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Abstract

We present our system for the WMT 2026 Low-
Resource Indic Language Translation Shared
Task, leveraging a language-specific word-level
noise injection method. Unlike the previ-
ous approach, which required an external low-
resource language (LRL) monolingual corpus,
our method constructs the LRL vocabulary
and word-frequency statistics directly from
source-side LRL text available in the test set.
The resulting vocabulary is used to introduce
language-specific noise into the source side of
a closely related high-resource language (HRL)
parallel corpus. We further investigate two
hyperparameters inherited from the previous
method: the maximum edit distance K used
for candidate word selection and the noise ratio.
Specifically, we replace the fixed maximum
edit-distance constraint with a dynamic con-
straint determined by the character length of
each source word, and evaluate six noise ratios
ranging from 5% to 30%. In a single-run ex-
ploratory analysis of Assamese—English trans-
lation, the proposed dynamic constraint obtains
higher test-set BLEU than the fixed constraint
(K = b)) at all evaluated noise ratios, with
the highest observed test-set BLEU at a 15%
noise ratio. When the noise ratio is selected
on the development set, the proposed method
selects 15%, compared with 20% for the fixed
constraint, and achieves higher test-set BLEU
under these respective selections. We addition-
ally report our official submission results for
the WMT 2026 Low-Resource Indic Language
Translation Shared Task across three transla-
tion directions (Assamese, Manipuri, and Bodo
into English), and discuss the conditions un-
der which language-specific noise injection is
effective.

1 Introduction

There are approximately 7,000 languages in the
world, but only a small subset of high-resource lan-
guages (HRLs) have sufficiently developed parallel
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Figure 1: Overview of our proposed method: Language-
Specific Word-Level Noise Injection.

corpora for machine translation (MT). For these
languages, research leveraging multilingual pre-
trained language models such as XLM-R (Con-
neau et al., 2020), mT5 (Xue et al., 2021), and
No Language Left Behind (NLLB) (NLLB Team,
2022) has significantly advanced multilingual ma-
chine translation. Such efforts have enabled the
learning of shared cross-lingual embedding spaces,
thereby facilitating cross-lingual transfer.

In contrast, many languages are low-resource
languages (LRLs), for which neither parallel nor
sufficient monolingual resources are available. Al-
though monolingual data is generally easier to col-
lect than parallel data and has been widely utilized
in techniques such as back-translation (BT) (Sen-
nrich et al., 2016a) and continued pretraining of
multilingual language models, many endangered
or less-digitized languages still lack even large-
scale monolingual corpora. This limitation mo-
tivates the development of methods that can im-
prove LRL translation using only limited textual
resources available during translation tasks.

Hamada et al. (2025) proposed a language-
specific word-level noise injection method that
utilizes lexical information from an LRL mono-
lingual corpus. Instead of applying random char-
acter substitutions, the method replaces words in
a closely related HRL parallel corpus with LRL
words selected according to edit distance and word
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frequency, thereby creating language-specific noisy
training data. Experimental results demonstrated
that this approach outperformed both conventional
training without noise injection and character-level
augmentation methods for several low-resource In-
dic language translation tasks.

Although the previous method achieved promis-
ing results, we found that the use of word-frequency
information extracted from an LRL monolingual
corpus is not always essential for effective noise
generation. In particular, when the vocabulary is
constructed from only the source-side sentences of
the target LRL data, language-specific noise can
still be generated without requiring an additional
monolingual corpus. This observation suggests that
language-specific word-level noise injection can be
applied in more constrained low-resource scenarios
where only a small amount of target-language text
is available.

Furthermore, two important hyperparameters
of the previous method were selected empirically.
First, the maximum edit distance K used for candi-
date word selection was fixed to 5 regardless of the
length of the source word. While this constraint
prevents excessively different replacements, it im-
poses the same maximum perturbation magnitude
on words of substantially different lengths. As a
result, it may be overly restrictive for long words,
for which larger edit distances can still represent
moderate relative perturbations. Second, the noise
ratio was fixed at 10%, and the influence of differ-
ent noise levels was not investigated. Consequently,
it remains unclear whether these parameter settings
are optimal for language-specific word-level noise
injection.

In this paper, we investigate these two limitations
through a resource-efficient extension of language-
specific word-level noise injection. We construct
the LRL vocabulary and frequency statistics from
source-side LRL text available in the translation
task, rather than requiring an external monolingual
corpus. We then replace the fixed maximum edit
distance with a dynamic constraint determined by
source-word character length and evaluate six noise
ratios from 5% to 30%. We analyze these factors on
Assamese—English translation and subsequently
report the official WMT 2026 shared-task results.

2 Related Work

Several studies have investigated the effects of
introducing stochastic noise into neural machine

translation training to improve model robustness
and generalization. Representative approaches in-
clude token masking and random word replace-
ment. Wang et al. (2018) introduced SwitchOut, a
data augmentation method that randomly replaces
words in parallel corpora to increase the diversity
of training data. Although these approaches im-
prove data diversity and model robustness, they do
not explicitly exploit the linguistic characteristics
of low-resource languages (LRLs).

Back-Translation (BT) (Sennrich et al., 2016a)
is one of the most widely used approaches for lever-
aging monolingual corpora in neural machine trans-
lation. BT generates pseudo-parallel data by trans-
lating target-side monolingual sentences into the
source language, enabling the effective utilization
of monolingual resources when parallel corpora
are limited. Several extensions, including Iterative
Back-Translation (Morita et al., 2018; Hoang et al.,
2018; Zhang et al., 2018), have further improved
translation quality by repeatedly generating pseudo-
parallel data and updating translation models.

For extremely low-resource languages,
CharSpan  (Maurya et al.,, 2024) proposed
a character-level noise injection method that
augments the parallel corpus of a closely related
high-resource language by exploiting lexical simi-
larity. By introducing character-level perturbations,
CharSpan improves cross-lingual transfer without
requiring parallel data for the target LRL. However,
the method does not utilize lexical frequency
information obtained from monolingual corpora
and therefore cannot model language-specific
vocabulary distributions.

Hamada et al. (2025) addressed this limita-
tion by proposing a language-specific word-level
noise injection method that selects replacement
words according to edit distance and word fre-
quency extracted from an LRL monolingual cor-
pus. Experimental results demonstrated that the
proposed method outperformed both conventional
training without noise injection and CharSpan on
several low-resource Indic language translation
tasks. However, the maximum edit distance and the
noise ratio were determined empirically, and the
influence of these hyperparameters on translation
performance was not investigated.

In this work, we focus on these two hyperpa-
rameters and perform a systematic analysis of their
impact on translation performance. Specifically,
we investigate a dynamic maximum edit-distance
constraint based on word length and evaluate multi-
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HRL(Bn): A FT 7 fofd araE @@sftas FEmi |
Eng: But he never told me.

HRL(Bn) + Noise: 93 FT fiig fofel Seme (Ferfae St |

Figure 2: Example of word-level noise injection for
Bengali (HRL). The original Bengali sentence and its
English translation are shown at the top. In the noisy ver-
sion (bottom), Bengali words are replaced with words
selected from an Assamese vocabulary list.

ple noise ratios to identify more effective parameter
settings for language-specific word-level noise in-
jection.

3 Proposed Method

In this section, we describe a language-specific
word-level noise injection method for improving
LRL—En translation by augmenting the parallel
corpus of a closely related high-resource language
(HRL). The proposed method follows Hamada
et al. (2025), in which language-specific word-level
noise is generated by replacing words in the HRL
corpus with words from the source-side LRL. The
replacement process is based on edit distance and
frequency-weighted candidate selection. In this
study, we investigate the effects of different max-
imum edit-distance constraints and noise ratios,
while all other components of the noise injection
procedure remain identical to those of the previous
method.

Figure 1 presents an overview of the proposed
framework, and Figure 2 illustrates an example of
the noise injection process.

The following sections describe the language-
specific word replacement procedure and the modi-
fications introduced in this study for determining
the maximum edit distance and the noise ratio.

3.1 Language-Specific Word Replacement

The language-specific word replacement procedure
follows Hamada et al. (2025). Since the objec-
tive of this study is to investigate the effects of the
maximum edit-distance constraint and the noise ra-
tio, the candidate selection and frequency-weighted
replacement mechanism remain unchanged from
Hamada et al. (2025); only the maximum edit-
distance constraint and the noise ratio are modi-
fied. The modifications introduced in this work are
described in Sections 3.3 and 3.4.

First, given a source sentence =, a word z; is
randomly selected for replacement. Next, an edit

distance d is sampled according to the geomet-
ric distribution shown in Equation 1. Following
Hamada et al. (2025), we fix the success probabil-
ity to p = 0.5, while the upper bound K of the
sampled edit distance (denoted as dpax in the pre-
vious work) is set to either 5 (previous method) or
the source-word length (proposed method).

d~P(d) xp(1l—p)Tt (d=1,2,...,K)
ey
The parameters K and p determine the distribu-
tion of the noise magnitude. Based on the sam-
pled edit distance, a candidate set V' (d, x;) is con-
structed by extracting all words in the LRL vocab-
ulary V11, whose Levenshtein distance from z;

equals d:

V(d,z;) ={w|w € VgL, ED(w,z;) = d}
2
where ED(-,-) denotes the Levenshtein edit dis-
tance.

After sampling the edit distance d, the replace-
ment word w’ is sampled from the candidate set
V(d, x;) according to the relative frequency of each
candidate word:

fw)
ZuGV(d,xi) f (u)

where f(w’) denotes the frequency of candidate
word w’ calculated from the Assamese source-side
text used for constructing the vocabulary.

If the sampled edit distance yields an empty can-
didate set, another edit distance is sampled and the
candidate search is retried, up to 10 attempts for
each source word. If no valid replacement candi-
date is found within these attempts, the original
word is retained and no characters are counted to-
ward the injected noise.

To quantify how frequently empty candidate
sets and unsuccessful replacements occur, we ad-
ditionally analyzed the replacement process on
one training split. Table 2 reports the propor-
tion of candidate-search attempts that yielded an
empty candidate set and the proportion of replace-
ment operations that ultimately failed after up to
ten attempts. Empty candidate sets occurred fre-
quently, accounting for 64.36% of candidate-search
attempts under X' = 5 and 63.68% under K = |z;|.
However, repeated sampling of the edit distance

w' ~ P(w' | d,z;) = 3)
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Corpora Lang.  Usage # Sent.
Samanantar En-Bn  Train 4,302,288
Official WMT 2026 Shared Task training data  En-As 78" 33,000
! & 5 Dev 1,000
En-As  Test 2,000
WMT 2025 Shared Task test set As Noise Inj. 2,000

Table 1: Overview of the datasets used in the hyperparameter analysis (En = English, Bn = Bengali, As = Assamese).
The datasets used for the official WMT 2026 shared task submissions are summarized separately in Section 5.4

Statistic K=5 K=z
Empty-candidate rate (%)  64.36 63.68
Final failure rate (%) 7.90 7.26

Table 2: Replacement failure statistics under the fixed
and dynamic maximum edit-distance constraints on one
training split. The empty-candidate rate is computed
over candidate-search attempts, whereas the final failure
rate is computed over replacement operations that either
succeed or fail after up to ten attempts.

allowed most replacement operations to eventually
find a valid candidate. The final failure rate was
7.90% for K = 5 and 7.26% for K = |x;|.

The procedure is repeated while valid word re-
placements can be found and the remaining char-
acter budget allows another replacement. Because
replacements are performed at the word level and
are subject to the remaining noise budget, the re-
alized noise ratio may be slightly lower than the
specified ratio.

3.2 Utilizing Source-Side Test Data

In Hamada et al. (2025), the LRL vocabulary V1 rr1,
and the word frequency f(w) used in Equation 3
were computed from a dedicated LRL monolingual
corpus collected independently of the parallel train-
ing and test data. In this work, we instead construct
VLrL and f(w) directly from the Assamese source-
side sentences of the publicly available WMT 2025
Low-Resource Indic Language Translation Shared
Task test set (Pakray et al., 2025), consisting of
approximately 2,000 sentences, without relying on
any additional monolingual corpus. This allows
language-specific word-level noise injection to be
applied even in more constrained low-resource sce-
narios where the only available LRL text is the
small amount distributed with the shared task it-
self.

3.3 Dynamic Maximum Edit Distance

In the previous method, the maximum edit distance
K in Equation 1 was fixed to 5 for all source words.
This imposes the same upper bound on words of

different lengths. For long words, in particular, the
fixed bound limits the maximum possible pertur-
bation magnitude even when larger edit distances
may still represent relatively moderate changes to
the word.

To account for this difference, we dynamically
determine the maximum edit distance according to
the character length of the selected source word.
Specifically, for a source word z;, the maximum
edit distance is defined as

K = |z “)

where |x;| denotes the number of characters in the
source word.

The edit distance is sampled from the same ge-
ometric distribution as in Equation 1, but with
this word-specific upper bound. Importantly, the
proposed method does not modify the underly-
ing geometric sampling mechanism and therefore
does not directly increase the probability of se-
lecting a large edit distance for longer words. In-
stead, it changes only the maximum admissible
distance: short words cannot be assigned an edit
distance greater than their character length, while
long words can admit larger edit distances. The pur-
pose of this modification is therefore to make the
maximum perturbation magnitude dependent on
source-word length rather than to explicitly favor
longer-word replacement. To verify how the dy-
namic constraint affects the realized edit distances,
we further analyzed the successful word replace-
ments in one training split. Table 3 summarizes the
average realized edit distance and the proportion
of replacements with d > 5 for different original
word-length ranges.

Under the proposed constraint, the average real-
ized edit distance increases with the length of the
original word, from 1.44 for words of length 1-3 to
3.53 for words of length 11 or more. More impor-
tantly, replacements with d > 5 account for 1.96%
of all successful replacements under K = |z;|,
whereas such replacements are impossible under
the fixed K = 5 constraint. The proportion of re-
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Original Word Length Avg.d d > 5 (%)

1-3 1.44 0.00
4-6 2.08 0.82
7-10 2.88 7.01
11+ 3.53 20.91

Table 3: Realized edit-distance statistics for successful
replacements under the proposed dynamic constraint
(K = |z;]), grouped by the character length of the
original word. The analysis uses one training split.

placements with d > 5 also increases with word
length, from 0.82% for words of length 4-6 to
7.01% for words of length 7-10 and 20.91% for
words of length 11 or more. In contrast, under the
fixed K = 5 setting, the average edit distance for
words of length 11 or more is 2.90, compared with
3.53 under K = |x;|. These results show that the
dynamic constraint allows larger edit distances to
be realized for longer words, while retaining the
same underlying geometric sampling mechanism.

3.4 Noise Ratio

In the previous method, the Noise Ratio was fixed
at 10% for all experiments. While this setting was
shown to be effective, the influence of different
noise ratios on translation performance was not
investigated.

To analyze the effect of the amount of injected
noise, we construct multiple noise-injected training
corpora with different noise ratios. Specifically,
we evaluate six noise ratios: 5%, 10%, 15%, 20%,
25%, and 30%.

The noise ratio specifies the target proportion
of source-side characters to be modified in each
sentence. Specifically, for a sentence containing
N source-side characters and a noise ratio r, the
replacement process sets an upper budget of | N7 |
changed characters. A word replacement with edit
distance d is accepted only when adding d changed
characters does not exceed this budget. Therefore,
the realized noise ratio may be slightly lower than
the specified value because replacements are per-
formed at the word level.

By evaluating multiple noise ratios under the
same training conditions, we characterize how the
amount of injected language-specific noise affects
translation performance.

4 Experimental Setup
4.1 Datasets

Table 1 summarizes the datasets used in this
study. For the main training corpus, we use the

Bengali—English portion of the Samanantar paral-
lel corpus (Ramesh et al., 2022), which contains
4,302,288 parallel sentence pairs. Since Bengali
is a high-resource language closely related to As-
samese, this corpus serves as the source parallel
data for language-specific noise injection.

For the development set, we use the last 1,000
sentence pairs of the WMT 2026 Low-Resource
Indic Language Translation Shared Task Assamese—
English training data. Translation performance for
the hyperparameter analysis is evaluated on the
publicly available WMT 2025 Assamese—English
test set (Pakray et al., 2025), consisting of 2,000
sentence pairs.

For the hyperparameter analysis in Sections 5.1
and 5.2, the Assamese source side of the WMT
2025 test set is used solely as monolingual text
for constructing the LRL vocabulary and word-
frequency statistics used in noise injection. The
English references are used only for evaluation and
are never used for training, noise construction, or
model selection. Thus, the hyperparameter analysis
explicitly uses source-side test text as an available
monolingual resource, while the target-side refer-
ences remain unused except for evaluation.

Separately, to investigate the effect of genuine
LRL parallel data, Section 5.3 additionally uses
the official WMT 2026 Assamese—English training
data. Of the 54,000 available sentence pairs, the
first 53,000 are used for training and the last 1,000
are reserved for development. These parallel data
are incorporated into the training corpus for the
additional parallel-data experiments and are not
used as the monolingual vocabulary source in the
main hyperparameter analysis.

The official WMT 2026 submission experiments
use the task-provided training and test data de-
scribed in Section 5.4; their data usage therefore
differs from the WMT 2025-based hyperparameter
analysis.

4.2 Data Preprocessing

The preprocessing pipeline is identical to that used
in Hamada et al. (2025). For the English data,
we first applied Unicode normalization (NFKC),
followed by tokenization using Sacremoses. We
then applied truecasing to reduce case variation at
the beginning of sentences and in proper nouns.
Finally, we learned and applied Byte Pair Encoding
(BPE) (Sennrich et al., 2016b; Gage, 1994) using
subword-nmt with 16,000 merge operations.

For the Bengali and Assamese data, we applied
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the same preprocessing steps as for English, includ-
ing Unicode normalization (NFKC), tokenization
with Sacremoses, and BPE with 16,000 merge op-
erations. Since these languages do not distinguish
between uppercase and lowercase characters, true-
casing was not applied.

4.3 Experimental Settings

All models were trained using the Transformer ar-
chitecture implemented in Fairseq (Ott et al., 2019).
Both the encoder and decoder consisted of six
layers with eight attention heads. Optimization
was performed using Adam with 5; = 0.9 and
B2 = 0.98, and the initial learning rate was set to
0.0005 with the inverse square-root learning rate
scheduler. The maximum number of tokens per
batch was set to 4,000, and the learning rate was
warmed up for 4,000 updates.

Label-smoothed cross-entropy with a smoothing
factor of 0.1 was used as the training criterion. The
dropout rate and attention dropout rate were both
set to 0.1, and weight decay was set to 0.0001. Gra-
dient clipping was disabled during training. Layer
normalization was applied before each encoder and
decoder block following the pre-layer normaliza-
tion Transformer configuration. Early stopping was
applied with a patience of five validation evalua-
tions.

Unless otherwise stated, all experimental set-
tings were kept identical across different edit-
distance constraints and noise ratios.

4.4 Evaluation Metrics

Translation quality was evaluated using three auto-
matic evaluation metrics: BLEU (Papineni et al.,
2002), chrF++ (Popovié, 2017), and Translation
Edit Rate (TER) (Snover et al., 2006).

BLEU was computed using the fairseq-score
toolkit with the reference translations provided
in the WMT 2025 Low-Resource Indic Language
Translation Shared Task test set.

We also report chrF++ and TER. chrF++ eval-
uates translation quality based on both character-
and word-level n-gram overlap and is particularly
suitable for morphologically rich languages, while
TER measures the minimum number of edit opera-
tions required to transform the system output into
the reference translation. These complementary
metrics provide additional perspectives on transla-
tion quality beyond BLEU.

5 Results

5.1 Comparison with Previous Methods

Table 4 compares the proposed method with the
baseline model without language-specific noise in-
jection and the previous language-specific word-
level noise injection method. Unlike the previous
comparison at a fixed noise ratio, the noise ratio for
each method is first selected using the development
set and then evaluated on the test set.

On the development set, the previous method
achieved its highest BLEU score (8.81) at a
noise ratio of 20%, whereas the proposed method
achieved its best BLEU score (8.66) at 15%. These
selected configurations were subsequently evalu-
ated on the test set.

Although the previous method achieved a
slightly higher BLEU score on the development set,
its selected configuration obtained only 6.71 BLEU
on the test set. In contrast, the proposed method
achieved 7.65 BLEU on the test set using the noise
ratio selected on the development set. This single-
run result shows that the development-selected con-
figuration of the proposed method achieves higher
test-set BLEU than the corresponding development-
selected configuration of the previous method (7.65
vs. 6.71). However, whether this difference reflects
more robust generalization cannot be established
from a single run.

Compared with the baseline model without noise
injection (2.68 BLEU), both methods substantially
improve translation quality, while the proposed
method achieves the highest test-set performance
after development-set-based model selection.

5.2 Effect of the Noise Ratio

Table 5 summarizes the effect of different noise ra-
tios on BLEU for both the previous method and the
proposed method. Note that this table reports both
development- and test-set scores for all six noise ra-
tios purely for exploratory analysis; the noise ratio
actually used for model selection is chosen on the
development set alone, as summarized in Table 4
and Section 5.1. Each value corresponds to a single
training run, as noise injection and model training
involve stochastic components (see Limitations).
For the proposed method, translation perfor-
mance improves from 5% to 15%, where the high-
est observed test-set BLEU of 7.65 is obtained.
At noise ratios above 15%, the observed test-set
BLEU scores decrease, reaching 6.68 at 30%. Be-
cause each configuration corresponds to a single
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Model

Dev BLEU Test BLEU

w/0 noise 3.04 2.68
Previous (K = 5, selected on dev: 20%) 8.81 6.71
Proposed (dynamic K, selected on dev: 15%) 8.66 7.65

Table 4: Comparison using the best noise ratio selected on the development set for each method. The previous
method selected 20% on the development set, whereas the proposed method selected 15%. Test BLEU is reported

using the corresponding selected configuration.

. . K = 5 K = |ZL’7,|
Noise Ratio Dev  Test | Dev  Test
5% 8.60 7.10 | 793 742
10% 8.20 7.38 | 848 7.51
15% 8.56 7.08 | 8.66 7.65
20% 881 6.71 | 8.04 7.46
25% 786 6.17 | 859 6.92
30% 823 644 | 8.16 6.68

Table 5: Development- and test-set BLEU scores across
different noise ratios for the previous method (fixed
K = 5) and the proposed method (dynamic K = |z;|).
Bold configurations (20% for K = 5, 15% for K =
|;|) correspond to the dev-selected settings summarized
in Table 4.

training run, however, these observations should be
interpreted as an empirical trend in this experiment
rather than evidence of a monotonic relationship
between noise ratio and translation quality.

For the previous method, the best observed test-
set BLEU score is obtained at 10% (7.38), while
the scores at higher noise ratios fluctuate rather
than following a monotonic pattern. In particular,
BLEU increases from 6.17 at 25% to 6.44 at 30%.
Since each configuration was evaluated with a sin-
gle training run, this variation may reflect stochas-
tic training and noise-generation effects, and we do
not interpret it as evidence of a systematic relation-
ship between the fixed edit-distance constraint and
noise ratio.

The proposed method obtains higher test-set
BLEU than the previous method at all six evalu-
ated noise ratios. The largest difference is observed
at 15%, where BLEU increases from 7.08 to 7.65.
The proposed method achieves its highest observed
test-set BLEU at 15%, while the previous method
achieves its highest observed test-set BLEU at 10%
(7.38).

These results suggest that the maximum edit-
distance constraint and noise ratio can affect trans-
lation performance in this experimental setting.
However, because each configuration corresponds
to a single training run, the observed differences
and trends should be regarded as exploratory rather
than conclusive.

5.3 Effect of Additional Parallel Data

The hyperparameter analysis in Sections 5.1
and 5.2 does not incorporate the official WMT
2026 Assamese—English parallel training data into
model training. Instead, the Assamese source side
of the WMT 2025 test set is used only as monolin-
gual text for constructing the LRL vocabulary and
word-frequency statistics for noise injection. To
examine how the proposed method behaves when
genuine LRL parallel training data is available, we
additionally incorporate the official WMT 2026
Assamese—English training data into the training
COrpus.

The official WMT 2026 Assamese—English data
contains 54,000 sentence pairs, of which the first
53,000 are used for training and the last 1,000
are reserved for development. For the proposed
method, the noise-injected Bengali—English corpus
is concatenated with the 53,000 Assamese—English
training sentence pairs, and the resulting corpus is
used to train the model from scratch. The no-noise
baseline is trained analogously by concatenating
the original Bengali—English corpus with the same
53,000 Assamese—English training sentence pairs.
Thus, the “+ 2026 train” configurations in Table 6
do not represent fine-tuning or continued training;
they denote training from scratch on the concate-
nated corpus.

To provide an additional baseline, we also train a
model using only the 53,000 WMT 2026 Assamese—
English training sentence pairs, with the remain-
ing 1,000 sentence pairs used as the development
set. This model does not use the Bengali—-English
Samanantar corpus or language-specific noise in-
jection. All models in this experiment are evaluated
on the same 2,000-sentence WMT 2025 Assamese—
English test set used in the preceding experiments.

This experiment was conducted with a fixed
noise ratio of 10%, prior to the systematic noise-
ratio analysis presented in Sections 5.1 and 5.2.
Consequently, 10% may not be the optimal ratio
when additional parallel data is available, and we
did not revisit this choice after the later analysis.
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Model BLEU
w/o noise(Bengali) 2.68
Proposed (10%) 7.51
WMT 2026 train only(Assamese) 0.78
w/o0 noise + 2026 train 15.12
Proposed (10%) + 2026 train 14.96

Table 6: Comparison of models trained with the Bengali—
English base corpus, the WMT 2026 Assamese—English
parallel training data alone, or their combination. The
noise-injected configurations use the proposed method
with a fixed 10% noise ratio. The “+ 2026 train” con-
figurations are trained from scratch on the concatena-
tion of the Bengali—English corpus and the WMT 2026
Assamese—English training data.

We discuss this limitation further below.

Table 6 shows that training only on the 53,000
WMT 2026 Assamese—English parallel training
sentence pairs results in a BLEU score of 0.78 on
the WMT 2025 test set. In contrast, adding the
same parallel data to the Bengali—English base cor-
pus substantially improves translation performance,
raising BLEU from 2.68 to 15.12 for the no-noise
baseline and from 7.51 to 14.96 for the proposed
method.

Notably, once the WMT 2026 parallel training
data is added to the Bengali—English base corpus,
the proposed noise-injection method does not pro-
vide an additional gain under the fixed 10% noise
ratio used in this experiment. The proposed method
achieves 14.96 BLEU, slightly below the corre-
sponding no-noise baseline at 15.12 BLEU. Thus,
in this particular training configuration, the benefit
obtained from adding genuine Assamese—English
parallel data is substantially larger than the addi-
tional effect of noise injection.

However, these results should not be interpreted
as evidence that noise injection is ineffective when
parallel data is available. The experiment evaluates
only a single noise ratio and a single training con-
figuration, and the 10% noise ratio was selected be-
fore the systematic analysis in Sections 5.1 and 5.2.
We therefore leave a systematic investigation of the
interaction between parallel-data quantity, training
strategy, and noise ratio for future work.

5.4 Task Results

According to the official evaluation results re-
leased by the shared task organizers (Pakray et al.,
2026), we submitted systems for three trans-
lation directions: Assamese—English (one pri-
mary and two contrastive systems), Bodo—English
(one primary and one contrastive system), and

Manipuri—English (one primary system). For As-
samese and Manipuri, the Bengali—English portion
of the Samanantar corpus served as the base HRL
parallel data, with the last 1,000 sentence pairs
of the respective WMT 2026 shared-task training
data used as the development set; for Bodo, the
Hindi—English portion of Samanantar was used as
the base corpus in the same manner. All submit-
ted systems employed the proposed dynamic maxi-
mum edit-distance constraint (X = |x;|) together
with a noise ratio of 10%. However, the system-
atic comparison of different noise ratios presented
in Sections 5.1 and 5.2 was conducted after the
shared-task submission. Therefore, the submitted
systems represent only one configuration of the
proposed method evaluated in this paper.

For Assamese—English, the official evalua-
tion (Pakray et al., 2026) shows that our primary
system, which used the source-side sentences of the
official WMT 2026 test set as a monolingual corpus
for language-specific noise injection together with
the official parallel training data, achieved a BLEU
score of 11.01 and a chrF++ score of 39.18. The
contrastive2 system, which used the source side of
the official WMT 2026 training data as the mono-
lingual corpus for noise injection instead of the
test-set source sentences, performed comparably
(BLEU 10.47, chrF++ 39.81), suggesting that the
source of the monolingual text used for noise gen-
eration had only a small effect once official parallel
training data was also included. In contrast, the
contrastivel system, which used only the source-
side sentences of the official WMT 2026 test set
as the monolingual corpus for noise injection with-
out incorporating the official parallel training data,
scored substantially lower (BLEU 6.06, chrF++
31.98, TER 122.98), indicating that the addition of
official parallel training data played a larger role
in overall performance than the specific choice of
noise source.

A similar pattern was observed for
Bodo—English: the primary system, which
likewise used the source-side sentences of the
official WMT 2026 test set as a monolingual cor-
pus for language-specific noise injection together
with the official parallel training data, achieved a
BLEU score of 12.19, whereas the contrastivel
system without the official training data scored
markedly lower (BLEU 1.41, TER 135.09). This is
consistent with the Assamese results and further
suggests that, for both directions, the presence of
official parallel training data was the important
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Corpora Language Usage # Sentences
S ¢ Bn2En Train 4,302,288
amanantar Hi2En Train 5,062,852
Train / Noise Injection 53,000
As2En - pey 1.000
Official WMT 2026 training data Mni2En ~ Lrain/Noise Injection 22,687
Dev 1,000
Train 14,215
Bodo2En Dev 1,000
. Assamese  Noise Injection 1,000
Official WMT 2026 Shared Task test set Bodo Noise Injection 1,000

Table 7: Overview of the corpora used for our WMT 2026 IndicMT shared task submissions, including the base
HRL parallel corpora (Samanantar), the official WMT 2026 training/validation data for each LRL direction, and the
WMT 2026 test-set source sentences used for noise generation.

Direction  System BLEU chrF++ TER]
primary 11.01 39.18 99.69
As—En contrastivel 6.06 31.98 122.98
contrastive2  10.47 39.81 99.71
primary 12.19 40.30 90.33
Bodo—En contrastivel 1.41 17.87 135.09
Mni—En primary 0.50 18.09 292.36

Table 8: Official evaluation results of our submitted
systems (Akiba-NLP-TUT) on the WMT 2026 IndicMT
Shared Task test sets, as released by the task organizers.

factor in system performance at submission time.

For Manipuri—English, our primary system,
which used the source side of the official WMT
2026 Manipuri training data as the monolingual
corpus for language-specific noise injection, ob-
tained a BLEU score of only 0.50 and a TER of
292.36, indicating a substantial breakdown in out-
put quality. Given the typological distance between
Manipuri (Sino-Tibetan) and Bengali discussed in
the Limitations section, we suspect that the noise-
injection procedure may have been less effective at
producing useful training signal for this language
pair, though we did not conduct a separate diag-
nostic experiment to confirm this at submission
time.

Overall, the submitted systems correspond to a
single configuration of the proposed method, em-
ploying the dynamic maximum edit-distance con-
straint together with a noise ratio of 10%. The
broader comparison across different noise ratios
presented in Sections 5.1 and 5.2 was conducted af-
ter the shared-task submission and therefore serves
as a subsequent analysis of the proposed method.

6 Conclusion

In this paper, we extended the language-specific
word-level noise injection method proposed by
Hamada et al. (2025) by eliminating the need for

an external low-resource language (LRL) mono-
lingual corpus and by investigating two important
hyperparameters: the maximum edit distance K
used for candidate word selection and the noise
ratio. Specifically, we construct the LRL vocabu-
lary and word-frequency statistics directly from the
source-side LRL text available in the translation
task, propose a dynamic maximum edit-distance
constraint that adapts to the character length of each
source word, and evaluate translation performance
across six noise ratios.

Experimental results on Assamese—English
translation showed that the proposed dynamic
edit-distance constraint achieved higher test-set
BLEU than the fixed constraint at all six evalu-
ated noise ratios in our single-run analysis. The
proposed method achieved its highest observed
test-set BLEU at a 15% noise ratio, while the
fixed constraint achieved its highest observed test-
set BLEU at 10%. When noise ratios were se-
lected using the development set, the proposed
method selected 15% and achieved 7.65 BLEU on
the test set, whereas the fixed constraint selected
20% and achieved 6.71 BLEU. These results sug-
gest that the maximum edit-distance constraint and
noise ratio can affect translation performance in
this noise-injection framework, while the single-
run design prevents us from drawing firm conclu-
sions about statistical significance or generalization
across runs.

When the 53,000 WMT 2026 Assamese—English
training sentence pairs were added to the Bengali—
English base corpus, BLEU increased substantially
for both the no-noise and proposed configurations,
while the proposed method with a fixed 10% noise
ratio did not outperform the corresponding no-
noise baseline. This result highlights the need to
further investigate how noise injection interacts
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with the amount of genuine LRL parallel data.

We additionally reported our official submis-
sion results for the WMT 2026 Low-Resource In-
dic Language Translation Shared Task, covering
the Assamese—English, Manipuri—English, and
Bodo—English directions. The official results var-
ied substantially across language pairs: the pro-
posed system achieved substantially higher BLEU
for Assamese and Bodo than for Manipuri. For As-
samese, the comparison between the primary and
contrastive2 systems also showed that using differ-
ent source-side text for noise generation produced
relatively similar performance when the official
parallel training data was included. These results
suggest that the effectiveness of language-specific
noise injection may depend on the relationship be-
tween the LRL and the HRL used for noise genera-
tion.

Future work includes verifying the proposed
hyperparameter settings on additional LRL-HRL
pairs with varying degrees of similarity, evaluating
the method under multiple random seeds to assess
the stability of the observed trends, and extend-
ing the analysis to translation directions beyond
LRL—English.

Limitations

First, both the proposed and previous noise-
injection methods involve inherent randomness:
the edit distance sampled from the geometric dis-
tribution and the selection of replacement words
both vary across runs, so a given noise ratio does
not deterministically yield a fixed level of pertur-
bation. In this study, each configuration was evalu-
ated with a single training run due to computational
constraints. As a result, some of the fluctuations
observed across noise ratios and between the two
methods—such as the non-monotonic behavior of
the fixed-distance method between 25% and 30%—
may partly reflect run-to-run variance rather than
a stable underlying trend. Repeating each config-
uration with multiple random seeds and reporting
averaged scores would allow for a more reliable
characterization of the effect of noise ratio and edit-
distance strategy on translation performance.
Second, the effectiveness of the proposed
method appears to depend strongly on the lexical
and typological similarity between the target LRL
and the HRL used for noise injection. In this study,
Bengali served as the HRL for both Assamese
(Indo-Aryan) and Manipuri (Sino-Tibetan). While

the method yielded consistent improvements for
Assamese, gains for Manipuri were considerably
smaller both in this work and in our team’s prior
submission (Hamada et al., 2025), and our WMT
2026 primary submission for Manipuri—English
underperformed substantially relative to other par-
ticipating systems. This suggests that the current
approach is best suited to LRL-HRL pairs with
a reasonable degree of lexical closeness, and that
selecting an appropriately related HRL is a prereq-
uisite for the method to be effective, rather than a
detail that can be addressed after the fact through
hyperparameter tuning alone.

Third, the hyperparameter analysis is cen-
tered on a single LRL-English direction,
Assamese—English, and therefore does not estab-
lish that the observed preference for the dynamic
constraint or a particular noise ratio transfers
to other language pairs. In addition, we do not
compare the proposed length-based constraint with
alternative length-dependent schedules, so the
results do not establish that K = |z;| is uniquely
preferable among possible dynamic constraints.

Fourth, the effect of the noise ratio was system-
atically evaluated only in the setting without the
additional WMT 2026 Assamese—English parallel
training data. The experiment with approximately
53,000 parallel sentence pairs used a fixed 10%
noise ratio and trained the model from scratch on
the concatenation of the noise-injected Bengali—
English corpus and the Assamese—English training
data. Thus, the results do not determine whether a
different noise ratio or an alternative training strat-
egy, such as sequential fine-tuning, would make
noise injection beneficial when genuine LRL paral-
lel data is available.

Fifth, although the proposed method constructs
its vocabulary and frequency statistics from source-
side LRL text available in the translation task, the
main hyperparameter analysis does not provide a
fully controlled comparison against an indepen-
dently collected LRL monolingual corpus using
otherwise identical settings. The official Assamese
submission provides a comparison between dif-
ferent source texts for noise generation, but that
comparison also changes the overall shared-task
training setting. A controlled vocabulary-source
ablation would therefore be useful for isolating this
factor.

Finally, we do not compare our relatively small
Fairseq Transformer models with contemporary
large multilingual or Indic-focused language mod-
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els. Such a comparison would be informative for
contextualizing the absolute translation quality, but
differences in model scale, pretraining data, fine-
tuning data, and evaluation settings would make a
direct comparison difficult to interpret. We there-
fore leave a controlled comparison with contempo-
rary multilingual models for future work.
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