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Abstract

Large Language Models (LLMs) perform
strongly on many language tasks, but their capa-
bility in structurally constrained, accessibility-
critical modalities such as Braille remains un-
clear. We evaluate state-of-the-art LLMs on
bidirectional Korean—Braille translation using
a human-annotated dataset. Despite expecta-
tions that multilingual, instruction-tuned mod-
els can generalize to Braille via text repre-
sentations, we find consistently poor, unstable
outputs and substantial disagreement with hu-
man judgments. These results point to missing
Braille-aware tokenization and weak alignment
between Korean and Braille patterns. In con-
trast, supervised fine-tuning of a small model
(T5-small) on the same data yields large and
stable gains over zero-shot and prompted LLM
baselines across standard metrics (SacreBLEU,
ChrF++, CER, BLEU, ROUGE-L, METEOR,
CIDEr). Our findings reveal a systematic lim-
itation of current LLMs and demonstrate the
effectiveness of modest task-specific supervi-
sion.

1 Introduction

LLMs (Achiam et al., 2023; Team et al., 2023;
Yoo et al., 2024; Anthropic, 2025) have demon-
strated strong performance in a wide range of nat-
ural language generation and understanding tasks,
including machine translation, summarization, and
reasoning (Brown et al., 2020; Chowdhery et al.,
2023; Touvron et al., 2023). As these models scale,
they are often assumed to generalize broadly across
languages, scripts, and modalities. However, recent
work has shown that such generalization remains
uneven, particularly for low-resource languages,
non-standard scripts, and accessibility-related rep-
resentations (Joshi et al., 2020; Blasi et al., 2022).

Braille is a critical written modality for blind
and visually impaired users, yet it remains largely
overlooked in NLP research. Unlike standard text
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translation, Braille conversion is highly character-
sensitive, rule-governed, and language-specific,
with strict conventions governing contractions, nu-
merals, symbols, and spacing. These properties
make it challenging for general-purpose LLMs,
which are rarely exposed to Braille during pretrain-
ing. Although recent work has begun exploring
Braille modeling in other languages (Huang et al.,
2025), differences in linguistic structure and Braille
conventions limit direct transfer to Korean Grade 2
Braille.

We investigate whether state-of-the-art LLMs
meaningfully support Korean—Braille translation
under the official Korean-Braille regulations. Using
a large human-annotated parallel corpus, we evalu-
ate both Korean-to—Braille and Braille-to—Korean
directions. LLMs frequently produce refusals, hal-
lucinations, or invalid outputs, revealing a system-
atic blind spot in accessibility-critical settings.

To address this gap, we introduce BTS, a
lightweight Braille-aware model based on T5 (Raf-
fel et al., 2020). With straightforward supervised
fine-tuning on expert-annotated data, BTS substan-
tially outperforms zero-shot and prompted LLM
baselines across character-level and generation-
based metrics.

Our contributions are threefold: (1) the first sys-
tematic evaluation of LLMs on Korean—Braille
translation, (2) evidence that small task-specific
models can surpass much larger general-purpose
LLMs with proper supervision, and (3) identifica-
tion of Braille processing as an essential yet under-
explored direction for inclusive NLP.

2 Methods

2.1 Dataset

We evaluate both Braille-to—Korean and Korean-
to—Braille translation using the NIKL Korean
Print—Braille Parallel Corpus 2023 (v1.0) (Na-
tional Institute of Korean Language, 2024) as a
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Korean-Braille Parallel Corpus
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Figure 1: Construction pipeline of the NIKL Korean Print—Braille Parallel Corpus 2023 (v1.0). Korean texts are
segmented, filtered, translated under official regulations, expert-revised, and aligned to create parallel data for BT5

fine-tuning.

human-annotated benchmark. The dataset contains
126,693 sentence-aligned pairs derived from writ-
ten Korean sources, primarily newspaper articles
(125,701) and online posts (992). We preserve the
original sentence boundaries and Braille encoding
scheme. The data is split at the sentence level into
101,354 training, 12,669 validation, and 12,670 test
instances, with no overlap across splits. The test
set is used exclusively for evaluation.

2.2 BT5: A Braille-Aware Text-to-Text Model

Figure 1 shows the dataset construction pipeline
and our proposed solution. We introduce BTS, a
T5-based model for bidirectional Korean—Braille
translation, fine-tuned on NIKL parallel data. In-
puts and outputs are UTF-8 text with Braille sym-
bols treated as atomic units. We use a 32k BPE
tokenizer over Korean and Braille Unicode to avoid
byte-level degradation. The model is fine-tuned
from T5-small (max length 128) using AdamW
(learning rate 1e-4), with model selection based on
validation loss.

2.3 Evaluation

We evaluated Korean-to-Grade 2 contracted Braille
translation using two systems: the rule-based
Liblouis (Liblouis Developers, 2024) with the
ko-g2.ctb table, and our proposed BTS5 model.
These were chosen due to the lack of other avail-
able Korean-Braille models. Additionally, we as-
sessed state-of-the-art LLMs—GPT-5, GPT-5-mini,
GPT-4 (Achiam et al., 2023), Gemini-3-pro (Team
et al., 2023), Claude Opus 4.5 (Anthropic, 2025),
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Table 1: Full test-set performance on the Korean-to—
Grade 2 contracted Braille task. Higher is better for
SacreBLEU and ChrF++; lower is better for CER.

Model SacreBLEU ChrF++ CER|
Liblouis 71.94 85.65  0.0568
BT5 95.79 98.64  0.0043

Table 2: Full test-set performance on the Braille-to—
Korean task. All metrics are higher-is-better.

Model
Liblouis
BT5

B1 B2 B3 B4
0.2228 0.1134 0.0589 0.0310
0.9859 0.9793 0.9727 0.9662

R-L MET CIDEr
0.2291 0.3193 0.5505
0.9859 0.7758 9.6382

Model
Liblouis
BT5

and HCX-3 (Yoo et al., 2024), a leading Korean
LLM—using identical prompts and deterministic
decoding.

The Korean-to-Braille translation is evaluated
using character-level metrics: SacreBLEU (Post,
2018), ChrF++ (Popovié, 2017), and CER, while
Braille-to-Korean translation uses standard NLG
metrics: BLEU (Papineni et al., 2002), ROUGE-L
(Lin, 2004), METEOR (Banerjee and Lavie, 2005),
and CIDEr (Vedantam et al., 2015), all calculated
using publicly available implementations.



Task: Korean — Braille

PROMPT:

Translate the following Korean text into Korean Braille. Follow Korean Braille rules strictly.
Output only Braille characters, with no explanation.

Korean:
g 4%
GPT-5:
245
o gL
GPT-5-mini:
23k
(Behr)
Gemini-3-pro:

Q A 34

a

GPT-4.0:
Hoae e e i \n\n.
HCX-3 (Korean LLM):
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REFERENCE:

Figure 2: Example outputs for Korean-to—Braille translation across state-of-the-art models. Red text marks failures
or refusals. Complete model outputs are not shown due to length. GPT-5/5-mini produced Korean refusal text
instead of Braille; Gemini-3-pro returned refusal and truncated outputs; GPT-4 and HCX-3 generated invalid Braille;
Opus 4.5 generated valid but incorrect Braille scoring very low (SacreBLEU: 1.42, ChrF++: 1.66, CER: 0.84).

3 Results

Tables 1 and 2 summarize the results of the test set.
For Korean-to—Braille translation, BT5 substan-
tially outperforms Liblouis, achieving SacreBLEU
95.79 vs. 71.94, ChrF++ 98.64 vs. 85.65, and CER
0.0043 vs. 0.0568, showing highly accurate Braille
generation. For Braille-to—Korean translation, Li-
blouis performs poorly, while BT5 achieves near-
perfect BLEU, higher ROUGE-L, METEOR, and
order-of-magnitude gains in CIDEr. Due to the
highly structured and near-deterministic nature of
Korean—Braille mapping, predictions frequently ex-
hibit strong character-level overlap with references,
resulting in consistently high scores across metrics.
Qualitative results for Liblouis and our model are
shown in Figure 4 and 5 in the appendix.

3.1 Failure of State-of-the-Art LLMs on
Korean-Braille

State-of-the-art LLMs show severe limitations on
Korean—Braille translation. In repeated trials, most
proprietary models either refused the output, re-
turned errors, or generated inconsistent and inco-
herent responses, as seen in Figures 2 and 3. To
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quantify these behaviors, we conducted a small
controlled probe (5 samples) for Korean-to—Braille,
summarized in Table 3. Various failure modes
emerge across models. GPT-5 and GPT-5-mini
consistently refuse to produce outputs, typically
returning apologetic responses. Gemini-3-pro ex-
hibits mixed behavior, frequently returning empty
outputs (treated as refusals) and otherwise produc-
ing truncated Braille sequences. GPT-4 and HCX-3
generate output but these are misformed or contain
non-Braille or control characters, resulting in in-
valid sequences. In contrast, Opus-4.5 produces
syntactically well-formed Braille, but these out-
puts are semantically incorrect and yield extremely
low scores (SacreBLEU = 0, ChrF++ < 10, CER
~ 0.75).

For Braille-to—Korean, all models generate flu-
ent text; however, the outputs are largely halluci-
nated and semantically unrelated to the input. Due
to high refusal rates and widespread invalid or in-
correct generations, standard translation metrics
are not informative; instead, we report structured
failure patterns.

The observed failures of GPT-5 and GPT-5-mini



Task: Braille — Korean

PROMPT:

Translate the following Korean Braille text into natural Korean. Output only the Korean text, with no

explanation.
Braille:

GPT-5:
253k, AF
GPT-5-mini:
R S
FEe 4k g,
Gemini-3-pro:
ZATSENES
GPT-4.0:

ERE

20244 54€

wgol W

HCX-3 (Korean LLM):

=0

ut

Utt.

T o)A AL ek RS sk 7]

Opus-4.5:
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REFERENCE:
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Figure 3: Example outputs for Braille-to—Korean translation across state-of-the-art models. Red text marks failures
or refusals. Complete model outputs are not shown due to length. All LLMs produced incorrect or hallucinated text;
GPT-5/5-mini refused translation, and HCX-3 generated unrelated outputs due to limited Korean-Braille support.

Table 3: LLM behavior on a controlled probe (5 sam-
ples) for Korean-to—Braille. Refusal denotes explicit re-
jection or empty output; Invalid denotes outputs that are
truncated, incomplete, or do not follow Braille encoding
conventions; Valid denotes syntactically well-formed
and complete Braille outputs, regardless of semantic
correctness. Counts indicate the number of outputs in
each category.

Model Refusal Invalid Valid
GPT-5 5 0 0
GPT-5-mini 5 0 0
Gemini-3-pro 3 2 0
GPT-4.0 0 5 0
HCX-3 0 5 0
Opus-4.5 0 0 5

are characterized by consistent refusal behavior,
suggesting strong alignment constraints when han-
dling non-standard text formats such as Korean-
Braille. However, the exact cause of these refusals
cannot be determined from our experiments alone.
Across models, many errors can be attributed to
the lack of Braille-aware tokenization, leading to
misformed or invalid outputs. More broadly, the re-
sults indicate a lack of learned alignment between
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the Korean-Braille patterns and standard Korean
text. As a result, models often treat Braille input as
out-of-distribution, producing either prior-driven
text, truncated sequences, or refusals instead of
grounded translations. Additionally, models such
as HCX-3 exhibit outputs containing control char-
acters or invalid encodings, suggesting limited sup-
port for Braille at the tokenizer or preprocessing
level.

4 Conclusions

Our findings reveal a key limitation of current
LLMs: even state-of-the-art models struggle to
generalize to specialized symbolic modalities such
as Braille. Despite extensive pretraining, they of-
ten produce refusals, misformed outputs, or inco-
herent translations when faced with non-standard
input distributions, reflecting the lack of Braille-
aware tokenization and aligned representations.
This exposes an underexplored failure mode in low-
resource and accessibility-critical settings. In con-
trast, our results show that targeted, task-specific
training with curated data can substantially improve
performance, offering a practical path toward reli-
able Braille translation systems.



Limitations

This study focuses on Korean—Braille translation,
and the findings may not directly generalize to
other languages or Braille systems with different
linguistic structures, contraction rules, and encod-
ing conventions. While recent work has explored
Braille modeling in other languages, cross-lingual
transfer is non-trivial and was not investigated in
this work.

Our evaluation includes a set of representative
state-of-the-art LLMs and a Korean LLM avail-
able at the time of experimentation; however, it
does not exhaustively cover all possible models,
architectures, or prompting strategies. In particu-
lar, many proprietary LLMs exhibited refusal be-
haviors, empty outputs, or misformed generations
when prompted for Braille, which prevented consis-
tent large-scale quantitative evaluation. As a result,
comparisons with these systems are based on con-
trolled samples and qualitative analysis rather than
full test-set benchmarking.

Additionally, differences in tokenizer design and
pretraining data introduce inherent disparities be-
tween BTS and general-purpose LLMs. Although
BTS5 benefits from explicit exposure to Braille
through supervised fine-tuning and a dedicated to-
kenizer, most LLLMs lack Braille-aware tokeniza-
tion and aligned training data, making the direct
comparison imperfect. Our results should there-
fore be interpreted as highlighting capability gaps
rather than as strictly controlled architectural com-
parisons.

Although we employ standard automatic metrics
(e.g., BLEU, ChrF++, CER, ROUGE), these met-
rics primarily capture surface-level similarity and
may not fully reflect functional usability, readabil-
ity, or correctness under official Braille standards.
Human-centered evaluation with Braille users was
beyond the scope of this work but is essential for
real-world validation.

Furthermore, our approach relies on supervised
fine-tuning with human-annotated parallel data,
which may be costly or unavailable in other low-
resource settings. We do not explore data augmen-
tation, semi-supervised learning, or cross-lingual
transfer, which could improve scalability.

Finally, errors in Braille translation can have sig-
nificant real-world consequences in accessibility-
critical contexts. Consequently, we do not claim
that any evaluated model is suitable for direct de-
ployment without rigorous validation, robustness
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testing, and adherence to official Braille standards.
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Task: Braille — Korean
Braille:

Liblouis:
13|57 +9qg by A[#23]4E AW 439 inpledB7HA F5H HpAl 42T . EnA
UYH-Tthere Punderzbu pHowunder Wonei= & #152F8] F33| Adfthere YT

Jwunder A¥n YAXFG

Ours:
AR BT a3 AE AW 3809 B8 AFA AFT AdeN FRuE
2t FHoR W= 5 15k EeE] AellE AT Y= Ao ARG

REFERENCE:
AR SRR A 23) e AT 38~9E7HA S5 AFA AT AEel

]
geata FHoR d= 5 152k Fd S A el Adel] dAXG.

Figure 4: Example outputs for the Braille-to—Korean task for the rule-based Liblouis system and the BT5 model.
Red text indicates incorrect outputs. Liblouis produces largely unintelligible text, characterized by symbol misinter-
pretations, incorrect punctuation, and spurious alphanumeric characters. This behavior stems from its deterministic,
context-free mapping between Braille symbols and Korean characters, causing errors to cascade when inputs
contain irregular formatting, uncommon punctuation, or digit-symbol sequences. In contrast, BTS accurately
reconstructs the original sentence, correctly preserving names, dates, numeric ranges, and grammatical structure,

closely matching the reference.
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Task: Korean — Braille
Korean:
Fue vAHANNS BES B AnY WF AHY 2L H R AL
FEadE S| ARy FEIE W ) A x
(A1), HloJE}23t (Ds), AW EoF ¥
Fe FEsiA ",
Liblouis:

Ours:

REFERENCE:

Figure 5: Example outputs for the Korean-to—Braille task for the rule-based Liblouis system and the BT5 model.
Incorrect or mismatched segments are highlighted in red. Liblouis produces structurally inconsistent Braille
sequences due to rigid rule application, whereas BTS5 closely matches the reference output.
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