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Summary. 

 

Knowledge graph is an important tool for people to search and classify knowledge. It can solve 

comprehensive problems for people and provide a systematic cognitive structure. Therefore, this 

paper constructs a knowledge graph system including communication, reconnaissance, detection and 

interference domains. 

In the first question, this article obtains tags, attributes, and pairwise relationships in the fields 

of communication, reconnaissance, detection, and interference from the attached data, and realizes 

the visualization of knowledge graph tags and levels through the Neo4j graph database supported by 

JDK11. Then use the indicators in the information retrieval model to fuse multiple indicators into 

one value, and evaluate the label design according to the size of the value. 

   In the second question, this article proposes two principles for determining the relationship 

between labels to measure the similarity of labels. Then use the adjacency matrix notation to 

transform the problem into the shortest path problem. Next, the breadth-first search algorithm (BFS) 

is used to find the path, which quantifies the connection between the two tags in the knowledge 

graph. 

In the third question, this article sets the rank value of the node through the geometric sequence 

model, and calculates the distance between the nodes and the correlation coefficient from this, and 

then uses this as the standard to recommend the label. Then use crawler search to crawl in a 

relatively small range to get the knowledge item set. In the evaluation, this article mainly considers 

the comprehensive evaluation using feedback data including coverage rate, failure rate, scatter 

degree and Gini coefficient. 

In the fourth question, this article mainly considers the use of convolutional neural network 

algorithm to train and self-correct the parameters of the recommendation algorithm, including the 

rank value, the generalized value Dis between two points, etc. The training data is the feedback data 

in the third question. When a new knowledge item set appears to be added to the knowledge graph, 

firstly, the conditional random field (CRF) algorithm is used to extract the keywords and attributes 

of the knowledge, and the relationship between the knowledge item sets is determined through 

calculation of similarity and Chinese grammar analysis. Then the Prim algorithm is used to establish 

the new edge. 

Keywords:   Knowledge Graph, Information Retrieval,  

Convolutional Neural Network, BFS, Neo4j 
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1 Introduction
1.1 Background

In an era of information explosion, we often need knowledge of many disciplines to solve a
problem. How to acquire knowledge in various fields has become a big challenge. If we can obtain
information through a knowledge graph that contains the correlation between knowledge, we can
greatly improve our decision-making efficiency.

Under such circumstances, knowledge graph emerged.

1.2 Literature Review
There is a confusing situation, "an unforeseen race of developing new task specific graph

systems, query languages and data models, such as property graphs, key-value, wide column,
resource description framework"[1].

However, if the data grow and change in time, its necessary to improve the way to identify
patterns and semantics. For this reason we will present some related new work[2].

Sen Hu, Lei Zou and Jeffrey Xu Yu[1] put forward method based on graphing is proposed
to answer natural language questions, and their sentence structure depends on trees has more fault
tolerance rate[3].

Another topic in research is the technical optimization of the knowledge graph and database.
P. Zhao and J. Han address the graph query problem on large networks by decomposing shortest
paths around vertex neighbors as basic indexing unit.

At last, another way of optimization should be mentioned. In the context of GIS graph
databases [3] try to optimize the heuristic for shortest paths. At the same times we must notice that
their way will use increasing time if solve with complex and large graphs.

1.3 Restatement of the Problem
We are required to establish a knowledge graph system. The knowledge graph system should

be able to provide the related items as close as possible by inputting the keywords. In addition, the
system can decide which classifies the given information belongs to.

The following is our restatement of each small question:

1) Design the reasonable label for items of the knowledge graph system and complete at least
two kind of labels.

– Establish a mathematical model to evaluate the performance of our knowledge graph
system.

2) Give the rules to connect different knowledge items by using obtained labels.

3) Give the approach to generated the set of knowledge items under the restricted conditions.
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– Establish a mathematical model to evaluate the performance of our knowledge graph
system.

Give the evaluation criterion for the performance.

4) Give a mathematical model or algorithm so that the knowledge graph system is able to
continue to learn to improve the content or structure.

5) Give us a knowledge graph implemented with Neo4j and Python based on the given data.

2 Assumptions
1) The data from knowledge base will not change very fast over time.

2) The aspects covered in this knowledge graph only include communication, reconnaissance,
detection and interference.

3) Single arrow and double arrow can appear at the same time in this knowledge graph.

4) There will be local correlation between different dimensions of features.

5) Words that often apprear simultaneously in the same batch of documents of information are
semanticallt related.
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3 Notations
Symbols Description Unit

q parent label’s rank value -

rank0 firt-level label’s rank value -

Dis(i, j) narrowly defined distance between i and j -

D(i, j) generalized distance between i and j -

P correct rate -

R recall rate -

F weighted average of P and R -

G a simple undirected graph -

V vertex set of G -

E edge set of G -

W adjacency matrix -

k weight of each edge -

λ similarity -

f ( time j) upward convex function -

d(u0, v0) smallest weighted sum between two specified vertices -

O(∗) cost of * -

S growth scale -

cov coverage -

Gi Gini coefficient -

FR failure rate -

D dispersion degree -

FR failure rate -

4 Model
4.1 Overview - Knowledge Tree

Knowledge tree model:

In view of the hierarchical relationship of different knowledge in the knowledge graph, we
thought of using graph theory and the tree structure in the data structure to express the relationship
of the tags in the knowledge graph. The nodes in the tree represent the knowledge tags at all levels,
and the edges connecting the nodes in the tree represent the relationship between the knowledge
tags and the attributes of the tags. It is worth noting that the edges we use are directed edges, that
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is, the direction is from the parent node to the child node.

By analyzing the data given in the title, we found that its arrangement is a linear relationship
table obtained by traversing a knowledge tree (as shown in the figure) in a certain order. We first
bring the data in it into the knowledge tree structure we build to get a knowledge label map. We
found that there is a special situation in the picture-loop, for example: microwave communication
and wireless communication, as shown in the figure:

Figure 1: Part of knowledge tree

Figure 2: Ring in the tree

This shows that our graph structure cannot be simply regarded as a tree, so we decided to use
a combination of solid and dashed lines to describe the knowledge graph in more detail. That is,
the solid line represents the strong correlation in the relationship between father and son, and the
dashed line represents the poorer correlation in the relationship between brothers and even further
than the solid line.

After doing this work, we assign a rank value to each node, which will be related to the distance
and the correlation of the label node.

• Definition 1: (label size and level description-rank value) Labels of the same level have the
same rank value, and the child label is a multiple of the parent labels rank value q, where
q is a fixed value and q < 1. We also need to set the highest value separately. The rank
value of the first-level label is rank0, which is similar to the domino definition method in
mathematical induction. The recurrence relation of rank value is as follows:
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rankn+1 = q · rank (1)

Next, we use a defined rank value to describe the distance between nodes, and we divide it
into a narrow distance and a generalized distance.

• Definition 2: (Narrowly defined distance) The narrowly defined distance between any two
nodes is the minimum weighted distance from one node to another. The calculated value of
the distance between each connected node is the absolute value of the rank difference.

Dis(i, j) = |ranki − rankj| (2)

(Generalized distance) The generalized distance refers to the weighted average of the narrow
distance and the distance of all other nodes that contain the same key. The mathematical
formula is as follows:

D(i, j) =

Dis(i̇, j) + ranki · 1∑mi
x=1

1
Dis(x,j)

+ rankj · 1∑mj
y=1

1
Dis(y,i)

1 + ranki + rankj
(3)

In this way, we have completed the construction of the knowledge tree model.

4.2 Sub-model 1: The Evaluation of Information Retrievals
The establishment of the knowledge graph system is to achieve this goal: input keywords and

other information, make similar recommendations, or determine which category it belongs to. In
the process of similarly recommending related items, the goal is to predict the knowledge content
that users may want to continue to search for next. We need to ensure that the recommendations
given are indeed the part of all tags that are most closely related to the input keywords. Therefore,
each tag should be assigned an evaluation index to measure its closeness to the input keywords.
When judging which category a given information belongs to, suppose we build the knowledge
graph system into a tree, then we should start from the root node of the tree and go all the way to
the leaf nodes, and output each node in the path in order.

After understanding the purpose of establishing the knowledge graph system, we discuss the
evaluation index of the knowledge graph system’s performance. When we determine the theme
of a tree (child nodes, e.g. communication), a set of tags can be extracted from our knowledge
graph system. This process should satisfy some constraints, including readability, relevance, and
conciseness.

Currently, there are two ways to evaluate the knowledge graph system:

• Manual evaluation. It is evaluated by experts in the field. The advantage of this method is
that it is highly maneuverable, but the disadvantage is that there are differences in cognition
between people, and words may have ambiguities.
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• Comparative evaluation. For the knowledge graph system under a certain topic that we
designed by ourselves, we can also input this topic on the authoritative academic website,
and extract the most likely "sub-nodes" synthesized by the big data of academic papers under
the topic. We consider the knowledge searched by both authoritative academic websites
and the knowledge graph we established is correct. The correct number is divided by the
total amount of knowledge we have obtained as the evaluation value. But the scope of such
consideration is not complete. We learn from the evaluation indicators in the information
retrieval model and can propose more rigorous evaluation methods.

But in fact, four situations may arise when evaluating multiple tags:

The correct label was extracted; the wrong (irrelevant) label was extracted; the correct label
was not extracted; the wrong (irrelevant) label was not extracted.

P =
correct extracted

extracted
(4)

R =
correct extracted

total
(5)

When P and R are closer to 1, the accuracy is higher.

Figure 3: Relevant and retrieved Figure 4: Recall and precision

An example: When we query Q, assuming that there should be 100 related documents, a
system returns 200 documents, 80 of which are really related documents, then R = 80/100 = 0.8,
P = 80/200 = 0.4. This means that the recall rate is relatively high, but the correct rate is relatively
low.

The indicators P and R measure two different aspects of the system. However, in specific
implementation, often only one indicator can be used, so the two indicators can be combined.

F =
(∂2 + 1)P ×R

∂2(P +R)
(6)

F is the weighted average of the recall rate R and the correct rate P .
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In order to facilitate the implementation of the optimization algorithm in the following text, we
first retain this parameter. For a set of label data d1, d2, ..., dn(n is the total number), the system’s
evaluation score F ,F ∈ (0, 1). The closer F is to 1, the better the performance of the system.

4.3 Sub-model 2: Connection between Labels
This model will use the obtained tags to give rules for connecting different knowledge

items.We use two principles to summarize the rules for connecting two labels.

The first principle is that we regard the knowledge map as a family genetic map, and the
two tags with closer relatives should be given higher priority when recommending. The nature
of relative distance is the shortest path problem between two specified vertices in the graph. In
the following discussion, we assume that G = (V,E) is a simple undirected graph, the vertex set
V = v1, v2, ..., vn, the edge set E = e1, e2, ..., en, Remember |V | = n, |E| = m.

In order to implement the algorithm on the computer, a data structure can be used to describe
the graph and the network, and the adjacency matrix notation can be used. Compared with the
sparse matrix notation, if the number of edges m is much smaller than n, it is easy to cause a waste
of space, but the number of edges in the knowledge graph we construct is large, so it is reasonable
to use the adjacency matrix notation. Let the adjacency matrix be written as W = {Wij}n×n,and
k represents the weight of each edge. When G is a weighted graph, wij = kij (when vi and vj have
edges) wij = 0 (when vi and vj have no edges). For the knowledge graph we designed, the farther
away from the root node, the farther away from the leaf node When it is close, the weight of the
edge should decrease accordingly.

Figure 5: Part of the knowledge graph

Lets use the label fixed allocation of max as an example. In our map, the output of its Cypher
search function is:

Obviously, from wireless communication to Multiple access technology, it may be directly
connected through technology, or transfer through two technology connections of link layer. When
querying output, we pursue simplicity, so we choose a shorter path, that is, we choose to directly
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Figure 6: Output of its Cypher search function

carry out the technology connection.

When discussing the relationship between mac layer and fixed allocation of MAC, we choose:

mac layer-<link layer-> Multiple access technology-> fixed allocation of MAC

,instead a longer path going through wireless communication.

The second principle is that when evaluating the similarity between two tags (a, b), the higher
their word similarity, the higher the priority of each tag when it is recommended. The similarity
of (SCPC, SCPC) is 1, and(SV Dprecoding,GMDprecoding) also has the keyword precoding,
which is not exactly the same, so the similarity is set to λi

There are some frequently used words in the industry. If such words appear in both labels,
the persuasiveness of improving the similarity measurement of these two words does not seem to
be that strong. Assuming that the number of times a word wordj appears in the entire knowledge
graph is timej , we can use an upward convex function f(timej) to correct it, and the function
here can be selected by the user. The revised similarity is divided into λi × f ( time j).

When comprehensively assessing the connection between the two labels, we should unify the
two principles. Assuming that the path with the smallest weighted sum between two specified
vertices u0, v0 in the weighted graph G is d(u0, v0), in the known initial and target states, we use
the breadth first search (BFS) algorithm, which is a traversal strategy for connected graphs.

Assuming that the graph has V vertices and E edges, the breadth-first search algorithm needs
to search for V nodes, so the cost here is O(V ). In the search process, the length of the queue
needs to be increased according to the edge, so O(E) needs to be consumed here. In general, the
efficiency is about O(V + E).

4.4 Sub-model 3: Knowledge Search and Performance Evaluation Model
From the definition and calculation of the knowledge tree model in the model overview, we can

come to this model because we use a geometric sequence when setting the rank value. Obviously,
a new sequence formed by the difference between the last term of the geometric sequence and the
previous term. The increase is quadratic, so that the distance parameter approximately obeys the
quadratic function distribution, so the distance value we set (no matter the distance in the narrow
sense or the distance in the general sense) increases with the increase of the label level, the growth
scale can be approximated as S (x2).
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Figure 7: The breath first search(BFS)

Figure 8: Similarity recommendation framework based on knowledge graph

Next, we make clear rules on the search method and scope:

The words searched by the user may appear in different levels. If the keywords are reorganized
to form a complete sub-item (which may be very detailed), then we recommend this sub-item first,
and then we recommend this sub-item. Secondly, we recommend a subtree rooted at this subitem
(only 4 levels are recommended downwards), and then start recommending 2 levels upwards
(the weighted distance can be used to calculate this range) (if there is no upward or downward, the
corresponding part is ignored).

Such recommendations are obviously detailed and reasonable. Assumption: among all the
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tags recommended in this way, there is a word (or a few) that appears very frequently in the tag, then
check the highest-level tag that contains this word, and compare it to the next-level tag. Recommend
to users together as implicit relevant knowledge.

In the recommendation process, if the user clarifies the category of knowledge (such as one
or more restrictions in technology, equipment, model, etc., the relationship between the tag we
recommend and its parent node must be the restricted category given).

After the tag recommendation, we will throw the next work to the crawler, because the tags
we recommend are already in line with the knowledge domain and depth of knowledge that users
want to understand to the maximum extent, so it is very easy to search using the recommended tags
next. It is easy to get satisfactory results, here we can directly use the pagerank algorithm adopted
by various search engines.

Figure 9: Robutness of the Knowledge Graph

Next, it is the evaluation model of the method performance of searching the knowledge item
set under restricted conditions.

The model consists of the following parts:

1) Coverage(cov)
Definition: The proportion of "commodities/categories" that can be recommended by the
recommendation system in the collection of "total products/categories". Assuming that the
user set of the system is U , the recommendation system recommends a list of items R(u) of
length N to each user, and the total items are N . So:

cov =

∑
R(u)

N
(7)

2) Gini coefficient(Gi)
The distribution reflected by the coverage rate is relatively limited. We can only know which
categories are covered and which ones are not. Which category accounts for more and which
category accounts for less? In order to describe the ability of the recommendation system
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to discover the long tail in more detail, we need to count the distribution of the number
of occurrences of different categories in the recommendation list and introduce the Gini
coefficient to evaluate.
Definition: The Lorenz curve is drawn after the statistics are sorted according to the viewing
times of the category from largest to smallest.
Taking the category distribution Gini coefficient as an example, to calculate the number of
times all categories have been viewed, data statistics need to be performed in units of days.

Figure 10: Gini coefficient based on Lorenz curve

Special note: the larger the Gini coefficient, the more uneven the distribution of all categories,
the smaller the coefficient, the more even the category distribution. We know that every
recommender system has its own categories, so the absolute average is not a good thing. The
head category accounts for a little more but not too outrageous. For example: If we have
100 categories, It is relatively good that the top 5 accounts for 30− 40%. Of course, it is not
very meaningful to just look at this data in absolute terms. It is more about monitoring this
indicator for a long time to see if there will be major changes.

3) Failure Rate(FR)
Definition: Indicates the proportion of data that the system does not recommend or is not
clicked by the user after the recommendation in the complete set.

FR =
S(0)

S
(8)

First, you need to define a time range to calculate the ones that are not recommended. Its
meaning is the proportion of data that is not actually perceived by the user in the end.
Unperceived includes content that has not been recommended and has not been clicked after
being recommended.

4) Dispersion degree(D)
Definition: Describe the degree of dispersion of the result data in the recommended results.
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D =
2

k(k − 1)

k∑
i ̸=j

0.85Dis((i,j)−1)∗sim(i,j) (9)

if i = j, then sim(i, j) = 1

else, sim(i, j) = 0
(10)

It needs to be explained here. First, after calculating the scatter of two items (different
positions), the overall scatter is obtained. The similarity function sim represents whether the
pairs are the same. If they are the same, it is 1, and if they are not similar, it is 0. Regarding
the influence of the distance between two contents on the degree of dispersion, it cannot be
a linear relationship, because as the positions of the two products appear larger and larger,
the users perception of the repeated products will gradually weaken (the closest position is
There are two similar contents that may be a bit repetitive, but it is generally acceptable if
there are two similar contents in a relatively distant location), generally there are about 4
contents on the dual-stream screen, 0.85(5−1) is about It is about 0.5, so if it is within 5, the
dispersion will be very low, but if it is> 5, the dispersion will not attenuate much. The closer
two similar items are, the greater the weight.

4.5 Sub-model 4: Feedback Learning Model
We build the adaptive learning and optimization of the knowledge graph system from the

following parts:

1) Use neural network to change some parameter values (rank, D, Dis, etc.) through user
feedback (implicit feedback mainly).

2) Extract keywords (tags) of the newly added knowledge system and establish new relationships
(incorporate into the original structure).

3) Re-associate, compare, and trade off the new relationship generated by the original node.

Next we will elaborate on the above three parts in detail.

• We use convolutional neural networks to train parameter values through user feedback values.
The specific model is a dynamic programming model based on a convolutional neural
network. First of all, our feedback data are the evaluation parameters in the model overview
and model 3, including:Coverage rate cov, Gini coefficient Gi, Failure rate FR, Dispersion
D. Second, our training parameters are mainly rank[] array, generalized distance D and
narrow distance Dis. The algorithm we use supports stochastic gradient descent and batch
gradient descent, the activation function supports sigmoid, the output layer is softmax, the
pooling core supports average, and the weight initialization uses the Xavier method. (See
appendix for python code)
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Figure 11: Convolutional Neural Network

• For the newly added knowledge system, we use data crawling to obtain, and then perform
data pre-filtering, and then use the CRF algorithm based on the NLP field to extract keywords
from the text information, and the unsupervised syntax analysis method is used to complete
the device relationship identification.
First, we define the degree of relevance:
Definition: (Relevance R) In the existing nodes, the correlation between two nodes.

R(x, y) =
D(x, y)

Dis(x, y)
(11)

For a new label, first calculate the correlation between the new node and the existing node,
and then normalize the distance to get the distance. The basic process is to traverse the
original node after pruning, using unsupervised grammar each time The analysis method is
processed again, and the result is normalized with the defined correlation. Then you can use
the obtained correlation value to calculate the distance The relationship is as follows:

D(x, y) = Dis(x, y) ·R(x, y) = |rankx − ranky| · R(x, y) (12)

Since ranky is known to us, we might as well set rankx definition as the geometric mean of
rank, because although there may be deviations, this is already the solution with the smallest
variance, and the convolutional neural network in 1 will train and correct the rank value. The
process of relationship recognition is to extensively associate new tags with existing tags, but
the knowledge graph formed by this is only a graph, and is not reduced to a tree. Therefore,
we will use the dotted line to connect the new label with the existing label and calculate a
correlation value through the above algorithm, and then determine several solid lines among
the many dotted lines so that the solid lines form a minimum spanning tree. Considering
that our graph is edge-dense, we use the Prim algorithm to create a minimum spanning tree
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for the reciprocal of the correlation degree, that is, the shortest path traversed by the Prim
algorithm is changed from a dotted line to a solid line.

Figure 12: Block diagram of Prim algorithm

• For the situation that the existing node has a new association or a generalized distance change,
the two endpoints of the changed edge are taken as the center, and the local Prim algorithm is
performed separately. If the Prim algorithm passes the dotted line, the dotted line is changed.
It is a solid line, and then change the original solid line to a dashed line.

5 Model Solution
5.1 Model 1 Solution

First we need to generate knowledge tree tags.The data in Data.csv is processed as follows:

• First convert the Excel format file into a comma-separated file format (.CSV file)

• Use the csv library function csv.reader() in python to read the converted .csv file
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• Call the Node() function to store the value of each column in the same node start_node,
relation,end_node

• Use jdk11 version of JAVA to be compatible with neo4j − 4.3.7 version, use py2neo’s
create() library function to generate nodes, use neo4j community version to draw
nodes and realize automatic generation of hierarchical relationships and visualization
operations.

For the five tags given, we use the Excel keyword search method to extract all the items in
the Data data that contain one of the keywords, and use the same method as the above to generate
a map to generate a map, that is, a sub-tag The tree structure is complete, and the remaining four
tags are completed by analogy.

Two of the label generation results are shown in the figure:

Figure 13: Local search Figure 14: Global search

Figure 15: Weak signal detection

Figure 16: Local search Figure 17: Global search

Figure 18: Communication under complex electromagnetic environment
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5.2 Model 2 Solution
Regarding the authoritative academic paper search website as the database and referring to

the evaluation indicators in the information retrieval model, we use the same two indicators R and
P to evaluate the accuracy and efficiency of the system respectively, and then combine the two
indicators in a weighted average To get the index F together, we give the formula of F . The closer
the score of F is to 1, the better the system.

5.3 Model 3 Solution
In the search process, we use the shortest path optimization algorithm that is Dijkstra’s

algorithm combined with heap optimization to calculate the similarity between nodes to achieve
the recommendation of similar node information.

Dijkstra algorithm can be simply understood as breadth first search (BFS) plus greedy algo-
rithm, because it starts from the source point and searches for the shortest point in the surroundings,
and then continues searching from the adjacent shortest point to the surroundings, and finally finds
out from The shortest path from the source point to the end point.

Our heap optimization greatly improves the efficiency of the algorithm, and the time complexity
is O(NlogN) (see the appendix for the source code)

The performance comparison is shown in the figure, the above is the ordinary Dijkstra algo-
rithm, and the following is our heap optimization:

Figure 19: Heap optimizationm

5.4 Model 4 Solution
We use a convolutional neural network that supports stochastic gradient descent and

batch gradient descent. In terms of parameter settings, the activation function we use is a typical
function model sigmoid, the output layer is softmax, the pooling core supports average, and the
weight initialization uses the Xavier method. (See appendix for specific code)

The training result of the Rank parameter is shown in the figure:

The vertical axis represents Loss, and the horizontal axis represents Batches. The effect is
relatively stable.

When generating a new relationship, we use the Prim algorithm to change the shortest path it
travels from a dotted line to a solid line.

The results are good. The test generation diagram is as follows:
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Figure 20: Training result of Rank parameter

Figure 21: Use Prim algorithm to test the generated graph

6 Evaluation of Modeling Results
• The knowledge tree model that we draw by code has the advantage of using images to directly

show the distance and logical relationship between knowledge nodes. Various functions can
be realized with the help of Neo4j. The disadvantage is that it is more restricted by the
platform and certain operations, which means not free enough.

• In the search and recommendation model, the advantage of this model is that it can output the
data set in a logical order. The disadvantage is that the user imposes less restrictions on the
scope of the item, and there is no option about the order relationship of the output content,
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such as character length sorting, initial letter sorting, etc. The commonly used methods are
not considered within the scope of this model.

• In the feedback learning model, the advantage is that it not only considers the influence
of the user’s subsequent choices, but also absorbs new knowledge, thus conforming to the
development of the times and science. The disadvantage is that it does not consider the
operating efficiency of the system, and may run slowly when processing large or complex
data.

7 Appendix
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Figure 22: BFS
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