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Problem

Text Classification

A fundamental problem in Natural Language Processing (NLP)

Many applications:
I News filtering
I Spam detection
I Opinion mining
I Computational phenotyping

Essential Intermediate Step: Text Representation

OR 

Disease labels

PVD CAD 

Discharge Date: 10/15/1995

PRINCIPAL DIAGNOSIS: MYOCARDIAL 
INFARCTION.

LIST OF SIGNIFICANT PROBLEMS: DIABETES.

HISTORY OF PRESENT ILLNESS: The patient 
is a 54 year old , white male with 
cardiac risk factors of diabetes , 
borderline hypertension , male gender , 
and a positive family history , who has 
no prior cardiac history , but now 
presents to A Salt Medical Center 
complaining of substernal chest pain. 
Approximately six weeks ago , the 
patient lifted a 100-pound

bag and the next a.m.,

... ... 

CHFOR 
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Traditional Methods

Feature Engineering

bag-of-words

n-grams

entities in ontology

text classification as graph classification

I frequent subgraphs mining [ACL’15]
I graph-of-words as regularization [EMNLP’16]

Could not learn text representations automatically
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Deep learning for Text Classification

Word embedding based methods

aggregated word embeddings as document embeddings
I PV-DBOW, PV-DM [ICML’14]
I fastText [EACL’17]
I SWEM [ACL’18]

jointly learned word/document and label embeddings
I PTE [KDD’15]
I LEAM [ACL’18]

Building document representations after learning word embeddings

Can we learn word & document embeddings simultaneously?
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Deep learning for Text Classification

Deep neural network

Convolutional Neural Networks (CNN)
I Word CNN [EMNLP’14]
I Char CNN [NIPS’15]
I Very Deep CNN [EACL’17]

Recurrent Neural Networks (RNN)
I LSTM
I Bi-LSTM
I GRU

Attention mechanisms
I HAN [NAACL’16]
I Attention-based LSTM [EMNLP’16]
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Word CNN

wait 
for 
the 

video 
and 
do 
n't 

rent 
it 

n x k representation of 

sentence with static and 

non-static channels 

Convolutional layer with 

multiple filter widths and 

feature maps 

Max-over-time 

pooling 

Fully connected layer 

with dropout and  

softmax output 

Figure 1: Model architecture with two channels for an example sentence.

necessary) is represented as

x1:n = x1 ⊕ x2 ⊕ . . .⊕ xn, (1)

where ⊕ is the concatenation operator. In gen-
eral, let xi:i+j refer to the concatenation of words
xi,xi+1, . . . ,xi+j . A convolution operation in-
volves a filter w ∈ Rhk, which is applied to a
window of h words to produce a new feature. For
example, a feature ci is generated from a window
of words xi:i+h−1 by

ci = f(w · xi:i+h−1 + b). (2)

Here b ∈ R is a bias term and f is a non-linear
function such as the hyperbolic tangent. This filter
is applied to each possible window of words in the
sentence {x1:h,x2:h+1, . . . ,xn−h+1:n} to produce
a feature map

c = [c1, c2, . . . , cn−h+1], (3)

with c ∈ Rn−h+1. We then apply a max-over-
time pooling operation (Collobert et al., 2011)
over the feature map and take the maximum value
ĉ = max{c} as the feature corresponding to this
particular filter. The idea is to capture the most im-
portant feature—one with the highest value—for
each feature map. This pooling scheme naturally
deals with variable sentence lengths.

We have described the process by which one
feature is extracted from one filter. The model
uses multiple filters (with varying window sizes)
to obtain multiple features. These features form
the penultimate layer and are passed to a fully con-
nected softmax layer whose output is the probabil-
ity distribution over labels.

In one of the model variants, we experiment
with having two ‘channels’ of word vectors—one

that is kept static throughout training and one that
is fine-tuned via backpropagation (section 3.2).2

In the multichannel architecture, illustrated in fig-
ure 1, each filter is applied to both channels and
the results are added to calculate ci in equation
(2). The model is otherwise equivalent to the sin-
gle channel architecture.

2.1 Regularization

For regularization we employ dropout on the
penultimate layer with a constraint on l2-norms of
the weight vectors (Hinton et al., 2012). Dropout
prevents co-adaptation of hidden units by ran-
domly dropping out—i.e., setting to zero—a pro-
portion p of the hidden units during foward-
backpropagation. That is, given the penultimate
layer z = [ĉ1, . . . , ĉm] (note that here we have m
filters), instead of using

y = w · z + b (4)

for output unit y in forward propagation, dropout
uses

y = w · (z ◦ r) + b, (5)

where ◦ is the element-wise multiplication opera-
tor and r ∈ Rm is a ‘masking’ vector of Bernoulli
random variables with probability p of being 1.
Gradients are backpropagated only through the
unmasked units. At test time, the learned weight
vectors are scaled by p such that ŵ = pw, and
ŵ is used (without dropout) to score unseen sen-
tences. We additionally constrain l2-norms of the
weight vectors by rescaling w to have ||w||2 = s
whenever ||w||2 > s after a gradient descent step.

2We employ language from computer vision where a color
image has red, green, and blue channels.

1747

Reference

Kim, Y. 2014. Convolutional neural networks for sentence classification. In
EMNLP, 1746–1751.
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LSTM

Despite the effectiveness of those methods, it is
still challenging to discriminate different sentiment
polarities at a fine-grained aspect level. Therefore,
we are motivated to design a powerful neural net-
work which can fully employ aspect information for
sentiment classification.

3 Attention-based LSTM with Aspect
Embedding

3.1 Long Short-term Memory (LSTM)

Recurrent Neural Network(RNN) is an extension of
conventional feed-forward neural network. How-
ever, standard RNN has the gradient vanishing
or exploding problems. In order to overcome
the issues, Long Short-term Memory network
(LSTM) was developed and achieved superior per-
formance (Hochreiter and Schmidhuber, 1997). In
the LSTM architecture, there are three gates and a
cell memory state. Figure 1 illustrates the architec-
ture of a standard LSTM.

LSTM LSTM LSTM…

softmax

𝑤1 𝑤2 𝑤𝑁

ℎ1 ℎ2 ℎ𝑁

Figure 1: The architecture of a standard LSTM.

{w1, w2, . . . , wN} represent the word vector in a sen-

tence whose length is N . {h1, h2, . . . , hN} is the hidden

vector.

More formally, each cell in LSTM can be com-
puted as follows:

X =

[
ht−1

xt

]
(1)

ft = σ(Wf · X + bf ) (2)

it = σ(Wi · X + bi) (3)

ot = σ(Wo · X + bo) (4)

ct = ft ⊙ ct−1 + it ⊙ tanh(Wc · X + bc) (5)

ht = ot ⊙ tanh(ct) (6)

where Wi,Wf ,Wo ∈ Rd×2d are the weighted ma-
trices and bi, bf , bo ∈ Rd are biases of LSTM to be
learned during training, parameterizing the transfor-
mations of the input, forget and output gates respec-
tively. σ is the sigmoid function and ⊙ stands for
element-wise multiplication. xt includes the inputs
of LSTM cell unit, representing the word embed-
ding vectors wt in Figure 1. The vector of hidden
layer is ht.

We regard the last hidden vector hN as the rep-
resentation of sentence and put hN into a softmax
layer after linearizing it into a vector whose length is
equal to the number of class labels. In our work, the
set of class labels is {positive, negative, neutral}.

3.2 LSTM with Aspect Embedding
(AE-LSTM)

Aspect information is vital when classifying the po-
larity of one sentence given aspect. We may get op-
posite polarities if different aspects are considered.
To make the best use of aspect information, we pro-
pose to learn an embedding vector for each aspect.

Vector vai ∈ Rda is represented for the embed-
ding of aspect i, where da is the dimension of aspect
embedding. A ∈ Rda×|A| is made up of all aspect
embeddings. To the best of our knowledge, it is the
first time to propose aspect embedding.

3.3 Attention-based LSTM (AT-LSTM)

The standard LSTM cannot detect which is the im-
portant part for aspect-level sentiment classification.
In order to address this issue, we propose to de-
sign an attention mechanism that can capture the
key part of sentence in response to a given aspect.
Figure 2 represents the architecture of an Attention-
based LSTM (AT-LSTM).

Let H ∈ Rd×N be a matrix consisting of hid-
den vectors [h1, . . . , hN ] that the LSTM produced,
where d is the size of hidden layers and N is the
length of the given sentence. Furthermore, va rep-
resents the embedding of aspect and eN ∈ RN is a
vector of 1s. The attention mechanism will produce
an attention weight vector α and a weighted hidden

608
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Inductive Bias

Component Entities Relations Rel. inductive bias Invariance

All-to-all
Local

Sequential

Fully connected
Convolutional
Recurrent
Graph network

Units
Grid elements

Timesteps
Nodes Edges

Weak
Locality

Sequentiality
Arbitrary

-
Spatial translation
Time translation

Node, edge permutations

CNN and RNN prioritize locality and sequentiality.

They can model local consecutive word sequences well.

They may ignore global word co-occurrence in a corpus.

Reference

Battaglia, P. W. et al. 2018. Relational inductive biases, deep learning,
and graph networks. arXiv preprint arXiv:1806.01261.
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Graph Neural Networks

Generalizing well-established neural network models like CNN that
apply to regular grid structure (2-d mesh or 1-d sequence) to work on
arbitrarily structured graphs.

Can preserve global structure information of a graph in graph
embeddings (node, edge, subgraph and whole graph embeddings).

Reference

Cai, H.; Zheng, V. W.; and Chang, K. 2018. A comprehensive survey of
graph embedding: problems, techniques and applications. IEEE TKDE
30(9):1616–1637.
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Graph Convolutional Networks (GCN)

A graph G = (V ,E ):
I (v , v) ∈ E for any v
I X ∈ Rn×m: node features matrix
I A: adjacency matrix, degree matrix Dii =

∑
j Aij

I Ã = D− 1
2 AD− 1

2 : normalized symmetric adjacency matrix:
I Wj : weight matrix, trained via SGD

One layer GCN:
L(1) = ρ(ÃXW0) (1)

Stacking multiple GCN layers:

L(j+1) = ρ(ÃL(j)Wj) (2)
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Graph Convolutional Networks (GCN)

GCN can capture information only about immediate neighbors with
one layer.

When multiple GCN layers are stacked, one can incorporate higher
order neighborhoods information.

I e.g., a two-layers GCN can allow message passing among nodes that
are at maximum two steps away.

A special form of Laplacian smoothing:
I computes the new features of a node as the weighted average of itself

and its neighbors (second order neighbors for a two-layer GCN).

Reference

Li, Q.; Han, Z.; and Wu, X. 2018. Deeper insights into graph
convolutional networks for semi-supervised learning. In AAAI.
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Graph Convolutional Networks (GCN)
Published as a conference paper at ICLR 2017

C

input layer

X1

X2

X3

X4

F

output layer

Z1

Z2

Z3

Z4

hidden

layers

Y1

Y4

1

(a) Graph Convolutional Network

30 20 10 0 10 20 30
30

20

10

0

10

20

30

(b) Hidden layer activations

Figure 1: Left: Schematic depiction of multi-layer Graph Convolutional Network (GCN) for semi-
supervised learning with C input channels and F feature maps in the output layer. The graph struc-
ture (edges shown as black lines) is shared over layers, labels are denoted by Yi. Right: t-SNE
(Maaten & Hinton, 2008) visualization of hidden layer activations of a two-layer GCN trained on
the Cora dataset (Sen et al., 2008) using 5% of labels. Colors denote document class.

Here, W (0) ∈ RC×H is an input-to-hidden weight matrix for a hidden layer with H feature maps.
W (1) ∈ RH×F is a hidden-to-output weight matrix. The softmax activation function, defined as
softmax(xi) = 1

Z exp(xi) with Z =
∑
i exp(xi), is applied row-wise. For semi-supervised multi-

class classification, we then evaluate the cross-entropy error over all labeled examples:

L = −
∑

l∈YL

F∑

f=1

Ylf lnZlf , (10)

where YL is the set of node indices that have labels.

The neural network weights W (0) and W (1) are trained using gradient descent. In this work, we
perform batch gradient descent using the full dataset for every training iteration, which is a viable
option as long as datasets fit in memory. Using a sparse representation for A, memory requirement
is O(|E|), i.e. linear in the number of edges. Stochasticity in the training process is introduced via
dropout (Srivastava et al., 2014). We leave memory-efficient extensions with mini-batch stochastic
gradient descent for future work.

3.2 IMPLEMENTATION

In practice, we make use of TensorFlow (Abadi et al., 2015) for an efficient GPU-based imple-
mentation2 of Eq. 9 using sparse-dense matrix multiplications. The computational complexity of
evaluating Eq. 9 is then O(|E|CHF ), i.e. linear in the number of graph edges.

4 RELATED WORK

Our model draws inspiration both from the field of graph-based semi-supervised learning and from
recent work on neural networks that operate on graphs. In what follows, we provide a brief overview
on related work in both fields.

4.1 GRAPH-BASED SEMI-SUPERVISED LEARNING

A large number of approaches for semi-supervised learning using graph representations have been
proposed in recent years, most of which fall into two broad categories: methods that use some
form of explicit graph Laplacian regularization and graph embedding-based approaches. Prominent
examples for graph Laplacian regularization include label propagation (Zhu et al., 2003), manifold
regularization (Belkin et al., 2006) and deep semi-supervised embedding (Weston et al., 2012).

2Code to reproduce our experiments is available at https://github.com/tkipf/gcn.

4

Reference

Kipf, T. N., and Welling, M. 2017. Semi-supervised classification with
graph convolutional networks. In ICLR.
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Text Graph Convolutional Networks (Text GCN)
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Text GCN

document content and global word co-occurrence

document-word edges: TF-IDF
word-word edges: point-wise mutual information (PMI)

PMI(i , j) = log
p(i , j)

p(i)p(j)
(3)

Aij =





PMI(i , j) i , j are words, PMI(i , j) > 0

TF-IDFij i is document, j is word

1 i = j

0 otherwise

(4)
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Text GCN

A simple two-layer GCN:

one-hot feature matrix for words and documents: X = I
1st layer document and word embeddings: ÃXW0

2nd layer document and word embeddings: Ã ReLU(ÃXW0)W1

Z = softmax(Ã ReLU(ÃXW0)W1) (5)

L = −
∑

d∈YD

F∑

f =1

Ydf lnZdf (6)
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Datasets

Dataset # Docs # Training # Test # Words # Nodes # Classes Average Length
20NG 18,846 11,314 7,532 42,757 61,603 20 221.26

R8 7,674 5,485 2,189 7,688 15,362 8 65.72
R52 9,100 6,532 2,568 8,892 17,992 52 69.82

Ohsumed 7,400 3,357 4,043 14,157 21,557 23 135.82
MR 10,662 7,108 3,554 18,764 29,426 2 20.39
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Implementation Details

Parameters:
I first embedding size: 200
I window size: 20
I dropout rate: 0.5
I learning rate: 0.02
I validation set: 10% of training set
I number of epochs: 200

We also tried other parameters but do not find much difference.

Adam algorithm as the optimizer.
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Results

Table 2: Test Accuracy on document classification task. We run all models 10 times and report mean± standard deviation. Text
GCN significantly outperforms baselines on 20NG, R8, R52 and Ohsumed based on student t-test (p < 0.05).

Model 20NG R8 R52 Ohsumed MR
TF-IDF + LR

CNN-rand
CNN-non-static

LSTM
LSTM (pretrain)

Bi-LSTM
PV-DBOW

PV-DM
PTE

fastText
fastText (bigrams)

SWEM
LEAM

Graph-CNN-C
Graph-CNN-S
Graph-CNN-F

Text GCN

0.8319 ± 0.0000
0.7693 ± 0.0061
0.8215 ± 0.0052
0.6571 ± 0.0152
0.7543 ± 0.0172
0.7318 ± 0.0185
0.7436 ± 0.0018
0.5114 ± 0.0022
0.7674 ± 0.0029
0.7938 ± 0.0030
0.7967 ± 0.0029
0.8516 ± 0.0029
0.8191 ± 0.0024
0.8142 ± 0.0032

–
–

0.8634 ± 0.0009

0.9374 ± 0.0000
0.9402 ± 0.0057
0.9571 ± 0.0052
0.9368 ± 0.0082
0.9609 ± 0.0019
0.9631 ± 0.0033
0.8587 ± 0.0010
0.5207 ± 0.0004
0.9669 ± 0.0013
0.9613 ± 0.0021
0.9474 ± 0.0011
0.9532 ± 0.0026
0.9331 ± 0.0024
0.9699 ± 0.0012
0.9680 ± 0.0020
0.9689 ± 0.0006
0.9707 ± 0.0010

0.8695 ± 0.0000
0.8537 ± 0.0047
0.8759 ± 0.0048
0.8554 ± 0.0113
0.9048 ± 0.0086
0.9054 ± 0.0091
0.7829 ± 0.0011
0.4492 ± 0.0005
0.9071 ± 0.0014
0.9281 ± 0.0009
0.9099 ± 0.0005
0.9294 ± 0.0024
0.9184 ± 0.0023
0.9275 ± 0.0022
0.9274 ± 0.0024
0.9320 ± 0.0004
0.9356 ± 0.0018

0.5466 ± 0.0000
0.4387 ± 0.0100
0.5844 ± 0.0106
0.4113 ± 0.0117
0.5110 ± 0.0150
0.4927 ± 0.0107
0.4665 ± 0.0019
0.2950 ± 0.0007
0.5358 ± 0.0029
0.5770 ± 0.0049
0.5569 ± 0.0039
0.6312 ± 0.0055
0.5858 ± 0.0079
0.6386 ± 0.0053
0.6282 ± 0.0037
0.6304 ± 0.0077
0.6836 ± 0.0056

0.7459 ± 0.0000
0.7498 ± 0.0070
0.7775 ± 0.0072
0.7506 ± 0.0044
0.7733 ± 0.0089
0.7768 ± 0.0086
0.6109 ± 0.0010
0.5947 ± 0.0038
0.7023 ± 0.0036
0.7514 ± 0.0020
0.7624 ± 0.0012
0.7665 ± 0.0063
0.7695 ± 0.0045
0.7722 ± 0.0027
0.7699 ± 0.0014
0.7674 ± 0.0021
0.7674 ± 0.0020
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Results
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Figure 2: Test accuracy with different sliding window sizes.
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Results
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Figure 3: Test accuracy by varying embedding dimensions.
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Results
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(a) 20NG
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Figure 4: Test accuracy by varying training data proportions.
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Results

and global word-word relations; 2) the GCN model, as a spe-
cial form of Laplacian smoothing, computes the new fea-
tures of a node as the weighted average of itself and its
second order neighbors (Li, Han, and Wu 2018). The la-
bel information of document nodes can be passed to their
neighboring word nodes (words within the documents), then
relayed to other word nodes and document nodes that are
neighbor to the first step neighboring word nodes. Word
nodes can gather comprehensive document label informa-
tion and act as bridges or key paths in the graph, so that label
information can be propagated to the entire graph. However,
we also observed that Text GCN did not outperform CNN
and LSTM-based models on MR. This is because GCN ig-
nores word orders that are very useful in sentiment classifi-
cation, while CNN and LSTM model consecutive word se-
quences explicitly. Another reason is that the edges in MR
text graph are fewer than other text graphs, which limits
the message passing among the nodes. There are only few
document-word edges because the documents are very short.
The number of word-word edges is also limited due to the
small number of sliding windows. Nevertheless, CNN and
LSTM rely on pre-trained word embeddings from external
corpora while Text GCN only uses information in the target
input corpus.
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Figure 2: Test accuracy with different sliding window sizes.
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Figure 3: Test accuracy by varying embedding dimensions.

Parameter Sensitivity. Figure 2 shows test accuracies
with different sliding window sizes on R8 and MR. We can
see that test accuracy first increases as window size becomes
larger, but the average accuracy stops increasing when win-
dow size is larger than 15. This suggests that too small
window sizes could not generate sufficient global word co-
occurrence information, while too large window sizes may
add edges between nodes that are not very closely related.
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(d) PTE

Figure 5: The t-SNE visualization of test set document em-
beddings in 20NG.

Figure 3 depicts the classification performance on R8 and
MR with different dimensions of the-first layer embeddings.
We observed similar trends as in Figure 2. Too low dimen-
sional embeddings may not propagate label information to
the whole graph well, while high dimensional embeddings
do not improve classification performances and may cost
more training time.

Effects of the Size of Labeled Data. In order to evalu-
ate the effect of the size of the labeled data, we tested sev-
eral best performing models with different proportions of the
training data. Figure 4 reports test accuracies with 1%, 5%,
10% and 20% of original 20NG and R8 training set. We note
that Text GCN can achieve higher test accuracy with limited
labeled documents. For instance, Text GCN achieves a test
accuracy of 0.8063± 0.0025 on 20NG with only 20% train-
ing documents and a test accuracy of 0.8830 ± 0.0027 on
R8 with only 1% training documents which are higher than
some baseline models with even the full training documents.
These encouraging results are similar to results in (Kipf and
Welling 2017) where GCN can perform quite well with low
label rate, which again suggests that GCN can propagate
document label information to the entire graph well and our
word document graph preserves global word co-occurrence
information.
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Results

Table 3: Words with highest values for several classes in
20NG. Second layer word embeddings are used. We show
top 10 words for each class.

comp.graphics sci.space sci.med rec.autos
jpeg space candida car

graphics orbit geb cars
image shuttle disease v12

gif launch patients callison
3d moon yeast engine

images prb msg toyota
rayshade spacecraft vitamin nissan
polygon solar syndrome v8

pov mission infection mustang
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Figure 6: The t-SNE visualization of the second layer word
embeddings (20 dimensional) learned from 20NG. We set
the dimension with the largest value as a word’s label.

Document Visualization. We give an illustrative visual-
ization of the document embeddings leaned by Text GCN.
We use t-SNE tool (Maaten and Hinton 2008) to visualize
the learned document embeddings. Figure 5 shows the visu-
alization of 200 dimensional 20NG test document embed-
dings learned by GCN (first layer), PV-DBOW and PTE.
We also show 20 dimensional second layer test document
embeddings of Text GCN. We observe that Text GCN can
learn more discriminative document embeddings, and the
second layer embeddings are more distinguishable than the
first layer.

Word Visualization. We also qualitatively visualize word
embeddings learned by Text GCN. Figure 6 shows the t-SNE
visualization of the second layer word embeddings learned
from 20NG. We set the dimension with the highest value as
a word’s label. We can see that words with the same label
are close to each other, which means most words are closely
related to some certain document classes. We also show top
10 words with highest values under each class in Table 3. We
note that the top 10 words are interpretable. For example,
“jpeg”, “graphics” and “image” in column 1 can represent
the meaning of their label “comp.graphics” well. Words in
other columns can also indicate their label’s meaning.

Discussion. From experimental results, we can see the
proposed Text GCN can achieve strong text classification re-
sults and learn predictive document and word embeddings.

However, a major limitation of this study is that the GCN
model is inherently transductive, in which test document
nodes (without labels) are included in GCN training. Thus
Text GCN could not quickly generate embeddings and make
prediction for unseen test documents. Possible solutions to
the problem are introducing inductive (Hamilton, Ying, and
Leskovec 2017) or fast GCN model (Chen, Ma, and Xiao
2018).

Conclusion and Future Work
In this study, we propose a novel text classification method
termed Text Graph Convolutional Networks (Text GCN).
We build a heterogeneous word document graph for a whole
corpus and turn document classification into a node clas-
sification problem. Text GCN can capture global word co-
occurrence information and utilize limited labeled docu-
ments well. A simple two-layer Text GCN demonstrates
promising results by outperforming numerous state-of-the-
art methods on multiple benchmark datasets.

In addition to generalizing Text GCN model to inductive
settings, some interesting future directions include improv-
ing the classification performance using attention mecha-
nisms (Veličković et al. 2018) and developing unsupervised
text GCN framework for representation learning on large-
scale unlabeled text data.
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Results

We released our code.

https://github.com/yao8839836/text_gcn

Liang Yao (Northwestern University) Text Classification November 25, 2018 25 / 28

https://github.com/yao8839836/text_gcn


Future Work

Transducitve to Inductive

Reference

Hamilton, W.; Ying, Z.; and Leskovec, J. 2017. Inductive representation
learning on large graphs. In NIPS, 1024–1034.

Fast Text GCN

Reference

Chen, J.; Ma, T.; and Xiao, C. 2018. Fastgcn: Fast learning with graph
convolutional networks via importance sampling. In ICLR

Using attention mechanisms

Reference
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Future Work

Unsupervised text representation learning

Combining knowledge graphs

...
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Thank You!
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