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Abstract. Automated scoring for mathematical subjective responses remains
challenging due to the inherent complexity of integrating symbolic notations,
procedural reasoning, and natural language explanations. Traditional NLP ap-
proaches fail to capture domain-specific mathematical semantics and logical de-
pendencies between problem-solving steps. This study proposes a novel neural
architecture named BiLSTM-AM that synergizes Bi-LSTM with hierarchical at-
tention mechanisms to tackle pivotal challenges in the automated scoring of
mathematical subjective responses. The architecture effectively models the con-
junction of formulaic expressions and textual narratives through a dual-channel
embedding strategy, dynamically allocates weights to pivotal procedural ele-
ments using step-level attention, and automates the alignment of student-gener-
ated solutions with knowledge graphs constructed from expert solutions. Evalu-
ated on the dataset of 1120 elementary mathematics solutions, this paper achieves
90.52% scoring accuracy, outperforming state-of-the-art baselines by 8.17%. The
novelty of this research is underscored by its interpretable attention mechanisms,
which offer quantitative means to track the propagation of errors throughout the
steps of mathematical solutions. This study contributes to the field of Al-
enhanced educational evaluation by introducing a scalable and curriculum-sensi-
tive framework designed for the assessment of open-ended mathematics prob-
lems.
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1 Introduction

Automatic essay scoring systems (AES) have received much attention in the field of
educational technology due to their high efficiency in improving student assessment
efficiency and objectivity. A variety of technical means have been proposed and applied
in practice, those researchers have achieved many results in the field of AES study [1,
2]. Cao studied the adaptability of AES in different fields and improved the accuracy
and versatility of model evaluation [3]. Chen studied the PMAES model for cross-
prompt automatic essay scoring and solved the problem of different evaluation con-
sistency and accuracy in different situations [4]. The automatic scoring of solutions to
elementary mathematics problems remains challenging due to the diverse approaches
involved in deducing problem-solving strategies.

AES has seen successful implementation across multiple disciplines [5], but its
application to evaluating problem-solving skills in elementary mathematics remains
limited. Elementary mathematics problem solving involves a variety of logical reason-
ing, the study investigates automated scoring methods tailored specifically for elemen-
tary mathematics solutions. Refer.[6] fine-tunes pre-trained language models and inte-
grates regression and ranking techniques to improve the performance of automated es-
say scoring. Hendrycks utilizes the MATH dataset to measure mathematical problem-
solving abilities, providing a foundational framework for assessing students’ mathe-
matical competencies [7]. Refer.[8] explores an unsupervised automated essay scoring
method, demonstrating the feasibility of scoring without extensive labeled data. Those
study deepen our understanding of the elements and skills involved in mathematical
problem-solving and offer valuable insights for advancing research in the automated
assessment of elementary mathematics solutions.

Although AES are well-established in the domain of natural language processing
(NLP), their implementation for automated assessment of elementary mathematics
problem-solving continues to present persistent challenges [9-11]. A primary issue lies
in adaptability, models trained on general datasets often underperform in mathematics-
specific contexts due to the unique logical structure of mathematical problem-solving
[12-14]. The availability of comprehensive, diverse, and domain-specific datasets for
elementary mathematics problem-solving is still limited, which constrains the training
and performance optimization of automated scoring models [7]. Existing studies strug-
gle to extract critical details from mathematical problem-solving processes, such as
computational accuracy, logical coherence, and reasoning chains [15, 16]. These limi-
tations hinder the further improvement of accuracy and reliability in automated scoring
systems for elementary mathematics.

In this paper, a novel method named BiLSTM-AM that combines Bi-LSTM net-
works and attention mechanisms is presented for automated scoring of elementary
mathematics solutions. The method focuses on accurately capturing contextual infor-
mation and key features in mathematical answers to provide accurate and reliable scor-
ing results. The specific contributions of this research are as follows:

-This study takes advantage of Bi-LSTM to process sequence data, and uses an at-

tention mechanism to focus on key aspects of the problem-solving process to im-

prove performance in an elementary mathematics problem-solving assessment.
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-The BiLSTM-AM method of applying the AES system to elementary mathematics
problems, providing a new research direction for future elementary mathematics
problem solving assessment.

-This research has to some extent reduced the workload of teachers in marking and
improved the fairness and objectivity of marking.

Those investigation offer fresh perspectives and innovative methods to the field of
automated scoring, and establishes a robust base for creating more precise and flexible
solutions.

2 Related works

The research on Automatic Essay Scoring (AES) attracts much attention in the field of
educational assessment in recent years, providing more research directions for student
essay evaluation [17, 18]. This research promotes the development of unsupervised
AES models, which have improved AES research and the ability to score various essays
[8, 19]. This paper studies the current status of AES research, the application of the Bi-
LSTM model, and the evaluation of math problem-solving results.

Traditional AES is mainly used to evaluate the quality of essays, it is gradually
being extended to other application areas. LaVoie studies latent semantic analysis
(LSA) and gives some results on the evaluation of different types of questions using
automatic evaluation technology [12]. The Coh-Metrix model is used to automatically
score multilingual essays and study its accuracy in multilingual tests [13]. The devel-
opment and integration of multiple models and algorithms has made essay evaluation
no longer a problem.

AES has various potential development directions beyond essay evaluation, ex-
panding its applicability to broader educational assessments. Refer.[10] systematically
describes AES and summarizes the current research status and future development
trends in this field. Li researches the advantages and challenges of AES and proposes
future research directions for this model [20]. Those researches point out the potential
of AES to evaluate many aspects of learning.

Deep learning has contributed greatly to the development and application of AES.
Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM) networks
play an important role [21]. Liu proposes a model that combines Bi-LSTM and attention
mechanism for text classification, which can efficiently extract key information of text
data [22]. The classification model is studied by integrating the attention mechanism
on the basis of Bi-LSTM, and it is proposed that the attention mechanism has a strong
ability in extracting text-related information [23, 24]. Lu combines deep learning and
mathematical logic reasoning and proposes a model that can be applied to elementary
and secondary mathematical logic reasoning [25]. These studies provide many direc-
tions for conducting research on logical reasoning and evaluation of mathematical prob-
lems.

This paper investigates the problem of scoring mathematical problem solving
questions and extends the AES approach to the automatic assessment of mathematical
problem solving ability [26]. The introduction of the MATH dataset [7], which covers



problems from mathematics competitions such as AMC 10, AMC 12, and AIME, pro-
vides a sample basis for the research of mathematical logic reasoning evaluation mod-
els. These studies provide methods for evaluating logical reasoning in mathematical
problems. Refer.[15] investigates a method (MathScale) for the adaptation of mathe-
matical reasoning instruction, which constructs concept maps by extracting topics and
knowledge points from mathematical problems to generate new problems. Jie ap-
proaches mathematical word problems as complex relation extraction tasks and propose
a method for learning deductive reasoning [16]. These studies provide valuable meth-
odologies for logical inference in mathematical problem-solving. This paper proposes
a new approach to the assessment of elementary mathematical problem solving by ap-
plying these methods and models.

3 Methodology

3.1 Data Preprocessing and Standardization

Linearized Representation of Mathematical Symbols. This study develops rules for
liberalizing mathematical expressions based on LaTeX typesetting conventions. The
goal of these rules is to linearize two-dimensional mathematical symbols into text se-
quences while preserving semantics. For example, the symbol 4 is transformed into
"theta” and the symbol « is transformed into "alpha”. Table 1 gives the definitions of
some symbol transformation rules.

Normalization of Formula Expressions. A standardized encoding scheme for mathe-
matical expressions is determined to address syntax differences that occur in solving
elementary math problems. This progress has effectively solved the problem of differ-
ent symbols in math problems due to differences in writing styles, and ensures the uni-
formity of mathematical symbols.

Table 1. lllustrative Examples of Linearization Protocols

Nathematical symbols  Converted symbols /Aathematical symbols  Converted symbols

€ perpendicular to 0 \theta
v square root o \alpha
N intersect at A \lambda
= belong to ° degree
c contained in n vector n
N because A triangle
SO Z angle

Variable-length Text Alignment. Mathematical problem solving is characterized by
uncertain text length, and this study developed a specific length alignment framework
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for this purpose. This framework utilizes a dynamic fillingtruncation hybrid mechanism
and comprehensively considers the structural and semantic features in the process of
mathematical problem solving.

Let X = {x4,X,,...,X,} denote an input sequence of mathematical operations,
where n varies across solutions.

Our alignment framework is implemented as follow:

L=Tu+20] o))

where u and o represent the mean and standard deviation of solution lengths in the
training set.
Sequences shorter than L receive context-aware padding:

P(X) = X @ {[PAD]|TF — IDF (X) - W, }i.=} )

where W, € R denotes learnable padding embeddings weighted by the solu- tion’s
TF-IDF significance.
Those mathematical expressions are decomposed through LaTeX parse trees T(X)
generating structure-aware masks:

M, = BiLSTM (GCN(T(X))) O o(W,, - X) 3)

where GCN denotes graph convolutional network operations over equation syntax
trees.
Implement hybrid attention for cross-step alignment:

o = exp(eij)
YU yk_exple)’

eij = hi Wh; 4)

where h;, h; are the Bi-LSTM hidden states, and W, is an alignment matrix.
The context vector is defined as follows:

(S Zl]=1 aij hj ® Izllglgi(hk) 5)
in which it combines soft alignment with local salience detection.

3.2 Analysis of Multiple Problem-solving Approaches

This paper focuses on the subjective problems in elementary mathematics. Elementary
mathematics problems themselves have the characteristics of multiple methods of solving
problems. For example, in solving solid geometry problems, comprehensive analysis or vec-
tor method can be used to solve the problem. In the same problem-solving method, individ-
ual steps may use a combination of multiple problem-solving techniques.



Analysis of Key Points in Problem-solving Steps. This study system-atically identi-
fies the key steps in solving specific mathematical problems by analyzing a large num-
ber of problem-solving samples. This method conducts in- depth semantic analysis and
logical reasoning to extract the key features in each problem-solving step.

Supplementary Reference Answers for Novel Problem-solving Approaches. In or-
der to deal with the unconventional problem-solving methods that students may use in
the process of solving problems due to their innovative thinking, this study expands the
optional problem-solving methods by using basic theoretical reasoning and expert-
driven evaluation techniques to evaluate the correctness of these non-standard answers.

Candidate Reference Answer Matching. This study proposes the Dynamic Reference
Answer Matching (DREAM), which integrates semantic pattern recognition and mor-
phological analysis to solve the problem of multiple solution methods for subjective
mathematics questions.

LetR = {rl1,r2,...,rn} denote the set of reference answers.

For each r; , we extract distinctive key phrases K; = {k;;, ki, - .., kKim} through the
following formula:

f(kl, ;)

TF—[DF(](U)— X lo og m} (6)
where Il () is the indicator function. Phrases with TF-IDF scores exceeding thresh-
old t are retained as solution-specific features.
The paper utilizes Bi-LSTM with attention to encode student answer:

he = LSTM(e(s¢), he—y) (7
he = LSTM(e(sy), her) 8)

where s, represents the t - th token (e.g., word) in the student’s answer sequence, e( )
denotes word embedding.
The attention weights at are computed as follows:

exp(etTua) (9)

A = F 7T~
£ Shesexn(efua)

where e, = tanh(W,h, + b,).
The final representation is defined by the following equation:
vs = Yi-1 @ he (10)
The matching score between student answer S and reference r; is calculated.

2kek; sim(s,vi)
MatchScore(S,r,) = =7 EDE i) ’ )}
L

Kil  max(/siry (11)

where sim () denotes cosine similarity and ED () is normalized edit distance.
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The optima reference is selected as:

r*=arg max MatchScore(S,1;) (12)
i

This study uses keyword extraction and fuzzy matching methods to compare the
similarity between student answers and reference answers, and select the most appro-
priate reference answers for students. The pseudo-code of this method is shown in Al-
gorithm 1.

Algorithm 1: Dynamic Reference Answer Matching
Input: A: Preprocessed student answer text
R: {r1,r2 ..., rn} (Set of reference answers)
Output: best_reference: Matched reference answer with highest confidence
1 Initialize:
2 max_score «— ()

3 best_reference «— null;

4 Train the prompt discriminator through Eq. (10);
5 for each reference answer ri € R do

6 Ki « extract_key phrases(ri);

7 for each key_phrase kij € Ki do

8 Uij < tokenize(kij);

9 UA — tokenize(A4);

10 ~_|vanuy),

1 match_core;; «— 0aGUS |
total_match_core += match_core;;;

12 end

totalmatchscore
13 avg _score « ——M——;

IKil
14 if avg_score > max_score then
15 max_score <— avg_score;
16 best reference «— 1y ;
17  end
18 end

19 return best_reference;

3.3 Sequence Feature Learning Based on Bi-LSTM

Context-dependent Capture. This study employs a Bi-LSTM network to analyze the
sequential patterns in elementary mathematics solutions, capturing context-dependent
information that is crucial for understanding the flow of mathematical reasoning.

The Bi-LSTM architecture models sequential dependencies in mathematical solu-
tions. The final representation concatenates both directions:

he =[hehe | (13)

where h, € R2d captures contextual patterns centered at position t.



Error Pattern Detection. This paper introduces an error pattern detection method that
utilizes features extracted based on Bi-LSTM networks. The method analyzes the tem-
poral dynamics encoded in the hidden states and the discriminative patterns within their
output representations. The attention layer computes significance scores for each posi-
tion.

The context vector ¢ = Y'{_; a, h is then fed into a softmax classifier for error
type prediction:

P(y|X) = softmax(W,c + b.) (14)

where y € {Calculation, Conceptual, Logical} denotes error categories. This dual-
directional analysis effectively detects error propagatior patterns in multistep solutions.

3.4  BILSTM-AM (Bi-LSTM with Attention Mechanisms) Framework

This paper proposes a novel architecture named BiLSTM-AM, which combines Bi-
LSTM with hierarchical attention mechanisms to address key challenges in the auto-
mated scoring for mathematical questions, the architecture is illustrated in Figure 1.
The overall framework of the BiLSTM-AM model can be described as follows:
-Input layer: The input sequence is embedded in a higher dimensional space.
-Bi-LSTM layer: The embedded sequence is processed by a Bi-LSTM layer to cap-
ture context-dependent information.
-Attention layer: Attention weights are computed and applied to the hidden states to
obtain a context vector.
-Fusion layer: Symbolic embeddings are fused with the context vector to improve
reasoning capabilities.
-Output layer: The final output is computed using a fully connected layer.
This framework effectively captures the complex interactions and dependencies in
mathematical solutions, leading to more accurate and reliable automated scoring.

Step-level Attention. The BILSTM-AM framework addresses the combination of
mathematical formulae and text in student solutions through a dual-channel represen-
tational learning paradigm that dynamically assigns weights to key procedural elements
using step-level attention.

For each solution step s; containing n tokens {w;, ..., w,}, we construct dual-
channel embeddings: where M denotes mathematical symbol set, ¢( ) maps symbols to
type-specific embeddings.
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Fig. 1. Overview of the general framework diagram.
The step representation derives from attention-weighted fusion:

Bi = U(Wﬁ [Er(rzth; Et(gct] + bB) (15)

Symbolic Semantic Fusion. The BIiLSTM-AM framework combines the syntactic
configurations and semantic embeddings of mathematical symbols, effectively model-
ling operator-operand dependencies.

The dependency between the operator and the operand can be defined by symbolic
graph convolution:

G; = SyntaxTree(s;) (16)
Z; = GCN (G, {zw|w € s;}) 17)
h; = LayerNorm(W,Z; + Wy,h;) (18)

where z,, denotes symbol embeddings, GCN propagates syntactic constraints
through adjacency matrix A;; = I(node; & node;).



3.5  Adaptive Scoring Based on BiLSTM-AM

This paper proposes an adaptive scoring method that incorporates multi-criteria simi-
larity fusion, taking into account formula structures, conceptual representations and er-
ror propagation patterns in mathematical problem solving processes.

The final score aggregates step-level predictions through temporal attention.

u = tanh(Wuﬁt) (19)

y, = exp(u?uy) (20)

IR exp(ujuy)

Score = ¥y, - (W Bchy + b.) (1)

Multi-strategy Similarity Fusion. The multi-criteria similarity fusion scoring method
achieves the evaluation of elementary mathematical solutions by combining syntactic
structure alignment, semantic equivalence assessment and error pattern correlation
analysis.

Scoring of Key Steps. This paper presents a scoring method based on step-level atten-
tion, which assigns different scores to key points in problem-solving steps according to
their importance and difficulty.

Summary of Final Scores. The method aggregates the scores of the individual steps
and the similarity metrics in order to obtain the final score of the student’s answer.

Algorithm 2: Final Scoring Based on BiLSTM-AM

Input: S : student’s answer sequence (already processed through previous steps)
m: Number of steps in the answer
Pre-trained model parameters: W,,, W,, Wg, Wy, b, bg
Output: Score: Final score of the student” s answer

1 Initialize: Score < 0;

2fort=1tomdo

3 Calculate u; = tanh(W,h;)

%where h; is the hidden state from BiLSTM for step t

exp(uf uy)

TRk exp(uguy)

Calculate g, = o (Wﬂ [F (?\th; Ft(et)?t] + bg)

m
FO and FO

7 Yassuming F ~.p text are already computed

8 Calculate intermediate_score = y; - (W.B; + h - Wy, + b.)
9 Score = Score + intermediate_score

10 end

11 return Score;

4
5 Calculate y; =
6
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4 Results and Discussion

4.1  Analysis of Multiple Problem-solving Approaches

Learning Agency Lab-Automated Essay Scoring 2.0. The competition dataset com-
prises about 24000 student-written argumentative essays on Kaggle. Each essay was
scored on a scale of 1 to 6. The goal is to predict the score an essay received from its
text. The dataset is organized as three attributes which are the essay ids, the essays, and
their corresponding scores, and 17308 rows in total, used as training data and fine-
tuning for model development.

Elementary Mathematics Geometry Questions. The experimental data came from
the final mathematics exam of the second semester (spring 2022) of the second year of
the second grade at Townsend Lake School in East Lake High-tech Development Zone,
Wuhan, where a total of 11 sub-topics of the three-dimensional geometry type were
selected from the exam questions, making a total of 1020 questions. The total score for
each question ranged from 3 to 5 points, and multiple solutions and a step-by-step scor-
ing rubric were manually developed.

4.2  Data Preprocessing

Learning Agency Lab. The preprocessing of the ASAP dataset for LSTM, Bi-LSTM,
and BERT models comprises several critical steps to ensure data is properly formatted
for training and fine-tuning. Given that neural networks require fixed-length inputs, text
sequences are padded for shorter texts or truncated for longer ones to ensure uniform
input size.

Mathematics Geometry Questions. In this experiment, the total score of 5 points of
the topic, the scoring score is the same or the difference of 1 point, that is, the scoring
results were found to be accurate, and the other points of the topic in accordance with
the proportion of discount. In this paper, the tenfold cross-validation method is used,
and 1/10 of the samples (102 entries) are taken in turn each time as the test set, and the
other responses are used as the training set. Statistics on mathematics exam questions
and solution-related information are shown in Table 2, such as number of solutions,
number of solution steps, number of keywords, average length of reference answer,
average length of student answers and number of student answers.

This experiment converts mathematical symbols such as mathematical formulae,
expressions and two-dimensional matrices in elementary mathematics into Chinese text
strings, and some examples of linearised conversions are shown in Figure 2.



Table 2. Statistics on test questions and solution-related information

1D score  Solns. Sol.Step K.P  Avg.R.A.Len. Avg.S.A.Len. S.A

F0901 3 1 3 7 189 231 132
F0902 4 2 3 8 152 165 127
F0903 3 1 2 4 155 210 129
F1001 4 1 2 7 100 159 127
F1002 5 3 3 7 428 325 128
F1003 4 1 4 8 529 369 123
F1201 5 5 3 10 278 375 48
F1202 5 3 5 5 480 450 48
F1501 4 3 2 7 150 120 52
F1502 5 2 3 4 328 330 54
F1503 5 3 2 5 226 186 52
Mathematical symbols Converted texttext
HH % E-ABCD #94ER: WA E-ABCD AR VAT
Ve anio =~ 5. apeo X FO = 2x 3258 w6 _25  (E-ABCD)=(13)'S £ T(PA HLF
3 iz ABCD)*EQ=(1/3)*(5%5/2)*6=25
{x +V5z=0 (xHARF 5)*2=0, 2x-47=0}
2x—4z=0
x y z | (x, ¥y 2), (-2, 0, 6), (1, 0, -3) |
-2 0 &I
i 0 -3

Fig. 2. Examples of Linearisation Conversion.

4.3  Candidate Reference Answer Matching

The DREAM method combines semantic pattern recognition and morphological anal-
ysis to automatically match the optimal reference answer to each student answer. For
example, there is a question with two solutions, its two reference answers and the stu-
dent’s answer, as shown in Figure 3.

Answer Type Description of the answer in Chinese fext

Student Answer & F AC %47 GF, DE L £ & T GF, # AC £EZ T DE #il.

Reference Answer 1 fi BAC % T ff DCE. AC #H8 T DE ...

Reference Answer 2 AC ¥47 T FG. DE #E T FG ...

Fig. 3. Example of multiple solutions matching.

This experiment computes the key phrases of the reference answers of the two
solution methods with the same student answer using single character participle, ordi-
nary participle and DREAM respectively. According to the calculation of Algorithm 1
in this paper, the matching rate of Solution 2 is higher than that of Solution 1. Therefore,
Solution 2 is selected as the optimal reference answer for scoring the student’s answer.
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4.4 Experimental results on Learning Agency Lab

The comparative study of the LSTM, Bi-LSTM, and BiLSTM-AM maodels for auto-
mated essay scoring provides significant insights into their respective capabilities and
limitations.

Figure 4 presents the trends of the folded lines, which offer a comprehensive per-
spective on the performance and evolution of the three models, namely LSTM, Bi-
LSTM, and BiLSTM-AM, during the training process over ten epochs. For the LSTM
model, the training loss drops remarkably from 2.9842 to 0.2313. This significant re-
duction indicates that the model has strong learning capabilities and an improved accu-
racy on the training data. The Bi-LSTM model also demonstrates a substantial decrease
in training loss, from 2.1316 to 0.2908. Regarding the BiLSTM-AM model, its training
loss decreases notably from 1.8174 to 0.2207. Although the rate of decrease is slightly
slower compared to the LSTM and Bi-LSTM models, it still reflects effective learning
during the training process.

Training and Validation Loss for Different Models

—— BILSTM Te

¥~ BiLSTM Val

a " © @ )
Epoch

Fig. 4. Training and Validation Loss for Different Models.

Comparative analysis of the LSTM, Bi-LSTM, and BiLSTM-AM models used for
automatic scoring can provide insights into their peculiarities and limiting factors. The
dot-line graph in Figure 5 divides the performance indicators of each model, and their
comparative advantages and disadvantages can be clearly seen.

As shown in Table 3, the BILSTM-AM model shows stronger performance in all
metrics compared to the LSTM and Bi-LSTM models. Specifically, the BILSTM-AM
model has the lowest MAE of 0.4153, which indicates a higher prediction score accu-
racy, better than the LSTM model’s MAE of 0.5145 and the Bi-LSTM model’s MAE
of 0.4257. Similarly, the BiLSTM-AM model has the lowest MSE of 0.2990, which is
significantly lower than the LSTM model’s MSE of 0.4893 and the Bi-LSTM model’s
MSE of 0.3225, indicating that the model can more effectively reduce the prediction
error.



Comparisan of Experimental Results for Different Models
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Fig. 5. Experimental Results for Different Models

In addition, the accuracy of LSTM and Bi-LSTM is 0.6035 and 0.7371 respec-
tively, but the accuracy of BiLSTM-AM model is as high as 0.8513. The higher accu-
racy reflects that BiLSTM-AM model has a stronger ability to accurately classify arti-
cles into corresponding score categories.

The BIiLSTM-AM model’s strong performance is mainly due to its transformer-
based architecture with a bidirectional attention mechanism. Compared with the se-
quential processing methods adopted by LSTM and Bi-LSTM models, this design can
more effectively capture complex contextual relationships. This comparative study
shows that in the field of automatic essay scoring, improved transformer models such
as BILSTM-AM have advantages over traditional sequential models, especially in
achieving higher performance indicators.

Table 3. Evaluation metrics for Models

Model MAE MSE Accuracy  Precision Recall F1-Score
LSTM 05145 0.4893 0.6035 0.6125 0.5942 0.5998
Bi-LSTM 0.4257  0.3225 0.7371 0.7324 0.7468 0.7395

BiLSTM-AM 0.4153  0.2990 0.8513 0.8523 0.8634 0.8577
45  Model Performance on Elementary Mathematics

This section evaluates the performance of the BiLSTM-AM model in automatic
scoring of elementary mathematics solutions and compares it with the performance of
two baseline models, LSTM and Bi-LSTM. The evaluation is performed on a dataset
of elementary school mathematics geometry problems, which consists of 1020 prob-
lems with varying degrees of difficulty and multiple solutions.The obtained perfor-
mance indicators such as accuracy, precision, recall, and F1-Score are shown in Table
4, and the intuitive graph is shown in Figure 6.
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Experimental Results Comparison by Model
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Fig. 6. Performance on Elementary Mathematics

Table 4 clearly shows that the LSTM model evaluation has an accuracy of 0.6373,
precision of 0.6254, recall of 0.6498, and F1-Score of 0.6346. The performance of the
LSTM model is relatively average, which may be due to its sequential processing char-
acteristics, resulting in it may not be able to fully extract the complex semantic and
syntactic relations in the math problem solutions.

Table 4. Performance on Mathematical dataset

Model Accuracy Precision Recall F1-Score
LSTM 0.6373 0.6254 0.6498 0.6346
Bi-LSTM 0.8235 0.8120 0.8350 0.8195
BiLSTM-AM 0.9052 0.9150 0.8950 0.9047

Compared with the LSTM model, the Bi-LSTM model has improved accuracy to
0.8235, precision to 0.8120, recall to 0.8350, and F1-Score to 0.8195. The bidirectional
structure of Bi-LSTM enables it to capture both forward and backward contextual in-
formation. This enables the model to better understand the logical relationship of the
mathematical solution and improve performance.

The BiLSTM-AM model outperforms the LSTM and Bi-LSTM models, achieving
an accuracy of 0.9052, precision of 0.9150, recall of 0.8950, and an F1-Score of 0.9047.
The BiLSTM-AM model integrates an attention mechanism that selectively focuses on
different parts of the input sequence. This is very beneficial when dealing with mathe-
matical solutions, as it can highlight the key steps and logical relationships in the prob-
lem-solving process.

In summary, the results demonstrate the effectiveness of the BiLSTM-AM model
in automatic grading of elementary math solutions. The attention mechanism plays a
key role in improving the performance of the model, enabling it to better capture im-
portant information in the solution. These findings provide a good research direction



for future research in the field of automatic grading of math problems, and may be
applied to other related fields.

5 Conclusion

This study conducted a comprehensive evaluation of the BiLSTM-AM model for
automatic scoring of essays and mathematics solutions. On the Learning Institution La-
boratory—Essay Automatic Scoring 2.0 dataset, the BiLSTM-AM model is evaluated
with a very high accuracy of 85.13%. The model also achieves an accuracy of 90.52%
on the primary school geometry problem dataset. The results emphasize the strong per-
formance of the BiLSTM-AM model compared to traditional LSTM and Bi-LSTM
models, particularly in identifying complex contextual relationships and achieving high
accuracy. This study highlights the efficiency of attention mechanisms in improving
the performance of automatic scoring models, particularly in the evaluation of mathe-
matical solutions. The results of this study provide valuable insights into the field of
automatic scoring and have the potential to be applied to other fields, thereby promoting
more efficient and accurate assessment of student performance.
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