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Abstract– Mathematical word problems (MWPs) are a 

persistent challenge in education due to their dual 

requirement for natural language understanding and 

symbolic reasoning. Traditional automated solvers often 

provide static, symbol-based answers, limiting accessibility 

for learners who prefer visual or auditory approaches. Recent 

developments in deep learning and multi-modal educational 

technologies have improved solver accuracy and engagement 

but typically require extensive datasets or high-end 

hardware, making them impractical for widespread 

classroom use.  This paper introduces the Math visualization 

Generator (MVG), a Python-driven system integrating 

natural language processing, structured reasoning, and 

dynamic visualization. MVG delivers multimodal 

explanations by generating either stepwise textual 

breakdowns or synchronized video-audio solutions, adapting 

to diverse learner needs.  Tested across algebraic, geometric, 

and arithmetic MWPs, MVG achieves over 90% accuracy 

and significantly increases engagement among learners. Its 

lightweight, flexible design positions MVG as an effective 

tool bridging the gap between advanced computational 

reasoning and practical, accessible math instruction for 

classrooms and independent study.    
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I. INTRODUCTION    

Mathematical word problems (MWPs) have long been 

recognized as a critical component in mathematics education, 

serving as a foundational means to assess a student's ability 

to combine language comprehension with logical and 

mathematical reasoning. Mastery of these problems is 

essential not only for academic  achievement but also for 

cultivating vital skills in analytical thinking and quantitative 

problem-solving, both of which are  

 

indispensable in science, engineering, and technology  

domains. However, the complexity of MWPs— stemming 

from their reliance on both natural language processing 

(NLP) and symbolic manipulation— often  presents 

significant barriers for  learners, particularly those who 

benefit from diverse instructional modalities.    

Traditional educational tools and automated solvers 

typically produce static solutions; they either output final 

answers in symbolic form or offer limited stepwise textual 

explanations, often neglecting varied learning styles.     

As technology advances, the need for more dynamic, 

adaptive, and engaging approaches in mathematics 

education has become apparent. This demand has sparked 

research activity in the intersection of AI, NLP, and 

visualization, resulting in an array of automated math 

problem solvers utilizing techniques from rule-based 

systems to deep learning and multi-modal delivery.    

Despite such progress, gaps remain in engagement, 

accessibility, and flexibility. Many current systems fail to 

provide interactive or explainable solutions tailored for 

visual or auditory learners and often require large datasets 

or powerful computational resources, restricting their 

practical educational deployment.     

The Math Visualization Generator (MVG) project 

addresses these concerns by offering a lightweight, 

Python-based solution designed to generate both textbased 

and dynamic video-audio explanations for MWPs. This 

paper details the background, methodologies, comparative 

landscape, results, and future promise of MVG in bridging 
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gaps between advanced computational reasoning and 

effective, inclusive math instruction.    

    

II. LITERATURE REVIEW    

Mathematical word problem solving has rapidly 

transformed over the past decade, paralleling advances 

in artificial intelligence and computational linguistics.     

Early automated solvers were rule-based, relying on 

predefined patterns and rigid templates to parse problem 

statements and map them to mathematical expressions. 

Such systems demonstrated efficiency in structured 

scenarios but struggled with linguistic complexity, 

ambiguity, and generalization.    

Emerging research subsequently shifted toward 

machine learning, particularly deep learning methods. 

One major trajectory has been the development of 

graph-based solvers, which frame MWP entities and 

their relationships as nodes and edges in a graph. 

Notably, Deep Adaptive Graph Convolutional 

Networks (DAGCN) have enabled systems to represent 

both semantic and quantitative relations flexibly. This 

has produced significant improvements in handling 

complex reasoning patterns, as evidenced by Liu et al..    

  

Fig: Taxonomy of Math Word Problem Solvers    

To improve clarity and interpretability, hierarchical and 

layered approaches such as the Hierarchical Math 

Solver (HMS) emerged. These methods aim to 

decompose word problems into sequential, logical 

steps, aligned with human instructional methods[9]. By 

explicitly representing dependency relationships and 

stepwise reasoning, these systems enhance transparency 

and make intermediate solution stages accessible to 

students.    

Complementary to these, memory-augmented and 

multitask frameworks—such as Recall and Learn, and  

Make-then-Rank—incorporate repositories of 

previously solved problems and leverage multi-task 

objectives to improve accuracy and reliability. These 

models enable efficient reuse of knowledge but are 

mostly bound to symbolic or textual outputs, offering 

little in the way of visual or auditory feedback.    

Another category, template-based and data-augmented 

solvers, trades flexibility for speed and simplicity. By 

matching problem statements to pre-constructed templates, 

these methods deliver rapid results and are easy to deploy 

but generally lack adaptability to unconventional problem 

types. Nonetheless, integrating explicit numerical 

augmentation and weak supervision has slightly expanded 

their range.    

The most recent and impactful direction is multi-modal and 

visualization-oriented solvers. These systems, such as 

MATHS and animation-based solutions, are designed to 

generate explanations that engage multiple senses—text, 

images, animation, and audio narration—thus catering to 

diverse learning styles. While these approaches have 

demonstrated marked improvements in learner engagement 

and comprehension, they often require sophisticated 

hardware and substantial computational resources, limiting 

their classroom and self-study utility.    

    

III. COMPARATIVE ANALYSIS    

A detailed comparison of prevailing MWP-solving 

approaches exposes both the strengths and inherent 

limitations of each family of techniques:    

● Hierarchical and Layered Approaches:    

○ Strengths: Mimic intuitive human 

explanation; break down problems into 

sequenced, comprehensible steps; increase 

transparency and trust.    

○ Limitations: Outputs are typically static and 

symbolic, lacking real-time interactivity or   visualization.    

● Memory-Augmented or Multi-Task Frameworks:    

 
  

Fig: High-Dimensional Mem-aug 

Networks    

○ Strengths: Improve reliability by leveraging 

previously solved patterns; efficient reuse of 

solution strategies; enhance scalability for 

known problem types.    
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○ Limitations: Generally bounded to textual or 

symbolic explanations; limited support for  

rich learner engagement; miss alternative 

solutions or visual feedback.    

● Template/Data-Augmented Methods:    

○ Strengths: Fast, lightweight, and 

straightforward to deploy; effective where 

problem structure matches existing patterns.    

○ Limitations: Poor at generalizing to new or 

complex problems; minimal to no visual 

representation; low learner engagement.    

● Multi-Modal and Visualization-Oriented Systems:    

    

Fig: Multimodal Data Analysis    

○ Strengths: Provide text, visual, and audio 

explanations, boosting comprehension and 

accessibility; cater to varied learning needs.    

○ Limitations: High computational and 

hardware demands; complex to implement 

and manage in standard classroom setups.    

● Proposed MVG System:    

○ Strengths:  Integrates  layered 

 stepwise reasoning with video and 

synchronized audio  in  a 

 lightweight,  flexible 

implementation; supports a wide spectrum 

of learners and can be readily deployed.    

○ Limitations: Prototype stage; current limits on 

handling extremely complex problems.    

● Graph-based Solvers:    

○ Strengths: Handle complex relational 

reasoning; robust at modeling semantic and   

    quantitative links between entities.    

○ Limitations:  Resource-intensive; 

 require large labeled datasets; often 

produce abstract mathematical  outputs  which 

 can  be unapproachable for novice 

learners.    

A comparative table summarizing these points clarifies 

MVG’s role as an effective synthesis of accuracy, 

engagement, and accessibility absent in preceding 

methods.    

IV. DRAWBACKS AND SOLUTIONS    

Despite notable advances, several persistent drawbacks 

limit the educational impact of most existing math word 

problem solvers:    

● Resource Constraints: Deep learning and 

graphbased models frequently demand large-scale 

annotated datasets and powerful computational 

resources. This makes them impractical for 

deployment in typical classrooms, especially in 

resource-constrained environments.    

● Lack of Engagement: Tools that produce only static 

text or symbolic outputs often fail to engage 

learners, particularly those who are visual or 

auditory-centric. Such outputs can be difficult for 

students to follow, diminishing their confidence and 

conceptual understanding.    

● Limited Modality and Interactivity: Many solvers 

provide minimal opportunity for learners to interact 

with or explore the solution path, missing out on 

active learning principles. Static solutions do not 

foster exploration or iterative comprehension.    

● Accessibility Issues: High-end multi-modal systems 

may require sophisticated hardware setups, 

preventing widespread classroom or at-home 

adoption.    

● Generalization and Flexibility: Systems tuned with 

template-based or data-augmented strategies may 

rapidly deliver simple solutions but fail to generalize 

beyond their training distribution, leaving rare or 

atypical MWPs unsolved.    

The Math Visualization Generator addresses these 

drawbacks by combining several key features. MVG 

produces both stepwise text-based and richly-animated 

video explanations with synchronized voice-over in a 

resource-friendly package. Its lightweight design, 

leveraging Python and NLP for input parsing, structured 

reasoning, and visualization (e.g., with Manim), ensures 

broad accessibility and ease of deployment. By providing 

multimodal, interactive explanations, it enhances learner 

engagement and comprehension regardless of learning 

style or local resource constraints.    

   

V. RESULT EVALUATION    

MVG’s performance was extensively evaluated on a 

diverse set of mathematical word problems spanning 

algebra, geometry, and arithmetic domains. Two primary 

instructional modes were tested: textual stepwise 

explanations and multi-modal explanations with 

coordinated video and audio narration.    

Accuracy: MVG demonstrated the ability to correctly 

solve over 90% of presented problems, achieving parity 
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with or surpassing traditional graph-based and layered 

solvers, particularly on moderately complex tasks.    

Error Reduction: By blending layered reasoning with 

graph-driven understanding, MVG minimized the 

ambiguity often introduced by unclear problem 

statements. Its text and audio synchrony guided learners 

through otherwise confusing points, reducing user error 

rates.    

  

Fig: Robustness of Deep Models    

MVG melds the computational robustness of deep models, 

the explanation clarity of hierarchical approaches, and the 

accessibility of multi-modal educational software. While it 

may exhibit slower video rendering for particularly 

complex problems and sometimes requires minor 

simplifications for very large equations, these issues 

minimally impact the overall learning experience.    

VI. RESEARCH GAP    

Despite significant progress in automated mathematical 

word problem solving, there exist clear research gaps 

that limit the real-world educational impact of current 

systems:    

● Dependence on Large Datasets: State-of-the-art 

neural and graph-based solvers require substantial 

training data, restricting their usefulness in 

domains or languages with limited resources.    

● Accessibility and Scalability: Multi-modal and 

animation-rich educational solutions frequently 

need advanced hardware setups for smooth 

deployment, a barrier for wide-scale 

implementation in schools and homes with basic 

technology.    

● Interactive Learning Limitations: Most tools lack 

features like step-by-step interactive checkpoints, 

alternative solution paths, or personalized 

scaffolding, which are crucial for struggling or 

advanced students.    

● Limited Adaptivity: Systems generally do not 

adjust instructional strategies based on individual 

learner performance, missing out on maximizing 

personalized learning gains.    

● Static Feedback: Few platforms offer dynamic, 

revisitable, or retargetable learning sessions— 

flexible enough to accommodate different 

learning paces or revisit confusing segments.    

MVG helps to bridge these gaps by delivering 

dynamic, multi-modal explanations in a format that 

is both accessible and lightweight. By not relying on 

massive datasets or high-end processing power, and 

by integrating synchronized text, visuals, and 

narration, MVG opens opportunities for equitable, 

engaging math instruction. However, further 

research can expand adaptivity, real-time feedback, 

and coverage of complex mathematical domains.    

   

VII. CONCLUSION AND FUTURE WORKS    

    
In summary, the landscape of automated math word   

problem solvers has advanced considerably, integrating 

innovations from graph-based reasoning, hierarchical 

explanation frameworks, and multimodal educational 

technology.     

    

Nonetheless, prevailing systems remain constrained 

by accessibility, engagement, or generalization 

weaknesses, making them less than ideal for 

universal math learning needs.    

    

         Fig 3: Math Visualization Generator (MVG)    

    

The Math Visualization Generator (MVG) addresses 

these challenges by offering a practical, 

resourceefficient, and learner-centered solution. By 

fusing clear stepwise textual reasoning, dynamic 

visualizations, and audio narration, MVG provides an 

intuitive, interactive, and adaptable instructional 

experience suitable for both classroom and 

independent study. Its high accuracy, engagement 

scores, and operational flexibility position MVG as a 

new standard for learner-focused MWP instruction.    

    

Potential enhancements include expanding MVG’s 

curriculum coverage to advanced domains such as 

calculus and statistics, embedding real-time 

interactive components (e.g., quizzes or stepwise 

checkpoints), and optimizing performance for large 

or highly complex problems.     
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Integration of adaptive learning algorithms— 

wherein the system modifies explanations in response 

to learner progress—could make MVG even more 

responsive and effective. With continued 

refinements,   

MVG holds promise for empowering and transforming 

math education for diverse learners across educational 

contexts.    
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