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Abstract: This paper proposes an interpretable geometry solution based on the formal language set 

of text and diagram. Geometry problems are solved by machines, which still poses challenges in 

natural language processing and computer vision. Significant progress promotes existing methods 

in the extraction of geometric formal languages. However, the neglect of the graph structure 

information in the formal language and the lack of further refinement of the extracted language set 

can lead to the poor effect of the theorem prediction and affect the accuracy in problem solving. In 

this paper, the formal language graph is constructed by the extracted formal language set and used 

to theorem prediction by graph convolutional network. So as to better extract the relationship set of 

diagram elements, an improved diagram parser was proposed. The test results indicate that the 

improved method has good results in solving the problem with interpretability geometry. 

Keywords: interpretable solving; GCN; RetinaNet; formal language; diagram parsing 

 

1. Introduction 

Geometry problems are usually described by texts and diagram. The texts represent the known 

geometric information and the solving objective, while geometric diagram further supplement and 

formalize the relevant information. Geometry problem solver is asked to take the geometry problem 

as input and generate solving results. The solver understands the problem by transforming words 

and diagram into vector representation or formal language set. Then, through logical reasoning solve 

problem based on extracted information. Math word problem (MWP) solving task is similar with 

geometry problem and provides many approaches to consider. Wang et al. [1] use the recurrent 

neural network (RNN) model to transform MWP into equation formworks without sophisticated 

feature engineering, and use Seq2seq [2] training to maximize the conditional probability of the target 

solving sequenceuse. An equation normalization method called Ensemble [3] normalizes the 

duplicated equations with the uniqueness of expression tree and improves the accuracy of target 

solving sequence prediction. Many additional methods such as generating expression recursively 

with a goal-driven manner [4], combining knowledge graph to solve problems [5], contrastive 

learning approach [6], and though general tree to reduce predicted expression [7] etc. are used to 

improve problem solving ability. Comparing to MWP, geometry problem has an additional diagram 

which makes geometry problem solving more difficult. Now available approaches such as GeoS 

parse texts and graph into formal language sets [8], GeoQA [9] uses text encoder and diagram 

encoder and assists tasks and Inter-GPS [10] through theorems reasoning final results by formal 

language set. These techniques serve as a foundation for future research. 

Despite the promising results demonstrated by prior methods, there are still several issues that 

require attention and resolution: 1) The interpretability of geometry problem solving is not fully 

reflected. Similar to the human brain, unknown information is obtained by calculation or theorem 
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based on question description until the corresponding answer is solved. Existing methods rarely 

demonstrate reasoning processes similar to the human brain, resulting in insufficient interpretability 

of problem solving. 2) The relationship set obtained in formal language from the problem description 

is underutilized totally. Although the relationship set extracted by text and chart diagram analyzers 

parser helps with theorem prediction, the diagram structure present in the relationship set is 

neglected. Consequently, we posit that there is still potential for enhancing theorem prediction. 3) 

The current method for detecting geometry diagram symbols is susceptible to gradient 

disappearance or explosion, which results in a decrease in the fitting speed of the model and a 

reduction in the effectiveness of object detection. Additionally, the object detection model dataset is 

considerably distinct from that of the geometry diagram, leading to substandard transfer learning 

performance. 4) There is still scope for modified in the interpretability of available methods in solving 

problems. While some methods can provide interpretable solutions , they may not be able to identify 

the reason for errors once a solution is incorrect, thereby hindering further research. 

Consequently, we presents a framework for geometry problem solving with interpretablity. First, 

the text parser and diagram parser extract formal language set from problem description. text parser 

identifies geometric elements by regular matching to convert the problem text into text logic forms. 

For geometric diagram understanding, we utilize diagram parser by improved RetinaNet [11] which 

is efficiently improve the diagram parsing results. For better diagram feature extraction, two auxiliary 

tasks which fine-tune the DenseNet [12] model were designed. Then, the extracted formal language 

set is encoded by a graph convolutional neural network. The node representations of abstracted 

formal language set preserve the graph structure information within it. Finally, the node 

representations are used to predict theorems of reasoning process, and the solving result is obtained 

based on the predicted theorems and the extracted formal language set. The proposed framework 

facilitates future research by providing an interpretable problem solving procedure that can 

accurately identify the reason for errors if the solving fails. 

To sum up, our contribution has the following three points : 

• The text parser and diagram parser are proposed to extract formal language set from problem 

description. For text parsing, we use a rule-based text parser to convert the problem text into a 

text logical form and identify the graph elements in the text through regular expressions. For 

diagram parsing, we propose an enhanced RetinaNet for detecting diagram symbols. This 

improved method increases the accuracy of diagram symbol detection and the accuracy of 

diagram formal language set extraction. Moreover, it leads to a boost in the improved RetinaNet 

model fitting speed and a reduction of parameters. Two auxiliary tasks also designed to improve 

parsing procedure. 

• Using the extracted relationship set for theorem prediction. Through diagram framework in the 

relationship set, the formal language graph is constructed. We utilize graphic convolution neural 

network that encodes structural information in the relationship set. The node embedding of 

formal language set is used to predict theorems. 

• Explainable problem problem solving has been achieved by predicted theorems and formal 

language set. The problem solving procedure is in a step by step way to reason by theorems. In 

the experiment, our geometric solver achieves better results and we also formally show the 

interpretable solution process. 

2. Related Work 

2.1. Methods for Math Problem Solving 

Mathematical problem solving is mainly done in two regions: mathematical word problems 

(MWPs) and geometry problems. Compared with MWPs, geometric problems are ordinarily 

described by joint text and diagram, making the resolution of geometric problems more complicated. 

Designing an automatic solver for a long-standing mathematical word problem is a challenging 

task. The development of MWPs can be roughly divided into three periods. The first stage is rule-

based matching and manual definition of templates and rules. Bakman [13] shows a shift from an 
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ocular comprehending of word problems to a process of conscious control by developing an 

understanding of free-form multi-step arithmetic problems with additional information. Huang [14] 

aggregates problem information with the same template, aligning the numbers in MWPs to the 

template generated by the equation. Roy [15] proposed a framework for translating natural language 

descriptions of concepts into mathematical expressions. MWPs mainly use the strategies of semantic 

parsing, feature engineering, and statistical learning in the second stage. D. Goldwasser and D. Roth 

[16] no longer focus on traditional machine learning methods that focus on learning to provide 

information, but introduce a learning algorithm to explain the problems, getting feedback in the early 

task before starting learning. The third stage of the solver uses a deep-learning approach. Chiang [17] 

proposed a neural network method to automatically solve the MWPS according to the semantic 

operation symbols in the text. Huang [18] proposed for the combination of replication and contrast 

mechanisms into the sequence to sequence model solves the problem of generating pseudo numbers 

and generating pseudo numbers at the wrong positions. Although there are many MWPs methods, 

the current situation is not optimistic, the accuracy of many methods is not guaranteed, and there is 

much room for improvement in this field. 

Due to the structural diversity and layout complexity of geometric pictures, the solution of 

geometric problems is not explored. However, several large datasets for solving geometric problems 

have also been published in recent years. Chen et al. [9] proposed the GeoQA dataset, containing 

4998 different geometric problems in Chinese middle school examinations, which is solved by 

comprehensively analyzing multi-modal information and generating interpretability programs. 

Zhang [19] constructs a new large-scale geometric diagram dataset PGDP5K, proposes an improved 

instance segmentation method, and combines geometric features and prior knowledge to achieve 

relationship classification and analysis. Jian et al. [20], [21] use feature learning and contrastive 

learning to solve geometry problems. Lu [10] constructed a dataset Geometry3K consisting of 3002 

geometric problems and annotated with formal language. This geometric solution method utilizes 

formal language and symbolic reasoning, while also designing a theorem predictor to infer theorem 

applications, resulting in more reasonable and accurate solution results. However, the diagram 

parser has room for improvement in relation parsing, and the resulting formal language set has not 

been fully utilized. 

2.2. Graph Neural Network 

Graphs are being widely used as data information. Semantic description of entities and their 

relationships through diagrams, including well-defined types and attributes [22], and constructing a 

graph based on connections in the image, refining the representation of each region on the object 

through the graph structure [23]. Using GNN maximizes the preservation of graph structure 

information and attributes [24]. Kipf [25] proposed an effective variant of convolutional neural 

networks operating on graphs, known as GCN, which has achieved good results in tasks such as 

intelligent recommendation [26] and text classification [27]. 

In the field of solving mathematical problems, it is also widely used. Tsai et al. [7] transform the 

information into a certain vector space and embedded the information in the geometric domain to 

express the physical meaning of a formula parameter in the decoding process. Wu [5] utilizes graph 

attention networks and embeds background knowledge to model entities and relationships in the 

problem into entity graphs, thus proposing a new knowledge perception sequence to solve 

mathematical problems in tree networks. To our knowledge, there are not many ways to recode the 

extracted relationship set, and we believe this can increase the utilization of the relationship set [28]. 

Therefore, we use GCN-based feature extraction methods to encode the extracted formal language 

set, in order to facilitate solution improvement and preserve the structural information of the graph 

in the set. 

2.3. Methods for Diagram Processing 

In geometric problems, graph processing has two categories: feature learning and extracting 

relationship sets. Feature learning converts graph information into vectors and serves as input to 
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predict the solution result [9], [20]. Although the tedious feature engineering can be eliminated in 

diagram processing, the symbolic information in the image may be lost and lack of interpretability of 

feature learning results. In the second way, diagram parsing task is considered as relation set 

extraction with formal language description. Lu et al. [10] use Hough transform to extract geometry 

primitives then using deep learning method to identify diagram symbols. Zhang et al. proposed 

PGDPNet [19] using special scene graph generation and graph neural network to get better geometry 

diagram parsing results. Gan et al. [29], [30] identifies visualization primitives from the graph and 

obtain the relationships between them, and extract text entities and geometric relationships from the 

problem text using the S2 model matching method. However, the necessary information omitted in 

the question text is included in the figure. This is a complex relationship that cannot be expressed by 

traditional methods. 

Geometry relation extraction such as introducing a submodular optimization formulation and a 

greedy but accurate approximation procedure for diagram understanding [31], applying rule-based 

parsing method with regular expressions to perform text parsing and diagrams parsing based on 

feature encoding [10], which are all used distance and pre-defined rules. However, there is still room 

for improvement in extracting complex original relationships. Therefore, an automatic graph parser 

that can extract relationship sets by detecting different graph symbols without intervention has been 

proposed. 

3. Methodology 

In this section, interpretable geometry problem solver will be introduced in detail. Firstly, texts 

and diagram are processed by text parser and diagram parser. Processing results are relation set 

which is described by formal language. Following Inter-GPS [10], the rule-based text parser is used 

to extract relation set in texts. For diagram analyzing, the diagram parser is based on improved 

RetinaNet [11] with DenseNet feature learning and Hough Transformation [32]. The improved 

RetinaNet detects symbols and texts in the diagram. The detected results combine Hough 

Transformation to generate diagram relation set following [10]. For better diagram processing, two 

auxiliary tasks are used to fine-tuning pretrained DenseNet. Secondly, the extracted formal language 

set builds a formal language graph and is embedded by two-layer graph convolutional network. The 

embedding results are used for theorem prediction by Seq2Seq [33] network. Finally, the problem is 

solved interpretably by relation set and theorems. The overall structure of the model is as Figure 1 

shown. 

 

Figure 1. The general architecture of proposed construct. 
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3.1. Text Parser 

The text parser transforms the text description of the problem into a set of text relations through 

a rule-based method. The text relationship set is represented in regular language, including 

formalization of geometric shapes, unary geometric properties, other geometric attributes, binary 

geometric properties, and numerical attribute information. The geometric information rule 

representation used in this chapter is shown in Table 1. 

Table 1. Rule based geometric information representation 

Geometry Unary geometric 

attribute 

Other geometric 

attributes 

Binary geometric 

relationship 

Numeric Properties 

Point Isosceles AreaOf PointLiesOnLine HalfOf 

Line Equilateral PerimeterOf PointLiesOnCircle RatioOf 

Angle Reguar RadiusOf Parallel SumOf 

Triangle  DiameterOf Perpendicular AverageOf 

Quadrilateral  CircumferenceOf IsMidpointOf Add 

Polygon  AltitudeOf IsRadiusOf Mul 

Pentagon  HypotenuseOf IsChordOf Sub 

Circle  MeasureOf  Div 

Arc  LengthOf  Pow 

    Equals 

    Find 

The text parser transforms problem texts into text logic forms. Firstly, the regular expression 

used to identify diagram elements in the texts and use formal language to replace. For example, a 

string “triangle ABC” matches triangle and is replaced by “Triangle(A,B,C)”. Secondly, unary 

geometric attributes have been matched, such as a string “Triangle(A,B,C) is equilateral”. The 

equilateral is found and string is replaced by “Equilateral(Triangle(A,B,C))”. Thirdly, other geometry 

attributes have been found and replaced, such as a string “area of Triangle(A,B,C)” replaced by 

“AreaOf(Triangle(A,B,C))”. Fourthly, the binary geometry relations are recognized such as “Line(A,B) 

is perpendicular to Line(B,C)” replaced by “Perpendicular(Line(A,B), Line(B,C))”. Finally, match the 

numerical attributes and relations. For example, “Angle(A) and Angle(B) are complementary” can be 

transformed into: “Equals(SumOf(MeasureOf(Angle(A)),MeasureOf(Angle(B))),90)”. Figure 2 shows 

the case of text parser extracts formal language set of relations. 

 

Figure 2. Case of text parser extracts relations. 

Introduce the text parsing process in detail next. The model takes the extracted text features as 

input, if text contains the “Find” and is the last one, the analytical result is used as the target solution 

result, parses the text resolution form into a tree structure, and performs a depth-first search. As 

shown in Algorithm 1, input the extracted text features and output text formal language logic forms. 

  

In the figure, ∠ 1 = 110° and ∠ 3 
= 55°. Find the measure of ∠ 2 .

Text Parser

Equals(MeasureOf(Angle(1)),110)
Equals(MeasureOf(Angle(3)),55)

Find(MeasureOf(Angle(2)))
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Algorithm 1 : Parse text logic forms 

Input: Extracted text features stored in text_logic_forms_annot TA 

Output: Encoded text formal language logic forms TF 

1：Assign the text logic form to text_logic_forms  

2：for each text logic form： 

if debug_mode()：Outputs the text logic form 

if text contains the “Find” and is the last one：the analytical result is used as the 

target solution result 

else：text is parsed into res for DFS 

3：return TF 

3.2. Diagram Parser 

The graph parser is used to abstract formal language aggregation from diagram. Traditionally, 

the diagram is embedded by convolutional networks which need to make more layer of 

convolutional networks to get deeper representations and global information. The expansion of 

network layers, however, can render the network vulnerable to issues such as gradient disappearance 

or explosion, resulting in sluggish or even unfeasible network fitting. Therefore, we proposed 

improved RetinaNet by replacing backbone of RetinaNet using DenseNet [12] to embed diagram 

features. Comparing with ResNet [34], in different layers DenseNet also adds connections. The added 

connections alleviate the gradient disappearance and gradient explosion. Moreover, the improved 

RetinaNet has fewer parameters which makes diagram parser extracting speed faster. 

However, using a beforehand DenseNet pattern, which is exercised on real-life pictures, for 

geometric image feature extraction may result in poor performance due to the significant differences 

between the two types of images. To overcome this issue, we developed two auxiliary tasks, namely 

geometry prediction and puzzle restoration, to adjust slightly the DenseNet model for geometric 

image feature extraction, as illustrated in Figure 3. For the geometry prediction task, we established 

a direct connection between DenseNet and a multilayer perceptron classifier. The pattern was then 

trained to perform classifications with geometric shapes, for example, rectangle and round. 

Regarding the puzzle restoration task, the image is delimited in a 3x3 manner, with the intermediate 

image slice kept constant and the other eight slices placed randomly. We then trained DenseNet to 

predict the correct position. 
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Figure 3. Diagrammatic sketch of two auxiliary tasks. 

In [31], the problem of diagram understanding is revisited through a novel approach. Do 

primitive, corners initialization, and initialize mentions for graphs in geometric problems, iteratively 

add the primitives that maximize gain to recognize primitives and alignments preseted the chart and 

text. Use the Hough transform for a given graph during initialization primitive. However, the 

outcome of the Hough transform only provides message regarding the parametric representation of 

the primitive, and not regarding the zero and end points of the straight lines or circle 

Therefore, post-processing is necessary to determine endpoints. 

Consequently, based on the function of the Hough transform detecting the visual elements, we 

extracted the symbols and text areas in the geometric picture through the improved RetinaNet, and 

then the geometric elements (such as points, lines and circles in the picture) are extracted through the 

Hough transformation. Optical characters are then identified using the API to identify characters in 

the text area. After obtaining the element aggregation P and the symbol aggregation S, you require 

to associate the symbols with the relevant elements. Inspired by Lu et al. [10], this chapter uses an 

optimization algorithm to complete the association task, as shown in Equation(1): 

                           𝑚𝑖𝑛 ෍  ௦ dist ൫𝑠௜ , 𝑝௝൯ ൈ 𝟙 ቄ𝑠௜ assi gns to 𝑝௝ቅ
              s.t. ൫𝑠௜ , 𝑝௝൯ ∈  Feasibility set 𝐹, (1) 

which the 𝑑𝑖𝑠𝑡 equation determines the Euclidean distance among the sign 𝑠௜ and the element 𝑝௝; 𝐹 delimits the signs of geometric constraints, such as the vertical symbols that are only valid for 

two orthogonal lines. 

Next, detail the diagram resolution process. The model takes the stored diagram features as 

input, first defines the dots and lines in the chart, Sort each form in the diagram logic forms, and place 

the perpendicular condition to the last one, parsing the chart resolution form into a tree structure, 

and conducts depth-first search. As shown in Algorithm 2, input the stored graph features and output 

diagram formal language logic forms. 
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Algorithm 2 : Parse diagram logic forms 

Input: Extracted image features stored in diagram_logic_forms_annot DA 

Output: Encoded diagram formal language logic forms DF 

1：Set up the logical parser LP according to the debug_mode of the data storage address 

2：if  diagram_parser() then 

3：  Defines point in diagram_parser DP 

    Using the lambda(), the variable ch is defined as the points in the graph 

Travel the point in DP, the value of debug_mode is true, and output this point 

4：   Defines line in DP 

for the line segments Ls in the chart：Remove the header-tail space 

if Ls has a length of 2 and both the first and second ones are letters：The  

head-end letters are defined as Ls 

5：   Defines circle in DP 

for the points in the circle：Take points as a circle definition 

6：   Assign the graph logic form to logic_forms   

7：   Sort each form in DF, and place the perpendicular condition to the last one 

8：    for each logic form: 

if logic form(): 

   if debug_mode()：Outputs this logic form 

   try：parse the above forms to tree, DFS the parsing tree 

   except：output error 

9：  return DF 

3.3. GCN-based Theorem Predictor 

Graph convolutional networks (GCNs), the traditional convolution algorithm for processing 

graph structure data has been adapted to to handle the information of diagram structure. Upon 

observation, it has been determined that the relation set extracted from between the issue text and 

graph exhibit a graph structure. Following the approach presented in reference [25], we have 

employed a graph convolutional network to encode the relation set message into vectors. To begin, 

we define several constants, such as 90 and 180, among others. We then replace non-constant 

numbers with the term ‘NumX’, where X represents the ordering of the variables. The node number 

present in the formal language chart, denoted by |V|, which includes predicates, primitives, marks, 

and other relevant symbols. To construct the graph, we build undirected edges between predicates. 

In form, take into account a graph G =  (V, E) ,wherein E and V (|V |  =  n) are collects of edges 

and nodes, respectively. Let A represent the adjacency matrix of the chart, and it refers to the matrix 

used to indicate the connection of the nodes. For an undirected graph with N nodes, the adjacency 

matrix is a real symmetric matrix of N ∗  N. In addition, we introduce the degree matrix D of the 

chart which is used as a matric describing the degrees of each node in the graph, where the degree of 

the hybrid represents the number of edges attached to that node. Given one-hot embedding of each 

node 𝑥௜  in relation set, each node is embedded by 𝑥௜ = 𝑀𝑥௜ . Preset the feature matrix of formal 

language graph 𝑋 = (𝑥ଵ, … , 𝑥௡) , each is a feature vector of V. The GCN can only catch the nearest 

neighbor message via one layer of convolution. When GCN layers are stacked multiple times, the 

message regarding the larger neighborhood will be consolidated, consequently, we employ a two-

layer GCN to encode whole relation set diagram as below the Equation(2):                                                          𝑍 = GCN(𝑋, 𝐴) (2) 
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where 𝑍 = (𝑧ଵ, … , 𝑧௡) are the node embedding generating by GCN. Then, the embedding of the 

nodes can be used to predict theorems. 

Once the parsing is completed, the extracted aggregate includes all the necessary message. In 

order to streamline the problem-solving process and improve its accuracy, we utilize a typical 

Seq2Seq [33] framework to generate theorems. In the encoder section of the model, a bidirectional 

LSTM having two layers network is used to encode the node succession of the abstract formal 

language set. Every node inserting is generated using the GCN output. The theorem sequences are 

then generated by a single-layer Gate Recurrent Unit (GRU), based on the encoder outputs. 

Next, the geometric problem solving process is introduced in detail. The model takes the 

diagram parsing and text parsing results as input, initialization defines the theorem used in the 

solution process, first try to get the answer without using the theorem, success is return, otherwise 

continue. As shown in Algorithm 3, enter the diagram parse forms and text logic forms and output 

target. 

Algorithm 3 : Set up, initialize and run the logic solver 

Input: diagram_logic_forms DF and text_logic_forms TF 

Output: target problem solving T 

1：Initialization defines the theorem used in the solution process 

2：Search initialization： 

remove no-use points 

initialize the Ls 

find all the triangles, quads 

solve the relationship between angles, line segments, and arcs3 

3：Solutions algorithm： 

if round_or_step is false： 

try to get the answer before using theorems 

else： 

     check order_lst 

4：return target T 

3.4. Solving for the Interpretability Geometry Problem 

Figure 4 shows the flowchart of interpretable geometry problem solving. In the process of 

solving, the relationship set is used to update the Parser object. The Parser object contains all the 

information related to the problem solving, including known points, lines, circles, segment length 

and angles, etc. After updating the Parser object, we first try to search for the value of the solved 

target in the Parser object. If not, further reasoning is conducted through the theorem predicted by 

the graph convolutional neural network. When using theorem reasoning, the equality set Equation, 

which is an equation with unary or multivariate unknown variables. Connect the equality set 

Equation with all the information contained in the Parser object in order to try to solve the unknown 

variables within the equality set Equation. Finally, try to search whether to get the value of the solved 

target. If the search is successful, the problem is successful. Interpretability is reflected in the process 

of solving the problem. You can see the internal information of Parser objects in real time, as well as 

the Equation set generated after the use of the theorem. The solution process is shown in detail, and 

you can see which theorems make the solution of the unknown quantity successful. If the problem 

solution fails, we can locate the problem from the text relationship set, the picture relation set and the 

theorem, which is beneficial to the improvement of the geometric problem solver. 
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Figure 4. Flow chart of interpretable geometry problem solving. 

4. Experiment 

4.1. Experimental Setup and Implementation Details 

4.1.1. Experimental Setup 

To estimate the ability of graph element parsing and the problem-solving performance, we use 

the Geometry3K dataset proposed in Inter-GPS [10]. It includes 3,002 geometric problems annotated 

in a formal language, and 11 beforehand defined geometric signs. We removed the signs that 

appeared under 100 times during the course of the experiment. For geometric symbol detection, we 

used the defined six geometric symbols in Table 2. 

Table 2. Symbols with occurrence times more than 100 in Geometry3K 

 0 1 2 3 4 5 

Name Text Perpendicular Bar Parallel Angle Double bar 

Number 12365 1165 529 397 196 138 

We used mAP (mean Average Precision) to estimate the capability of the modified RetinaNet. 

The mAP is the average of the average accuracy across all symbolic classes. The calculation formula 

for AP and mAP is as follows, Equation (3) and (4): 

                                                𝐴𝑃 = න  ଵ
଴ 𝑃(𝑅)𝑑𝑅 (3) 

                                                  𝑚𝐴𝑃 = 1𝑛 ෍  ௡
௜ୀଵ 𝐴𝑃௜ (4) 

among, P represents accuracy, which expresses the proportion of forecasted active samples that are 

actually positive. R represents Recall, which expresses the proportion of actual active samples that 

are forecasted correctly. The variable n is the number of sign classes, which is 6. 
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To estimate the ability of our pattern on geometry problem solving, we select the alternative that 

is near to the output value and has a difference of under 1. If there is no option that satisfies this 

condition, we randomly select an alternative as the answer. At last, we survey the precision of the 

model’s answers. 

4.1.2. Implementation Details 

In the diagram parsing process, we implement the model suggested improvement through the 

Pytorch framework. DenseNet-121 is used as the backbone of graph analysis, and the method is fine-

tuned through two auxiliary tasks, where the maximum count of epoch is 50 and the batch size is 8.In 

symbol detection, the batch extent is interpose to 2, and the rest hyperparameters and internal settings 

are the same. Every node in the formal language diagram is inserted in a 256-dimensional vector to 

implement the prediction of the GCN theorem. The Seq2Seq model is trained by using a batch extent 

of 16, a maximum epoch of 100 and an Adam optimizer. We eliminated the random error by taking 

the average of the indicators and trained the model 5 times for each experiment. 

4.2. Experimental Results 

Figure 5 illustrates the tendency of loss change for the progressed algorithm and RetinaNet, 

which we measured in our research. Upon replacing the RetinaNet backbone network with 

DenseNet-121, we observed a rapidly decline in the reverse value, indicating a better fit. The follow 

decline rate existede relatively steady and steadied through 90 exercise epochs. Our findings support 

the effectiveness of replacing the backbone network and demonstrate an improvement in the 

detection model convergence speed and effectiveness. 

 

Figure 5. Curve of loss value change. 

To validate the capability of the progressed graph-resolved sign detection method, we compared 

SSD, RetinaNet, and our own model by the same dataset, resulting in experimental effects as in Table 

3. 

Table 3. Comparison of the results for mAP among the three methods. 

Method SSD RetinaNet Ours 

mAP(%) 76.46 79.56 83.83 

Our improved method achieved an mAP of 83.83%, which is a 7.37% improvement over SSD 

and a 4.27% improvement over RetinaNet. So that, the algorithm progressed in this text under the 

same dataset outperforms other algorithms in terms of mAP. This indicates that the improved graph 

parser has efficacious feature definition performance, and the subsequent two auxiliary tasks can 

effectively improve the detection ability of graph elements. 
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We evaluated the geometry problem-solving capability using the Geometry3K dataset, as shown 

in Table 4. We compared our proposed method with RelNet [35], FiLM-BART, Inter-GPS, and our 

progressed graph parser with GCN theorem predictor. The bolded scores indicate the highest 

performance, and the “‡” labels the outcome reported by Lu et al. [10]. Our pattern achieves excellent 

expression on various problem-solving goals. To solve the problem ratio and the goal of the difficult 

line, compared to Inter-GPS, our method improved performance by 8.3% and 3.7%, respectively. In 

addition, be similar to RelNet and FiLM-BART, our approach has achieved significant improvements. 

Table 4. Comparison results of different methods on Geometry3K 

 All Angle Length Area Ratio Line Triangle Quad Circle Other 

RelNet‡ 29.6 26.2 34.0 20.8 41.7 29.6 33.7 25.2 28.0 25.9 

FiLM-

BART‡ 
33.0 32.1 33.0 35.8 50.0 34.6 32.6 37.1 30.1 37.0 

Inter-

GPS‡ 
57.5 59.1 61.7 30.2 50.0 59.3 66.0 52.4 45.5 48.1 

Ours 56.1 61.2 57.0 32.1 58.3 63.0 62.2 48.3 47.6 44.4 

The performance of our model in solving geometric problems indicates the effectiveness of GCN 

theorem predictor and improved graph parser is proved. 

4.3. Interpretable Geometry Solution  

Next the procedure of solving geometric problem interpretably is demonstrated. Taking the 

example of geometry problem as shown in Figure 6, the steps of our model solving the problem are 

given in detail. 

 

Figure 6. Geometry topic display. 

The text and diagram are parsed by text parser and diagram parser. The parsing results are 

relation set descripted by formal language as shown in Figure 7. 
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Figure 7. Text-diagram formal language relation set. 

Integrate the text and diagram relation set to update Parser object. Parser object update by 

walking through every relation in the relation set. After that, the angle information and line segment 

information within the Parser object are shown in Figure 8. 

 

Figure 8. Parser object internal information display. 

After going through the internal information of the Parser object, the length of the line segment 

OX is not found which is solving target. The graph convolution network is used for coding and 

theorem prediction, the predicted theorem is cosine theorem. The equation set is generated through 

the cosine theorem, and then the OX length is 5 through the joint vertical equation, as shown in Figure 

9. The pattern yields the positive answer and has good interpretability. 
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Figure 9. Generating and solving equation sets. 

4.4. Typical Case Analyzing 

Comparing with conventional SSD, our model illustrates the results of graph aggregation 

symbol detection. Compared with the vertical symbols that cannot be detected in the first graph, the 

improved algorithm improves the detection accuracy of the system for smaller set symbols. At the 

same time, the detected symbols were misclassified due to the misidentification of short bars as 

double bars. In contrast, the errors of traditional SSD algorithms, the improved algorithm greatly 

progress the precision of sign detection and classification. 

  

  

（a）SSD （b）Improved 

Figure 10. Comparison of SSD and the improved algorithm on symbol detection. 

We showed two typical geometry problem solving cases in our task, as shown in Figure 11. By 

solving the analytical problem of interpretability and obtaining the correct results, the model shows 

the accuracy of graph geometric symbol detection and the correctness of theorem prediction. 

As shown in Figure 12, the symbol ‘A’ not shown in the figure is incorrectly identified, resulting 

the set of relationships error, so that the problem cannot be correctly inferred. This shows the problem 

of the geometry solver in the inference.Meanwhile, this highlights the fact that incorrect extraction of 

the relationship set can seriously affect the solution. 
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Figure 11. Case of getting right answer Figure 12. Case of getting error answer 

5. Conclusion 

In this paper, we solve the geometric solving problem of interpretability by GCN based theorem 

prediction and progressed sign detection of graph geometry. So as to better abstract the graph 

element features, we designed two deputy director Wu to fine-tune the graph symbol detector. 

Secondly, by transforming the extracted formal language set into a formal language graph, we fully 

utilize the structural message and train the nodes with two layers of GCN. The apply of graph 

convolutional networks in encoding every node in the relation set proved to be more efficacious. The 

accuracy of the predictions is improved by taking the embedding of the relational nodes as an input 

to the prediction. Meanwhile, the test results evidence the effectiveness of the measure and show 

good performance in the geometric solving problem of interpretability. For future work, we 

programme to explore methods for self-correcting the extracted relation set, as incorrect extraction 

can lead to contradictions and failure in problem solving. 
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