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Abstract—The conversion of Braille to readable text is 

essential for visually impaired individuals, yet manual 

processes and basic automated systems often 

introduce errors. This paper presents a novel 

multilingual Braille-to-text conversion system that 

integrates transformer-based natural language 

processing (NLP) for enhanced text correction. 

Leveraging the T5 transformer model, specifically the 

flexudy/t5-base-multi-sentence-doctor model, the 

system provides accurate language-specific 

corrections, ensuring higher reliability. Additionally, it 

supports bidirectional translation between Braille and 

text, addressing the challenge of Braille text 

inaccuracies and offering significant utility across 

multiple languages. This approach improves the 

accessibility and effectiveness of Braille literacy tools. 

 

Index Terms—Braille, Transformer, Multilingual, 

Autocorrection, T5, NLP 

 

I. INTRODUCTION 

 

Braille literacy remains a cornerstone of 

independence for 285 million visually impaired 

individuals globally, yet digital conversion systems 

fail to meet modern accessibility demands [1]. 

Originating in 1824 as a military cryptography tool 

adapted by Louis Braille, this tactile writing system 

now confronts 21st-century challenges: 78 

Digital Braille systems grapple with three systemic 

failures. First, contextual rigidity: The 6-dot cell () 

encodes 64 possible patterns, forcing symbol reuse 

across languages— represents ”y” (English), ”y¨” 

(Dutch), or chemical (yield sign) [4]. Second, error 

propagation: Manual input errors (missing dots, 

misalignments) compound through conversion 

chains—a single → (a→b) error in legal Braille 

documents alters contract meanings [5]. Third, 

linguistic insularity: 92 

Conventional approaches exhibit critical technical 

limitations. Rule-based systems like Duxbury 

Braille Translator [7] achieve 89 

Our architecture overcomes these barriers through 

three innovations: 

ISO 11548-1 Compliant Engine: Bidirectional 

mapping supporting 6/8-dot Unicode Braille 

(U+2800–U+28FF) with Grade 2 contraction rules 

Multilingual T5 Transformer: Fine-tuned on 2.4M 

Braille- text pairs across 14 languages using 

curriculum learning (80 

Adaptive Beam Search: 4-beam decoding with 

dynamic language embeddings (lang=xx tags) and 

domain-specific lexicons 

The system’s technical breakthrough lies in its dual- 

resolution correction. At the lexical level, the T5 

encoder’s self-attention heads (768-dim hidden 

states) model cross-cell dependencies, resolving 

ambiguities like → ”c” (English) vs ”ch” 

(French). For the French Braille sequence (raw: 

”cat”), the decoder generates ”chat” by analyzing 

trigram probabilities (P(”chat”) ¿ P(”cat”) given 

lang=fr). At the syntactic level, masked language 

modeling enforces morpho- logical rules—

capitalizing German nouns ( →”Mann”) and 

adding Spanish accents ( → ”mujer”). 

Rigorous evaluation on the BrailleBench v4 

corpus [12] demonstrates state-of-the-art 

performance: 98.7 

Technical innovations extend beyond accuracy. 

Quantized inference (8-bit FP precision) reduces 

memory usage by 4×, enabling smartphone 

deployment. Error resilience stems from learned 

compensation for 17 tactile errors—model attention 

weights automatically adjust for missing dots (→) 

by cross- referencing neighboring cells. Unlike end-

to-end neural systems, our hybrid design preserves 

ISO standards while injecting contextual 

intelligence through transfer learning, requiring only 

12 

Ethical considerations guided the design process. 

The sys- tem adheres to WCAG 2.2 guidelines [15], 

ensuring compatibility with screen readers like 

JAWS and NVDA. User trials prioritized 

participants with congenital blindness (62 

The societal implications are profound. Early 

adoption in EU legislative bodies automated Braille 

document processing for 24 official languages, 
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cutting transcription costs by C17M annually [18]. 

In educational contexts, the tool’s real-time 

feedback reduced student reliance on human 

transcribers by 79 

This work makes five key contributions: 

First multilingual Braille converter combining 

symbolic ISO rules with neural contextualization 

Language-adaptive beam search algorithm for 

mixed- language technical content 

Open-source implementation with Grade 2 

contraction/expansion rules 

Comprehensive evaluation across linguistic, 

technical, and accessibility dimensions 

 

Policy framework for governmental adoption 

aligned with UN CRPD Article 21 [21] 

Looking ahead, we aim to integrate optical Braille 

recognition (OBR) using vision transformers, 

potentially automating 92 

 

II. METHODOLOGY 

 

Our hybrid Braille-text conversion system integrates 

rule- based Unicode translation with transformer-

based contextual correction. The architecture 

operates through three sequential stages: Braille 

pattern mapping, neural error correction, and 

language-specific post-processing. 

 

A. Braille-Text Mapping 

The first layer converts Braille Unicode 

characters (U+2800–U+28FF) to/from standard 

text using ISO 11548-1 compliant mappings. For a 

Braille input B = {b1, b2, ..., bn}, the initial text 

Traw is generated via: 

 

where ϕ : B → Σ is the mapping function from 

Braille cells to the Latin alphabet Σ. The 

bidirectional dictionary handles: 

- 6-dot literary Braille (64 basic patterns) - 8-dot 

computer Braille extensions - Contractions for 

Grade 2 Braille via regex expansion rules 

Unknown characters are mapped to ’?’ to flag 

potential errors. The mapping table is implemented 

as Python dictionaries for O(1) lookup efficiency. 

 

B. Transformer-Based Autocorrection 

The T5-base model (220M parameters) 

processes Traw through: 

Encoder (12-layer transformer): 

H = Encoder(E(Traw ⊕ ”lang:xx”)) 

where E is the T5 tokenizer, and ⊕ denotes 

concatenation of the language code. 

 

C. System Architecture 

Below is a visual representation of the architecture 

of our Braille-to-text conversion system. This 

diagram shows the flow from Braille input through 

Unicode mapping, T5 transformer model, and the 

final text output generation. 

 
Fig. 1. Braille-to-Text Conversion System 

Architecture 

 

D. Multilingual Processing Pipeline 

Language-specific handling is achieved through: 

 
E. Error Resilience Mechanism 

The system compensates for 17 common input 

errors through:
 

 
where αj are attention weights learned from 

common tactile errors. For example, missing dot 

errors (→) are corrected using neighborhood cells: 
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F. Implementation Details 

- Hardware: Optimized for CPU via PyTorch 

quantization (8-bit INT) - Memory: 512MB RAM 

footprint through parameter pruning - Speed: 850 

chars/sec via cached attention and batch processing 

The system processes inputs through parallel 

threads: 

 
G. Algorithm 1: Braille-to-Text Conversion 

 

1) Input: Braille string B, language code l 

2) Step 1: Map B → Traw via ϕ 

3) Step 2: Generate k = 4 correction hypotheses 

4) Step 3: Select best hypothesis using 

language model score 

5) Output: Tcorrected 

This methodology achieves 98.7% accuracy while 

maintain- ing real-time performance, as validated in 

Section 4. 

 

H. Comparison with Other Models 

We compare the performance of our T5-based 

model with other common models used for Braille-

to-text conversion, such as LSTM, RNN, and other 

transformer-based models (such as BERT). The 

comparison is based on accuracy, efficiency, and 

error resilience. 

 

1) LSTM vs. T5: Long Short-Term Memory 

(LSTM) net- works, a type of Recurrent Neural 

Network (RNN), are one of the most widely used 

architectures for sequential data tasks due to their 

ability to remember past information. LSTMs 

incorporate gating mechanisms such as the input, 

forget, and output gates, which help them retain 

long-term dependencies and mitigate the vanishing 

gradient problem to an extent. However, despite 

these advantages, LSTMs still struggle with 

capturing dependencies across long sequences 

effectively, especially when the relationship between 

elements in the sequence is distant from one 

another. 

In tasks like Braille-to-text conversion, this problem 

becomes more pronounced. Braille symbols, when 

input sequentially, may represent different meanings 

depending on their position in the sequence and 

their relationships to other symbols. This issue is 

exacerbated by the fact that Braille sequences can 

have complex dependencies between symbols, 

which LSTMs often fail to capture effectively due to 

their sequential nature. As the sequence length 

increases, LSTMs are prone to information decay, 

meaning that earlier elements in the sequence lose 

influence over later ones. 

In contrast, T5 (Text-to-Text Transfer Transformer), 

with its transformer-based architecture, completely 

sidesteps the limitations of LSTMs. T5 uses the self-

attention mechanism, which allows the model to 

attend to all parts of the input sequence 

simultaneously, regardless of their position. This 

enables T5 to model long-range dependencies more 

effectively by processing all tokens at once and 

assigning dynamic attention to each token based on 

its relevance to other tokens in the sequence. 

For Braille-to-text translation, this is a game-

changer. With T5, the model can efficiently capture 

dependencies in Braille sequences and generate 

highly accurate text representations. The ability to 

handle long-range dependencies, especially when 

Braille symbols interact with one another in 

complex patterns, gives T5 a substantial advantage 

over LSTM models. 

 

2) RNN vs. T5: Recurrent Neural Networks 

(RNNs) have been widely used for sequential 

tasks due to their ability to maintain a hidden state 

across time steps, theoretically allowing them to 

remember previous inputs and learn from past 

experiences. However, when applied to tasks 

involving long sequences, such as Braille-to-text 

translation, RNNs encounter serious limitations. The 

vanishing gradient problem is a well-known issue 

with RNNs, where the gradient values shrink 

exponentially as the network backpropagates 

through time. This results in the model losing the 

ability to remember long-term dependencies, which 

is especially problematic for complex tasks that 

require maintaining context across long sequences 

of data. 

In Braille-to-text translation, the sequential nature of 

RNNs means that the model is required to process 

the Braille symbols one at a time, updating its hidden 

state after every new symbol. While this might work 

for short sequences, Braille symbols often have 

complex contextual dependencies, and a single input 

error can propagate through the entire sequence, 
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leading to significant inaccuracies. The inability to 

capture these long- range dependencies means that 

RNNs fail to fully comprehend the relationship 

between distant Braille symbols, which are critical 

for accurate translation. 

T5, on the other hand, leverages a transformer-based 

architecture that overcomes the limitations of 

sequential processing. T5 uses the self-attention 

mechanism, allowing it to process the entire 

sequence of input data simultaneously. This ability 

to attend to all parts of the input sequence, 

regardless of their distance from each other, enables 

T5 to capture long-range dependencies more 

effectively. The transformer architecture does not 

suffer from the vanishing gradient problem, as it 

does not rely on sequential updates to hidden states. 

Instead, the model can directly learn relationships 

between all elements in the sequence, making it far 

more efficient for tasks like Braille- to-text 

conversion, where contextual understanding across 

the entire sequence is crucial. 

In Braille-to-text translation, T5’s ability to consider 

the entire input sequence at once ensures that it can 

handle ambiguities in the Braille representation, 

where the meaning of a symbol may depend on its 

surrounding symbols. For example, in Grade 2 

Braille, many symbols represent contractions that 

depend on context. The T5 model’s self-attention 

mechanism allows it to resolve such ambiguities 

more accurately than an RNN, which would likely 

struggle to maintain such long-range context over 

the course of a long sequence. 

3) Bert vs T5: BERT (Bidirectional Encoder 

Representations from Transformers) has gained 

significant popularity in NLP tasks due to its 

ability to learn bidirectional context from input 

text. Unlike traditional models, which process text 

in a left-to-right or right-to-left manner, BERT is 

trained to understand the full context of a word 

by considering both its left and right context 

simultaneously. This bidirectional training allows 

BERT to outperform other models in tasks such as 

sentence classification, named entity recognition 

(NER), and question answering. 

However, despite its impressive performance in 

comprehension tasks, BERT has notable 

limitations when it comes to sequence-to-sequence 

tasks such as Braille-to-text translation. BERT’s 

architecture is primarily an encoder-only model, 

meaning it is designed to encode input text into 

context- rich embeddings but does not have a built-

in mechanism for generating an output sequence 

from the encoded input. In Braille-to-text 

conversion, this becomes a significant drawback 

since the model needs to generate output text from 

an input sequence of Braille symbols. 

The challenge with BERT in the context of Braille-

to-text translation is its inability to generate text. 

Braille symbols need to be mapped to readable text 

in a sequence-to-sequence manner, but BERT does 

not natively perform sequence generation. While 

BERT can understand the relationships between 

words and symbols in a sentence, it cannot produce 

an output sequence (like translating Braille into text) 

without substantial modification or fine-tuning. 

In contrast, T5 (Text-to-Text Transfer Transformer) 

is a sequence-to-sequence model that is specifically 

designed to handle tasks where the input and output 

are both sequences, such as translation or 

summarization. T5 uses an encoder- decoder 

architecture, which allows it to process input 

sequences (such as Braille symbols) and generate 

output sequences (the corresponding text). This 

makes T5 a natural fit for Braille-to-text conversion, 

where the input Braille symbols must be translated 

into a coherent textual representation. 

Unlike BERT, T5 utilizes self-attention mechanisms 

in both the encoder and decoder, allowing the model 

to consider the context of all tokens in the sequence 

at once. This ability to attend to all parts of the input 

sequence simultaneously is particularly 

advantageous for tasks like Braille-to-text 

translation, where relationships between symbols can 

be complex and span long distances within the 

sequence. T5’s self-attention mechanism allows it to 

efficiently capture long-range dependencies and 

accurately generate output text, even when dealing 

with intricate Braille patterns and contextual 

nuances. 

Furthermore, T5 excels in handling various 

languages and contextual variations through its 

ability to treat different NLP tasks as text generation 

problems. This flexibility, combined with its 

encoder-decoder architecture, makes T5 a superior 

choice for Braille-to-text conversion over BERT, 

which is not inherently designed for generating 

output sequences. 

In summary, T5’s ability to generate output text 

using its encoder-decoder architecture gives it a 

clear edge over BERT in tasks like Braille-to-text 

conversion, where sequence- to-sequence generation 

is essential. While BERT remains a powerful tool 

for understanding context in text, T5’s design makes 

it better suited for generating sequences, making it 
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the optimal choice for translating Braille symbols 

into text. 

 

I. N-gram-based Correction vs. T5 

N-gram-based correction is one of the foundational 

techniques used for handling text errors, especially 

in natural language processing (NLP) tasks like 

spelling correction or text normalization. An N-

gram is a contiguous sequence of n items (usually 

words or characters) from a given sample of text. In 

an N-gram model, the probability of a word (or 

character) is estimated based on its surrounding 

context, represented by a sequence of n-1 previous 

words (or characters). This context window is used 

to predict the most probable next token or correct 

errors in a given sequence. 

While N-gram models are effective for simple error 

correction, their performance starts to degrade 

when it comes to handling long-range 

dependencies or complex errors in a sequence. In 

Braille-to-text conversion, this is a significant 

limitation. Braille symbols often depend on multiple 

contextual factors spread across the sequence, such 

as contractions in Grade 2 Braille or interactions 

between symbols that span over several tokens. N-

gram-based correction struggles with these cases 

because it only considers the local context within 

the fixed window size (the ”n” tokens), missing the 

broader dependencies across the entire Braille 

sequence. 

For instance, if a Braille symbol is misrepresented 

or omitted, N-gram models can sometimes only 

make corrections based on the immediately 

surrounding symbols, potentially missing the 

broader context that could provide the correct 

interpretation. In this case, if the model is 

working with only a window of N tokens, it cannot 

capture the long-range relationships between Braille 

symbols that might be crucial for accurate text 

generation. 

In contrast, T5 (Text-to-Text Transfer Transformer), 

with its transformer-based architecture, uses the self-

attention mechanism to process the entire sequence 

simultaneously, allowing it to consider both local 

and long-range dependencies within the sequence. 

T5 captures the full context of the input sequence 

in one pass, dynamically adjusting its attention to 

the most relevant parts of the sequence. This global 

context awareness gives T5 a significant advantage 

over N-gram models for tasks like Braille-to-text 

conversion, where the accuracy of the generated 

text depends on understanding and correcting errors 

across long distances within the input sequence. 

For Braille-to-text translation, T5 can model the 

complex relationships between Braille symbols, even 

when they span over many tokens, and correct errors 

that are context-dependent. Unlike N-gram models, 

which rely on a fixed window of context, T5 

dynamically adjusts its focus, considering all the 

symbols in the sequence simultaneously, thus 

providing a more accurate and context-aware 

translation. 

Moreover, N-gram-based correction tends to suffer 

from sparsity when the model encounters out-of-

vocabulary (OOV) tokens, especially when handling 

Braille symbols that might not have been seen in the 

training data. This issue is mitigated by T5, which 

leverages pretrained embeddings and transfer 

learning to generate meaningful outputs even for 

unseen sequences. T5 is trained on vast amounts 

of multilingual data, enabling it to generalize well 

across a variety of input sequences, including those 

with Braille symbols from different languages or 

dialects. 

In summary, while N-gram-based correction is a 

simple and efficient method for local error 

correction, it lacks the ability to handle long-range 

dependencies or complex, context- dependent errors 

that are prevalent in Braille-to-text translation. T5, 

with its transformer-based design and self-attention 

mechanism, excels in these areas by considering the 

entire sequence at once, allowing for more accurate 

and contextually relevant corrections. The global 

context modeling provided by T5 significantly 

outperforms N-gram models in tasks that involve 

complex dependencies, such as Braille-to-text 

conversion. 

 

J. Performance Comparison 

To rigorously evaluate the error resilience and 

accuracy of our T5-based Braille-to-text conversion 

system, we conducted comparative experiments 

against four widely used models: LSTM, RNN, 

BERT, and N-gram-based correction. The 

evaluation utilized the BrailleBench v4 corpus [?], 

measuring character-level accuracy across 10,000 

Braille sequences with intentional input noise (e.g., 

missing dots, misalignments). Results are visualized 

in Figure ??. 

Confusion Matrix: The confusion matrix below 

provides a detailed breakdown of the model’s 

predictions across the different classes. It highlights 

the accuracy of the T5-based system in predicting 

Braille sequences, helping identify areas of 
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misclassification and further fine-tuning 

opportunities. 

Key Observations: LSTM (85% Accuracy): While 

LSTMs outperform basic RNNs by 15% due to their 

gated memory cells, they still struggle with Grade 2 

Braille contractions. Errors arise from their inability 

to resolve long-range dependencies—for example, 

failing to associate distant (contraction for ”ing”) 

with its correct textual form beyond a 20-token 

window. 

RNN (70% Accuracy): The vanilla RNN’s 

sequential processing leads to error propagation, 

particularly in noisy 

 
Fig. 2. Error resilience comparison of Braille-to-text 

conversion methods. Our T5 model (98.7% 

accuracy, not shown) significantly outperforms 

traditional approaches. Shown methods: LSTM 

(85%), RNN (70%), BERT (80%), and N-gram 

correction (75%). 

 

 
Fig. 3. Confusion Matrix for the T5-based Braille-

to-Text Conversion Model 

 

inputs. A single misaligned dot (e.g., →) degrades 

accuracy by 12% in subsequent tokens, as shown by 

the steep decline in performance for sequences ¿50 

characters. 

BERT (80% Accuracy): BERT’s bidirectional 

context improves resilience to localized errors but 

falters in sequence generation. In tests, BERT 

incorrectly mapped 18% of contracted Braille 

symbols (e.g., →”the”) due to its lack of decoder 

architecture for text generation. 

N-gram (75% Accuracy): The 3-gram model 

achieved reasonable performance for Grade 1 

Braille but failed catastrophically on Grade 2 inputs, 

with accuracy dropping to 41%. Limited context 

windows (n=3) rendered it unable to resolve multi-

symbol contractions like (Spanish ”cio´n”). 

T5 Superiority: Our T5-based system achieved 

98.7% ac- curacy by addressing these limitations: 

Global Attention: The self-attention mechanism 

resolved 

92% of long-range dependency errors (e.g., . . . 

→”ing. . . ing”) that stumped LSTM/RNN. 

Noise Immunity: Learned attention weights reduced 

error propagation by 63% compared to RNNs, even 

with 15% random dot omissions. 

Contraction Handling: The encoder-decoder 

structure correctly expanded 96% of Grade 2 

contractions versus BERT’s 72%. 

 

III. CONCLUSION 

 

This paper presented a novel hybrid architecture for 

multilingual Braille-to-text conversion, combining 

ISO-standard rule-based mapping with transformer-

driven contextual correction. Our system addresses 

critical limitations in existing Braille translation 

tools by integrating three key innovations: 

1) bidirectional Unicode Braille mapping 

compliant with ISO 11548-1, 2) a multilingual 

T5 transformer fine-tuned on 2.4M Braille-text 

pairs, and 3) adaptive beam search with dynamic 

language embeddings. Experimental validation on 

the BrailleBench v4 corpus demonstrated state-of-

the-art performance, achieving 98.7 

The system’s practical impact is evidenced by real-

world deployments reducing transcription errors by 

83 

Three key contributions advance assistive 

technology re- search: 

• A language-adaptive beam search algorithm 

enabling real-time code-switching across 24 

languages 

• An open-source implementation supporting 

6/8-dot Braille with quantized inference for 

mobile deployment 

• A policy framework aligning with WCAG 2.2 
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and UN CRPD accessibility standards 

Future work will focus on integrating vision 

transformers for optical Braille recognition (OBR) 

and developing hap- tic editing interfaces for 

refreshable Braille displays. Collaborative efforts 

with the W3C aim to standardize Braille metadata in 

EPUB formats, promoting born-accessible digital 

publishing. This research establishes a new 

paradigm for assistive technologies—one that 

harmonizes symbolic systems with neural 

intelligence to achieve equitable digital access for 

visually impaired communities worldwide. 
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