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ABSTRACT 

Subjective paper evaluation is a complex and time-consuming task when performed manually. Challenges such as 

limited understanding and variability in interpreting student responses make automated evaluation using Artificial 

Intelligence (AI) difficult. Although several approaches have been proposed to assess descriptive answers, many rely 

on traditional techniques such as keyword matching or word frequency counts, which fail to capture the true semantic 

meaning of responses. Additionally, the lack of well-curated datasets further restricts the effectiveness of such 

systems. This paper proposes a novel approach for automated evaluation of descriptive answers by leveraging machine 

learning and natural language processing techniques. The system incorporates tools such as WordNet, Word2Vec, 

Word Mover’s Distance (WMD), Cosine Similarity, Multinomial Naive Bayes (MNB), and Term Frequency–Inverse 

Document Frequency (TF-IDF). Student answers are evaluated by comparing them with model answers and 

predefined keywords, and a machine learning model is trained to predict grades accordingly. Experimental results 

indicate that WMD outperforms cosine similarity in capturing semantic similarity between texts. The proposed system 

achieves an accuracy of 88% without the MNB model, and the inclusion of MNB further reduces the error rate by 

1.3%. With sufficient training data, the system has the potential to function as a reliable standalone solution for 

automated answer evaluation. 

1.INTRODUCTION 

Subjective questions play a crucial role in assessing a 

student’s understanding, analytical ability, and depth 

of knowledge in an open-ended manner. Unlike 

objective questions, subjective answers are not 

constrained by fixed responses; students are free to 

express their understanding in their own words and 

style. As a result, these answers are typically longer, 

more detailed, and rich in context. However, this 

flexibility also makes evaluation more challenging, as  

it requires significant time, concentration, and 

objectivity from the evaluator. Automating the 

evaluation of subjective answers using computers is a 

complex task, primarily due to the inherent ambiguity 

of natural language. Before analysis, several 

preprocessing steps such as data cleaning, 

normalization, and tokenization must be performed. 

Once processed, textual data can be analyzed using 

techniques like document similarity measures, latent 

semantic analysis, concept graphs, and ontologies.  
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The final score is typically determined based on 

multiple factors, including semantic similarity, 

keyword presence, answer structure, and language 

quality. Although several approaches have been 

proposed to address this problem, there is still 

considerable scope for improvement. Subjective 

evaluations are often perceived as difficult and 

stressful for both students and teachers due to the 

importance of context and interpretation. Manual 

evaluation requires the examiner to carefully assess 

each response, where factors such as fatigue, bias, and 

mental effort can influence the final outcome. 

In contrast, objective answer evaluation is 

straightforward and can be easily automated, as 

responses are fixed and require simple matching 

techniques.  

However, subjective answers vary significantly in 

length, vocabulary, and expression. The use of 

synonyms, paraphrasing, and abbreviations further 

increases the complexity of automated evaluation. 

Therefore, developing an efficient and reliable system 

for evaluating subjective answers is essential to reduce 

human effort, improve consistency, and enhance the 

overall assessment process. 

2.LITERATURE REVIEW 

The evaluation of descriptive answers using 

automated systems has gained significant attention 

with advancements in Artificial Intelligence (AI) and 

Natural Language Processing (NLP). Researchers 

have proposed various techniques to address the 

challenges of subjective answer evaluation, 

particularly focusing on semantic understanding and 

similarity measurement. 

Early approaches relied on keyword matching and 

statistical methods such as Term Frequency–Inverse 

Document Frequency (TF-IDF). Gerard Salton and 

Christopher Buckley (1988) introduced term-

weighting approaches for text retrieval, which laid the 

foundation for TF-IDF-based evaluation. However, 

these methods were limited in capturing contextual 

meaning. 

To improve semantic understanding, lexical databases 

such as WordNet were introduced. George A. Miller 

(1995) developed WordNet, which enables 

identification of relationships like synonyms and 

hypernyms. While this improved semantic evaluation, 

it still struggled with complex sentence structures. 

Machine learning techniques further enhanced 

automated evaluation systems. Andrew McCallum 

and Kamal Nigam (1998) explored the use of Naive 

Bayes for text classification, demonstrating its 

effectiveness in handling textual data. Similarly, 

Thorsten Joachims (1998) applied Support Vector 

Machines (SVM) for text categorization, improving 

classification accuracy. 

With the advancement of deep learning, word 

embedding techniques gained popularity. Tomas 

Mikolov et al. (2013) introduced Word2Vec, which 

represents words in vector space and captures 

semantic relationships more effectively. Building on 

this, Matt Kusner et al. (2015) proposed Word 

Mover’s Distance (WMD), a method that measures 

semantic distance between documents using word 

embeddings, providing highly accurate similarity 

measures. 

Another widely used technique is cosine similarity, 

which calculates similarity between text vectors based 

on the cosine of the angle between them. Christopher 

D. Manning et al. (2008) highlighted its effectiveness 

in information retrieval and text analysis, especially 

when combined with TF-IDF. 

Despite these advancements, challenges such as 

ambiguity in natural language, lack of standardized 
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datasets, and difficulty in evaluating long descriptive 

answers still persist.  

Therefore, hybrid approaches combining multiple 

techniques—such as cosine similarity, WMD, and 

machine learning models—have been proposed to 

improve performance. This work builds upon prior 

research by integrating multiple NLP and machine 

learning techniques to develop a more robust and 

efficient system for automated descriptive answer 

evaluation. 

3.METHODOLOGY 

3.1 SYSTEM ANALYSIS & EXISTING SYSTEM 

In the current educational environment, the evaluation 

of descriptive or subjective answers is primarily 

performed manually by teachers or examiners. This 

traditional method requires evaluators to read each 

answer thoroughly and assign marks based on their 

understanding, experience, and judgment. 

 While this approach allows flexibility in assessing 

students' knowledge and expression, it heavily 

depends on human interpretation. 

Manual evaluation is widely used due to the lack of 

fully reliable automated systems capable of 

understanding natural language effectively. Although 

some basic digital tools exist, they mostly rely on 

keyword matching or simple scoring techniques, 

which are insufficient for evaluating complex, 

context-rich answers. 

3.2 LIMITATIONS OF EXISTING SYSTEM 

• Subjectivity and Bias: 

Manual evaluation often varies between 

evaluators, leading to inconsistent grading and 

potential bias.  

• Time-Consuming: 

Evaluating descriptive answers requires 

significant time, especially with large numbers of 

students.  

• Scalability Issues: 

Handling large-scale examinations becomes 

difficult due to dependency on human evaluators.  

• Limited Feedback: 

Due to workload and time constraints, students 

may not receive detailed feedback on their 

answers.  

• Resource Intensive: 

Requires a large number of teachers and 

evaluators, increasing operational costs.  

• Inconsistency in Evaluation: 

Factors like fatigue, stress, and human error can 

affect grading accuracy.  

3.3 PROPOSED SYSTEM 

The proposed system, “A Descriptive Answer 

Evaluation System Using Cosine Similarity 

Technique,” introduces an automated and intelligent 

approach to evaluating subjective answers.  

The system utilizes Natural Language Processing 

(NLP) and Machine Learning techniques to compare 

student responses with model answers. 

The core of the system is the cosine similarity 

technique, which measures the similarity between 

student answers and reference answers based on their 

semantic content. This ensures that evaluation is based 

on meaning rather than exact word matching. 

The system also incorporates additional techniques 

such as TF-IDF, Word2Vec, and Word Mover’s 

Distance (WMD) to enhance accuracy. By automating 

the evaluation process, the system minimizes human 

effort and ensures consistency in grading. 

Furthermore, the system is implemented as a web-

based application, making it accessible and adaptable 

to modern digital education platforms. It also provides 

visual feedback (graphs/charts) to help students better 

understand their performance. 
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3.4 ADVANTAGES OF PROPOSED SYSTEM 

• Objective Evaluation: 

Eliminates human bias by using mathematical 

similarity measures.  

• Time Efficiency: 

Reduces evaluation time significantly compared to 

manual grading.  

• High Scalability: 

Capable of handling large volumes of student 

responses efficiently.  

• Consistent Results: 

Ensures uniform grading standards for all students.  

• Enhanced Feedback: 

Provides graphical and analytical insights into 

student performance.  

 

 

 

 

 

 

SYSTEM ARCHITECTURE 

    

Figure 1: Overall System Architecture of Descriptive 

Answer Evaluation System 
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Figure 2: Data Flow Diagram of the Proposed 

System 

4.IMPLEMENTATION 

MODULES 

1. User Authentication and Management 

This module handles secure login and user 

management within the system. It supports multiple 

roles such as administrators, teachers, and students. 

Each user is granted access based on their role, 

ensuring data security and controlled system usage. 

The module also manages user registration, login 

validation, and session handling. 

  2. Answer Submission Interface 

This module provides a user-friendly platform for 

students to submit their descriptive answers. It allows 

users to enter or upload responses efficiently.  

The submitted answers are stored in the database and 

are readily available for evaluation. The interface 

ensures smooth interaction and minimizes errors 

during submission. 

3. Automated Evaluation Engine 

This is the core module of the system. It evaluates 

descriptive answers using Natural Language 

Processing (NLP) and machine learning techniques. 

The system applies cosine similarity to compare 

student answers with model answers and determine 

their semantic similarity. Additional techniques such 

as TF-IDF and Word2Vec may be used to enhance 

accuracy. Based on this analysis, scores are generated 

automatically. 

4. Result Presentation and Visualization 

After evaluation, this module displays the results to 

users in a clear and understandable format. It provides 

score summaries along with graphical representations 

such as charts or similarity scores. This helps students 

and teachers quickly interpret performance and 

outcomes. 

5. Feedback and Reporting 

This module enables teachers to provide detailed 

feedback on student responses. It highlights strengths, 

weaknesses, and areas for improvement. Additionally, 

it generates reports for administrators, offering 

insights into system usage, student performance, and 

overall evaluation trends. 

HARDWARE REQUIREMENTS 
S. 

No

. 

Componen

t 

Minimum 

(Required 

for 

Execution

) 

My System 

(Development

) 

1 System Pentium 

IV 2.2 

GHz 

Intel i3 

Processor (5th 

Gen) 

2 Hard Disk 20 GB 500 GB 

3 RAM 1 GB 4 GB 
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SOFTWARE REQUIREMENTS 
S. 

No. 

Component Specification 

1 Operating 

System 

Windows 10 / Windows 

11 

2 Development 

Software 

Python 3.10 

3 Programming 

Language 

Python 

4 Domain Natural Language 

Processing & Machine 

Learning 

5 IDE Visual Studio Code 

6 Front-End 

Technologies 

HTML5, CSS3, 

JavaScript 

7 Back-End 

Framework 

Django 

8 Database 

Language 

SQL 

9 Database 

(RDBMS) 

MySQL 

10 Database 

Software 

WAMP / XAMPP 

Server 

11 Web Server Django Development 

Server 

12 Design / 

Modelling Tool 

Rational Rose 

 

DESCRIPTIVE ANSWER EVALUATION: 

Main: 

 

 

Figure 3: Landing Page of Answer Evaluation Web 

Application 

 

Figure 4: User Registration Page of Answer 

Evaluation System 

 

Figure 5: Front-End Design of Login Page 
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User: 
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Admin: 
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CONCLUSION 
This paper presents an automated descriptive answer 

evaluation system using cosine similarity and 

advanced natural language processing techniques. The 

proposed approach addresses the limitations of 

traditional keyword-based evaluation methods by 

incorporating semantic understanding through tools 

such as Word2Vec and Word Mover’s Distance 

(WMD). By comparing student responses with model 

answers and extracting meaningful features, the 

system provides a more accurate and consistent 

evaluation process. The experimental results 

demonstrate that WMD performs better than cosine 

similarity in capturing contextual similarity between 

answers. The system achieves an accuracy of 88% 

without using the Multinomial Naive Bayes (MNB) 

model, and further improvement is observed with a 

reduction in error rate by 1.3% when MNB is applied. 

These results indicate that combining multiple 

techniques enhances the overall performance and 

reliability of the evaluation system. In conclusion, the 

proposed model reduces manual effort, ensures 

consistency in grading, and shows strong potential for 

real-world academic applications. With the 

availability of larger and well-structured datasets, the 

system can be further improved and deployed as a 

standalone automated evaluation tool in educational 

institutions. 
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