encoding, i.e., the
positional encoding can identify the correct structure information (which is the core neighborhood
in our data model), (ii) if structural information is known, analyzing the sample complexity and
convergence rate of Graph Transformer. We next discuss the extension of both parts to other positional
encoding separately.

For part (i), the success of positional encoding, because different types of positional encoding can
learn different types of structure information the best, this analysis needs to be case-by-case for
different positional encoding. However, our technique and insight can be potentially useful with some
modifications to other positional encodings. For example, Laplacian eigenvectors can essentially
divide a graph into several clusters considering its relationship to spectral clustering [54] and would
work best for a data model where data labels depend on clusters. Moreover, Random Walk PE can
encode structural information such as whether the node is part of an m-long circle [43]. Degree PE
[61], one of the standard centrality measures, can capture the local degree information. PE using
distance from the centroid of the whole graph [43] can represent global distance information. Our
techniques in analyzing the core neighborhood can be useful in analyzing these positional encodings.
Similarly to our framework of the core neighborhood, where a large amount of class-relevant nodes is
located, one can respectively construct data models for these positional encodings where class-relevant
nodes are dominant for nodes within the corresponding structures, such as a cluster, an m-long circle,
a certain degree, and a certain distance to the centroid of the whole graph. The remaining step of the
generalization analysis is to learn this data model by Graph Transformer using positional encoding,
which is elaborated in detail in the next paragraph.

For part (ii), our proof technique can be easily generalized to other positional encodings with
some straightforward transformation. Specifically, positional encoding can be divided into ab-
solute and relative positional encodings. What we study in this work belongs to relative posi-
tional encodings. Absolute positional encodings can be formulated as a concatenation to the ini-
tial node feature, either by their raw definition [29, 43] or by transferring from a bias term [19]

Wz +a=(W,W)(zT,b'")T, where the trainable positional encoding a is transferred into a
fixed augmented feature b’ and a trainable augmented weight W’). The structural information is
then incorporated into the node representation (x, b’). Denote the positional encoding b’ for a query
node ¢ as b,. Denote the PE of one core-neighborhood node ¢ and one other neighboring node o
for this query node as b/, and b, respectively. Suppose all the b’ are normalized. Then, given that
the defined positional encoding b’ can locate the core neighborhood, i.e., the distance between b/,
and b; is much smaller than the distance between b/, and b;, we can deduce that the inner product
between by, and b, is much larger than the inner product between b;, and by, This leads to a dominant
attention weight between the query node ¢ and the core-neighborhood node ¢ based on the definition
of self-attention. Then, one could ignore other neighbors and focus only on core-neighborhood nodes
when computing the Graph Transformer output. Then the proof in Theorem 4.1 for part (ii) applies
directly.

E.3 Extension of the analysis on GAT

From a high-level understanding, a one-layer GAT can be regarded as a Graph Transformer that only
uses distance-1 neighborhood information. Therefore, our Theorem 4.3 can be applied to analyze the
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generalization of a one-layer GAT when its self-attention follows the self-attention mechanism in 1
of our manuscript, given the distance-1 neighborhood as the core neighborhood. From a perspective
of training dynamics, GATs also share a common mechanism that computes the aggregation based on
the similarity between node features as Graph Transformer does, although the attention layer of GAT
[51] is different. In this sense, one-layer GAT can generalize as well as Graph Transformer if the
graph satisfies that the latent core neighborhood is the distance-1/distance-small neighborhood, such
as homophilous graphs. The generalization analysis of using GATs on graphs with a larger distance
of core neighborhoods and its comparison with graph transformers needs more effort, and we will
leave it as future work.

E.4 Extension to graph classification problems

Since we aim to make a comparison with GCN, which focuses more on node classification tasks,
our work also mainly studies node classification. However, our analysis is extendable to graph
classification tasks. Consider a supervised-learning binary classification problem on a set of graphs
{G:} . Denote the feature matrix of the graph G; by X;. Following [61, 29], we apply “Mean” or
“Sum” as the READOUT function. Hence, we have

F(X;,))=K Z a, Relu(Wo Z Wy x softmax,, (x| Wi Wox, + u(Tgn)b)) (236)
neT? SET?

where K = 1 if READOUT is“Sum”, and K = 1/|7;| if READOUT is “Mean”. When we compute
the gradients, the only difference is that we sum up or average over all nodes in each graph.

Data Model The data model follows from Section 4.2. The difference is that the core neighborhood
is defined based on the graph label, i.e., we assume the ground truth graph label is determined by
the summation/mean of the majority vote of pt1, o nodes in the core neighborhood for some nodes
in each graph. This is motivated by graph classification on social networks, where the connections
between the central person and other people in the graph decide the graph label. For example, if
Zm = 2 and the distance-z,, neighborhood of nodes in R’ determines the label, then for the ground
truth graph label §; = 1, |D} N (Ujer: N7 )| is larger than [D5 N (Ujer: N7 )|, where D} and D}
are the set of g1 nodes and p5 nodes in G;. Such a data model ensures that the graph label comes
from the graph structure. Meanwhile, it prevents us from assuming a more trivial model where
the number of @1 nodes and o nodes in each graph indicates the label and no graph information
is used, which is almost the same as that in the ViT work [30]. Hence, when we compute the
graph-level output, the distance-z,, neighborhood of nodes in R® still plays a vital role. Then, we
can apply the generalization analysis of node classification based on the core neighborhood to the
graph classification problem.

E.5 Extension to multi-classification

Consider the classification problem with four classes. We use the label y € {+1,—1}? to denote
the corresponding class. Similarly to the previous setup, there are four orthogonal discriminative
patterns. We have a = (a1, a2), Wo = (Wo,, Wp,), Wy = (Wy,, Wy,), Wk = (Wgk,, Wk,),
Wq = (Wq,,Wq,), and b = (b1, b2). Hence, we define

F(xn) = (Fi(zy), Fa(zn)), (237)

Fi(x,) = a] Relu(Wp, Z Wy, zgsoftmax, (z, ' Wi, Wo,z, + u&n)bl)), (238)
seT"

Fy(x,) = ag Relu(Wp, Z WV2acssoftmaxn(aBSTWI—(F2 Wao,x, + u?;_’n)bg)). (239)
seTS

The dataset D can be divided into four groups as

Ar ={(X", yn)lyn = (
Az ={(X", yn)lyn = (
As :{(Xn,ynﬂyn = (
Ay :{(Xn,ynﬂyn = (

(240)
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The hinge loss function for data (X", y,,) will be
Loss(Z,, yn) = max{1 — y, ' F(x,),0}. (241)

Therefore, when computing the gradient, the problem becomes a binary classification. One can
make derivations following the binary case. One notable difference is that we can assume two core
neighborhoods for this four-classification problem.

E.6 Comparision with other frameworks of analysis

In this section, we provide a comparison with other frameworks of analysis.

First, we focus on six other frameworks: Rademacher complexity, algorithmic stability, PAC-Bayesian,
model recovery, neural tangent kernel (NTK), and model recovery. Rademacher complexity [49, 20,

], algorithmic stability [52], and PAC-Bayesian [35] only focus on the generalization gap, which is
the difference between the empirical risk and the population risk function, for a given GCN model
with arbitrary parameters and the number of layers [35]. They do not discuss how to train a model
to achieve a small training loss. In contrast, our framework involves the convergence analysis of
GCN/Graph Transformers using SGD on a class of target functions and the generalization gap with
the trained model. The zero generalization we achieve is zero population risk, which means the
learned model from the training is guaranteed to have the desired generalization on the testing data.
The model recovery framework [67] requires a tensor initialization to locate the initial parameter
close to the ground truth weight. For the NTK [14, 42] framework, they need an impractical condition
of an extremely overparameterized network to linearize the model around the random initialization,
and such linearization does not fully explain the practical success of nonlinear neural networks. For
the model recovery framework [71, 18, 67, 33, 65], they require a tensor initialization to locate the
initial parameter close to the ground truth weight.

Then, we compare existing works on Transformers. As far as we know, the state-of-the-art gen-
eralization analysis on other Transformers [30, 47, 40, 48, 32] did not consider any graph-based
labelling function and trainable positional encoding, which are crucial and necessary for node classi-
fication tasks. However, we cover these in the formulation and provide the training dynamics and
generalization analysis accordingly.
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