Corpora Generation for Urdu Grammatical Error Correction

Anonymous ACL submission

Abstract

Grammatical Error Correction (GEC) for
Urdu remains an under-researched area due
to the lack of annotated datasets. This pa-
per addresses the challenge of generating a
robust corpus for fine-tuning deep learning
models aimed at Urdu GEC. We propose
a method for synthesizing a large dataset
by collecting errors from the Urdu WikiEd-
its history, learning from them, and insert-
ing similar errors in grammatically correct
sentences to generate incorrect sentences
with grammatical errors, hence creating a
pair of grammatically correct and incorrect
sentences. Furthermore, we have created
a Gold Dataset by extracting errors from
exam copies of students. After the genera-
tion of the dataset, we have also fine-tuned
various models against synthetically gener-
ated data and evaluated them against gold
data to show the quality of synthetic data
generation.

1 Introduction

The field of Grammatical Error Correction
(GEC) has witnessed a paradigm shift in recent
years, moving from early rule-based and sta-
tistical classifiers to deep learning approaches.
Specifically, treating GEC as a sequence-to-
sequence (Seq2Seq) translation task has be-
come the standard in the field, largely follow-
ing the pioneering work of Yuan and Briscoe
(2016), who demonstrated the efficacy of Neural
Machine Translation (NMT) architectures for
correcting grammatical errors. However, the
success of these supervised deep learning mod-
els is heavily contingent on the availability of
massive, high-quality parallel corpora of gram-
matically incorrect and correct sentence pairs.
While such resources exist for high-resource lan-
guages like English, they are virtually nonex-
istent for low-resource languages, creating a
significant bottleneck for development.

Urdu is a language with a rich heritage and
a script influenced by Persian, Arabic, Hindi,
Sanskrit, and Turkish. ((Butt and Ahmed,
2011), (Mangrio, 2016)) It is widely spoken

in South Asian countries, including Pakistan
and India, by a large population. Despite its
complexity and the variety of grammatical com-
ponents, unfortunately, there has been little
work done in the field of Urdu GEC. An au-
tomated GEC system for Urdu would greatly
enhance content creation, digital communica-
tion tools, and educational platforms. To build
a state-of-the-art model that generalizes well
to a wide range of human grammatical errors
and outputs correct sentences for grammati-
cally incorrect inputs, we need a large corpus
of training data.

To address this data scarcity, this paper pro-
poses a robust method for synthetic data gen-
eration. We propose a pipeline that mines
naturally occurring error patterns from Urdu
Wikipedia revision histories and re-inflicts
them onto clean text. In doing so, we tackle two
primary research questions: (1) “Generation of
synthetic datasets for a low-resource language
like Urdu,” and (2) “Building a state-of-the-art
model that can output correct sentences for
input sentences that are grammatically incor-
rect.”

Finally, given the substantial morphosyntac-
tic similarities Urdu shares with other Indo-
Aryan languages such as Hindi, Punjabi, and
Sindhi (Butt and Ahmed, 2011; Mangrio et al.,
2021), we hypothesize that our data generation
pipeline is transferable to this broader linguis-
tic family. Provided that prerequisite resources
such as reliable POS taggers and dependency
treebanks are available, this methodology can
be effectively adapted to develop robust GEC
systems for other low-resource Indic languages.

2 Related Work

Research in GEC has largely focused on meth-
ods to overcome the scarcity of annotated train-
ing data through synthetic error generation
(Bryant et al., 2023). This section outlines
the evolution of these techniques from random
noise injection to linguistically grounded prob-
abilistic modeling.



2.1 The Shift to Neural GEC and Data
Scarcity

As established by Yuan and Briscoe (2016),
modeling GEC as a monolingual machine trans-
lation task allows for powerful generalization,
provided sufficient parallel data exists. In the
absence of large annotated corpora (such as NU-
CLE or Lang-8 used for English), researchers
have turned to synthetic data generation. Early
approaches, such as GenERRate by Foster and
Andersen (2009), introduced probabilistic error-
infliction tools to generate errors like POS in-
sertions, deletions, and substitutions. While
useful for small-to-medium corpora, purely ran-
dom or simple rule-based noise often fails to
capture the complexity of human errors, lead-
ing to models that do not generalize well to
real-world inputs.

2.2 Linguistically Grounded Error Gen-
eration

To improve the quality of synthetic data, re-
cent work has emphasized the importance of
linguistic context over random noise. Sidorov
et al. (2013) argued that traditional lexical
n-grams are insufficient for modeling syntac-
tic relations and demonstrated that Syntactic
N-grams (utilizing POS tags) significantly im-
prove error detection and correction. This the-
oretical foundation supports the move toward
”kernel-based” or pattern-based error genera-
tion.

Building on this, Ma et al. (2022) utilized a
Linguistic Rules-Based Generation (CLG) ap-
proach. They explicitly defined grammatical
rules (e.g., "Structural Confusion”) to gener-
ate synthetic errors that mimic the structural
complexity of real mistakes. Their findings
highlight that synthetically generated errors
must be linguistically plausible to be effec-
tive for training NMT systems. This contrasts
with earlier methods by Foster and Andersen
(2009), which relied on hard-coded rules, by
demonstrating that preserving the ”"grammat-
ical severity” of an error is crucial for down-
stream model performance.

2.3 Mining Error Distributions from

Natural Data

Rather than manually crafting linguistic rules,
modern approaches attempt to learn error dis-
tributions directly from noisy data. Felice and
Yuan (2014) were among the first to move away
from inserting random errors, instead calculat-

ing conditional probabilities of errors based on
linguistic context (e.g., P(error|POStag)) de-
rived from learner corpora. Similarly, Kasewa
et al. (2018) argued against random noise injec-
tion, proposing a method to learn the probabil-
ity distribution of errors from a seed corpus and
project that distribution onto clean text. This
"mining and grafting” strategy ensures that
the synthetic data reflects the natural distri-
bution of errors made by humans, a technique
we adopt in our pipeline by downsampling syn-
thetic data to match natural error frequencies.

2.4 GEC for Low-Resource and Indic
Languages

In the context of utilizing web-scale resources,
Lichtarge et al. (2019) proposed generating cor-
pora using Wikipedia edit histories (WikiEd-
its). They employed a dual strategy of prob-
abilistic error introduction and Round-Trip
Translation (RTT) through a high-resource
bridge language. Their work demonstrated
that Wikipedia revision histories contain valu-
able "natural” errors that benefit models sig-
nificantly when fine-tuned.

Specific to Indic languages, Sonawane et al.
(2020) adapted these strategies for Hindi, a lan-
guage linguistically similar to Urdu. They gen-
erated a parallel corpus of synthetic errors by
focusing on inflectional errors via a rule-based
process and validated their models against
scraped Wikipedia edit histories. Our work
extends these methodologies to Urdu; however,
rather than relying solely on rule-based inflec-
tion or random noise, we employ a kernel-based
extraction method inspired by the syntactic de-
pendencies highlighted by Sidorov et al. (2013)
and the probabilistic mining approaches of Fe-
lice and Yuan (2014), ensuring our synthetic
corpus captures the specific morpho-syntactic
nuances of Urdu.

3 Dataset Generation

3.1 Methodology for Synthetically Gen-
erated Dataset

Our approach for creating a synthetically gen-
erated dataset is a pipeline that uses the es-
tablished paradigm of "error annotation and
infliction,” a principled approach for creating
synthetic data in low-resource settings (Alre-
hili and Alhothali, 2025). In the first phase of
our pipeline (Annotation Phase), given a set of
correct and grammatically incorrect sentence
pairs, learns the different types of errors from



those pairs, and in its second phase (Infliction
Phase), given clean Urdu sentences, outputs
corrupted sentences resulting in GEC pairs,
where the corruption is the same as the one
learned from the set of correct and grammati-
cally incorrect sentence pairs.

3.1.1 Extraction of Errors from
Wikipedia Revision Histories

To capture natural grammatical errors for the
Annotation phase, we mined Urdu Wikipedia
revision histories, adopting the strategy used
by Sonawane et al. (2020) for Hindi. Given that
Wikipedia content in low-resource languages
often originates from translation followed by
human post-editing, the edit history provides
a rich source of grammatical corrections. We
extracted edit sequences, treating the final re-
vision as the grammatically correct reference
and the penultimate revision as the incorrect
source. Following extraction, we applied a stan-
dard cleaning pipeline to filter noise, the details
of which are provided in Appendix A, which is
also based on (Sonawane et al., 2020), ensur-
ing that the errors collected are grammatical
only. This process yielded the Wiki-Edits
Dataset, comprising approximately 240,000
parallel sentence pairs.

3.1.2 Error Annotation

The goal of the annotation phase is to build a
structured, context-rich database of observed
grammatical errors from the Cleaned Wiki-
Edits Dataset using each of its incorrect-
correct sentence pairs.

First, we performed context-aware analysis us-
ing Stanza (Qi et al., 2020) to extract POS
tags, lemmas (root words), and morphological
features for every word in each sentence pair in
the Cleaned Wiki-Edits Dataset. Stanza
was selected for its high accuracy on Urdu (Ap-
pendix B). To ensure that our pipeline focuses
on morphological shifts rather than spelling
corrections, we established a closed vocabulary
for Out-of-Vocabulary (OOV) checks derived
from the UD 2.12 treebank (Bhat et al.; Palmer
et al., 2009). This ensures tokenization consis-
tency, as Stanza and our vocabulary share the
same underlying schema from the treebank.

Next, we identified the precise edits transform-
ing incorrect sentences into correct ones us-
ing a custom alignment algorithm inspired by
ERRANT (Bryant et al., 2017), which clas-
sifies edits as ‘Insertion’ (I), ‘Deletion’ (D), or
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Figure 1: Two example outputs of the alignment al-
gorithm on the same grammatically incorrect input
sentence (the top one in both examples), which has
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five words in it; "ss”, "7, mZ”, ”L:/”, and " pt”.
The output of the first example (transition of type
S) shows that the sentence has 5 words in total, 4
matching words "M”, and 1 substituted word ”S”.
The output of the second example (transition of
type S and I) shows that there has been an insertion
"1” at the first index and a substitution at the last
index.

‘Substitution’ (S); Figure 1 shows an example.
Unlike standard Levenshtein distance, our al-
gorithm employs a linguistically motivated cost
function to better model grammatical similar-
ity (exact formulation in Appendix C).
Kernel-Based Error Representation. To
capture the grammatical environment of an
error, we define a local context window, or
“kernel,” of size k. This consists of the to-
ken at the edit index (w;) and its surrounding
neighbors. For example, if £ = 3, the kernel
includes the immediate left and right neighbors
(wi—1,w;y1). We treat k as a tunable hyperpa-
rameter to balance context-awareness against
data sparsity. Rather than storing raw lexical
forms, we abstract tokens into their Morpho-
Syntactic States using Stanza. We observed
that different error types require different lev-
els of contextual granularity. Therefore, we
defined distinct matching criteria for each op-
eration:

¢ Substitution Patterns: We model this
as a Morphological Transition of the target
word constrained by a Syntactic Frame.
The frame is defined strictly by the UPOS
tags of the context window. The transition
is defined by the change in morphological
features of the middle word (e.g., Case:
Nom — Case :cc). We do not constrain the
morphological features of the surrounding
tokens in the window for substitutions,
allowing the pattern to generalize across
different neighbor inflections.

e Insertion and Deletion Patterns:
Since these operations involve the pres-



ence or absence of a word, we enforce a
stricter context validation: the kernel is
defined by both the UPOS tags and the
exact morphological features of the sur-
rounding words in the context window.
For example, in the case of k = 3, deleting
a postposition requires checking that the
preceding noun is in the specific morpho-
logical state (e.g., Oblique) that licensed
that postposition.

Annotation Storage. We aggregate these
patterns into a database of observed errors,
where each entry stores the matching crite-
ria (Context UPOS and/or Features) and the
transformation rules required to reproduce the
error. For Substitutions, we record the spe-
cific mismatch in morphological features be-
tween the incorrect and correct words (e.g., a
shift in Case). For Deletions, we store the
exact surface word to be removed. For In-
sertions, we record the strict morphological
context of the neighbors that indicates a miss-
ing word. Detailed schema definitions for these
annotation objects are listed in Appendix D.

3.1.3 Error Infliction

In the final phase, we utilize the learned er-
ror patterns to corrupt the Makhzan Cor-
pus (mak), a large collection of cleaned, gram-
matically correct corpus consisting of around
270,000 Urdu sentences.

The infliction process operates by sliding a
window across every sentence in the clean text,
analyzing every possible local context window
of size k with Stanza to extract UPOS tags and
morphological features. A context window in
the clean sentence is identified as a candidate
for corruption if its local morpho-syntactic con-
text exactly matches the target (correct) side
of an error pattern stored in our Annotations
Database.

To ensure high-quality generation, we apply
specific linguistic constraints for each error

type:

Substitution Infliction (The Lemma Con-
straint). Blindly substituting words based
solely on POS tags would likely result in se-
mantic drift. To prevent this, we generate
substitution errors only when two conditions
are met:

1. The word in the clean corpus must
have morphological features matching the

correct_ feats of a retrieved error pattern.

2. There must exist a derived form from the
lemma of the clean word matching the
incorrect_ feats of the pattern (verified via
our Lemma Dictionary, see Appendix
E.1).

These conditions ensure that the generated er-
ror is a valid morphological variant of the orig-
inal word, preserving the sentence’s semantic
core.

Insertion and Deletion Infliction. For
these operations, we apply the logic of "re-
versing the correction” with strict context vali-
dation (described in Appendix E.2):

¢ Deletions: To simulate a deletion error,
we identify a context in the clean sentence
that matches a learned Insertion pattern.
If the clean words match the full morpho-
logical profile of an inserted word and its
neighbors, the middle word is removed
to generate the erroneous sentence of the
pair.

¢ Insertions: To simulate an insertion er-
ror, we look for a context matching a
learned Deletion pattern. If a sequence
of clean words matches the context de-
fined by a Deletion pattern (where the
'gap’ represents the token to be inserted),
we inject the missing word as stored in
the annotation database to generate the
erroneous sentence of the pair.

3.2 Creation of the Gold Test Dataset

While synthetic data is essential for training in
low-resource settings, evaluating models solely
on synthetic data often leads to inflated per-
formance metrics that fail to reflect real-world
generalization. To establish a rigorous, unbi-
ased benchmark for Urdu GEC, we curated a
high-quality Gold Test Dataset of naturally
occurring errors.

Data Sources and Curation. We collabo-
rated with local educational institutions to pro-
cure work from Urdu exam papers of students
(Grade 8 and above). The selected schools
were chosen so that the student demographic
there comprises both L1 and L2 learners to add
diversity. Additionally, we extracted exercises
from Urdu grammar workbooks designed for
error correction tasks.



Scope and Filtering. We used help from
expert linguists to manually filter out purely
orthographic errors (spelling mistakes) or stylis-
tic fluency edits that did not violate grammat-
ical rules. This resulted in a dataset of 1,613
high-quality parallel pairs.

Error Distribution Statistics. To provide
transparency regarding the types of errors cov-
ered, we provide statistics of the Gold-Dataset
using the standardized ERRANT-type metrics
(Bryant et al., 2017) to illustrate the distribu-
tion of error types. Table 1 details the break-
down of error types.

Error Category | Count % | Example (Incorrect — Correct)
Verb & Aux 1,131 33.2 t’/ﬂ J/(GCH(‘ICI‘/NUIHbCI‘)

Noun & Pron 733 215 | 8 - LY (Oblique Case)

Adpos 560 164 | - (Genitive Agreement)

Mod & Misc 618 182 | W& — £.I (Adj Agreement)

Ortho 362 10.6 | b= — L~ (Spelling)

Total Edits | 3,404 100.0 | Avg. 2.1 Errors / Sentence

Table 1: Distribution of error types in the Gold
Test Set (1,600 sentences), grouped by macro-
grammatical categories.

To foster reproducibility and further research
in Urdu NLP, we intend to release the Gold
Test Corpus (1,613 pairs).

The Gold corpus is, to our knowledge, the first
expert-annotated GEC benchmark for Urdu
derived from diverse educational sources.

Evaluation Protocol. This dataset is
treated exclusively as a Held-Out Test Set.
It is never seen by the model during any train-
ing experiment. By fine-tuning on synthetic
data and evaluating on this completely different
distribution of human errors, we ensure that
our reported metrics reflect genuine grammati-
cal generalization rather than pattern memo-
rization.

4 Optimization of Synthetic Data Gen-
eration

The methodology described in Section 3.1 al-
lows for flexible generation of errors based on
three configurable parameters:

1. Context Window Size (k): Defines the
granularity of the morpho-syntactic envi-
ronment required to trigger an error injec-
tion.

2. Sampling Strategy: Determines the
probability distribution used to select

which error pattern to inflict when multi-
ple matching patterns exist.

3. Error Density: Controls the number of
distinct errors injected into a single sen-
tence.

To determine the optimal configuration for gen-
erating the final synthetic corpus, we conducted
a series of ablation studies.

4.1 Optimization Protocol and Metrics

For these optimization experiments, we uti-
lized the mTO-large (1.2B parameters) (Muen-
nighoff et al., 2022) model as a proxy. We fine-
tuned the model on different synthetic varia-
tions and evaluated performance on our Gold
Dataset. All ablation runs used identical hy-
perparameters (detailed in Appendix ?7) to
ensure that performance differences were solely
attributable to data characteristics.

To quantify performance, we utilize established
metrics (Yuan and Briscoe, 2016) for Gram-
matical Error Correction:

o MaxMatch (M?): We use the M? scorer
(Dahlmeier and Ng, 2012) to report Pre-
cision, Recall, and F( 5.

e GLEU: The Generalized Language Eval-
uation Understanding metric (Napoles
et al., 2016), utilized to measure fluency
and overlap with reference sentences.

4.2 Ablation 1: Context Window Size
(k)
The kernel size k dictates the granularity of
the error context. While a larger k theoret-
ically captures longer-range dependencies, it
increases data sparsity, as finding larger ex-
act n-gram matches in a clean corpus becomes
exponentially harder.
We experimented with k& = 3 (£1 neighbor),
k=5 (£2), and k = 7 (£3). For this ex-
periment, we held the Sampling Strategy
(Natural) and Error Density (Single Edit)
constant.

Kernel Pairs P R Fo.s GLEU
k=3 (£l) | 1,270,500 | 36.74 15.52 28.85 68.6
k=5 (£2) 156,085 28.26 12.04 22.26 67.05
k=17 (£3) 18,689 27.84 08.44 19.07 67.3

Table 2: Impact of Kernel Size on GEC perfor-
mance. Dataset size represents the number of sen-
tences where a matching context was found in the
clean corpus.



As shown in Table 2, increasing the kernel
size led to a linear degradation in performance.
This is directly correlated with the massive
reduction in yieldable data; k = 7 produced
only ~1.5% of the data volume compared to
k = 3. Consequently, we selected kK = 3 as
the optimal trade-off between local context
awareness and data availability.

4.3 Ablation 2: Error Sampling Strat-
egy

Errors in the Wiki-Edits dataset follow a "Natu-
ral” long-tail distribution, where simple errors
(e.g., adposition drops) are vastly more fre-
quent than complex morphological shifts. We
compared Natural Sampling against Tem-
perature Sampling (7 = 0.5), which flat-
tens the distribution to give rare error patterns
higher representation.

For this experiment, we held Kernel (k = 3)
and Error Density (Single Edit) constant.
Crucially, to ensure a fair comparison, the
dataset size for Temperature Sampling was
deliberately constrained to match the Natu-
ral Sampling size (=~ 1.27M sentences) using
similar implementation to logic detailed in Ap-
pendix G.

Strategy P R Fo.s GLEU
Natural Sampling 36.74 15.52 28.85 68.6
Temperature Sampling 40.50 15.00 30.22  69.08

Table 3: Impact of Sampling Strategy. Both
datasets contained ~ 1.27M sentences.

Temperature sampling yielded a notable im-
provement in Precision and Fy 5 (Table 3). By
upsampling rarer morphological error patterns,
the model learned to generalize better to di-
verse error types, rather than overfitting to
high-frequency surface edits.

4.4 Ablation 3: Error Density (Single
vs. Multi-Edit)

Real-world texts often contain multiple errors
per sentence. To support Multi-Edit gen-
eration, we engineered our infliction pipeline
to apply errors iteratively from right-to-left
to preserve index integrity. We compared a
dataset with exactly one error per sentence
against one where the number of errors follows
a normal distribution using mean and standard
deviation derived from Gold statistics (inspired
by (Grundkiewicz et al., 2019)).

For this experiment, we held Kernel (k =
3) and Sampling Strategy (Temperature)

constant.
Configuration P R Fo.s GLEU
Single Edit 40.50 15.00 30.22 69.08
Multi-Edit (Normal Dist.) 30.61  09.76  21.45 67.6

Table 4: Impact of Error Density on GEC perfor-
mance.

Even though our Gold Test set contains a sig-
nificant proportion of multi-edit sentences (827
multi-edit vs. 805 single-edit pairs), the Multi-
Edit model performed worse (Table 5). We
hypothesize that this is due to infliction in-
tensity: applying a normal distribution of
errors to the relatively short sentences typical
of our corpus often obscures the semantic con-
text required for reconstruction. Facing such
high noise levels during training, the model
struggles to learn precise correction mappings,
leading to a notable drop in Precision (from
40.50 to 30.61). Consequently, we utilized the
Single Edit configuration for the final corpus.

4.5 Resulting synthetic GEC Corpora

Based on the optimization study, we generated
our final synthetic training corpus using Ker-
nel k£ = 3, Temperature Sampling, and
Single Edit injection of length 1.27 million
sentence pairs.

To foster reproducibility and further research in
Urdu NLP, we intend to release the Synthetic
Training Corpus (1.27M pairs).

5 Main Experiments
5.1 Baselines and Comparisons

To validate the efficacy of our proposed Wiki-
Edit Inflection pipeline, we compare it
against three distinct baselines, which are re-
garded as state-of-the-art in synthetic error
generation:

1. Zero-Shot Baseline: The raw pre-
trained model without any GEC-specific
fine-tuning. This serves as a control to
measure the model’s inherent ability to
rewrite text.

2. Random Noise Injection: We adapted
the noise generation strategy proposed by
Grundkiewicz et al. (2019). We generated
a synthetic dataset of 1.27M sentence pairs
by applying probabilistic edit operations
(insertion, deletion, substitution, swap) to
the clean Makhzan corpus. While main-
taining the statistical error distribution



of the original study, we utilized Leven-
shtein distance for word substitutions to
account for the lack of Urdu spell-checking
resources (see implementation details in
Appendix G). This tests whether our lin-
guistically motivated "Kernels” provide
value over stochastic noise.

3. Neural AEG (Back-Translation):
Back translation is a widely used data aug-
mentation technique in NLP where mono-
lingual target-language text is translated
back into the source language to create
synthetic parallel data, thereby improving
model robustness and performance in low-
resource or error-correction settings. This
approach has been identified as an effec-
tive artificial data generation method in
recent surveys of grammatical error correc-
tion and translation research Bryant et al.
(2023). Following Koyama et al. (2021),
Rei et al. (2017), and Htut and Tetreault
(2019), we trained a sequence-to-sequence
model to generate errors. We fine-tuned
an mTO0-large model on the Correct —
Incorrect direction using the raw Wiki-
Edits data and used it to corrupt the clean
Makhzan corpus. Then, following Xie et al.
(2018), we generated five predictions for
each sentence with varying noise to equal-
ize the dataset size. This compares our
rule-based linguistic inflection against a
purely neural approach. Then we trained
the correction model using the same hy-
perparameters (listed in Appendix F) as
all our other models. We did not use a
generative model as used by Luhtaru et al.
(2024) for the purposes of a fair compar-
ison. We hypothesize the low scores to
be the result of non-grammatical edits un-
filtered in raw Wiki-Edits data, whereas
our approach intrinsically performs the
required filtering.

4. Raw Wiki-Edits: We fine-tune directly
on the Wiki-Edits Dataset, comprising
approximately 240,000 parallel sentence
pairs 3.1.1 to test if our synthetic amplifi-
cation provides benefits over the natural
source data.

5.2 Models and Implementation

We evaluated our finalized synthetic data on
three competitive multilingual architectures to
demonstrate model-agnostic gains:

Approach P R Fo.s GLEU
Zero-Shot 21.52 25.08 22.15 45.28
Random Noise 27.70 09.24 19.79 67.62
Neural AEG 10.51 03.04  07.05 62.58
Raw Wiki-Edits  20.74  05.40 13.22 66.02
Our Approach 40.50 15.00 30.22 69.08

Table 5: Our approach compared with baselines.

o« mTO-large (1.2B parameters): An
instruction-tuned variant of mT5.

« NLLB-3.3B: A massive multilingual
translation model.

All models were fine-tuned using the Adafac-
tor optimizer. Specific hyperparameters for all
experiments are detailed in Appendix F. Re-
sults are reported using the metrics defined in
Section 4.1.

6 Results and Analysis

This section presents the empirical results of
our experiments.

6.1 Main Quantitative Results

To measure the impact of our synthetic corpus,
we evaluated each model on the held-out Gold
Dataset in two settings: a zero-shot baseline
(before fine-tuning) and after fine-tuning on
our 1.27 million sentence pairs. The results are
summarized in Table 6.

The results in Table 6 reveal a substantial and
consistent improvement across all metrics for
both models after being fine-tuned on our syn-
thetic corpus. The low baseline scores, partic-
ularly for NLLB, confirm that even powerful
multilingual models lack specialized GEC ca-
pacity for Urdu out-of-the-box. Fine-tuning
provides a dramatic performance boost.

7 Conclusion

This paper addressed the critical scarcity of re-
sources for Urdu Grammatical Error Correction
(GEC) by introducing a principled, two-phase
pipeline for large-scale synthetic corpus genera-
tion. Our approach learns fine-grained, context-
aware error patterns from Wikipedia revision
histories and systematically inflicts them onto a
clean monolingual corpus, resulting in two key
contributions: a replicable generation method-
ology and the release of a 1.27 million-pair
synthetic corpus and a ”"Gold” test set. The
profound effectiveness of this approach is con-
firmed by our experiments, which show dra-
matic performance gains across state-of-the-art



Table 6:

Category-wise Fg 5 and GLEU scores on the gold test set.

Error Categories

Model Variant Verb & Aux Noun & Pron Adpos Mod & Misc Ortho Overall
Fos GLEU Fps GLEU Fyps GLEU Fps GLEU Fps GLEU Fps GLEU
MTO large (baseline) 24.27 45.35 16.35 43.71 27.10 51.21 22.20 47.74 13.44 36.20 22.15 45.28
large (finetuned) 32.74 67.62 1856 66.35 49.86 78.03 8.36 73.89 23.20 70.63 30.22 69.08
NLLB 3.3B (baseline) 7.12  23.29 3.88 23.07 11.05 23.33 11.38 22.72 2.07 30.19 7.00 23.51
3.3B (finetuned) 29.86 66.04 16.84 62.83 37.68 74.48 14.29 71.73 13.01 66.43 26.12 66.66

models like mT0 and NLLB after fine-tuning.
These results validate our method and pro-
vide the essential contributions to spur the
development of practical GEC tools for mil-
lions of Urdu speakers. Furthermore, given the
substantial morphosyntactic similarities Urdu
shares with other Indo-Aryan languages such as
Hindi, Punjabi, and Sindhi (Butt and Ahmed,
2011; Mangrio et al., 2021), we hypothesize that
our data generation pipeline is transferable to
this broader linguistic family. Provided that
prerequisite resources such as reliable POS tag-
gers and dependency treebanks are available,
this methodology can be effectively adapted
to develop robust GEC systems for other low-
resource Indic languages.

7.1 Limitations

While our work establishes a strong baseline,
we acknowledge several limitations that offer
avenues for future research:

¢ Source Data Domain: Although the
WikiEdits corpus provides a rich source of
naturalistic errors, its encyclopedic style
may not fully capture the nuances and
error patterns common in other domains,
such as conversational text or creative writ-
ing. The error distribution is primarily re-
flective of Wikipedia contributors, which
may differ from that of language learners.

¢ Scope of Error Correction: Our kernel-
based approach, which relies on a three-
word local context, is highly effective
for single-token edits (substitutions, inser-
tions, deletions) but may not adequately
capture more complex, non-local gram-
matical errors, such as incorrect sentence
structure or discourse-level phenomena.

o Evaluation on Limited Gold Data:
Due to the scarcity of annotated resources
for Urdu, our "Gold” test set, while high-
quality, is of a limited size. A larger, more

diverse evaluation benchmark would be
needed to make more definitive claims
about real-world performance across dif-
ferent demographics of Urdu speakers.

¢ Computational Constraints: Fine-
tuning large models required signifi-
cant computational resources, which con-
strained our ability to conduct more ex-
tensive hyperparameter searches or train
for extended epochs. This may have pre-
vented some models from reaching their
full potential on our dataset.

8 Ethical Statement

We have considered the ethical implications of
our work throughout the research process.

e Data Sources and Privacy: The pri-
mary source for our synthetic data genera-
tion, Wikipedia, is a public resource with
content licensed under Creative Commons
(CC BY-SA 3.0). The text is encyclope-
dic and generally non-personal. While we
did not implement an explicit PII removal
step, a manual review of a sample of the
data did not reveal any instances of sensi-
tive personal information. The usernames
associated with edits are pseudonymous
and were not used in any part of our anal-
ysis. The ”"Gold Dataset” was derived
from anonymized student exam papers,
collected with institutional consent for re-
search purposes. All personally identifi-
able information was removed during the
manual extraction process.

« Potential for Bias: Our synthetic
dataset inherits the biases present in its
source corpora. The "Wiki-Edits Dataset”
reflects the language and error patterns of
its contributors, while the ”Gold Dataset”
reflects those of students in a specific ed-
ucational context. The models trained
on this data will consequently learn these



biases. We believe that releasing both
datasets allows future researchers to study
and mitigate these biases, but users of
models trained on this data should be
aware of its origins.

e Intended Use and Impact: The in-
tended use of our work is to advance NLP
research and tool development for Urdu,
a low-resource language. An automated
GEC system has a significant positive im-
pact by enhancing content creation, im-
proving digital communication tools, and
providing valuable feedback in educational
platforms. We are not aware of any direct
potential for malicious use of this tech-
nology. Both the code and the datasets
will be made publicly available to ensure
transparency, reproducibility, and to fos-
ter further research for the benefit of the
Urdu-speaking community.
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Appendices

A Raw Wiki-Edits Cleaning

To ensure the quality of the ”"Wiki-Edits
Dataset,” the raw data extracted from
Wikipedia revision histories were subjected to
the following cleaning pipeline:

1. Character Filtering: Removal of extra
whitespaces and non-Urdu characters (e.g.,
emojis or unsupported symbols).

2. Noise Filtering: Removal of sequences
containing a high percentage of numeric
or non-alphabetical characters, as these
usually represent metadata or formatting
code rather than natural language.

3. Deduplication: Removal of extremely
similar sentence pairs to prevent data leak-
age and redundancy.

4. Unicode Normalization: Translation
of non-Urdu Unicode characters to the
standard Urdu range (e.g., converting
Arabic-specific Unicode points to their
Urdu equivalents) and translation of En-
glish numerals to Urdu numerals using
normalization provided by the UrduHack
(urd) Toolkit.

B Linguistic Resources

Stanza’s Urdu model, fine-tuned on the UD
2.12 treebank dataset (Bhat et al.; Palmer et al.,
2009), demonstrates high performance, with
reported accuracy scores of 94.78% for lemma-
tization, 92.98% for UPOS tagging, and 84.06%
for morphological features. This level of accu-
racy is crucial for the annotation phase, as it
ensures that the grammatical context of each
error is captured with high fidelity.

C Alignment Cost Function

Our alignment algorithm utilizes a weighted
cost function to prioritize grammatical changes
over semantic substitutions. The cost between
an original token o and a corrected token c is
calculated as:

Cost (o, c) = Costierma T Costpos + Cost

Where:

o Costamma is 0 if the lemmas are identical
and 0.499 otherwise. This penalizes sub-
stitutions that change the base meaning
of the word.!

10.499 is chosen to be just below the threshold of

0.5 to prioritize lemma matches over POS mismatches
in edge cases

char

o Costpos is 0 if the Universal Part-of-
Speech (UPOS) tags are the same, 0.25 if
both are open-class POS tags (e.g., Noun
to Verb), and 0.5 otherwise. This reflects
the grammatical severity of the change.

o Costgp,y is the normalized Indel distance
between the token for minorcounting mi-
nor for spelling variations.

This cost function ensures that the alignment
prefers linguistically plausible edits, such as
changing an inflection, over substituting an
unrelated word.

D Detailed Annotation Schema

This appendix details the data structures used
to implement the kernel-based error represen-
tation described in Section 3.1.2. The schema
is designed to be flexible for any kernel size k,
though we illustrate using the default k£ = 3.

D.1 Kernel Definition and Placeholders

To handle boundary conditions, the "kernel”
utilizes a specific placeholder tag, '%", to han-
dle edge cases:

e Standard Context: For Substitu-
tion and Insertion errors, the ker-
nel is a list of k& UPOS tags (e.g.,
[UPOS_ left, UPOS_ middle, UPOS_ right]).
If the edit occurs at the start or end of a
sentence, the missing neighbor is replaced
with '%".

¢ Deletion Context: Since a Deletion
error represents a “gap” between two
words, the middle element is always the
placeholder. The structure is strictly
[UPOS_left, '%", UPOS_right] (for k =
3).

D.2 JSON Annotation Objects

For every observed edit, a structured JSON
object is created. The specific fields vary by
error type to optimize for the distinct context
requirements of each operation (e.g., storing
neighbor features for Indels but not for Substi-
tutions).

Substitution (S) An annotation is created
only if both the incorrect and correct words
pass the OOV check.

e type: ’S’
e kernel upos: The list of three UPOS tags
forming the syntactic frame.



e incorrect_ feats: A UPOSFeats object con-
taining the UPOS and morphological fea-
tures (e.g., Gender=Masc|Number=Sing)
of the source word.

correct_ feats: A UPOSFeats object con-
taining the features of the target word.
occurrence: A counter for this specific mor-
phological transition under this kernel.

Deletion (D) An annotation is created if the
deleted word and its neighbors pass the OOV
checks. Note that, unlike Substitution, we store
the morphological features of the neighbors to
ensure strict context matching.

type: 'D’

kernel _upos: The three-element kernel
with '%" in the middle.

kernel_feats: A list of UPOSFeats objects
for the left and right context neighbors.
deleted__words: The list containing the
exact surface word that was deleted.
occurrence: Frequency counter.

Insertion (I) An annotation is created if the
inserted word and the surrounding context in
the correct sentence pass the OOV check.

type: T’

kernel upos: The list of three UPOS tags.
kernel_feats: A list of UPOSFeats objects
for all three words (Left, Inserted, Right)
to capture the full morphological agree-
ment context.

inserted__word: The exact surface word
that was inserted.

occurrence: Frequency counter.

D.3 Storage Structure

To allow for efficient querying during the in-
fliction phase, these objects are stored in a
dictionary keyed by the syntactic frame:

« Key: The  string
tion of the kernel upos
”['NOUNI, |%|’ 'VERBI]”).

representa-
list (e.g.,

e Value: A list of all unique annotation
objects (as defined above) that share that
syntactic frame.

Figure 2 visualizes how these objects are seri-
alized in the final JSON output.
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E Infliction Mechanism Details
E.1 Lemma Dictionary Construction

To enable the Lemma Constraint described
in Section 3.1.3, we required a mapping that
could answer the question: ”For a given root
lemma, what are all the valid morphological
surface forms that exist in standard Urdu?”

We constructed this knowledge base by iterat-
ing through every sentence in the UD 2.12
Urdu Treebank (Bhat et al.; Palmer et al.,
2009). Since this treebank is manually anno-
tated by linguists, it serves as a ground-truth
source for valid morphological variation. The
construction process was as follows:

1. We iterated through all sentences in the
treebank.

. For every token, we extracted its Lemma,
its Surface Form, and its Morphologi-
cal Features (e.g., Case, Gender, Num-
ber).

3. We populated two dictionaries; One which
stores all surface forms of a lemma, and
two where the key is the word which can
be a lemma, or a surface form, and the
value is a list of observed Feature Set.

Figure 3 visualizes the first dictionary structure.
Figure 4 shows the second diagram. Wenary
structure; we use their combination in our in-
fliction algorithm to dynamically generate the
“incorrect” version of a word found in the clean
corpus. For example, if the clean corpus con-
tains the masculine verb form karta (lemma:
kar), and the error pattern dictates a switch to
feminine, we query the first dictionary to get
the key kar and query the second dictionary
to retrieve the valid feminine form karti, pro-
vided it was observed in the treebank with the
required feature set.

{
"yt [
“U“):—}j“) "c—j\!") "c_:ﬁ!", ‘ll‘—f\‘ll')
Y, Ty, MM, s sy,
]
}

Figure 3: Structure of the pre-compiled word-to-
lemma dictionary. The lemma serves as the key,
pointing to a list of all its derived forms observed
in the treebank.



{
"ot [

{
"id": "35",
"text": "g",
"lemma": "_.",
"upos": "VERB",
"xpos": "VM",
"feats": "Mood=Ind|Number=Plur|
Person=3|Tense=Pres|VerbForm=Fin|
Voice=Act",
"head": "9",
"deprel": "acl:relcl",
"deps": "_"
"misc": "SpaceAfter=No|Vib=__|
Tam=hE | ChunkId=VGF2 |ChunkType=head |
Stype=declarative|Translit=hifi|
LTranslit=he"

})

{
"id": "15",
"text": "o,
"lemma™: "_,",
"upos": "AUX",
"xpos": "VAUX",
"feats": "Gender=Masc|Mood=Ind|
Number=Plur|Person=3|Tense=Pres |
VerbForm=Fin",
"head": "13",
"deprel”: "aux",
"deps": "_"
"misc": "SpaceAfter=No|Vib=__|
Tam=hE | ChunkId=VGF|ChunkType=child|
Translit=hifi|LTranslit=he"

s

// other occurrences of "_." continue

here

1
¥

Figure 4: Example of the UD 2.12 treebank data
represented as a dictionary. This is used during
the Candidate Search phase to ensure that a target
incorrect form corresponds to a valid grammatical
usage.

E.2 Insertion and Deletion Context Val-
idation

While Substitutions rely on lemma lookups,
Insertion and Deletion infliction relies on strict
context matching. To ensure high fidelity:

e Pre-processing: We apply character nor-
malization to the clean text and run the
Stanza pipeline to generate UPOSFeats
objects.

Sliding Window: We utilize a sliding
window of size k (set to k = 3 for our
primary experiments). To optimize perfor-
mance, we compute a hash of the k-gram
UPOS tag sequence to instantly retrieve
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relevant error patterns from the Annota-
tions Database.

OOV Safety: Before any deletion or in-
sertion is finalized, we perform an Out-
of-Vocabulary (OOV) check on the tar-
get word. This prevents the system from
learning or propagating typos or rare
spellings that may have existed in the
noisy Wikipedia source.

F Training Hyperparameters

All neural models in this work were trained
using a consistent set of hyperparameters to en-
sure fair comparison across experiments. These
values were selected based on preliminary val-
idation experiments and computational con-
straints.

Hyperparameter Value
Maximum sequence length 128
Batch size 8
Gradient accumulation steps 4
Effective batch size 32
Optimizer Adafactor
Learning rate 5x107°

Number of epochs

1
Mixed precision bfloat16 (bf16)

Table 7: Training hyperparameters used for all
model fine-tuning experiments.

G Random Noise Implementation

Our random noise baseline follows the statisti-
cal noise injection method described by Grund-
kiewicz et al. (2019). We applied word-level
and character-level noise to clean sentences
with the following parameters:

Error Rates: For each sentence, an error
probability p was sampled from a normal dis-
tribution N (p, o). We set p = 0.2 based on
the empirical error rate observed in our Gold
Test Set, and o = 0.2 following the reference
study.

Operations: Edits were applied based on
the operation distribution: Substitution (0.7),
Deletion (0.1), Insertion (0.1), and Swap (0.1).
Furthermore, character-level noise (typos) was
applied to 10% of tokens.

Confusion Sets: The reference study uti-
lizes Aspell to generate confusion sets for word
substitutions. Due to the lack of a robust pho-
netic spellchecker for Urdu, we generated con-
fusion sets using Levenshtein Edit Distance.



For any given word, candidates were selected
from the vocabulary if they were within an edit
distance of 2. In cases where no Levenshtein
neighbors were found, the system fell back to
random word substitution.

"['PRON', 'NOUN', 'ADP']": [
{
"type": "S",
"kernel upos": ["PRON", "NOUN", "ADP"],
"incorrect_feats": {
"upos": "NOUN",
"feats": "Case=Nom|Gender=Masc..."
Ts
"correct_feats": {
"upos™: "NOUN",
"feats": "Case=Acc|Gender=Masc..."
3
"occurrence": 42
Fa
/*
. other substitution or insertion
errors with the same UPOS kernel
*/
1s
"['NOUN', '%', 'VERB']": [
{
"type": "D",
"kernel_upos": ["NOUN", "%", "VERB"],
"kernel feats": [
{
"upos™: "NOUN",
"feats": "Case=Acc..."
3
null,
{
"upos": "VERB",
"feats": "Voice=Act..."
¥
1,
"deleted_words": ["_="],
"occurrence": 15

]
}

Figure 2: Example of the Final Annotation Data
Structure showing a Substitution object (top) and
a Deletion object (bottom).
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