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ABSTRACT

The word2vec methodology such as Skip-gram and CBOW has seen
significant interest in recent years because of its ability to model
semantic notions of word similarity and distances in sentences. A
related methodology, referred to as doc2vec is also able to embed
sentences and paragraphs. These methodologies, however, lead to
different embeddings that cannot be related to one another. In this
paper, we present a tensor factorization methodology, which simul-
taneously embeds words and sentences into latent representations
in one shot. Furthermore, these latent representations are concretely
related to one another via tensor factorization. Whereas word2vec
and doc2vec are dependent on the use of contextual windows in
order to create the projections, our approach treats each document
as a structural graph on words. Therefore, all the documents in
the corpus are jointly factorized in order to simultaneously create
an embedding for the individual documents and the words. Since
the graphical representation of a document is much richer than
a contextual window, the approach is capable of designing more
powerful representations than those using the word2vec family of
methods. We use a carefully designed negative sampling method-
ology to provide an efficient implementation of the approach. We
relate the approach to factorization machines, which provides an ef-
ficient alternative for its implementation. We present experimental
results illustrating the effectiveness of the approach for document
classification, information retrieval and visualization.
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1 INTRODUCTION

In recent years, the problem of finding word and document embed-
dings has gained increasing attention in the text domain. While
matrix factorization is a traditional methodology that is used for
word embeddings, methods like SVD [12], LSA [15], and NMF are
designed to work with the bag-of-words representation. A detailed
discussion of these different methods may be found in [1].

For more semantically-oriented applications, sequence-centric
embeddings have been proposed in the literature. The traditional
approach of sequential embeddings is to use substring kernels in
order to embed the documents in multidimensional space [20]. Such
embedding methods are typically designed at the document level
rather than at the word level. At the word level, neural embedding
methods such as word2vec (Skip-gram and CBOW) [24] are used in
which the words are related to contextual windows on either side of
the word. The size of this context window is typically of the order
of about 10 words, and it decides the level of sequential relation-
ships that captured with such an approach. Recently, this broader
approach has been extended to document-level embeddings with
the doc2vec framework [16]. The use of matrix factorization has
also been recently proposed for embedding words [17, 27] with the
use of context windows. Interestingly, it has been shown that some
variants of the word2vec framework are really matrix factorization
methods under the covers [11, 17, 25]. In particular, the mutual in-
formation between words and contexts is determined, and a shifted
positive version (SPPMI) matrix is constructed between words and
context pairs [17]. The factorization of this matrix can be shown
to be equivalent to word2vec. Another example of a method that
uses matrix factorization is GloVe [27], which factorizes a count-
based matrix on context windows in order to create the embedded
representation. GLoVe and word2vec both provide competitive per-
formance. Such embeddings can often capture many semantic char-
acteristics of words that cannot be achieved by traditional matrix
factorization of document-word matrices. For example, one can add
and subtract semantic concepts using such an embedding F(-) as
F(king) — F(queen) = F(man) — F(woman). One is able to learn em-
beddings satisfying these properties because sequences encode a lot
more contextual information than is available in the bag-of-words
representation. A separate method, referred to as doc2vec [16], is
designed for embedding at the document level rather than at the
word level with the similar distributional representation idea as
word2vec.

In spite of the recent popularity of the word2vec and doc2vec
methods, they have several weaknesses:

(1) The use of context windows can sometimes be a rather blunt
approach to capturing the sequential relationships between
words. Part of the problem is that the words within a context
window are treated in a uniform way, and the relative distance
of a word from the target word is not used effectively.
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(2) The word2vec framework treats words following or preceding
a target word in symmetric fashion. In practice, it is expected
that there would be significant syntactic differences between
the words preceding or following a target word.

Methods like word2vec create word embeddings, whereas meth-
ods like doc2vec create document embeddings. Using both word
ordering and document membership in a single framework is
inherently a more sophisticated model than separately creat-
ing word embeddings and document embeddings with aggre-
gated count statistics (as in the currently available models). The
approach discussed in this paper uses a tensor to represent
the sequence-centric and document-membership within a sin-
gle representation, which is then factorized. A tensor is far
more powerful than a count-based matrix (used by methods
like GloVe) in capturing nuances of the data.

In this paper, we will explore the use of a distance graph and nega-
tive sampling in order to capture these relationships in detail. One
advantage of the distance graph approach is that it does not treat
all words within a context window in a uniform way, which allows
it to use the relative distances between words in a more refined
fashion. Furthermore, the use of tensors provides a more powerful
framework. In spite of the use of tensors, we provide an efficient
implementation with negative sampling in which each cycle of the
gradient descent requires time that is linearly proportional to the
size of the corpus. Furthermore, the approach can be related to
factorization machines, which provides an alternative methodology
for implementation. The main contributions are:

e We provide a principled approach for joint word and document
embedding by exploring the use of distance graph, which can
capture word relations in a more refined fashion;

(DGTF), which utilizes efficient pairwise shared matrix factor-
ization on distance graphs to simultaneously learn word and
document embedding and the approach can be related to factor-
ization machines; and

We conduct extensive experiments on real-world datasets to
demonstrate the effectiveness of DGTF for various tasks .

This paper is organized as follows. Section 2 introduces back-
ground and the distance graph. Section 3 gives the details of DGTF.
Section 4 conducts experiments to evaluate the effectiveness of
DGTEF. Section 6 concludes the paper with future work.

2 THE DISTANCE GRAPH

The distance graph [2] is a method for representing the sequential
relationships between words. The distance graph can be created
either at the document, paragraph, or sentence level. Furthermore,
all distance graphs are defined over the same subset of nodes, which
are defined by the lexicon. In other words, each word corresponds to
one node in the lexicon, and the entire set of nodes has cardinality
equal to the size d of lexicon. For now, let us consider a set of
documents D1, D, ...Dy, each of which needs to be embedded
using the same lexicon. A distance graph (specific to a particular
document D,) is a directed graph in which an edge occurs from node
i to j, if and only if the word j occurs after word i within a specific
threshold distance k > 1 in the document D, . Here, the threshold k
defines the order of the distance graph. Using k = 1 corresponds to

IThe code of DGTF will be released upon the acceptance of the paper in the first
authors homepage.
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using only bigrams as the edges in a sentence. Larger values of k
allow the use of skip grams. Furthermore, the weight of the edge in
the distance graph decays with the number of skips. Specifically for
any word from node i to j with positions p; and p; in the document
(p(G) > p(i)), the weight of the corresponding edge is given by
A0)-P() Here A < 1isa decay parameter that controls the effect of
distances between words on their embedded representations. Note
that if the same pair of words occur multiple times in a document
with a distance of at most k between them, then the edge weight of
the words increases. Specifically, if mq, ma, . . ., m; are the distances
between a particular word pair (i, j) using t different occurrences
in the r-th distance graph, then the weight a] ; between the word
pair is defined as follows:

t

>

s=1

ro_
aj; =

(1)
It is also noteworthy that before creating the distance graph, very
frequent words and stop words are dropped from the documents.
This is done in order to ensure that the statistics of such words do
not dominate the final embedding.

An example of a distance graph created from the nursery rhyme
“Mary had a little lamb...” is shown in Figure 1. Distance graphs
of different orders are also given in the figure. It is noteworthy
that such embeddings at the sentence or document level capture a
lot more information than is available using contextual window-
methods like word2vec because (i) for word2vec, the words within a
context window are treated in a uniform way while graph distances
can capture the relative distance of words in the context window by
assigning different weights to words of different distance; and (ii)
word2vec treats words following or preceding a target word in sym-
metric fashion, which ignores the significant syntactic differences
between words following or preceding a target word; while distance
graph exploits an asymmetric way to capture this information.

For some applications, it might be desirable to work with sentence-
level distance graphs, whereas for other applications, it might be
desirable to work with document-level graphs. In either case, the
embedding is created at either the sentence or the document level.
However, the distance graph is never created at the corpus level. It is
noteworthy that most word embedding techniques create statistics
at the corpus level in order to extract the representations [17, 27, 34].
Although this simplification has the advantage of being able to work
with matrices (instead of tensors), we argue that it also loses a lot
of relevant information in the corpus.

The specific level of granularity (e.g., sentence, paragraph, or
document) is orthogonal to the details of the methodology discussed
in this paper. Therefore, we will generally refer to the n different
units of text as “text segments”, and it is assumed that distance
graphs have been created for these n text segments. The adjacency
matrices for these distance graphs are defined as A; ... Ay. The
matrix A; is a d X d matrix for the i-th text segment in which
the weight of a particular entry is its corresponding weight in the
distance graph of that segment (see Equation 1). The construction
of the distance graphs is a preprocessing step towards creating the
embeddings. Therefore, throughout the remaining sections, we will
assume that the distance graphs of all the text segments are already
available for creating the embeddings.

Each matrix A; is extremely sparse, particularly for short text seg-
ments. For example, a distance graph of order 3 for a text segment
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Figure 1: Distance graphs of orders k = {1, 2}.

of 30 words will contain at most 84 edges, whereas the dimension-
ality d of each side of the matrix may be of the order of 10%. d is
the vocabulary size of the number of lexicons. In fact, most nodes
(words) will not have a single incident edge because they are not
included in the text segment. As we will see later, it is important to
make use of this sparsity during the process of learning the embed-
dings. Specifically, we will use the matrices A, ..., A, to create
an d X d X n tensor, which will be factorized in order to create the
document and word embeddings simultaneously. The use of a ten-
sor is crucial in creating a representation that can simultaneously
discover word and document embeddings.

3 TENSOR FACTORIZATION FOR
DOCUMENT AND WORD EMBEDDINGS

For the purpose of this section, we will assume that the data has
already been preprocessed to create the distance graphs. The pre-
processing can be done at the document, paragraph, or sentence
level, and in each case a set of distance graphs is created. Assume
that there are a total of n segments, which create the distance graphs
with adjacency matrices denoted by Aj ... A,. Each A; is assumed
to be a d X d adjacency matrix, which is extraordinarily sparse.
How can one simultaneously discover both word and document
embeddings? Most of the known methods [17, 25, 27] for matrix
factorization are not rich enough to incorporate sequence informa-
tion for simultaneously creating word and document embeddings.
In order to capture this level of complexity, it becomes essential
to use tensor factorization as opposed to straightforward matrix
factorization. The basic idea is to represent the matrices A; ... A,
as the d X d slices of a tensor of size d X d X n. Let the (i, j)-th entry
of A, be denoted by a;j. The entire d X d X n tensor is denoted by

A. The (i, j, r)-th cell in A corresponds to the edge (i, j) in the r-th
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distance graph. It is noteworthy that this tensor is extremely sparse,
because the vast majority of the cells are 0s.

Although generic tensor factorization can be expensive [14], the
nice part of the tensor factorization of an order-3 tensor is that one
can simulate it with pairwise shared matrix factorization [30]. Later,
we will show the relationship of this problem with factorization
machines, and show how one can use off-the-shelf factorization
machines for an effective embedding. Therefore, we will first in-
troduce the types of matrices that we will use for the factorization
process. In order to perform the factorization, we have three types
of factor matrices of rank p:

e The matrix U is a d X p matrix, which contains the outgoing
node factors of all the nodes. Intuitively, each row of this fac-
tor matrix captures the latent factors of the outgoing edges of
nodes of all distance graphs in the collection. The (i, s)-th en-
try of U is denoted by u;s, and the i-th row of U is denoted by
u;j = [ui1,uiz, . . . ujs]. We can also view u; as a portion of the
embedding of word i that captures the information in the context
following word i.

e The matrix V is a d X p matrix, which contains the incoming node
factors of all the nodes. Intuitively, each row of this factor matrix
captures the latent factors of the incoming edges of a node in
the distance graph. The (j, s)-th entry of V is denoted by v}, and
the j-th row of V is denoted by v; = [vj1,vj2, ... vjs]. Like the
matrix U, the rows of V also provide the embeddings of different
words but they capture the context preceding the words.

e The matrix W is an n X p matrix that captures the embeddings
of the n documents (or units of text being considered in the
specific application at hand). The (i, j)-th entry of W is denoted
by wij. The r-th row Wy = [wy1, wr2,...wrp] of W contains a
p-dimensional embedding of the r-th document in the corpus.
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Like word2vec, the embeddings in U and V reflect the sequence
characteristics of the entire collection. Such word embeddings are
able to capture many semantic characteristics of the corpus.

This is a third order tensor, which can be factorized using the
canonical polyadic decomposition (CPD) or the Tucker decompo-
sition [14]. However, these decomposition methods are expensive.
Fortunately, a third order tensor factorization can be simulated
with additive matrix factorization because the second-order factors
are 2-dimensional matrices [30]. Specifically, we can factorize the
d x d X n tensor with entries alfj by predicting the entries as:

af; ~ UV + W + (vwh),
p

[uisvjs + UisWrs + UjsWrs]
s=1

Note the circumflex “” on top of @} ; is to indicate that it is predicted
value. The objective function for optimization is set up by summing
up the squares of the errors in the aforementioned relationship, and
then learning the entries of U, V, and W in order to minimize this
error. Therefore, the objective function J (for minimization) can be

written as follows:

HEET

This objective function needs to be minimized by using gradient
descent. The main problem with this objective function is that it
is computationally too expensive to evaluate, as it has too many
terms. For example, for a relatively modest text corpus with d = 10,
n=10, and p = 100, the objective function has 1017 terms. State-
of-the-art hardware, which runs at 101° cycles per second, would
require substantially more than 107 seconds (~ 31 days) simply to
read all the entries of the tensor A at least once, let alone compute
the errors and optimize them.

Fortunately, most of the cell values alf . are Os because of the

p

Z[uisvjs +UjsWrs + vjsWrs])2
s=1

@

sparsity of the distance graph. The number of nonzero cells in A
is, however, quite modest. Zero entries are not irrelevant because
they contribute to the errors in the cells of the distance graph. For
example, it is possible to create trivial (i.e., overfitting) solutions
for U, V, and W, in some special cases in which all nonzero entries
in the distance graphs are 1s or are very close values. Therefore,
we need a method for negative sampling of the zero values of the
cells in af " We can view this type of negative sampling method as
the distance graph analog of what is done in word2vec and noise
contrastive estimation [25]. How can we sample the negative cells
in a way that is meaningful for the application at hand? One so-
lution is to sample the cells randomly. However, sampling cells
randomly does not provide the best contrast between the positive
and negative samples. The negative samples should ideally obey at
least some of the statistical frequency characteristics of the positive
samples, so that the factorization process can capture the more
subtle (semantic) differences in the latent representation (rather
than the blunt statistical differences). The first step is to pick a ratio
a > 1 between the negative and positive samples. For each edge
(i,) in each (say rth) distance graph, a total of a negative samples
will be selected by repeating the randomized process below o times:

(1) For the edge (i,j) in the distance graph r, let Out(i) be the
number of outgoing edges of node i and In(j) be the number of
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incoming edges of node j. Between nodes i and j select one of
them randomly. The probability of picking node i from the pair
[7, 7] is denoted by P[i|(i, )], and is defined as follows:

3 Out(i)
= Out(i) + In(j)

The above probability is reasonable because words with more
positive links have higher chance to sample negative links.
Depending on whether i or j is selected in the previous step,
one of the following two steps is executed:

If node i is selected, then randomly sample an outgoing “neg-
ative” cell from i in A. The other end of the cell is a word not
included in the current distance graph, and the probability of

P[i(i, )] ®G)

@

picking the empty cell (i, b, r) in A is proportional to be / 4
where fp, is the frequency of the bth word in the corpus. We
use fb3 /* because it significantly outperforms the uniform
distributions [24].

If node j is selected, then randomly sample an incoming
“negative” cell into j in A. The other end of the cell is a word
not included in the current distance graph, and the probability
of picking the empty cell (b, j, ) in ‘A is proportional to the
frequency f; /4

This particular way of negative sampling improves the contrast
between the positive and negative cells for the sampling process.
Let the cell coordinates of these negative samples be denoted by
N. Duplicate sampled elements in N are dropped. In the common
scenario where the number of sampled elements (for each distance
graph) is small compared to vocabulary size, duplicate elements are
relatively rare. This is because a word pair can be a duplicate only
when it is sampled more than once for the same distance graph.

The cell coordinates of the positive samples # are defined as all
the positive entries in A:

P ={(,j,r): a;j > 0} (4)

It is noteworthy that the distance graph gives greater importance
to precedence and ordering between words compared to word2vec
because of the fact that the distance graph is a directed graph. This
is a fair choice because the bigrams “horse jumped” and “jumped
horse” do not have the same probability of occurring in the data. In
comparison to the model discussed in this paper, word2vec treats
both ends of the context window in a symmetric way in the learning
process. The negative sampling procedure also takes great pains in
taking care of the ordering while sampling cells. In other words, the
cells (i, j,r) and (j, i, r) do not have the same probability of being
sampled in the negative set V. One can now set up the objective
function in terms of the positive samples # and negative samples
N. We define the relevant set R = P UN, and optimize the objective
function only over triplets (i, j, r) in R:

P
J=z Z (a:jj - Z[uisvjs + UisWrs + vjsWrs])z
(i, )eR s=1 5
+y(IUNIE +IVIE + [[W][5)/2

where ||-|| %, refers to the (squared) Frobenius norm, and y is a scalar
regularization parameter. Note that the modified objective function
is not quite the same, because it downsamples the negative entries,
and therefore gives greater importance to the positive entries. This
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is a reasonable design choice because the positive entries do con-
tain a lot more information for learning purposes. The parameter
a controls the relative weighting. This objective function can be
optimized using gradient descent as

a]
T = Z e;;(-vjg — Wrq) + yuiq Vq
Mo e r)eR
a]
Bor = Z ej;(—uig = wrq) + yvjq Vq
J9 i (i), r)eR
aj
Fwrg = el.rj(—uiq —Vjq) + yWrq ¥q

i,j(i,j,r)€R

where el.’j = a;j - Zle[u,-svjs + UisWrs + UjsWrs]. We can then
write the update equations for the matrices U, V, and W using
gradient descent with a step-size 7. Furthermore, We can update
the entire p-dimensional rows of U, V, and W at one time, because

the updates have a consistent form:

U =ui(l-ny)+n e;;(vj +wr)

J>ri(i,j,r)eER
v <=0i(1-ny)+n Z eirj(ﬂi + W)
i,r:(i,j,r)eR
WreWd-n+n ) @i +T)
i,j:(i,j,r)ER

It is also possible to use stochastic gradient descent (SGD) with
entry-wise updates. In SGD, entry-wise updates are used, in which
the entries in R are sampled one by one and the errors in them are
used to update the according to the following equations:

up = ui(l-ny)+ r]eirj(z_Jj +wyr)
vj <=vi(1-ny)+ ryeirj(ﬂi + W)
Wy & wr(1=ny) + nej;(ui +v))
We can repeatedly cycle through all the entries in R in order to

perform the updates until convergence is reached. If sufficient data
is available, the regularization parameter y is set to 0.

3.1 Leveraging the Embedding

Note that the rows of both the matrices U and V yield p-dimensional
word embeddings. Both embeddings store different properties cor-
responding to the preceding contextual words, or the following
contextual words. Therefore, the i-th row of U and the i-th row of V
are concatenated to create a 2p-dimensional embedding of the i-th
word. Also, w; is the document embedding of the r-th document.

3.2 Incorporating Bias Variables

It is also possible to incorporate bias variables associated with words
and documents. Bias variables are particularly important when
there is very wide variation in word and document frequencies. We
associate the bias variable b}’ for the outgoing edges of the ith node,
the bias variable bjz.’ for the incoming edges of the jth node, and the
bias variable b} for the rth document. The superscripts of the bias
variables are chosen depending on the matrices (U/V/W) that they
logically belong to. Then, the prediction equation changes to:

P

AV _ U v w

aj; = b;' + bj +b" + Z[uisvjs + UjsWrs + VjsWrs]
s=1
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The gradient descent equations remain the same except that the
bias variables also need to be updated.

3.3 Setting the Parameters

Finally, there are three key parameters for the approach, i.e., the
number of negative samples «, the decay factor A and the order k
of the distance graph. The negative sampling parameter a should
always be greater than 1 to avoid trivial solution and to make the
words that are not connected in distance graph to be far away.
However, a too large value of & will make the negative samples
dominate the objective function and increase the training time.
Following word2vec [23, 34], values in the range of 5 to 10 are
reasonable for a. Therefore, @ can be tuned in this range.

The choice of A € (0,1) and k can also be accomplished in a
similar manner. However, it does not make sense to choose this
pair of parameters independently, since they are closely related.
For example, if 1 = 0.1, then any value of k above 3, will cause
word pairs distant more than 3 units to have negligible weight.
This suggests that it makes sense to tie the choice of these two
parameters. Specifically, we allow the order of the distance graph
to be a free parameter, and set A as

A =01k (6)

This ensures that the most distant word pair has about 0.1 the
weight as that of the closest word pair. The value of k is analogous
to the context window used in methods like word2vec. Depending
on the size of the data set, the value of k may range between 2 and
10. Details of how k affects performance will be given in Section 4.7.

3.4 Computational Complexity

It is noteworthy that each cycle of stochastic gradient descent
requires time that is proportional to the number of entries in R.
Typically, a constant number of cycles are required, and therefore
establishing the time for each cycle is useful. The number of entries
in R is (1+ ) times the number of edges in the distance graphs, (1+
@) X.7_; ga,. where g4 _is the number of edges in the distance graph
created from document d, and n is the number of documents. Thus,

the time complexity of each cycle of SGD is O ((1 +a)p-Xr_ 94, ),

where p is the embedding dimension. Note that the number of edges
in each distance graph, i.e., gd,» is at most k times the number of
words in the document, where k is a small value that is typically less
than 15. In other words, the number of update steps for each cycle of
SGD is linearly proportional to the number of non-zero entries in the
document-term matrix. The linear time complexity w.r.t corpus size
can also be indirectly shown by the connection of this approach to
factorization machines, which provides an alternate approach to
implement it with off-the-shelf software.

3.5 Space Complexity

The main space complexity comes from the training data R and
the parameters U, V and W, which is O(|R| + n- p + d - p). Here
|R| can be calculated as 3.1 | p; - (1 + a), where p; is the number of
links in distance graph A; and « is included because for each link,
we randomly sample @ negative samples. Note that our framework
doesn’t need to store the sparse matrix A;. It only need to store
the links in A;, which significantly reduces the space complexity.
Assume that the length of the i-th document D; is n;, then for the
extreme case, each word in D; results in k links, where k is the
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window size. Then the number of links that can be constructed
using distance graph from D; is O(n; -k). Thus, p; is bounded by n;k.
Then 3.7, pi - (1 +a) is approximately O(k - & .7, n;). Therefore,
the total space complexity is O(n-p+d-p+k-a Xl ni).

3.6 Connections with Factorization Machines

Since this approach uses pairwise shared matrix factorization, it
is natural to connect it with factorization machines [29]. Such a
conversion also suggests an efficient implementation. The basic
idea is to convert the problem into a regression modeling problem
by flattening the structure of the tensor into a set of rows with 2d+n
feature variables and a single target variable. The 2d + n feature
variables can be categorized into three blocks, corresponding to
the outgoing edge block (d entries), incoming edge block (d entries),
and document id block (n entries). For each entry (i,,r) € R, the
dependent variable is set to a},. The values in the three blocks of
the feature variables are set as follows:

(1) The ith entry of the outgoing edge block is set to 1, and all
other entries are set to 0.

(2) The jth entry of the incoming edge block is set to 1, and all
the other entries are set to 0.

(3) The rth entry of the document id block is set to 1, and all
other entries are set to 0.

The gradient-descent approach [29] can be used for the factorization
machine. One advantage of using a factorization machine is that
efficient off-the-shelf implementations are available that require
time linear in the number of entries in R.

4 EXPERIMENTAL RESULTS

In this section, we conduct experiments to show the effectiveness of
the learned word/document representation by DGTF for different
tasks. Specifically, we aim to answer the following three questions:

o Are the word embedding able to capture the syntactic and se-
mantic meanings of words?

e Can the representations learned by DGTF capture the semantic
meanings of documents? and

e How good is the representation for visualization?

We begin by introducing the datasets and representative state-
of-the-art word/document embedding methods. We first compare
DGTF with these methods on word analogy to answer the first
question. We then conduct document classification and document
retrieval tasks to investigate the quality of word/document em-
bedding, which answers the second question. Finally, we explore
visualization using the embedding. Further experiments are con-
ducted to study the sensitivity of DGTF to the hyper-parameters.

4.1 Datasets

Following [34], for word analogy, we train the word embedding
using English WIKIPEDIA corpus [31] and test on the word analogy
dataset introduced by Mikolov et al [23], which contains five types
of semantic questions, and nine types of syntactic questions, with
a total of 8,869 semantic and 10,675 syntactic questions.

The classification experiments are conducted on 4 publicly avail-
able benchmark datasets, which includes Economics, Market, Gov-
ernment and DBLP. The first three datasets, i.e., Economics, Market
and Government, are three subsets extracted from RCV1 2, which

http://trec.nist.gov/data/reuters/reuters.html
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Table 1: Statistics of Datasets for Classification

Dataset #instances # classes Doc. length
Economics 115,865 10 145.10
Market 198,060 4 119.83
DBLP 66,512 6 11.46
Government 208,486 23 169.07

Table 2: Statistics of Dataset for Document Retrieval
Dataset

# Documents # queries # Avg. Query-Doc Pairs

Ohsumed 103,445 106 177.03

is a large benchmark corpus for text classification [18]. DBLP con-
tains titles of papers from the computer science bibliography 3. We
choose six diverse research fields for classification, i.e., “Artificial in-
telligence”, “Computer graphics”, “Computer networks”, “Database”,
“High-Performance computing” and “Human computer interaction”.
For each field, we select representative conferences and collect the
papers published in the selected conferences as labeled documents.
For the datasets Economics, Market and Government, we use both
the title and first paragraph to learn the document embedding,
which can be seen as long documents. For DBLP, we use only titles
to learn sentence embedding, which can be treated as short texts.
The statistics of the datasets are summarized in Table 1.

The document retrieval experiment is performed on Ohsumed
dataset 4. The Ohsumed collection is a set of 348,566 reference
documents from MEDLINE, which is an online medical information
database. Each document consists of title and/or abstract from 270
medical journals over a five-year period (1987-1991). We use both
title and abstract to learn embedding and thus filter out documents
that do not contain abstracts. We further remove references that
have less than 50 words, which leaves us 103,445 references. In
addition to the documents, Ohsumed also contains 163 queries.
Each query has a set of documents associated with it, which forms
query-doc pairs. The statistics of the dataset are shown in Table 2.

4.2 Compared Word/Doc Embedding Methods

We compare DGTF with other representative and state-of-the-art
unsupervised word and document embedding algorithms.

e BOW: the classical “bag-of-words” represent each document as a
M-dimensional vector, where M is the size of the vocabulary and
weight of each dimension is calculated by the TFIDF scheme. We
use it as a baseline without representation learning.

o SG: Skip-gram [23] is a popular word2vec model and its train-

ing objective is to find word representations that are useful for

predicting the surrounding words of a selected word in a sen-
tence. After obtaining word embedding by Skip-gram, follow-
ing the common way [34, 38], we use the average word em-

bedding of the document as the document representations, i.e.,

dr

document d, and %; is the representation of word i.

CBOW: Continuous bag-of-word [23] is another popular word2vec

model. Unlike Skip-gram, the training objective of CBOW is to

find word representations that are useful for predicting the center
word by its neighbors. Similarly, we use average word embedding
to obtain the document embedding.

ﬁ 2ied, Ui, where ng _is the number of words in the

3 Available at http://arnetminer.org/billboard/citation
4 Available at http://trec.nist.gov/data/t9_filtering html



Session: Long - Natural Language Processing |

CIKM ’19, November 3-7, 2019, Beijing, China

82 84
70
80 82
---a"
a- -
78 g S 80 65
- 2
_m I 8. _
w == w w
©74 - Bow 8 76 g%
S - 456 S S
= - - <--CBOW = e =
-4~ GloVe Y
3 ] LINE / %
70 v - - fastText 727 / - A= fastText 80 - A~ fastText /| - A -fastText
i Doc2Vec ! Doc2Vec Doc2Vec f; Doc2Vec
68 Doc2VecC 70 Doc2VecC 79 Doc2VecC 501/ Doc2VecC
- - -DGTF_w , - o~ DGTF_w K - a- DGTF_w ' o -DGTF_w
DGTF_d g DGTF_d DGTF_d L DGTF_d
66 = 68 78 =
1% 5% 10% 15% 20% 1% 5% 10% 15% 20% 1% 5% 10% 15% 20% 1% 5% 10% 15% 20%
Training Percent Training Percent Training Percent Training Percent
(a) MicroF1 on Economics (b) MacroF1 on Economics (c) MicroF1 on Market (d) MacroF1 on Market
68
66
64
62
g BOW E 5
) »” - e <4
§ 58 450 g g
S5 R <--cBOW = =
o~ A-GloVe
54 LINE 50 ,
- A~ fastText - A fastText 72¢ - 4- fastText - “fastText
s2t Doc2vec Doc2Vec / Doc2vec Doc2Vec
S Doc2VecC B Doc2VecC 00/ Doc2VecC K Doc2VecC
s0r ¢ - 8- DGTF_w e - 9= DGTF_w ! - o~ DGTF_w 45l - o~ DGTF_w
18 ‘ DGTF_d 455 DGTF_d DGTF_d / DGTF_d
1% 5% 10% 15% 20% 1% 5% 10% 15% 20% 1% 5% 10% 15% 20% 1% 5% 10% 15% 20%

Training Percent

(e) MicroF1 on DBLP

Training Percent

(f) MacroF1 on DBLP

Training Percent Training Percent

(g) MicroF1 on Government (h) MacroF1 on Government

Figure 2: Document Classification Performance in terms of MicroF1 and MacroF1

e GloVe: GloVe [27] is a global logbilinear regression model per-
formed on aggregated global word-word co-occurrence statistics
from a corpus.

e Doc2Vec: This is the distributed memory version of paragraph
vector [16], which aims at learning document embeddings that
are good at predicting the next word given context.

e Doc2VecC [7]: This is an improved version of Doc2Vec, which
introduces a data-dependent regularization to Doc2Vec that fa-
vors informative or rare words while forcing the embeddings of
common and non-discriminative ones to be close to zero.

o LINE: Large-scale information network embedding model [34] is
state-of-the-art word/document embedding model, which uses
the word-word co-occurrence to construct the information net-
work and then learn embedding by preserving the fist-order and
second-order proximity of words in the network.

o fastText [5]: This is an improved version of the Skip-gram model,
where each word is represented as a bag of character n-grams.
A vector representation is associated to each character n-gram;
words being represented as the sum of these representations.

e DGTF_w: This is the proposed framework that uses average
word embedding of DGTF to represent documents. We use this
to evaluate the quality of word embedding learned by DGTF.

o DGTF_d: This is the proposed framework which uses the docu-
ment embedding of DGTF as document representation. In this
paper, we focus on the document-level distance graph for DGTF
and leave the sentence-level as future work.

Note that we don’t compare DGTF with supervised document
embedding algorithms such as PTE [33], CNN [13] and LSTM [26,
39] or linked document embedding algorithms such as LDE [38]
and RTM [6] because the proposed DGTF is an unsupervised word
and document embedding method that’s designed for documents
without links.
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Table 3: Word analogy results (%) on WIKIPEDIA data
Alg. SG CBOWGIloVe LINE fastText Doc2VecC DGTF

Semantic 69.21 68.57 69.59 73.62 72.48 72.83 74.03
Syntactic 57.90 56.42 5837 59.81 58.39 58.94 60.11
Overall 63.10 61.99 63.53 66.13 64.83  65.30 66.48

4.3 Word Analogy

To answer the first question, we conduct work analogy task. Given
a word pair (wg, wp) and a word we, the task of word analogy
is to find a word w, such that the relation between w, and wy
is similar to the relation between w, and wj, [23]. For example,
given a word pair (France, Paris) and a word Germany, the right
answer should be Berlin because Paris is the capital of France just
as Berlin is the capital of Germany. Given the word embeddings,
this task is equivalent to find the word that has the closest cosine
similarity to wj, — wg + W, where wy, is the embedding of wy,.
Two categories of word analogy are used in this task: semantic
and syntactic. The parameters of all the methods are tuned using
grid search. Table 3 reports the results of word analogy trained on
WIKIPEDIA. From the table, we can see that DGTF outperforms the
compared methods for both semantic and syntactic tasks, which
implies the effectiveness of DGTF in capturing the semantic and
syntactic meaning of words.

4.4 Document Classification

To answer the second question, we conduct document classification
to quantitatively evaluate the discriminativeness of the embedding
learned by DGTF. Two widely used classification evaluation metrics,
i.e., Micro-F1 and Macro-F1, are adopted to evaluate the classifica-
tion results. The larger the Micro-F1 and Macro-F1 scores are, the
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better the classification result is, which indicates the discrimina-
tiveness of the embeddings.

For each embedding algorithm, we first learn the representation
from corpus. We then use linear SVM to perform classification with
the learned representation. We fix the classifier to be linear SVM
as our goal is to test the dicriminativeness of the representations
learned by each method, not the effectiveness of the classifier. There
are some parameters to be set for the embedding learning methods
and linear SVM. In the experiment, we use 10-fold cross validation
on the training data to set the parameters. Note that no test labels
are involved in the parameter tuning. Specifically, for DGTF, we set
k=5,p =100, = 7 and y = 0.01. The sensitivity of parameters k
and p on the effectiveness of DGTF will be analyzed in Section 4.7.
We use x% for training and the remaining 1—x% for testing. We vary
x as {1,5, 10, 15, 20} to have a better understanding of how DGTF
behaviors under different experimental settings. Each experiment
is conducted 5 times and the average performance in terms of
Macro-F1 and Micro-F1 are reported in Figure 2. From the figure,
we observe that:

Generally, word embedding algorithms such as SG, CBOW, GloVe
and fastText outperform BOW. This shows that word/document
embeddings can learn dense representations of documents which
can improve the classification performances.

The performance of LINE is better than SG and CBOW in most
of the cases. LINE uses word-word co-occurrence relationship
to build an information network in the corpus level, and then
capture first-order and second-order proximity of words in the
network, which can capture better semantic meanings of words.
Both DGTF_w and DGTF_d outperforms LINE. This is because
DGTF built distance graph, which assigns different weights to
pair of words of different distance and thus can capture more
refined word semantic meanings. In addition, LINE build infor-
mation network at corpus level, which may loss a lot of relevant
information in the corpus; while DGTF builds distance graph for
each document and thus cam keep more information.

Both DGTF_d and DGTF_w outperform all the baseline meth-
ods, which shows the effectiveness of DGTF in learning word
representation and document representation jointly.

4.5 Document Retrieval

In this subsection, we further perform document retrieval using
the dataset in Table 2. Document retrieval focuses on evaluating
if two documents have similar semantic meanings are assigned
similar vector representations, which provides another perspective
in measuring the effectiveness of DGTF.

To evaluate the performance of document retrieval, we use two
popular evaluation metrics, i.e., precision@k and recall@k [22]. The
larger precision@k and recall@k are, the better the performance is,
which indicates that documents of similar semantic meanings are
assigned similar embeddings.

Note that our focus is to measure the effectiveness of the features
for document retrieval, not the quality of document retrieval algo-
rithms. Thus, for fair comparison, we simply use cosine similarity
as document retrieval method. Specifically, we first learn the query
and document representations using the embedding algorithms.
Then given a query, we retrieve the top K documents that have the
largest cosine similarity with that query. With the retrieved docu-
ments, we calculate precision@k and recall@k using the ground
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truth query-doc pairs. We use grid search to tune the parameters
for each representation learning algorithm. Specifically, for DGTF,
we set k =5, p = 100, « = 7 and y = 0.01. Each experiment is con-
ducted 10 times and the average performance is shown in Figure 3.
From the figure, we observe that: (i) DGTF_d and DGTF_w outper-
form all the compared methods, which implies the effectiveness
of DGTF by constructing distance graph for each documents and
then use pairwise factorization to jointly learn word and document
embedding; and (ii) DGTF_d is slightly better than DGTF_w, which
is because DGTF_w uses average word embedding of a document
while DGTF_d directly learn the document embedding.

4.6 Visualization

One important application of document embedding is to create
meaningful visualizations that layout on a two dimensional space.
A good visualizations also implies the quality of the representa-
tion [32, 36, 37]. We first learn low-dimensional vector representa-
tions of the documents with different embedding approaches and
then further map the low dimensional vectors to a 2D space with
t-SNE [21]. Figure 4 shows the visualization of SG, LINE, Doc2VecC
and DGTF_d on the Market dataset, where each dot represent a
document and the color denotes the class of the document. From the
figure, we observe that: (i) The visualization of SG and Doc2VecC
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Figure 5: Parameter Analysis

are not as good as LINE because for SG and Doc2VecC, clusters
belong to different classes are highly overlapped tightly into the
center area; and (ii) The visualization of DGTF_d is better than
LINE because LINE split dots of the same classes into several small
classes such as the yellow and blue classes; while DGTF_d put the
dots of the same classes into the same large cluster. This suggests
that the embedding learned by DGTF can help visualization, which
implies the effectiveness of the representation learned by DGTF.

4.7 Parameter Analysis

The proposed framework has two important parameters, k and p,
where k defines the order of the distance graph and controls the
value of A via Eq.(6), and p is the embedding dimension. In this
section, we investigate the impact of k and p on the performance
of DGTF. We only show results on Economics 20% and Market
20% for document classification since we have similar observations
with other experimental settings. We empirically set « = 7 and
y = 0.01. We vary the values of k as {1, 3,5, 10, 15} and the values
of p as {20, 50, 100, 200, 500}. Every experiments are run 5 times
and the results are shown in Figure 5. It can be observed from the
figure that: (i) Generally, with the increment of k, the performance
tends to first increase then become stable. This is because when k is
small, the distance graph is too sparse, which cannot well capture
the words relationships. Similarly, when we increase p from 20,
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the performance also increases as a larger embedding provides for
representation capacity. However, a too large p may deteriorate the
performance as the model becomes too complex and also increase
the training time; and (ii) In general, when k is within [5, 10] and p
is within [100, 200], we can achieve a relatively good performance,
which eases the parameter selection.

5 RELATED WORK

Word/Document embedding is an important research topic which
has attracted increasing attention [3-5, 19, 24, 25, 27, 28, 35]. It
learns low dimensional vector representations of words to capture
words’ semantic and synthetic meanings. The resulting representa-
tion has various applications such as word analogy [24], POS tag-
ging [9], document classification [33] and information retrieval [8].

Various word embedding approaches has been proposed, which
mainly follows the distributional hypothesis idea [10] that “you
shall know a word by the company it keeps”. Following such idea,
word-word co-occurrence relationship are extracted from sentences
and texts, and word embedding are trained to preserve such co-
occurrence relationship. For example, Skig-gram [24] learns word
representation that is good at predicting nearby words. fastText [5]
extends Skip-gram by learning representations for character n-
grams, and to represent words as the sum of the n-gram vectors.
GloVe [27] adopts a global logbilinear regression model performed
on aggregated global word-word co-occurrence statistics from a
corpus to learn word embedding. LINE [34] represent the word-
word co-occurrence relationship as an information network and
performances network embedding to learn word representations.
It is found that the aforementioned approaches are actually matrix
factorization on word-word co-occurrence matrix [17]. Bamler et
al. [3] further investigated dynamic word embedding by extending
a probabilistic version of Skip-gram to capture the connection of
embeddings between constitutive time-stamps. Following a simi-
lar idea of word embedding, document embedding (doc2vec) are
proposed, which tries to learn word and document representa-
tions that capture the word-document relationship. For example,
paragraph vector [16], extends Skip-gram by learning document
embeddings that are good at predicting the next word given context.
Doc2VecC [7] introduces a data-dependent regularization to para-
graph vector that favors informative or rare words while forcing
the embeddings of common and non-discriminative ones to be close
to zero. LDE [38] studied document embedding for document net-
work by taking document dependency into consideration. PTE [33]
investigated document embedding for classification.
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Our approach also investigates the word-word relationship for
word and document embedding. However, our framework is in-
herently different from existing work: (i) we provide a principled
approach for joint word and document embedding by exploring the
use of distance graph, which can capture word relations in a more
refined fashion; while exiting work focus on word or document em-
bedding only and doesn’t consider the difference of preceding and
following words; and (ii) the majority of exiting methods are actu-
ally matrix factorization on word-word co-occurrence matrix [17];
while we adopt tensor factorization and propose an efficient way
to simultaneously learn word and document embedding.

6 CONCLUSIONS AND FUTURE WORK

In this paper, we explore the use of a distance graph and nega-
tive sampling in order to capture the word relationship in a more
fine-grained fashion. We proposed a novel framework of tensor
factorization on document graphs for word and document embed-
ding and provide an efficient implementation which converts tensor
factorization to pairwise shared matrix factorization. Experimental
results on real-world datasets demonstrated the effectiveness of the
embedding learned by DGTF for various tasks such as document
classification, document retrieval and visualization.

There are several interesting directions that need further inves-
tigation. First, in this work, we focus on document-level distance
graph. As future work, we would like to investigate the perfor-
mance of sentence-level and paragraph-level distance graph. Sec-
ond, linked documents are very pervasive in social media [38].
Therefore, we also want to extend DGTF to handle documents with
link information.
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