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Adapting GNNs for Document Understanding:
A Flexible Framework With Multiview
Global Graphs

Zhuojia Wu @, Qi Zhang

Abstract—Graph neural networks (GNNs) have recently gained
attention for capturing complex relations, prompting researchers
to explore their potential in document classification. Existing
studies serving this purpose fall into two directions: inductive
learning focusing on personalized context relations within docu-
ments and transductive learning targeting the global distribution
relations among documents in a corpus. Both directions extract
distinct types of beneficial structural information and yield
encouraging outcomes. However, due to the incompatibility of
underlying graph structures and learning settings, developing
an enhanced model that effectively integrates local and global
relational learning within existing frameworks is challenging.
To address this issue, we propose a new GNN-based document
representation learning framework that incorporates multiview
global graphs at both the word and document levels, focusing
on learning the diverse global distribution information of texts
at different granularities. Additionally, a contextual encoder
derives the initial representations of document nodes from the
updated representations of word nodes, integrating personalized
context relations into document representations during this
process. Finally, we tailor a node representation learning strategy
for the multiview global graphs, called the multiview graph
sampling and updating module, which allows our framework
to operate efficiently during training without being constrained
by the scale of the global graph. Experiments indicate that our
framework generally enhances performance by integrating both
global and local relational learning. When combined with large-
scale language models, our framework achieves state-of-the-art
results for GNN-based models across multiple datasets.
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1. INTRODUCTION

OCUMENT classification plays a pivotal role in various
practical applications on social media [1], such as senti-
ment analysis [2], [3] and news detection/filtering [4], [5], [6],
automatically assigning documents to semantic labels. The core
process of document classification lies in learning discrimina-
tive document representations that encapsulate key information.
With the rise of deep learning, various neural network models,
including convolutional neural networks (CNN) [7], [8], long
short-term memory (LSTM) [9], [10], [11], and multilayer per-
ceptrons (MLPs) [12], [13] have been widely applied to learn
document representations. Recently, due to their advantages in
handling long-distance dependencies and facilitating parallel
computation, Transformers [14], [15] have been extensively uti-
lized to construct large-scale language models (LLMs). These
LLMs [16], [17], [18] undergo pretraining on extensive text
datasets, thereby embedding a rich of general knowledge, mak-
ing them the preferred choice seeking enhanced performance
for NLP tasks. However, despite achieving impressive perfor-
mance in document classification through the pretraining and
fine-tuning approach, LLMs impose a significant computational
burden due to their extensive parameter count and training costs.
Recently, various efforts have been directed at developing
advanced networks that mine latent inter- and intradoc (doc-
ument) relations to generate more informative document rep-
resentations, aiming to enable models trained only on limited
downstream task data to compete with LLMs. GNNs [19], [20]
have attracted attention for their ability to capture complex
relations and structural information. Existing GNN-based mod-
els for document representation learning are categorized into
two distinct frameworks: 1) learning intradoc local context
relations, such as syntax and semantics; and 2) learning inter-
doc global distribution relations, such as co-occurrence and
clustering. Both frameworks have yielded promising results,
as these types of relations have proven to be highly valuable
[21], [22], [23], [24]. For instance, sentiment analysis is highly
sensitive to nuances in context and expression [25], while news
detection/filtering focuses on word co-occurrence and cluster-
ing [26]. Unfortunately, due to the incompatibility in underlying
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Fig. 1. TIllustrations of three GNN-based frameworks for document rep-
resentation learning. w and t represent the word and document nodes,
respectively. Orange arrows signify information flow in the graph. Assuming
t) is the document to be predicted, consisting of words w; and w3, these
include: (a) existing GNN-based inductive framework; (b) existing GNN-
based transductive framework; and (c) our novel GNN-based framework.
Specifically, in (a), word nodes can only get context information within
the document; in (b), nodes only receive global information from the entire
corpus; and in (c), our framework simultaneously captures global and context
information by integrating multiview global graphs and a contextual encoder.

graph construction and learning settings, it is impractical to
develop a more generalized model that simultaneously learns
local context relations and global distribution relations under
these existing frameworks.

Specifically, GNN-based models that focus on learning in-
tradoc local context relations follow the principle that “Every
Document Owns Its Structure” [22], with the general frame-
work illustrated in Fig. 1(a). This approach involves construct-
ing an independent intradoc graph for each document, wherein
each node corresponds to a word within the document, and
edges between nodes indicate long-range word dependencies,
such as syntax [22]. Context information is propagated along
the edges to update the representations of word nodes, which
are then integrated through a Fusion Module to derive the
representation of the document [22], [27]. The advantage of this
framework guarantees that the well-trained model can effec-
tively generalize to documents with unknown internal relations,
i.e., inductive learning. However, the independent nature of
intradoc graphs for each document poses challenges in trans-
mitting corpus-level global information across documents.

Conversely, GNN-based models that focus on learning global
distribution [20], [28], [29], [30], [31] relations typically con-
struct a heterogeneous word-doc global graph, which includes
nodes for all words and documents (including test documents)
in the corpus, as illustrated in Fig. 1(b). Edges within this graph
are established based on statistical global relations, such as
word frequency and co-occurrence [20]. During training, word
and document nodes are updated synchronously, integrating
global information from neighboring nodes. The advantage of
this framework is that it utilizes a diffusion mechanism to up-
date the representations of test documents, thereby facilitating
a clearer distinction of their classes, i.e., transductive learning.
However, because the word-doc global graph merely represents
simple inclusion relations between words and documents, the
modeling of document internal context is overlooked [32].

To address the above limitations, we propose a novel GNN-
based framework for document representation learning, as de-
picted in Fig. 1(c). This framework comprises two levels of
homogeneous global graphs: one for words and another for
documents, each encompassing all words from the vocabu-
lary or all documents from the corpus, respectively. These
two global graphs are connected through a contextual encoder,
which allows a document representation to acquire distribution
information from both the word- and doc-level global graphs
while also learning the semantics and structural details within
the document during contextual encoding. Moreover, to avoid
information bias caused by a single type of global distribution
relations [33], [34], we construct multiview global graphs that
include multiple distribution relations of nodes under different
metric perspectives, including co-occurrence, semantics, and
clustering. Finally, we customize a node representation learning
strategy for the proposed multiview global graphs, named mul-
tiview graph sampling and updating module. This module can
independently update the representations of mini-batch spec-
ified nodes on the global graph, integrating information from
neighboring nodes across different view global graphs through
adaptive weighting. Thus, our framework can work well without
being limited by the scale of the global graph.

Our contributions can be summarized as follows.

1) We propose a novel GNN-based framework for document
representation learning, which, compared to previous ap-
proaches, can simultaneously learn local context relations
and global distribution relations.

2) We construct multiview global graphs at both the word-
and doc-levels, enhancing the model’s expressive capa-
bilities while explicitly exploring the impact of different
global distribution relations on document classification.

3) We design a multiview global sampling and updating
module for aggregating global information on multiview
global graphs in a memory-friendly and adaptive weight-
ing manner. This module enables the global graphs to be
integrated into a pipeline with any contextual encoder and
trained via mini-batch gradient descent.

4) Our proposed framework outperforms existing GNN-
based models and is competitive with LLMs. Moreover,
when combined with LLMs, it achieves state-of-the-art
performance across multiple datasets.

II. RELATED WORK

This section summarizes existing studies on GNN-based
models for document representation learning, including induc-
tive learning (focusing on learning intradoc local context re-
lations), transductive learning (focusing on learning interdoc
global distribution relations), and combination with LLMs.

A. Inductive Learning

The earliest GNN-based inductive model for document rep-
resentation learning was proposed by Huang et al., known as
text-level GNN [21]. It was the first to suggest constructing
an independent intradoc graph for each input document, al-
lowing for improved scalability and personalized learning of
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intradoc context relations. Subsequent works have made further
improvements based on this graph construction paradigm [21],
[22], [23], [24]. One strategy of methods focuses on extracting
high-order context information of each word through GNNs
[22]. However, the over-smoothing problem of GCNs can often
result in the reduction of these context relations to lower orders
[35]. To address this, Ding et al. [23] enhanced the model’s
representational power by capturing the heterogeneous high-
order context information of words, via hyperedges that connect
an arbitrary number of nodes. Another strategy is to expand the
receptive field of each word, enabling each layer of GNN to
capture long-range interactions between words [35]. Further-
more, Wang et al. [36] decomposed context relations into word
co-occurrence, syntactic dependency, fusion, and self-looping
and utilized featurewise linear modulation to learn the edge
types in the neighborhood features of words. Additionally, the
quality of graphs significantly impacts representation learning.
Dai et al. [27] enhanced graph quality by incorporating exter-
nal knowledge into structural adjustments and fusing diverse
external knowledge sources through a graph fusion process.
Nevertheless, this approach does not incorporate sentence-level
dynamic word information. Piao et al. [24] suggested creating
multiple sentence-level graphs within a document, where word
nodes convey local syntactic messages to intrasentence neigh-
bors and global semantic messages to cross-sentence neighbors.

B. Transductive Learning

Earlier GNN-based transductive models can be traced back to
Yao et al. [20] proposal, called TextGCN, which utilized spec-
tral GCNs to learn representations of both words and documents
simultaneously. Most subsequent methods have followed this
model while incorporating improvements in other areas [20],
[28], [29], [30], [31], [37]. One approach is to introduce more
semantic information by enriching the types of nodes [37], [38].
For instance, integrating topics as nodes in the graph enables
capturing the cluster relations among words and documents
[37]. Another approach is to introduce more constraint informa-
tion by enriching the types of edges [29], [30], [31]. For exam-
ple, to tackle the problem of context information being absent
in GNNs-based models, Liu et al. [29] developed a text graph
tensor, which utilizes edges between word nodes to represent
semantic, syntactic, and sequential context relations. Moreover,
Ragesh et al. [30] decompose the single words and documents
co-occurrence graph into a combination of multiple isomorphic
and heterogeneous graphs, which allows for a more detailed
exploration of the potential inter/intrarelations within words and
documents. To enhance the robustness of node representation,
Yang et al. [31] proposed a combination of contrastive learning
and adaptive augmentation to reduce noise in the text graph
while preserving structural integrity through joint optimization
of contrastive loss and cross-entropy loss.

C. Combination With LLMs

LLMs, such as BERT [16], possess powerful capabilities
for knowledge representation. Recent studies have explored
the integration of GNN-based models with LLMs to enhance

document classification performance [36], [39], [40], [41],
[42], [43]. It is noteworthy that GNN-based models exhibit
significant differences in training approaches across various
learning settings. In inductive learning, since each document
corresponds to an individual intradoc graph, this allows the
GNN modules to process batch graphs and update parameters
via mini-batch gradient descent. This setup naturally supports
joint training with LLMs in the form of multitask learning [36],
[42], [43]. Moreover, Wang et al. [36] enhanced the connec-
tivity of the graph by introducing additional edge types into
the construction of intradoc graphs; and Lin et al. [43] devel-
oped a heterogeneous directed graph attention network, utiliz-
ing multilevel semantic embeddings for inferential reasoning.
Both approaches attempt to jointly train with LLMs through
multitask learning, significantly improving document classifi-
cation performance. In transductive learning, existing methods
typically construct a word-doc global graph and update all
node representations in a single iteration [39], [40], [41]. This
approach presents challenges when combined with LLMs due
to memory constraints. As a result, existing methods attempt
to utilize LLMs solely for generating document embeddings
without jointly fine-tuning LLMs’s parameters. Furthermore,
Zhao and Song [40] employed graph data augmentation and
contrastive learning to maximize the representations of identical
document nodes across different graph views, thereby enhanc-
ing the expressive power of the graph decoder. We develop a
memory-efficient module for node representation learning tai-
lored for global graphs. This enables our framework to integrate
LLMs for concurrent parameter learning, unrestricted by the
learning setting and the scale of the global graph.

III. PROPOSED FRAMEWORK
A. Preliminaries

1) Problem Definition: For a given corpus 7T, the vocabu-
lary V contains all words that occur within it. Each document
t € T is a sequence of words denoted as t = {wy, wy,...,w;},
where each word w; belongs to V' and the length of docu-
ment ¢ is denoted by [. For simplicity, we focus on the single-
label classification problem, and each document ¢ is assigned
a ground-truth label y; € {0, 1}I°l, where |C| is the number of
classes. Furthermore, E,, € R% *IVI represents the pretrained
(e.g., GloVe [44]) word embedding matrix, where di’ denotes
the dimension of embeddings and |V| is the size of vocabulary,
where each column e,, € E,, corresponds to the embedding of
a word from the vocabulary V.

2) Global Graph Definition: We construct two independent
homogeneous global graphs at two different levels of text gran-
ularity, i.e., word and document. The word-level global graph
is represented as G, = (V4,, A,,), where the set of nodes V,,
comprises |V| nodes, and each node corresponds to a word in
the vocabulary V. The adjacency matrix A, € {0, 1}/VI*IVI is
initialized without considering the weights of the edges but
instead dynamically learns them during the training process.
Similarly, the doc-level global graph derived from 7 is formal-
ized as Gy = (V4, A;), where the set V; comprises |7 | nodes
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and each node corresponds to a document in the corpus. The
corresponding adjacency matrix is A, € {0, 1}71xI71,

3) Multiview Global Graph Definition: Multiview global
graphs with M views at the word- and doc-level are repre-
sented as sets of graph elements G,, = {G]  G?,,... G} and
G ={G! G2,...,GM}, respectively. It should be noted that
the set of nodes is shared across different views, thereby simpli-
fying the word- and doc-level multiview global graphs to G,, =
(Vi, {AL, A2 0 AMY) and Gy = (Vi {A}, A2, ..., AMY),
where A’ #£ A7 when i # j. Our essential idea is to update node
representations by integrating global information from multiple
underlying graphs, thereby creating a more comprehensive in-
formation space that can facilitate subsequent tasks.

B. Overall Structure

The overall architecture of our proposed novel framework
is illustrated in Fig. 2. It is noteworthy that our framework
can be adapted to various learning settings through simple
architectural adjustments. In detail, two-level multiview global
graphs (TL-MGGs) model for transductive document repre-
sentation learning can be obtained by constructing multiview
global graphs at both the word and document levels and con-
necting them through a contextual encoder. Furthermore, an
inductive learning model, namely one-level multiview global
graph (OL-MGG), is implemented, which solely includes the
word-level multiview global graph. Specifically, at each level,
the multiview global graph (Section IV) consists of two sub-
modules: a multiview graph sampling and updating module
(Section IV-B) and a multiview self-attention integration mod-
ule (Section IV-C). The former module concurrently learns
global information from global graphs in different views, which
reflects potential diverse relations among words or documents
(Section IV-A). The latter module then integrates the obtained
global information from different views through self-learned
weights, acquiring a unique representation for each word or
document.

In multiview graph sampling and updating module, the nodes
targeted for learning in the current batch, along with their
neighboring nodes, are initially detached from multiple global
graphs. This detachment operation prevents the invocation of
all nodes in the global graph during each mini-batch training
iteration, thereby enhancing computational efficiency. Addi-
tionally, to facilitate the use of larger batch sizes in the trans-
ductive learning, we establish a memory to store the document
embedding matrix E; € Rdéxm, where df) is the dimension
of the document embedding, and |7 is the number of doc-
uments in the corpus. The matrix E} is utilized to preserve
the embeddings of neighboring nodes for documents in the
current learning batch, thus avoiding the simultaneous learning
of these neighboring node representations. To expedite model
convergence, we pretrain the contextual encoder on the training
set and employ its output document representations to initialize
the document embedding matrix E}.

This innovative framework offers a flexible solution for docu-
ment representation learning in both transductive and inductive
learning. It simultaneously integrates diverse global structural
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Fig. 2. Overall architecture of our novel GNN-based document represen-
tation learning framework with multiview global graphs. It is noteworthy
that during inductive learning, the document representation e; output by
the contextual encoder is fed directly to the classifier for prediction. In
transductive learning, e is further updated on the doc-level multiview global
graph, integrating multiview global information between documents.

information and local contextual details. Notably, this frame-
work excels in memory efficiency and can be combined with
LLMs for joint training.

IV. MULTIVIEW GLOBAL GRAPH

A. Underlying Global Graphs Construction

Multiview global graphs are constructed, where distinct un-
derlying global graphs contain diverse structural information.
Specifically, we explore the potential co-occurrence, semantics,
and cluster relations among words or documents through three
views: statistics-, similarity-, and topic-based views. Subse-
quently, these relations are transformed into underlying global
graph structural information by constructing nearest neighbor
graphs [45].
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The following are the methods for measuring the relations
among words or documents from different views:

1) Statistics-Based View: For the word-level graph, the co-
occurrence of two words in a corpus reflects their contextual
relevance. The pointwise mutual information (PMI) in statistics
can quantify this relation by comparing the probability of their
joint distribution to the product of their marginal distributions.
Therefore, we measure the relation between words w; and w;
as follows:

fo' (wiy w;) = PMI(w;, wy). W

The Jaccard similarity coefficient (JSC) is a widely used sta-
tistical measure for quantifying the similarity between two sets
[46], [47]. In this work, the document is naturally regarded as
an unordered collection of words, where the co-occurrence of
words represents the correlation between two sets. Specifically,
in the doc-level graph, the relation between documents ¢,, and
t4 is calculated as follows:
2.

St tg) = PMI(w;, wj) 2)
wi,wjiELp Nty

where w; and w; are a pair of words that co-occur in both

documents d,, and d,. Formally, the PMI between two words is

calculated using the sliding window strategy

PMI(w;, w;) =1 M 3
(U} aw.]) ogp(wl)p(w]) ( )
where  p(w;, w;)=#W(w;, w;)/#W and p(w;)=

#H#W (w;)/#W. #W(w;, wj;) is the number of times
the word pair (w;, w;) co-occurs within a sliding window in
the entire corpus, #W (w;) is the number of times the word
w; appears within a sliding window in the corpus, and #W is
the total number of the sliding windows.

2) Similarity-Based View: The cosine similarity metric is
widely used to measure the similarity between two vectors
by calculating the cosine of their angle [48]. For word nodes,
pretrained word embeddings contain abundant semantic infor-
mation [44], and the similarity between embedding vectors fur-
ther reflects the similarity of two words in the semantic space.
Therefore, in the word-level graph, the relation function under
this view can be defined as follows:

fami(w;, w;) = Cosine(ew,, €w,) 4)

where e, and e,,; are the pretrained word embeddings derived
from the embedding matrix E* € R% *IVI,

In particular, LSTM has demonstrated remarkable capabil-
ities in capturing the semantics of documents [49]. Conse-
quently, we utilize the hidden-layer output vectors from the last
time step of a pretrained LSTM as the document embeddings.
These embeddings can subsequently be utilized to compute
document similarity

Simi(y o ty) = Cosine(ey,, ez, ) 3)
where e;, and e, are pretrained low-dimensional document
embeddings, and they are stored in the document embedding
matrix E; € R xIT1. Formally, the cosine is calculated by

(SN )

Cosine(ey, e2) = el - Nlezll ©

where e; and e, denote embedding vectors. The larger the
computed result, the closer they are in the semantic space.

3) Topic-Based View: Unlike previous studies [38], [50], we
also transform the cluster relations into the underlying graph
structure. We first mine the latent clusters in the corpus by
exploiting the latent Dirichlet allocation (LDA) topic model
[51]. The LDA training iteration produces 7' clusters. For each
word in the vocabulary ) or each document in the corpus 7,
it is assigned a topic probability distribution § € [0, 1]7. The
unique cluster for the word or document is as follows:

c=arg . 1n;axT 0; (7
where c denotes the unique cluster to which the word or docu-
ment belongs and is identified as the element’s index with the
highest value in the probability distribution 4.

The nearest neighbor graph [45] is a directed graph that
establishes asymmetric relations between nodes, with each node
only being connected to its closest neighboring nodes, without
considering the influence of other nodes. Moreover, we control
the number of neighboring nodes for nodes in the word- and
doc-level global graph by adjusting hyperparameters, denoted
as K,, and Ky, respectively. These hyperparameters allow for
adjusting the information received by each node and reducing
the influence of noise information.

In both statistics- and similarity-based views, the nearest
neighbor graph takes the form of a “0-1"" KNN graph, and it is
defined by the adjacency matrix A as follows:

1, v; € KNN(v;
A”:{O (])

otherwise
where KNN(v;) refers to the nodes that are most relevant to the
word or document node v;, which is determined using different
relation functions [i.e., (1), (2), (4), and (5)]. The quantity of
these nodes is dynamically adjusted through hyperparameters
K, and K.

In the topic-based view, each word or document node is
connected to the top K (K, and K;) nodes with the highest
membership degree in its corresponding cluster. The “0-1"
KNN graph is defined as follows:

o= 1, wv; € TopK(cy,)
Yo 0, otherwise

®)

9

where TopK ( Co; ) represents the top K,, words or K; documents
with the highest membership degree in cluster ¢,,. These words
or documents are key elements that reflect the main topic of the
cluster, and connecting with them maximizes information about
the topics.

B. Multiview Graph Sampling and Updating Module

This module consists of two operations: 1) multiview global
graph sampling is utilized to separate the nodes required for
computation in the current batch from multiview global graphs;
and 2) global graph self-attention updating is employed to
aggregate information from neighboring nodes and update tar-
get node representations in a weights self-learning manner. The
complete process is illustrated in Fig. 3.
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Fig. 3. Illustrations of two operations within the multiview graph sampling
and updating module. Assuming a multiview global graph consists of a set of
nodes {vy, va,...,v7}, where vy is the target node to be learned in the current
batch. Specifically, these include: (a) underlying global graph structure from
a certain view; (b) subgraph formed by v; and its neighboring nodes within
Kth order (K = 2) after sampling the global graph in (a), where v and v3
are the first-order neighboring nodes of vy, marked in blue. vy, vs, and vg
is the second-order neighboring nodes; (c). updating the representation of v
through K self-attention aggregators, where FC represents the fully connected
layer.

1) Multiview Global Graph Sampling: The multiview
global graph G = (V,{A', A%, ..., AM}) includes all word or
document nodes, as well as multiple underlying graph struc-
tures built upon these nodes. Assume one of the underlying
graph structures is illustrated in Fig. 3(a). We detach the tar-
get nodes Vi to be updated in the current batch, as well as
their neighboring nodes within Kth order in different views
from the corresponding underlying global graphs. Assuming
one of the views, the nodes are to be detached as shown in
Fig. 3(b). It is worth emphasizing that sampling node on the
graph is an inverse expansion process compared to updating
node representations. Specifically, in the doc-level multiview
graph, the target nodes refer to the documents to be predicted
in the current batch, denoted as Vi, = {t1,12,...,t3,}, where
|B;] is the mini-batch size. In the word-level multiview graph,
the target nodes are words contained in these documents, rep-
resented as Vi, = {w|w € t; Ut U ... Ut|,| }. For each view
m € {1, M}, Algorithm 1 outlines this sampling process. at the
initial K'th layer, the nodes in VBKm are the target nodes. We
then employ a sampling strategy to obtain the (K -1)th layer
nodes, denoted as VBIf’ fl. Specifically, VB{i 71 encompasses the
previous layer nodes Véfn and their first-order neighboring
nodes. This iterative process continues until the lowest layer,
i.e., zeroth layer. Consequently, for each view m, a set {Vlgm,
Va . VBK } is obtained, where VB ' is comprised of all
requlslte nodes for updating the nodes in ng during the for-
ward propagation.
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Algorithm 1 Reverse Sampling Algorithm for Target Nodes.
(‘/7 {A17 A27 tt AM});

Input: Multi-view graph G =
the view m € {1, M };
the set of target nodes Vj;
sample depth K

VB]; +— Vi

for k=K to1do

Vi e VB
for um c VB do

Vi — VB—‘ UN(vyn)
end for

end for

Output: { ng, Vg Lo VA )

2) Global Graph Self-Attention Updating: We train a group
of K individual self-attention aggregators [52] for each view,
which aggregate neighboring information up to the K'th order
from different views for target nodes V3. In particular, as illus-
trated in Fig. 3(c), the self-attention aggregator at the kth layer
in each view can be formalized as follows:

/(\];)v) fdggreédtor( ags {hgf_l),Vu € N(U)})

where 0,4 is the set of trainable parameters. v € Vg and the
view superscript m is omitted for brevity. V' (v) € VB]“ ~!is the
neighboring node set of node v, h&k_l) denotes the node u rep-
resentation at the (k-1)th layer. hj(\lﬁzv) is obtained by computing
a weighted sum of representations from all neighboring nodes

10)

as follows:
(k) k. p(k=1)
Rare) = > ok nf a1
ueN (v)
where a is the self-attention coefficient score of node u, which

is computed based on the representations of nodes v and u, the
self-attention function is outlined as follows:

ot = (a0 [ WIEDRED | WEDRED]) - (2)

where Wg“_ D g Rk dr1 represents a parameter matrix em-
ployed for linearly transforming the initial node representation,
thereby augmenting the model’s expressive capacity. al*—1
R% *1 js a trainable attention vector. ¢ is the LeakyReLU ac-
tivation function. We then normalize o across all neighboring
nodes using the Softmax function

e eplab)
Zu/ eN(v) exp(aﬁ,)

u
Subsequently, the representation of node v at the kth layer,
denoted as hsjk) , 1s obtained by concatenating its representation

13)

hq(,kfl) at the (k-1)th layer with the aggregated representation
h N)v from its neighboring nodes. This operation can be for-

malized as follows:

) = (WHRED || b)) (14)

v

where ng) € R9x*2dr—1 ig the trainable parameter matrix at
the kth layer. o is the nonlinearity activation function.
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Fig. 4. Illustration of the multiview self-attention integration module, where
FC represents the fully connected layer.

C. Multiview Self-Attention Integration Module

Inspired by scaled dot-product attention [14], we design a
multiview self-attention integration module, as illustrated in
Fig. 4, to fuse node representations from multiple views. For
a target node v € Vg, we employ HQ(,K) = [th)' e hg,K)M]
to represent the multiview representation tensor, which has a di-
mension of dx x M. This tensor is derived from the multiview
graph sampling and updating Module, wherein dx represents
the dimension of output node representations and M denotes
the number of views. The self-attention integration function,
which is used to calculate the weighted sum of feature represen-
tations from different views for node v, is expressed as follows:

W) = f4 (0, H)

v 15)
where hg,*) € R?x represents the unique feature representation
of node v, and 6, is the set of trainable parameters.

First, the input tensor Hq(,K) is mapped to a feature repre-
sentation triple (H{"Y, Hy® | HY™¢) via three separate fully
connected layer networks. Next, a pairwise matching matrix
P, € RM*M ig calculated as follows:

( qujey)T ngery
Vg

where d i represents the dimension of the feature representation
H}*". P,,, denotes the element located in the ith row and jth
column of the matrix P,,, which denotes the correlation between
two representation vectors hq(f) and hgf). Based on P,, the
attention coefficients 3, among different views is calculated as
follows:

P, = (16)

M

1
7 2 P

J

(B, = Sofmax

a7

where 3, € [0, 1]™ is a probability distribution, and the Sofmax
function is defined as follows:

exp(Bu,)
Zi\il exp(Bu,;)
Finally, a weighted vector hq()*) is computed as the final node

feature representation that integrates global structural informa-
tion from multiple views:

Sofmax(f3,,) = (18)

W) = Hye s, (19)

D. Classifier and Loss

In the transductive learning, the final document representa-
tion hg:) generated by the doc-level multiview global graph is
inputted to the classifier for predicting the label ¢,. Specifically,
this classifier is implemented as a fully connected layer network
with Softmax function

U = Softmax(WCh,(j) + b.) (20)

where W, € RICIxdx and b, € RIl are the parameter matrix
and bias vector, respectively. |C| represents the number of
classes and dy is the dimension of the final document repre-
sentation hg;:) It is worth noting that in inductive learning, the
final document representation used for predicting the label is
the output of the contextual encoder.

Finally, we minimize the cross-entropy loss using the mini-
batch gradient descent, which is determined by the difference
between the predicted values and the ground-truth values

|| [C|

Loss = — Z Z Yty loggtm‘

i=1 j=I

ey

where y; is the ground-truth label, |C| is the number of the
classes, and |B]| is the mini-batch size.

V. EXPERIMENTS AND ANALYSIS
A. Datasets

To evaluate our proposed framework, we conduct exten-
sive experiments on five well-known document classification
datasets that have long been used as benchmarks for evaluating
various GNN-based models. The list of these datasets is pro-
vided as follows.

1) MR' is a sentiment binary classification dataset specifi-

cally focused on Movie Review.

2) R8? is a subset of the Reuters news dataset, which con-

tains eight (8) topics for document classification.

3) 20NG? is a dataset for document classification, consisting

of news articles from twenty (20) different News Groups.

4) Ohsumed® is a dataset for medical document classifica-

tion, covering twenty-three medical topic categories.

Uhttps://github.com/mnqu/PTE/tree/master/data/mr
Zhttps://www.cs.umb.edu/smimarog/textmining/datasets/
3http://qwone.com/jason/20Newsgroups/
“http://disi.unitn.it/moschitti/corpora.htm
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TABLE I
SUMMARY STATISTICS OF BENCHMARK DATASETS USED IN
EXPERIMENTS AND ANALYSIS

Dataset #Docs  #Train  #Test #Classes Avg Length
MR 10662 7108 3554 2 18.12
R8 7674 5485 2189 8 64.96
20NG 18846 11314 7532 20 221.26
Ohsumed 7400 3357 4043 23 135.82
R52 9100 6532 2568 52 69.04

5) R52° offers a wider range of topics, specifically fifty-two
(52) in total, compared to the R8 dataset.

The summary statistics of benchmark datasets are presented
in Table I. To ensure impartiality, we follow the text preprocess-
ing procedures outlined in the original papers of comparison
models [20], [22], [24], [31].

B. Parameter Settings

All our models are trained and tested on a single Tesla V100
PCle 32 GB GPU. Following a common practice employed by
many comparison models, we randomly select 10% of docu-
ments from the training set as the validation set. We train our
models using the mini-batch stochastic gradient descent (SGD)
algorithm, with a batch size of 64 for R8, Ohsumed, and R52
datasets, and a batch size of 128 for MR and 20NG datasets.
Ulteriorly, the initial learning rate of the Adam optimizer is
0.001 (it is 0.005 for MR dataset), and the L2 weight decay
is 0.0002. The dropout rate is 0.5.

The statistics-based view uses a sliding window size of 20,
but it is set to 10 for the MR dataset due to the shorter docu-
ment length. The similarity-based view utilizes pretrained word
embeddings with 300 dimensions from GloVe [44]. For the
topic-based view, we set the number of potential clusters in
each dataset to 50. We evaluate the impact of different numbers
of neighboring nodes (K,, and K;), ranging from 10 to 400,
on the classification results, and aggregate the second-order
neighboring information for each word or document node.

Furthermore, we explored the impact of employing differ-
ent contextual encoders on performance, including WideNLP,
LSTM, and the GNN-based model TextING. These networks
focus on different aspects of intradoc relations. Specifically,
WideNLP ignores the sequential information within documents,
LSTM models the simplest sequential relations, and TextING
constructs a graph for each document based on word co-
occurrence relations, thereby learning the personalized context
information within documents. Throughout the forward propa-
gation process of the entire framework, we maintain consistent
dimensions for word and document representations, excluding
the final classifier. We provide more comprehensive parameter
settings in our source code.®

C. Comparison Models

In addition to the existing GNN-based inductive/transductive
document classification models and those that combine GNNs

Shttps://www.cs.umb.edu/smimarog/textmining/datasets/
Ohttps://github.com/962541229/TL-MGG-OL-MGG

with LLMs, our comparison also includes average-based mod-
els that represent documents by averaging word embeddings
without considering the position and order of words within
documents, as well as sequence-based models that prioritize
sequence modeling for documents. We have categorized all the
comparison models and listed them as follows.

1) Average-Based Models:

a) PV-DBOW [53] is a paragraph vector model that ignores
word order and utilizes logistic regression as its classifier.

b) fastText [54] utilizes simple averaging of n-gram word
embeddings as the representation for a document and
employs a linear classifier for classification purposes.

c) SWEM [55] is a word embedding model that employs the
pooling strategy.

d) WideMLP [12] is a MLP network with a single wide
hidden layer.

2) Sequence-Based Models:

a) PV-DM [53] is similar to PV-DBOW except that PV-DM
incorporates word order information.

b) CNN [7] is a multilayer CNN, where we use pretrained
word embeddings (i.e., GloVe) to initialize the word
representations.

¢) LSTM [10] is a well-known contextual encoder that con-
sists of two layers of LSTM networks.

d) BERT/RoBERTa [16], [17] is large-scale pretrained mod-
els based on Transformer. They has achieved notable
advancements in NLP tasks.

3) GNN-Based Inductive Models:

a) TextGCN [20] is proposed by Ragesh et al. [30] to
achieve predictions on unseen documents by preserving
pretrained word embeddings.

b) Text-level-GNN [21] achieves GNN-based document rep-
resentation learning by building intradoc graphs for each
document with global parameters sharing.

¢) TextING [22] is similar to text-level-GNN, but it utilizes
edges between word nodes to depict the co-occurrence
information of words present in the corpus.

d) HyperGAT [23] proposes to model documents using in-
tradoc hypergraphs and introduces hypergraph attention
networks based on the dual-attention mechanism to sup-
port text representation learning on hypergraphs.

e) HeteGCN [30] utilizes word node embeddings from
specific layer outputs as pretrained features and per-
forms inference on unseen documents using a GCN layer
equipped with a Softmax function.

f) TextSSL [24] constructs sentence-level graphs for each
document to enable intra- and intersentence message
passing, updating structures via sparse learning and
Gumbel-Softmax.

g) ContGCN+BERT/RoBERTa [42] employs a new “all-
token-any-document” paradigm to dynamically update
graphs for online document classification and uses
LLMs’s pretrained embeddings to enhance node initial-
ization.

h) Text-FCG+BERT [36] constructs a single graph for each
document with typed edges representing various context
relations, incorporates a gated recurrent unit (GRU) to
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TABLE 1T
CLASSIFICATION ACCURACY (%) OF VARIOUS GNN-BASED TRANSDUCTIVE
MODELS ON FIVE DATASETS, WHERE AVERAGE- AND SEQUENCE-BASED MODELS
WERE ALSO USED FOR COMPARISON

Types Models 20NG RS R52 Ohsumed MR
PV-DBOW [27] 74.36 (0.18)  85.87 (0.10) 7829 (0.11)  46.65 (0.19)  61.09 (0.10)
Average-based  fastText [23] 79.38 (0.30)  96.13 (0.21)  92.81 (0.09)  57.70 (0.49)  75.14 (0.20)
Models SWEM [23] 85.16 (0.29)  95.32 (0.26)  92.94 (0.24)  63.12 (0.55)  76.65 (0.63)
WideMLP [12] 83.31(0.22) 9727 (0.12)  93.89 (0.16)  63.95 (0.13)  76.72 (0.26)
PV-DM [27] 51.14 (0.22)  52.07 (0.04) 44.92 (0.05) 29.50 (0.07) 59.47 (0.38)
Seq‘;\e,l"‘fdi:;a“d CNN [7] - 9570 (0.50)  87.60 (0.50)  58.40 (1.00) -
LSTM [10] 7543 (172)  96.09 (0.19)  90.48 (0.86) 51.10 (1.50)  77.33 (0.39)
Text-level-GNN [21] - 97.80 (0.20)  94.60 (0.30)  69.40 (0.60)
TextING [22] - 97.34 (0.25)  93.73 (0.47)  67.95 (0.52)  78.93 (0.65)
GNN-based HyperGAT [23] 84.65 (0.31)  96.82 (0.21)  94.15 (0.18)  66.39 (0.65)  77.36 (0.22)
Models HeteGCN [30] 84.59 (0.14)  97.17 (0.33)  93.89 (0.45)  63.79 (0.80)  75.62 (0.26)
(Inductive) TextSSL [24] 85.26 (0.28)  97.81 (0.14)  95.48 (0.26)  70.59 (0.38)  79.74 (0.19)
OL-MGG-WideMLP (Ours)  87.46 (0.41)  97.94 (0.32)  95.57 (0.33)  68.84 (0.42)  79.50 (0.21)
OL-MGG-LSTM (Ours) 84.02 (0.26)  97.54 (0.28) 92.39 (1.26)  59.34 (1.24)  81.13 (0.23)
OL-MGG-TextING (Ours)  85.19 (0.39)  97.58 (0.36)  95.03 (0.17) 7119 (0.42)  82.09 (0.31)
TextGCN [20] 86.34 (0.31) 97.07 (0.21) 93.56 (0.34)  68.36 (0.34)  76.74 (0.23)
SGC [28] 88.50 (0.10)  97.20 (0.10)  94.00 (0.20)  68.50 (0.30)  75.90 (0.30)
DHTG [37] 87.13 (0.07)  97.33 (0.06)  93.93 (0.10)  68.80 (0.33)  77.21 (0.11)
GIE,INO';’;Z“ TensorGCN [29] 87.74 (0.05)  98.04 (0.08) 95.05 (0.11) 70.11 (0.24)  77.91 (0.07)
(Transductive) ~ Het€GCN [30] 87.15 (0.15)  97.24 (0.51)  94.35 (0.25)  68.11 (0.70)  76.71 (0.33)
CGA2TC [31] - 97.76 (0.19)  94.47 (0.16)  70.62 (0.45)  77.80 (0.29)
TL-MGG-WideMLP (Ours)  88.96 (0.35)  98.12 (0.12)  94.54 (0.31) 7137 (0.42)  80.82 (0.19)
TL-MGG-LSTM (Ours) 86.38 (0.12)  97.39 (0.17)  92.08 (0.24)  62.36 (0.15)  81.32 (0.25)

TL-MGG-TextING (Ours) 87.21 (0.40)

97.92 (0.33)  93.48 (0.34)  72.55 (0.25) 82.88 (0.42)

Note: We run our model ten times and report the mean, with the standard deviation (&) enclosed in parentheses. The
mark “-” indicates an unreported value in all existing works. The bold values indicate the best performance, while the

underlined values represent the second-best performance.

enrich node sequence representations, and engages in
multitask learning with LLMs.

HDGAT+BERT [43] utilizes multilevel semantic embed-
dings and a novel attention mechanism to effectively cap-
ture and integrate complex semantic relations, leveraging
pretrained sentence embeddings for node initialization.

4) GNN-Based Transductive Models:

a)

b)

)

d)

e)

TextGCN [20] constructs a single global graph consisting
of documents and words and learns representations of
both documents and words simultaneously through the
multilayer spectral GCN.

SGC [28] improves the spectral GCN by eliminating the
weight matrix between nonlinear and folded consecutive
layers, thereby reducing unnecessary complexity and re-
dundant computations.

DHTG [37] constructs a unified graph incorporating
word, topic, and document information. It treats docu-
ment classification as a task of generating node labels,
which are dynamically updated using variational infer-
ence and GCN.

TensorGCN [29] utilizes a text graph tensor to capture
diverse context information and effectively integrates het-
erogeneous information from multiple graphs through
intra- and intergraph propagation.

HeteGCN [30] integrates heterogeneous GCNs with
TextGCN’s individual graphs, employing cross-layer
compatible graphs to merge multilayer representations as
needed.

f) CGA2TC [31] refines text graph topology using noise
and centrality-based augmentations, improving node
representations through combined optimization of con-
trastive and classification losses.

g) TextGCN+BERT/RoBERTa [39] combines LLMs with
TextGCN, leveraging the strengths of both to optimize
node representations.

h) TextGCL+BERT [40] incorporates graph contrastive
learning by constructing contrasting views of word-
and doc-graphs, optimizing node representations with
BERT’s pretrained embeddings.

i) GRTE+BERT [41] combines GNNs with LLMs, con-
structing diverse graph structures to model complex tex-
tual relations and optimize node representations.

D. Performance Analysis

1) Inductive Learning: Table II presents the performance of
our inductive model OL-MGG in document classification, com-
pared with average-, sequence-, and other GNN-based models
(Inductive). Specifically, OL-MGG utilizes WideMLP, LSTM,
and TextING as contextual encoders to generate the initial rep-
resentations of documents. These variants are referred to as OL-
MGG-WideMLP, OL-MGG-LSTM, and OL-MGG-TextING,
respectively. Overall, OL-MGG demonstrates superior perfor-
mance across all datasets, evidencing its effectiveness in learn-
ing both the intradoc local context relations and the interdoc
global distribution relations. In detail, OL-MGG-WideMLP
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TABLE III

CLASSIFICATION ACCURACY (%) OF VARIOUS GNN-BASED MODELS COMBINED WITH BERT

Types Models 20NG R8 R52 Ohsumed MR
LLMs BERT [39] 8520 (031) 9773 (0.21) 9622 (0.34)  70.53 (0.34)  85.71 (0.31)
(BERT or RoBERTa)  RoBERTa [39] 83.44 (0.41) 96.98 (0.29) 96.07 (0.32)  70.21 (0.61)  88.96 (0.45)
ContGCN + BERT [42] 89.40 (-) 98.30 (-) 96.90 (-) 73.10 () 86.40 (-)
ContGCN + RoBERTa [42]  90.10 (-) 98.60 (-) 96.60 (-) 73.40 () 91.30 (-)
Text-FCG + BERT [36] 90.38 (0.26)  98.93 (0.18) 98.14 (0.33) 73.84 (0.31)  86.89 (0.18)
Combined with LLMs 1, 0\ pERT [43] 90.50 (-) 98.21 () 96.68 (-) 76.64 () 85.63 ()
(Inductive)
OL-MGG (Ours) 87.46 (0.41)  97.94 (0.32)  95.57 (033)  71.19 (0.42)  82.09 (0.31)
OL-MGG + BERT (Ours) 91.12 (0.22)  98.68 (0.36) 97.28 (0.31)  74.32 (0.39)  88.37 (0.31)
OL-MGG + RoBERTa (Ours) ~ 91.43 (0.27)  98.74 (0.19)  97.02 (0.37)  74.55 (0.23) 9221 (0.27)
TextGCN + BERT [39] 89.30 (-) 98.10 (-) 96.60 (-) 72.80 (-) 86.00 (-)
TextGCN + RoBERTa [39] 89.50 () 98.20 (-) 96.10 (-) 72.80 () 89.70 (-)
TextGCL + BERT [40] 90.20 () 98.20 () 96.80 () 7330 (-) 86.20 (-)
Combined with LLMs oy | pept 41 87.52 () 98.72 () 96.25 () 7170 () 89.69 (-)
(Transductive)
TL-MGG (Ours) 88.96 (0.35) 98.12 (0.12)  94.54 (031)  72.55 (0.25)  82.88 (0.42)
TL-MGG + BERT (Ours) 91.26 (0.19)  98.38 (0.31)  97.25 (0.27)  74.41 (0.31)  88.91 (0.22)
TL-MGG + RoBERTa (Ours) ~ 91.55 (0.38)  98.49 (0.24)  96.89 (0.44)  74.88 (0.45)  91.78 (0.19)

617

Note: The bold values indicate the best performance, while the underlined values represent the second-best performance.

achieves the highest classification accuracy on three datasets
related to the news domain: 20NG, RS, and R52. This success is
attributed to its ability to capture global distribution information
significant within the word-level multiview global graph, such
as word co-occurrence, synonyms, and thematic connections.
Conversely, OL-MGG-TextING performs best on the Ohsumed
and MR datasets. The MR dataset primarily involves sentiment
classification, while Ohsumed presents challenges due to its
extensive use of specialized terminology and longer sentences.
These factors make it difficult for average- and sequence-
based models to learn the overall semantics of documents
from sequences of word representations. In contrast, TextING
enhances document representation by capturing personalized
local context relations, providing additional distinguishable
information.

Moreover, compared to baseline contextual encoders, OL-
MGG series consistently demonstrates significant improve-
ments across all datasets. Specifically, OL-MGG-WideMLP
shows an average increase of 2.83% compared to WideMLP,
OL-MGG-LSTM exhibits a 4.80% improvement over LSTM,
and OL-MGG-TextING achieves a 1.98% enhancement relative
to TextING. These results indicate that OL-MGG effectively
captures the diverse global distribution information between
documents, complementing networks that focus on learning
indradoc relations. Overall, our model demonstrates remarkable
adaptability and robust performance enhancements across var-
ious datasets.

2) Transductive Learning: Table II also displays the doc-
ument classification performance of our transductive model,
TL-MGG, compared to existing GNN-based models (Trans-
ductive). As a whole, TL-MGG outperforms all other models
on 20NG, R8, Ohsumed, and MR datasets, while achieving
the second-highest ranking on the R52 dataset. Notably, on the
MR dataset, TL-MGG-TextING outperforms the CGA2TC, the
latest state-of-the-art GNN-based transductive model, by 5.08%
in accuracy. This fully demonstrates the advanced nature of our

framework. When the context modeling process is no longer
ignored, GNN-based document classification models show im-
proved performance, particularly in downstream tasks such as
sentiment analysis that heavily relies on contextual semantic
and sequential information.

TensorGCN also attempts to construct multiple graphs for
document representation learning, similar to TL-MGG. How-
ever, TensorGCN utilizes these graphs to capture the se-
mantic, syntactic, and sequential relations between a doc-
ument and its constituent words. In contrast, our multi-
view global graph is utilized for learning the global co-
occurrence, semantics, and clustering relations among words
or documents while leveraging contextual encoders to focus
on modeling internal document context. This approach fully
capitalizes on the strengths of GNNs in learning complex
global relations. Consequently, TL-MGG exploits the com-
plementarity of networks with distinct characteristics, exhibit-
ing superior performance across four datasets compared to
TensorGCN.

3) Combined with BERT: Following existing methods, we
combined BERT with our models for multitask learning and
adjusted the final training objective through linear interpolation,
as demonstrated in the following equation:

Z? = )‘QBERT + (1 -

where A is to adjust the weight ratio between the pre-
dicted outcomes of both models. Per convention [39], we
set A=0.9.

Table III displays the comparative performance of our frame-
work combined with LLMs across two learning settings. In
inductive learning, OL-MGG + BERT/RoBERTa achieved op-
timal or near-optimal results across all datasets. Notably, al-
though OL-MGG + BERT/RoBERTa performed slightly be-
low the baseline Text-FCG + BERT on the R8 and R52
datasets, with an average deficit of only 0.52%, it outperformed
Text-FCG + BERT by 1.48% on the sentiment classification

(22)

>\ ) yOL-MGG / TL-MGG
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TABLE IV
ABLATION EXPERIMENTS TO ANALYZE THE EFFECTIVENESS
OF VARIOUS VIEWS

Models 20NG RS R52 Ohsumed MR
TextGCN [20] 86.34 (0.31)  97.07 (0.21)  93.56 (0.34)  68.36 (0.34)  76.74 (0.23)
Only statistics-based view  87.11 (0.11)  96.95 (0.33)  93.54 (0.27) 71.33 (0.28)  81.15 (0.19)
Only similarity-based view  86.66 (0.12)  96.87 (0.30)  93.43 (0.18)  70.65 (0.34)  81.64 (0.35)
Only topics-based view 86.67 (0.23)  96.71 (0.29)  93.41 (0.23) 71.21 (0.39)  80.21 (0.48)
wlo statistics-based view 87.31 (0.24)  96.94 (0.37)  93.68 (0.19)  71.35 (0.26)  81.33 (0.21)
w/o similarity-based view 88.41 (0.26)  96.96 (0.41)  94.06 (0.17)  72.12 (0.41)  81.18 (0.27)
w/o topics-based view 87.75 (0.11)  97.52 (0.28)  93.71 (0.22)  71.69 (0.25) 81.68 (0.19)
TL-MGG 88.96 (0.35) 98.12 (0.12) 94.54 (0.31) 72.55 (0.25) 82.88 (0.42)
The bold values indicate the best performance.
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Fig. 5.
(c) R52 dataset; (d) Ohsumed dataset; and (¢) MR dataset.

dataset MR. This can be attributed to the key role played by
OL-MGG in enhancing BERT’s rich language features with
global information from the local corpus. In transductive learn-
ing, TL-MGG + BERT/RoBERTa yielded the best results on
four datasets. This is due to our customized multiview graph
sampling and updating module, which enables efficient node
learning on the global graph without being limited by the
graph’s scale. TL-MGG can optimize parameters via mini-batch
gradient descent, facilitating multitask learning with LLMs and
enabling simultaneous optimization of multiple models. In con-
trast, other GNN-based transductive learning models employ a
full-batch training approach, which requires using the global
graph’s adjacency matrix to update all nodes’ representations in
a single iteration. This approach imposes memory constraints
during training, allowing only the initialization of node repre-
sentations with LLMs, without fine-tuning in combination with
LLMs.

E. Ablation Analysis

‘We conduct ablation experiments to validate the effectiveness
of our constructed multiview global graph and analyze the
sensitivity of different datasets to different views. The
summarized results are presented in Table IV. First, we note
that TL-MGG consistently outperforms scenarios with a single
or dual view across all datasets, highlighting the effectiveness
of the multiview global graph in utilizing complementarity and
synergy among different views. Second, we find that the MR
dataset is most responsive to the similarity-based view, this

The number of neighboring nodes

©

70
100 200 300 400 10 50
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Effect of varying numbers of neighboring nodes on classification accuracy across different datasets, these include: (a) 20NG dataset; (b) R8 dataset;

is due to the crucial role of context information in sentiment
classification [56]. On the other hand, other datasets are
more sensitive to statistics- and topic-based views, which are
closely related to their task attributes, namely document topic
classification. Third, it is noteworthy that our model surpasses
TextGCN in the only statistics-based view scenario. This
comparison is significant because both models rely solely on
global statistical relations, highlighting the superiority of our
proposed framework over existing GNN-based transductive
frameworks.

F. Influence Analysis

The line plots in Fig. 5 demonstrate the impact of vary-
ing the number of neighboring nodes (from 10 to 400) on
classification outcomes in both word- and doc-level graphs.
Specifically, in transductive learning, TL-MGG (depicted by the
blue line) is used to represent the features of document nodes,
with the number of neighboring nodes for word nodes held
constant. In inductive learning, OL-MGG (shown with a green
line) illustrates the features of word nodes, while the baseline
models, WideMLP and TextING (represented by a red dashed
line), serve as reference points. It is apparent that OL-MGG-
WideMLP and OL-MGG-TextING each surpass WideMLP and
TextING in most instances, respectively. Furthermore, the al-
teration in the number of neighboring nodes notably affects the
classification performance of TL-MGG compared to OL-MGG.
This indicates caution should be exercised when establishing
edges among document nodes.
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Fig. 6. t-SNE visualization presents the representations of test documents
from various models, including: (a) TextING; (b) OL-MGG-TextING; (c)
TextGCN; and (d) TL-MGG-TextING. The test documents in (a) and (b) are
from the Ohsumed dataset, while those in (c) and (d) are from the MR dataset.
Distinct colors denote distinct classes to which the documents belong.

The observed disparity is attributed to the direct impact of
document node representations on the classifier. In detail, the
classifier faces a significant challenge in effectively distinguish-
ing document classes due to the over-smoothing issue [57]
arising from dense graphs. Inversely, the smoothness of neigh-
boring word nodes’ representations, resulting from their se-
mantic proximity, has minimal impact on the overall seman-
tics of the document. Consequently, word nodes demonstrate
enhanced resilience to the over-smoothing issue.

G. Visualization Analysis

To qualitatively demonstrate the superiority of our
framework, we provide visual distributions of test document
representations learned by our framework and other existing
representative models in different learning settings. As
shown in Fig. 6, we utilize the t-SNE tool to reduce the
dimensionality of test document representations that will
be inputted into the classifier for all models and categorize
them by their ground-truth label using distinct colors. From
Fig. 6(a) and 6(b), one observes that OL-MGG-TextING
outperforms TextING in learning document representations,
showing greater differentiation across different classes and
forming more compact clusters for documents within the
same class. Fig. 6(c) and 6(d) demonstrates that TL-MGG-
TextING effectively distinguishes documents with different
sentiment polarities, which are mixed in TexGCN. These
results demonstrate the superiority of our framework.

H. Case Study

To improve interpretability and facilitate a more intuitive
understanding of the impressive results achieved by our frame-
work, we use specific cases presented in Table V to clarify

TABLE V
COLLECTION OF DOCUMENTS USED IN CASE STUDY

Tabs  Documents Dataset  Label

t) This comedy is generally quite funny. MR Positive

ty It’s a very valuable film. MR Positive

t3 It’s not that funny, which is just generally MR Negative
insulting.

t4 An enjoyable feel-good family comedy MR Positive
regardless of race.

ts Weinberger say force attacked Iranian oil RS Crude
platform.

Word-doc graph ) (" Doc-level graph )

oty () )
ics-base r
&
funny @ Y, Contextual Encoder!
(@ (b)
(" Intra-doc graph (" Word-level graph\
Similarity-based
SayL platform Statistics-based
Weinber{‘ ‘
/ T &franian
barrel «  gas
\ force attacked \ Tokc i /
© (d)

Fig. 7. Illustration of the neighboring nodes and information flow of the
documents or words to be learned in different models, these include: (a)
TextGCN; (b) TL-MGG-LSTM; (c) TextING; and (d) OL-MGG-WideMLP,
where the arrows of different colors represent information from different
sources, the direction of the arrow indicates the flow of information, and
the weight that depicts importance is marked on the arrow. Specifically, in (a)
TextGCN and (b) TL-MGG-LSTM, the different colors of document nodes
correspond to different sentiment polarities.

the actual neighboring nodes of those documents or words in
various models under different frameworks, as well as how they
are updated.

As shown in Fig. 7, in the transductive learning, when con-
sidering t; as the target document, its neighboring nodes in
TextGCN are illustrated in Fig. 7(a). t| is updated by integrating
features from its neighboring nodes. Differently, in TL-MGG-
LSTM, as depicted in Fig. 7(b), we first obtain the initial
embedding of ¢; through a contextual encoder and then inte-
grate features from neighboring nodes across multiple views
in a weighted manner. TL-MGG-LSTM effectively captures
both local contextual and diverse global structural information
during training. These advantages enabled TL-MGG-LSTM to
make correct predictions on the sentiment polarity of ¢;, while
TextGCN produced incorrect results.

In the inductive learning, assuming the target document is ts,
TextING and OL-MGG-WideMLP employ different underlying
graphs to select neighboring nodes for the keyword “oil” within
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ts. In TextING, as shown in Fig. 7(c), neighboring nodes are
other words within ¢s due to its underlying intradoc graph.
Meanwhile, in OL-MGG-WideMLP, as depicted in Fig. 7(d),
neighboring nodes are selected in the vocabulary based on
their strongest correlations with “oil” regarding statistics-,
similarity-, and topic-based views. Obviously, OL-MGG-
WideMLP incorporates richer information for word nodes com-
pared to TextING, resulting in a closer representation of the
keyword “oil” with other keywords under the class crude. This
allowed OL-MGG-WideMLP to make more confident predic-
tions about the class of t5, even when we used the simple
WideMLP as the contextual encoder.

In summary, our proposed framework constructs more rea-
sonable underlying graphs and explores multiple potential rela-
tions among words or documents from different views, resulting
in improved performance on document classification.

VI. DISCUSSION

We showcase the impressive ability of GNNs to aggregate
global information for document representation learning. How-
ever, a potential limitation is that both TL-MGG and OL-MGG
are based on static word embeddings and cannot fully integrate
with advanced LLMs that generate context-aware and dynamic
word embeddings. Therefore, our future research will focus on
constructing and training dynamic graphs, including both the
dynamics of node representations and underlying graph struc-
tures. While current state-of-the-art LLMs primarily focuses
on extracting deep semantic information from documents, they
often fall short in providing targeted global information tailored
to domain-specific tasks [39]. Conversely, GNN-based models
possess the potential to accomplish this objective.

VII. CONCLUSION

In this article, we propose a comprehensive GNN-based rep-
resentation learning framework with multiview global graphs
for document classification. Our framework addresses the lim-
ited ability of existing frameworks to balance the acquisition of
global and local information. Moreover, it boasts diverse and
scalable underlying global graph structures. In training mode,
our framework utilizes the mini-batch algorithm for learning,
possesses the capability to generalize to larger datasets and
can be jointly trained with the most advanced LLMs model,
further enhancing the accuracy of document classification. The
experimental results demonstrate that the model constructed
within our proposed framework achieves superior performance
compared to the latest GNN-based models in both transductive
and inductive learning.
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