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Abstract. Machine reading comprehension is a classic issue artificial intelli-
gence. It is a key technology in the next generation search engine and intelligent
interactive service. The traditional methods usually work in a small scale of data
sets. The traditional system cannot meet the emerging demand. Deep learning
and cloud computation have ability to deal with the large scale data sets. In real
scene, the parameters affect the performance of machine reading comprehension
task. In this paper, we analyze how the parameters of deep neural network affect
the machine reading comprehension. The experiment results show that the per-
formance is only sensitive to a few parameters which should be key point for
engineers.
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1 Introduction

The rapid development of 5G and artificial intelligent technologies lead to the possibil-
ity of complex human-machine interaction in mobile real-time environment. The current
communication researches focus on improving some key performance, such as energy-
efficiency [1–3], spectral-efficiency [4–7], traffic flow optimization [8–11], and QoS
guarantee [12–15]. To meet the requirements of different services in a large number of
fields, some special optimization strategies are proposed [16–18]. The new strategies can
effectively improve the user experience [19–22] in the basis of user behavior analysis
[23, 24] and traffic prediction [25, 26]. However, for some special human-machine com-
munication services, the user experience is not like the traditional service that is affected
by only the effective capacity of links [27–30]. The cloud computation capacity, data
set quality, and interactive algorithm can also affect the end user experience [31]. With
limited computation capacity, the algorithm efficiency is important for user experience
improvement. And a lot of parameters might cause performance fluctuation [32–34].

In this paper, we investigate how the deep learning parameters affect the performance
on DUREADER that is an open-access Chinese machine reading comprehension data
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set. Compared with the previous MRC data set, DUREADER has the following char-
acteristics. 1) All questions and original texts are actual data collected from the Baidu
search engine data and Baidu community; 2) The data set contains both a large number
of right and wrong samples that were rarely studied before; 3) Each question corre-
sponds to multiple answers. As the largest Chinese MRC data at present, DUREADER
set contains 200K questions, 1000K original texts and 420k answers.

2 BiDAF Model

In the process of machine reading comprehension, we will give a question (q) and one or
more paragraphs (P) / document (d), and then use the machine to find the correct answer
(a) in the given paragraphs, that is, q+P or D= >A. machine reading comprehension is
one of the key tasks in natural language processing (NLP), which requires themachine to
have a deep understanding of the language to find the correct answer. We adopt paddle-
fluid as tools to implement the classic reading comprehension model – BiDAF [35] on
DUREADER [36].

The model diagram is shown in Fig. 1.

Fig. 1. The model diagram [35].

The model is a multi-layer process with six layers of network [35].

(1) Character embed layer: Mapping each word to vector space with character level
CNN.

(2) Word embed layer: Using the pre-trained word embedding model, each word is
mapped to a vector space. After embedding and splicing characters and words,
input them to a double-layer highway network, and the output is two d-Dimension
vectors [37]. Mark the output of the original as X ∈ Rd∗t , and the output of the
question as Q ∈ Rd∗t [35].
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(3) Context embed layer: Use context clues of surrounding words to refine the embed-
ding of words. The first three layers are applied to both the question and the
original.

(4) Attention flow layer: The question vector is coupled with the original vector, and
a set of feature vectors related to the question is generated for each word in the
original. The above three layers are mainly used to extract information of different
levels and granularity from text and query, and this layer is used to link and integrate
text and query information [38].

(5) Modeling layer: Use RNN to scan the entire text. The input of this layer of network
is the output G of attention flow layer (a text word representation of query aware).
The whole network can capture the relationship between text words based on the
query. This is different from the contextual embedding layer, which is not based on
queries to capture the relationship between text words.

(6) Output layer: Output answers corresponding to questions. The output layer is a
specific network structure. The BIDAF network allows you to modify the output
layer according to specific tasks, but keep other layer structures. So we set up a
specific output layer for QA tasks.

3 Experiment and Analysis

Through the experimental study of machine reading, the parameters (learning rate,
weight decay, hidden size, embedded size) in themodel are tested to see how the changes
of parameters affect the running results and performance (bleu-4, rouge-l) [39, 40]. First,
the following parameters are introduced:

(1) Learning rate: the size of learning rate. The type is float. The default value is 0.001.
(2) Weight decay: weight attenuation, type is float, default is 0.0001.
(3) Hidden_size: the size of running hidden units. The data type is int, and the default

is 300.
(4) Embed_size: the dimension of the embedded table. The data type is int, and the

default value is 300.

The following is the calculation formula and meaning of the result:
The full name of Bleu is bilingual evaluation understanding. The score range of Bleu

is 0–1. The closer the score is to 1, the higher the quality of translation. Bleu is mainly
based on precision. The following is the overall formula of Bleu [39]:

BLEU = BP × exp

(
N∑
n=1

Wn × logPn

)

BP =
{

1, lc > lr
exp

(
1 − lr

/
lc

)
, lc ≤ lr

(1)

Bleu needs to calculate the accuracy of translation 1-g, 2-g, …, n-gram. PN in the
formula refers to the accuracy of n-gram. Wn refers to the weight of n-gram, which is
generally set as uniform weight, that is, for any n, WN = 1/n [4]. BP is the penalty
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factor, if the length of the translation is less than the shortest reference translation, then
BP is less than 1. LC is the length of machine translation, LR is the shortest length of
reference translation sentence. Bleu’s 1-g accuracy indicates the degree of faithfulness of
the translation to the original, while other n-grams indicate the fluency of the translation.

The full name of the rouge indicator is “recall oriented under study for giving eval-
uation”, which is mainly based on the recall rate. Rouge is a commonly used evaluation
index of machine translation and abstracts of articles, which is proposed by Chin yew
Lin. Four Rouge methods are proposed in this paper [40]: 1) Rouge-n: calculate the
recall rate on n-gram. 2) Rouge-l: the longest common subsequence between machine
translation and reference translation is considered. 3) Rouge-w: improved rouge-l to
calculate the longest common subsequence by weighted method.

In this paper, we employ the rouge-l method. L in rouge-l refers to the longest
common subsequence (LCS). The calculation formula is as follows:

RLCS = LCS(C, S)

len(S)

PLCS = LCS(C, S)

len(C)

FLCS =
(
1 + β2

)
RLCSPLCS

RLCS + β2PLCS

(2)

RLCs in the formula represents the recall rate, while PLCs represents the accuracy
rate, and FLCs is the rouge-l. Generally, beta is set to a large number, so FLCs only
considers RLCs (recall rate) [5]. Note that if the beta is large, then f will pay more
attention to r than P. see the formula below. If the beta is large, then PLCs is negligible
[40].

1

FLCS
= 1(

1 + β2
)
PLCS

+ β2

(1 + β2)RLCS
(3)

Next is the test chart of the experimental parameters:
The experimental parameters are listed in Table 1, 2, 3 and Table 4.
The test result are shown in Fig. 2.
It can be seen from the figure that different parameter changes cause different levels

of fluctuation. It shows that the changes of learning_rate andWeight_decay cause a non-
monotonous fluctuation. Engineers should paymore attention to adjust these parameters.
And someparameters, such as hidean_size, does not cause acute performancefluctuation.
The developer noly need to avoid the worst point.
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Table 1. Learning_rate experimental parameters.

Learning_rate Bleu-4 Rouge-L

0.00022 0.301159816 0.335547702

0.000222 0.327446346 0.349522438

0.000223 0.310633997 0.343745255

0.000224 0.309503916 0.345074965

0.00022425 0.314377135 0.3490552

0.0002245 0.300811443 0.341126438

0.000225 0.299887976 0.346905289

0.00023 0.275785047 0.325982007

0.00024 0.305897563 0.338380032

0.00025 0.260849998 0.326924794

Table 2. Weight_decay experimental parameters.

Weightdecay Bleu-4 Rouge-L

0.0002 0.268626609 0.332181801

0.000225 0.254432416 0.332603854

0.00025 0.268450285 0.336462598

0.000275 0.301540809 0.355285356

0.0003 0.273552474 0.340523308

0.000325 0.253350986 0.333022634

0.00035 0.280247462 0.334507126

0.000375 0.272113977 0.337251798

0.0004 0.301491039 0.344305035

0.000425 0.318691688 0.355967577

0.00045 0.246738094 0.329907082

0.000475 0.285758484 0.346616667

0.0005 0.268979783 0.336884469
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Table 3. Hidden_size experimental parameters.

Hiddensize Bleu-4 Rouge-L

300 0.287737556 0.342004994

350 0.297440165 0.347887622

400 0.174288674 0.30164207

450 0.303693193 0.35553517

500 0.273745151 0.339456535

550 0.293851017 0.341371026

600 0.317234853 0.353995966

650 0.318028688 0.3578506

700 0.303053313 0.34409938

750 0.290282375 0.34627556

Table 4. Embed_size experimental parameters.

Embedsize Bleu-4 Rouge-L

300 0.274609626 0.343514817

350 0.275633768 0.342759499

400 0.268605629 0.338488701

450 0.27385542 0.336640192

500 0.308942148 0.351445457

550 0.247504463 0.332083785

600 0.250511795 0.320621626

650 0.276932374 0.339581689

700 0.309809729 0.349099037

750 0.298543118 0.346263549
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(c) Hidden_size

(d) Embed_size

(a)  Learning_rate 

(b) Weight_decay

Fig. 2. Parameters and performances.
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4 Conclusion

Through the experiments, it is found that the parameters used in machine reading affect
the accuracy and time efficiency in different way. For each parameter, we need to have
different adjust strategy. Some parameters cause periodical fluctuation, we only need to
adjust in a small interval. For the parameter that causes a flat performance change, we
only need to find the worst point and avoid it. The main work is to adjust the parameters
that cause irregular performance fluctuation.
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