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ABSTRACT
This article proposes a character-level neural language model (NLM) that is based on quantum theory. The input of the model
is the character-level coding represented by the quantum semantic space model. Our model integrates a convolutional neural
network (CNN) that is based on network-in-network (NIN). We assessed the effectiveness of our model through extensive
experiments based on the English-language Penn Treebank dataset. The experiments results confirm that the quantum semantic
inputs work well for the language models. For example, the PPL of our model is 10%–30% less than the states of the arts, while
it keeps the relatively smaller number of parameters (i.e., 6 m).
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1. INTRODUCTION

Languages are used to conveymeaning, so the ultimate goal of natu-
ral language processing (NLP) research is to represent the meaning
of an utterance in computers. In recent years, a series of seman-
tic models has been proposed for NLP. These semantic models can
mimic human thinking to a certain extent and can solve problems
in the real world. Although each model has its own detailed char-
acteristics, they all use text collections as input for the model and
a vector space to represent words or concepts. With the develop-
ment of deep learning technology, distributed word representation
has become one of the main methods of text representation. Rel-
atively speaking, this form of representation is more condensed
and has fewer dimensions, but it is sufficient to represent the ele-
ments in space. For example, Bengio et al. [1] proposed a language
model that is constructed using a three-layer neural network. Based
on this approach, Mnih and Hinton [2] proposed a hierarchical
idea to eliminate the most resource-consuming matrix multiplica-
tion from the last hidden layer to the output layer, thereby accel-
erating the process while retaining the performance. Distributed
word representation has achieved the most remarkable results to
date. In more recent research, it is believed that information about
word morphology and shape is normally ignored when learning
word representations. Based on this idea, Santos et al. [3] proposed
a character-level representation of words and combined it with a
distributed word representation to implement the application of
voice tags. Later, LeCun et al. [4] proposed a method for learning
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the distributed character representation directly through charac-
ter learning without prior distributed word representation training.
Their study found that the distributed character representation per-
formed very well in large-scale corpus sets. Kim et al. [5] used the
distributed character representation to implement language mod-
eling, and this method could be used in different languages.

Several of the abovementioned distributed character representa-
tions are obtained through convolutional neural network (CNN)
training. CNNs have achieved state-of-the-art results in computer
vision and have been shown to be effective for various NLP tasks.
CNNs have the properties of location invariance and composition-
ality, which is whyCNNs play an important role in computer vision.
However, the application of CNNs inNLP is different from their use
in computer vision. Neighboring pixels in an image are often related
(i.e., belong to the same part of an object), but the words might not
be the same. In many languages, phrases are segregated by many
other words. Additionally, one must pay attention to a word’s posi-
tion in a sentence, so location invariance is not applicable in NLP
problems. Similarly, the composability can be unclear. It is obvi-
ous that the words are combined together in certain ways, such as
using adjectives to modify nouns or using adverbs to modify verbs
or adjectives. However, it is not as obvious as computer vision when
interpreting the meaning of more advanced features. In the current
distributed character representation research, the characters in the
CNN’s input are all encoded using one-hot or similarmethods. This
type of coding method is simple but does not provide an intuitive
feeling as the image pixels do. However, when considering natural
language, does the human brain always read in order? In much of
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the current research on speed reading [6], themethods that are used
to understand and remember words are based on the way in which
people recognize images. Therefore, if language coding can reflect
more of this rule, then the performance of language models might
be greatly improved. As we all know, language is the result of neu-
ron activities in the human brain. If classical physics can be consid-
ered an extreme case of quantum mechanics, then the brain can be
considered a measuring device with a quantum computing system.
Then, language interpretation can be considered a quantum mea-
surement process [7].

The NLP based on quantum theory is a new research idea that
differs from distributional semantics representation. The quantum
language model encodes the probability uncertainties of both sin-
gle and compound terms in a density matrix, without extending the
vocabulary [8]. In the quantum language model, each text term is
represented by a density matrix that is a one-hot vector. The den-
sity matrix only encodes the local occurrence without taking into
account the global semantic information. Furthermore, a density
matrix is calculated via an iterative process, instead of an analytical
procedure. Thus it is difficult to integrate such matrix into an end-
to-end deep neural network [9].

In order to address the above problem, we use character-level
embedding to represent text to encode richer semantic information
than one-hot vector.We use an eigenstate of quantum theory to rep-
resent the characters, the superposition of eigenstates to represent
words, unitary operator to represent phrases. Therefore, a long text
is represented by a mixed state and hence it can be integrated into a
neural network. The language models can be used in NLP research
fields such as machine translation, question and answer, and text
classification.

In the following, we use the mathematical framework of quantum
theory to construct a semantic information model. Specifically, the
model describes how quantum states can be used to represent char-
acters, words, and even sentences. The resulting language represen-
tation then serves as the CNN input, thus achieving the goal of text
classification. The present study makes contributions in four main
aspects as follows:

• We proposed a character-level quantum neural language model
(NLM) that does not require word order or syntax information.
It implements language representations with rich semantic and
orthographic features through character-level coding.
Therefore, this method does not need to pre-process the text
data for morphological annotation, nor to use pre-trained
embedding representation in the input layer.

• A CNN is applied to distributed or discrete embedding without
knowing the syntactic or semantic structure of languages.

• In order to reduce the overfitting risk and computational load,
we introduce a network-in-network (NIN) model into the
network to reduce the number of parameters and computation
cost.

• The experiments show that our proposed model achieves the
performance of state-of-the-art on the English-language Penn
Treebank (PTB) dataset with fewer parameters.

The rest of this paper is organized as follows: Sections 2 and 3
discusses related work and preliminary. Next, we introduce the

related mathematical background of quantum theory in Section 4
and propose the quantum semantic space model. In Section 4, the
character-level CNN language model is given and quantum seman-
tic feature learning is conducted. The experimental results and
analysis are given in Section 5. Finally, the study is concluded in
Section 6.

2. RELATED STUDIES

2.1. Neural Language Model

NLM research has made remarkable progress. Various structure
models, including feed-forward [1], RNN [10], log-bilinear [11],
sum-product Net [12] and CNN [13–15], have achieved state-of-
the-art results.

Two main methods are used in the study of natural language
semantic representation: distributed word representation models
based on n-gram language models [16] and character-level NLMs.
N-gram models are language-independent and have advantages
such as the ability to handle text in different languages at the same
time, not requiring linguistic processing for the text, being toler-
ant of spellingmistakes, no lexicon or rules required, and fewer text
feature dimensions [17]. Bilmes et al. [18] proposed a count-based
n-gram language model to represent words as a set of shared fac-
tor embeddings. Based on this approach, Alexandrescu et al. [19]
proposed the factored neural language model (FNLM) to solve the
rare word problem. FNLM can make better use of morphemes,
word shape information, and other tags to represent words. FNLM
quickly became a popular research topic. Luong [20], Botha [21],
and Qui et al. [22], proposed different types of FNLMs for learn-
ing morpheme embedding representation. These models can make
better use of morphemic information by representing words as a
function of their own morpheme embeddings. Word embeddings
have become the most widely used mainstream method for natural
language semantic representation. Character-level NLM is another
research idea that has recently become popular. The inputs and out-
puts of these models are characters [23,24]. Character-level models
do not consider any morphological tagging or manual feature engi-
neering. The latest series of studies has shown that these models
performance is usually superior to that of word-level models [4,5].

CNNs [25] are useful in extracting information from raw signals.
They have been successfully used in computer vision research area.
In recent years, CNNs have been shown to be effective for various
NLP tasks. However, the architectures used for NLP applications
are different because they typically involve temporal rather than
spatial convolutions [4,5]. They consider the character-level text as
the raw signal, an applying temporal (one-dimensional) convolu-
tional networks to it. In the temporal convolutional module, the
main components are 1-D convolution layers [4]. Similar to zhang
[4], Prusa et al. [26] also proposed a character embedding to cre-
ate a more compact data representation, reducing training time and
memory requirements. The main shortcoming of character-level
Language Models which use of a vanilla convolutional network like
zhang [4] and Prusa [26] is the receptive field of each convolutional
layer is often small that the networkmust very deep in order to cap-
ture long-term dependencies in an in-put text. Thus, Kim et al. [5]
and Xiao et al. [27] proposed hybrid methods of convolutional and
recurrent networks.
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2.2. Quantum-Theoretic Approach to NLP

The NLP based on quantum theory is a new research idea that
differs from natural language distributional semantics representa-
tion. The above studies focused on word- or character-level distri-
butional semantic representation. It is very difficult to extend these
methods to the sentence level. Quantum states can conveniently
represent words and sentences. Aerts et al. [28] and Bruza et al. [29]
first attempted to use quantum theory as a mathematical basis for
semantic space models. Aerts proved that latent semantic analysis
(LSA) model [30] is essentially a series of Hilbert space formalisms.
Bruza confirmed that theHyperspaceAnalogue to Language (HAL)
model [31] also conforms to Hilbert space formalisms and designs
lexical operators through corpus co-occurrence counts. Grefen-
stette et al. [32] proposed a semantic combination model based on
a quantum theoretical context; however, this method does not uti-
lize the unique aspects of quantum theory. Blacoe et al. [33] used
quantum theory as a standard framework to implement a seman-
tically aware semantic space model that captures lexical meaning.
This method establishes density matrices by grammatical depen-
dencies, considers word ordering and utilizes important concepts
in quantum theory, such as superposition and entanglement (more
details see Section 4).

3. PRELIMINARY

3.1. Quantum Semantic Space Model

In quantum mechanics, the state of the system can be represented
by a complex vector, described by the ket-bra symbol, recorded as
|a⟩ called ket vector. The ket vector is a column vector, and the row
vector is written in the form of ⟨⋅| , which is called a bra vector. The
𝛼† is called the adjoint of𝛼 and there is a special kind of linear oper-
ator which called the Hermitian that satisfies 𝜉† = 𝜉. It is a coun-
terparts of the real numbers in operators. In quantum mechanics,
allmeaningful dynamical variables in quantumphysical systems are
represented by Hermitian operators called observables. For an Her-
mitian operator (an observable) 𝜁, there is a set of kets (or states)
that satisfies Equation (1)

𝜉 |x⟩ = 𝜆 |x⟩ (1)

with 𝜆 ∈ ℝ and |x⟩ ≠ 0. The ket |x⟩ is the eigenstate of 𝜉 and 𝜆 is the
eigenvalue of 𝜉. Eigenvalues can be either discrete or continuous,
and the norm of the corresponding eigenstate is equal to one.

There is a class of operators which defined as Equation (2) that pre-
serve the norm of kets.

||p′⟩ = U |p⟩ (2)

where ⟨p′|p′⟩ = ⟨p|p⟩ and U is called unitary operator which is an
operator with the property

U †U = UU † = I

where I is the identity operator and I|x⟩ = |x⟩.
A quantum mechanical system is linear. That is, if |x1⟩ and |x2⟩
are both physical states allowed by a particular quantum system,
a superposition of them ||x′⟩ = c1 |x1⟩ + c2 |x2⟩ with c1, c2 ∈ ℂ
being complex numbers. A quantum state such as |x⟩, which can

be directly described by a ket, is called a pure state, and a quantum
state composed of different pure states according to statistical prob-
ability is called a mixed state. The mixed state is represented by the
density matrix which defined as Equation (3)

𝜌 = ∑
i
pi |xi⟩ ⟨xi| (3)

where pi indicates the probability that the quantum system is in
pure state |xi⟩, which is non-negative and does not need to satisfy
∑i pi = 1. The densitymatrix is self-adjoint, semi-positive (positive
semi-definite), and its trace is one.

3.2. Convolutional Neural Network

3.2.1. The basic components

The basic components of CNN consist of three types of layers,
namely convolutional, pooling, and fully-connected layers. The
convolutional layer which is composed of several convolution
kernels aims to learn feature representations of the inputs. The con-
volution kernel of convolutional layer which is used to compute dif-
ferent feature maps is shared by all spatial locations of the input to
generate each feature map. The complete feature maps are obtained
by using several different kernels. Mathematically, the feature value
at location

(
i, j
)

in the kth feature map of lth layer, zli,j,k, is calcu-
lated by Equation (4).

zli,j,k = wlT
k x

l
i,j + blk (4)

wherewl
k and blk are the weight vector and bias term of the kth filter

of the lth layer respectively, and xl
i,j, j is the input patch centered at

location
(
i, j
)
of the lth layer. In order to enable the multi-layer net-

work to have the ability to detect nonlinear features, the nonlinear
function is introduced into the CNN through the activation func-
tion. Let a (⋅) denote the nonlinear activation function. The activa-
tion value ali,j,k of convolutional feature zli,j,k can be computed as
Equation (5).

ali,j,k = a
(
zli,j,k

)
(5)

Typical activation functions are sigmoid, tanh and ReLU [34].

The pooling layer which is usually placed between two convolu-
tional layers aims to achieve shift-invariance by reducing the res-
olution of the feature maps. Let p (⋅) denote the pooling function.
The pooling value yli,j,k for each feature map al

∶,∶,k can be computed
as Equation (6)

yli,j,k = p
(
alm,n,k

)
, ∀ (m, n) ∈ ij (6)

whereij is a local neighborhood around location
(
i, j
)
. The typical

pooling operations are average pooling and max pooling [34].

After several convolutional and pooling layers, there may be one or
more fully-connected layers which aim to perform high-level rea-
soning. Let 𝜽 denote all the parameters of a CNN. The optimum
parameters for a specific task can be obtained by minimizing an
appropriate loss function defined on that task. Suppose there are N
desired input-output relations {

(
x(n), y(n)

)
; n ∈ [1,⋯ ,N]}, where
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x(n) is the n-th input data, y(n) is its corresponding target label and
o(n) is the output of CNN. The loss of CNN can be calculated as
Equation (7).

ℒ = 1
N

N

∑
n=1

𝓁
(
𝜃; y(n), o(n)

)
(7)

Training CNN is a problem of global optimization. By minimiz-
ing the loss function, we can find the best fitting set of parameters.
Stochastic gradient descent is a common solution for optimizing
CNN network [34].

3.2.2. CNN for NLP

The architectures used for NLP applications are different from
the basic CNN because they typically involve temporal rather
than spatial convolutions [4,5]. Suppose there is a discrete input
function g (x) ∈ [1, l] → ℝ and a discrete kernel function
f (x) ∈ [1, k] → ℝ. According to Zhang [4], convolution h

(
y
)
∈

[1, [(l – k + 1) /d] ] → ℝ can be defined as Equation (8).

h
(
y
)
=

k

∑
x=1

f (x) ⋅ g
(
y ⋅ d – x + c

)
(8)

where c = k – d + 1 is an offset constant.

3.2.3. Network in network

NIN is a general network structure proposed by Lin et al. [35]. It
replaces the linear filter of the convolutional layer by a micro net-
work called mlpconv layer which makes it capable of approximat-
ingmore abstract representations of the latent concepts. The overall
structure of NIN is the stacking of mlpconv layer. The computation
performed by mlpconv layer is formulated as Equation (9):

ani,j,kn = max
(
wT
kn
an–1i,j,∶ + bkn , 0

)
(9)

where n ∈ [1,N], N is the number of layers in the mlpconv layer,
a0i,j∶ is equal to xi,j.

4. OUR MODEL

4.1. Semantic Space Model Inspired by
Quantum Theory

In quantum theory, the state of a physical system can be described
as superposed eigenstates, and the eigenstates are orthogonal. Any
state, including eigenstates, can be represented as a complex num-
ber vector. Assuming thatℂn is a finite-dimensional complex vector

space, then the column vector
→
𝜓 ∈ ℂn can be expressed as Equation

(10).

→
𝜓 =

⎛⎜⎜⎜⎝
𝜓1
𝜓2
⋮
𝜓n

⎞⎟⎟⎟⎠ = 𝜓1
→
v1 + 𝜓2

→
v2 +⋯+ 𝜓n

→
vn (10)

whereB = {
→
v1,

→
v2,⋯ ,→vn} is a basis vector of the vector space. The

corresponding state can be represented more conveniently using
bra-ket notation [36]. The corresponding column vector is called
ket and is denoted as |𝜓⟩, and the row vector is called bra and
denoted as ⟨𝜓|; ⟨𝜓| = |𝜓⟩† =

(
|𝜓⟩∗

)
. The superscript * indicates a

complex conjugate, and the superscript t is the transpose operator.

Definition 1. A language formulation representation L is a quan-
tum morphism operator:

L ∶ B → L

B is the basis vector, and L is the symbol in the lexicon. L = 𝜓 |l⟩,
and 𝜓 ∈ ℝ is the eigenvalue of L. For each lm, ln ∈ L and lm ≠ ln,
⟨lm | ln⟩ = 0. That is, all of the symbols in L are orthogonal to
one another. In other words, the states in L are pure states. In the
description of a quantum system, the quantum state used to rep-
resent natural language is the superposition of the eigenstates of
a particular alphabet’s eigenbasis. Therefore, the bra-ket notation
used to represent a natural language’s quantum state is shown in
Equation (11).

|𝜓⟩ ≡
→
𝜓 = ∑

n
𝜓n |vn⟩ (11)

In the equation, |vn⟩ is the eigenstate and represents a character
(letter). 𝜓n = ⟨vn | 𝜓⟩ represents mapping |𝜓⟩ into |vn⟩, and 𝜓n
denotes the probability amplitude. To facilitate the application of
quantum theory in natural language representation, the complex
number 𝜓n is written in polar form according to Eulers formula,
𝜓n = rnei𝜃. Then, Equation (11) can be expressed as Equation (12).

|𝜓⟩ = ∑
n
rnei𝜃n |vn⟩ (12)

where rn and 𝜃n represent the module and phase of the complex
coefficient, respectively.

Inspired by the literature [4], we used the “one-hot” complex code
C as the character table. Please refer to the character coding table
in Reference [12], which consists of 70 characters, including 26
English letters, 10 digits, 33 other characters, and the new line char-
acter. The non-space characters are

a b c d e f g h i j k l m n o p q r s t u v w x y z 0 1 2 3 4 5 6 7 8 9

- , ; . ! ? : ’ ’ ’/ | _ @ # $ % ˆ & * ‘ + - = < > ( ) [ ] { }

When representing a natural language, |vn⟩ represents a specific let-
ter, and |𝜓⟩ represents a word. 𝜓n is the eigenvalue of the corre-
sponding letter (the occurrence of letters in the corpus was used
in the present study). Taking the sentence “I like this movie very
much” as an example, the word “like” can be expressed as |like⟩ =
𝜓l |l⟩ + 𝜓i |i⟩ + 𝜓k |k⟩ + 𝜓e |e⟩. Further, to represent the phrase with
an intrinsic logical relationship, “very much”, or even this particular
sentence, it is necessary to introduce a unitary operator.

Definition 2. Unitary Operator: A bounded linear operator in
Hilbert space H, U ∶ H → H, is called a unitary operator. It satis-
fies U∗U = UU∗ = I, where U∗ is the adjoint of U and I ∶ H → H
is an identity operator. Unitary transformations are linear isomor-
phisms.
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The unitary operator U is shown in Equation (13).

U (t) = e–i
H′

ℏ t (13)

Here, H′ denotes the Hamiltonian matrix [37], ℏ is the Dirac con-
stant and t denotes the timing of the word occurrence, that is, the
specific position of a particular word in the language representa-
tion. According to the definition of a unitary operator, it has the
property of U† =

(
UT)∗ = U. Namely, a unitary operator is an

automorphism of the Hilbert space and can maintain the spatial
structure. Therefore, Equation (14) can be derived.

||𝜓U⟩ =
n

∑
m=1

U (tm) ei𝜃m |𝜓m⟩ =
n

∑
m=1

e
i
(
𝜃m–

Htm
ℏ

)
|𝜓m⟩ (14)

Here, 𝜓1, 𝜓2,⋯ , 𝜓n is a string of eigenstates (e.g., |like⟩), n is the
length of the string and tm is the timing of word m (the position of

m in the string). For example, |very much⟩ = ei
(
𝜃1–

5H
ℏ

)
|very⟩ +

ei
(
𝜃2–

6H
ℏ

)
|much⟩.

Proof. ||𝜓U⟩ =
n
∑
m=1

e
i
(
𝜃m–

Htm
ℏ

)
|𝜓m⟩

For ||𝜓U⟩ =
n
∑
m=1

U (tm) ei𝜃m |𝜓m⟩

=
n
∑
m=1

e–i
H′

ℏ tmei𝜃m |𝜓m⟩

,

and aHamiltonianmatrix,H, the sum (and any linear combination)
of two Hamiltonian matrices is also Hamiltonian.

So, ||𝜓U⟩ =
n
∑
m=1

e–i
H
ℏ tme–i

H′

ℏ tmei𝜃m |𝜓m⟩

=
n
∑
m=1

e
i
(
𝜃m–

Htm
ℏ

)
|𝜓m⟩

In quantum mechanics, if the state of a system is certain, it is called
a pure state. A pure state is a quantum state that can be directly
described by a state vector |𝜓⟩. The quantum state formed by sev-
eral pure states according to statistical probabilities is called amixed
state and can be described by the density operator. The density
matrix is a self-adjoint, and the positive semi-definite operator has
a trace of one, as shown in Equation (15) [38].

̂𝜌 = ∑
N
PN |𝜓N⟩ ⟨𝜓N| (15)

Equation (15) shows that the probability that a quantum system is in
the pure state of |𝜓1⟩ is P1, that the probability of being in the pure
state of |𝜓2⟩ is P2 and that the probability of being in the pure state
of |𝜓N⟩ is PN. In this paper, PN is tf-idf . Here, 𝜓2 are not necessarily
orthogonal to one another and do not need to satisfy∑i pi = 1.

Combining Equations (14) and (15) gives Equation (16)

̂𝜌 = ∑N PN |𝜓N⟩ ⟨𝜓N|

= ∑N PN

(
n
∑
m=1

e
i
(
𝜃m–

Htm
ℏ

)
|vm⟩

)
N

(
n
∑
m=1

e
i
(
𝜃m–

Htm
ℏ

)
⟨vm|

)
N

= ∑N PN

(
n
∑
m=1

e
i
(
𝜃m–

Htm
ℏ

)
|vm⟩ ⟨vm|

)
N

(16)

In natural language representation, static text strings can be imple-
mented using Equation (11). However, when processing a dynamic
text stream, the semantics of the same word, phrase or sentence
in different contexts can be different. Therefore, it is necessary to
introduce the concept of a mixed state. For example, the statement
“I like this song very much” in a static text can be described using
the equation

|I like this song verymuch⟩
= 𝜓1 |I⟩ + 𝜓2 |like⟩ +,⋯ ,+𝜓5 |verymuch⟩

Aset of text symbols {I, like, this, song, very,much} in a dynamic text
stream can be described as

̂𝜌{I like this song very much} = P1 |𝜓I⟩ ⟨𝜓I| + Plike |𝜓like⟩ ⟨𝜓like|
+,⋯ ,+ Pverymuch ||𝜓very much⟩ ⟨𝜓very much||

Here, ||𝜓very much⟩ = ei
(
𝜃1–

5H
ℏ

)
|very⟩ + ei

(
𝜃2–

6H
ℏ

)
|much⟩ can be

derived from Equation (14). We assume that {|𝜓n⟩} is a set of
orthonormal bases that correspond to the elements℘ij of the den-
sity matrix℘ of the density operator, as shown in Equation (17).

℘ij = ∑
n
Pn ⟨vi | 𝜓n⟩ ⟨𝜓n | vj⟩ (17)

4.2. Character-Level CNN Language Model
Based on Quantum Mechanical

However, in the present study, the input data are density operators,
and the potential connections among the data are fully considered
in this type of representation. Compared with traditional text rep-
resentation methods, this type of input data can be processed in a
more intuitive manner that is more similar to processing pictures.
Therefore, themain component of the CNNmodel that we adopted
is the spatial convolutional module. The model structure is shown
in Figure 1. The input is the density operator that represented text
using the quantum semantic space model.

Let C be the vocabulary of characters, and let d be the dimension of
character embeddings. Then, the inputtedmatrix character embed-
dings ℘ ∈ ℂd×|c| are used as the density matrix of the character
embeddings, where d = c = 70; that is, its size is related to only the
dimension of the character embeddings. In the model architecture
in this work, the convolutional layer uses a narrow convolution of
widthW and heightH. Let f denote the featuremap produced by the
convolutional layer, which can be described as a three-dimensional
W ∗H ∗ N array, where N represents the number of filters.

To enhance the discrimination ability of the local receptive fields,
the NIN model [35] was introduced into the model used in the
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Figure 1 An example of a character-level convolutional neural
network (CNN) language model with a two-layer network-in-
network (NIN) structure. The input layer is a density operator.
The convolution operation was conducted on two layers of
mlpconv to obtain feature combinations that represented abstract
concepts. Feature combinations went through GAP and were then
input into the softmax layer for classification.

present study. Its structure is shown in Figure 1. In a traditional
CNN, a series of over-complete filters can be used to extract various
potential features. However, this process requires too many param-
eters. Because the high-level features of the CNN are obtained by
combining lower-level features, in NIN, the traditional generalized
linear model (GLM) filter (mlpconv) in each local receptive field
was replaced by a multi-layer perceptron (MLP) to generate con-
cepts that are more abstract before combining low-level features
into high-level features. By contrast, the last layer of a traditional
CNN is a fully connected layer with many parameters and is prone
to overfitting. Therefore, in the NIN, the last mlpconv layer outputs
the spatial average of the feature map directly into the next layer for
classification using global average pooling (GAP).

The layer structure of mlpconv is shown in Figure 1. It is essentially
a general nonlinear function approximator. Thus, the a priori distri-
bution of the potential concepts might not be required but could be
obtained through local feature extraction using the universal func-
tion approximator. In this way, a more abstract conceptual repre-
sentation can be achieved. The mlpconv can be trained using the
entire network and backpropagation.

The calculation performed by the mlpconv layer is shown as
follows:

f 1i,j,k1 = max
(
𝜔1k1

Txi, j + bk1 , 0
)

⋮
f ni,j,k n = max

(
𝜔n
kn

Tf n–1i,j + bkn , 0
)

where n is the number of layers in the multilayer perceptron and f
is the activation function of the multilayer perceptron.

Unlike the traditional fully connected layer, in GAP, each feature
map is globally pooled to generate an output. This pooling can
greatly reduce the number of network parameters and avoid over-
fitting. In addition, each feature map is equivalent to an output fea-
ture, and this feature characterizes the output class. GAP can replace
the fully connected layer because after passing through the mlp-
conv layer, each feature map represents high-level information that

can be used for classification, detection or other tasks. Algorithm 1
shows the procedure of training the model.

Algorithm 1: Pseudo code for the training process.
1: procedure trainmodel(dataset, maxepoch, batchsize) Input:
dataset is the PTB dataset we use to train and test the model;
maxepoch is themax number of epoch; batchsize is the size of mini-
batch.
2: model parameters← randomly initialized
3: for epoch ∈ 1, 2, 3, ...,maxepoch do
4: forminibatch ∈ dataset do
5: Compute Loss
6: Compute Gradient
7: Update Parameters
8: end for
9: end for
10: end procedure

5. EXPERIMENTS

5.1. Dataset

For comparison with existing works [5,12,13,23,39–42], We con-
duct hyperparameter search, model introspection, and ablation
studies on the English PTB. The PTB dataset is a large anno-
tated corpus, which consists of 929k training words, 73k vali-
dation words, and 82k test words was used as the experimental
corpus in the present study. This corpus has been annotated for
part-of-speech (POS) information. Over half of it has been anno-
tated for skeletal syntactic structure [43].

The top 10,000 most frequently used words were used to build the
vocabulary, and the remaining words were treated as unknown and
mapped to the <unk> token. Because the original Penn Treebank
tag set does not contain some of the symbols used in this paper (e.g.,
Number sign, Dollar sign, Percent sign, and Ampersand), these
symbols are added to the symbol tag.

5.2. Methodology

All of the parameters of the model were trained using the training
set. The performance of themodel was evaluated using the standard
(per-word) perplexity measure in the test set.

Experiments were conducted on a PC with Intel Core i7, 32 GB
of RAM, and a NVIDIAGTX1080Ti GPU running Ubuntu 18.04.3
LTS. Networks were constructed using tensorflow-gpu-1.10.0 with
NVIDIA CUDA 9.0 and the NVIDIA CuDNN 7.1 library. In order
to create superpositions of states, unitary operator and mixed state,
We used: Quantum Toolbox in Python(QuTiP) [44].

5.3. Optimization

Themodels are trained by backpropagation through time.We back-
propagate for 35 time steps using stochastic gradient descent with a
fixed momentum of 0.9, where the learning rate is initially set to 1.0
and is halved if the perplexity does not decrease by more than 1.0
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on the validation set after an epoch. The network is trained using
mini-batches of size 128. The training process starts from the initial
weights and learning rates, and it continues until there is no further
improvement in accuracy on the training set; then, the learning rate
is decreased by a factor of 10. This procedure is repeated once, so the
final learning rate is one percent of the initial value. The parameters
of the model are randomly initialized over a uniform distribution
with support [0.05, 0.05]. As a regulariser, dropout with probabil-
ity 0.5 is applied to the outputs of all layers except the last mlpconv
layer. All of the networks used in the experiment section use GAP
instead of fully connected layers at the top of the network, and the
resulting vector is fed directly into the softmax layer.

5.4. Results

The hyperparameters of the model is summarized in Table 1. The
networks we used in the experiment consist of three stacked mlp-
conv layers, and the mlpconv layers are followed by a spatial max
pooling layer that down-samples the inputs.

Table 2 shows the comparison results of our model with states of
the arts. Comparing with other models, the PPL of our model is
slightly higher than LSTM-Char-Large and LSTM-2 [5,23]. How-
ever, the number of parameters in our model is around 6 million,
which is significantly less than LSTM-Char-Large and LSTM-2. For
the model with smaller size of parameters (e.g., KN-5), its PPL is
78% higher than our model. The main reasons are: (1) our QLM-
based model is able to embedding not only a single word, but a
sentence. Therefore, our model does not need additional filters to
abstract the concept, and hence significantly reduces the number
of parameters. (2) we add a NIN architecture to directly output the
spatial average of the feature maps from the last mlpconv layer as
the confidence of categories via a GAP layer. The resulting vector is
fed into the softmax layer before final output.

5.5. Discussion

5.5.1. Quantum semantic coding analysis

Currently, CNNs in NLP generally use word vector encoding, and
the data generated have their own fixed internal order, such as a

Table 1 Hyperparameter of the character-level CNN language model.
Here, d represents the dimensionality of the character embeddings, w is
the filter size and w=filter heights=filter widths. Additionally, s is the
number of filters in each size, h is the number of MLP layers per mlpconv
layer and i and o are the number of neurons in each of the two MLP layers.
Here, l represents the number of neurons in the last MLP layer, and f
represents nonlinearity functions.

d 70

wconv1 5
w wconv1 5

wconv1 3
s 192

mlpconv h 2
i 192
o 192
l 10
f Relu

Notes. CNN = convolutional neural network; MLP = multi-layer perceptron.

Table 2 Comparison between the model proposed and other language
models in terms of their performance on the English-language PTB test
set. PPL stands for the perplexity and size refers to the approximate
number of parameters in the model [5].

Model PPL Size

CNN-MLPconv 79.1 6 m
LSTM-Char-Small 92.3 5 m
LSTM-Char-Large 78.9 19 m
KN-5 141.2 2 m
RNN 124.7 6 m
RNN-LDA 113.7 7 m
genCNN 116.4 8 m
FOFE-FNNLM 108.0 6 m
DeepRNN 107.5 6 m
Sum-Prod Net 100.0 5 m
LSTM-1 82.7 20 m
LSTM-2 78.4 52 m

Notes. CNN = convolutional neural network; PTB = Penn Treebank.

matrix that represents a sentence, with each row of the matrix rep-
resenting a word [14,15]. Even in the latest character-level study
[5], texts are stitched together in the order of the words. Given that
approach, the convolution window should have the same width as
the input matrix. In the present study, density operators are used
as the CNN input, and the matrix is no longer a sequence of words
but a representation of an uncertain state. At the same time, this
approach solves the problem of an indefinite text length. To analyze
whether it is better to use image-processing methods to process the
density-operator text representation, we present the following two
comparative experiments for discussion.

• Comparison Experiment 1: Use the density operator as the
CNN input, set the convolution window width to be the same
as the width of the input, and use only one pair of convolution
and pooling layers [5].

• Comparison Experiment 2: Use word embedding as the CNN
input, and the convolution operation is the same as in
Section 4.2.

According to the results shown in Table 3, the following conclusions
and speculations can be drawn:

1. Combining density-operator representation with CNN-NIN
could achieve significantly better results;

2. When usingword vectors as the input, the CNN-NIN structure
did not bring significant improvements to the language model;
and

3. When using density-operator representation as the input, the
image processing settingworked better for theCNN filters, that
is, when using a filter width that differs from the input matrix’s
width.

5.5.2. Effects of the number of mlpconv and MLP
layers on the model

In this paper, ablation studies were applied to quantitatively ana-
lyze the role of the NIN network layer. We trained different mod-
els based on the settings listed in Table 4, and the results showed
that themodels that did not useNINperformed significantly worse.
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Table 3 The PPL results of the proposed model and the two comparative
experiments on PTB. The model used in the first comparative experiment
was a CNN that used a density-operator input and filters of the same
width as the input. The model in the second comparative experiment used
word-embedding input and CNN–NIN.

Model PPL

Density Operator+CNN-non-static[5] 86.3
Word Vectors[5]+CNN–NIN 99.5
Density Operator+CNN–NIN 79.1
Notes. CNN = convolutional neural network; NIN = network-in-network; PTB = Penn
Treebank.

Table 4 Effects of layer settings of the NIN, mlpconv and MLP on the
model.

WithoutNIN 10NIN+2MLP 3NIN+10MLP

filter - conv1
–3

conv4
–8

conv9
–10

conv1 conv2 conv3

filtersize 3, 4, 5 8 5 3 8 5 3
filters 100, 100, 100 92 192 192 92 192 192
mlp layers - 2 2 2 10 10 10
nodes - 192 92 92(10) 192 92 92(10)
PPL 98.1 78.9 79.5

Notes. MLP = multi-layer perceptron; NIN = network-in-network.

We speculated that the NIN network structure was a good fit for
optimizing the CNN that used density-operator inputs. It derived
more abstract concepts from the density operator through the non-
linear structure of the MLP and enhanced the models generaliza-
tion ability. Additionally, we trained another model that used the
same number of layers as that of the NIN, solely to verify whether
the performance decline was due to decrease in model size that was
caused by not using the NIN. The results showed that this model
performed significantly worse than the NIN network did.

The NIN network structure used significantly fewer parameters
while achieving good performance; thus, it provided room for using
more network layers. Therefore, we trained two models with more
layers:

• 10 layers of mlpconv, and each mlpconv layer had two layers of
MLP, and

• 3 layers of mlpconv, and each mlpconv layer had 10 layers of
MLP.

The comparison results are shown inTable 4.Havingmoremlpconv
or MLP layers did not lead to significant changes in the model.

6. CONCLUSION

This article presents a new NLM whose input is a character-level
density operator. This model has fewer parameters but performs
better than do baseline models that use word or character embed-
dings. Analyzing the experimental results shows that the quantum
semantic space model can extract rich semantic and orthographic
features. Using a CNN in the NIN is an effective method of rep-
resentation learning. At present, most studies on NLP use words
as input and must consider the word order. Even if character-level
input is used, word-level analysis is still required after feature learn-

ing. In the present study, the input texts are first coded at the char-
acter level and then represented using the quantum semantic space
model, and the density operator represents an uncertain state of the
basic constituent units (characters). Therefore, a long text is repre-
sented by a mixed state and hence it can be integrated into a neural
network. Using more concepts (such as entanglement) of quantum
theory for text representation will be our next research step, as will
finding more applications of this model for NLP tasks such as pre-
diction or machine translation.
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