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Abstract Named Entity Recognition (NER) for low-resource languages remains a critical challenge

in natural language processing, particularly for scripts with limited annotated corpora. This paper

addresses this challenge for Shahmukhi Punjabi, an underrepresented Perso-Arabic script used by

millions in Pakistan. We propose a two-stage training pipeline that leverages a large-scale machine-

labeled corpus generated by a Bagging-CRF ensemble to warm-start multilingual transformer models

before fine-tuning on a small, gold-standard human-annotated dataset. We evaluate five state-of-

the-art multilingual transformers, mBERT, XLM-R, mmBERT, RemBERT, and mDeBERTa-V3, under two

experimental settings: (A) direct supervised fine-tuning on the human-labeled dataset, and (B) the

proposed two-stage pipeline. The human-labeled dataset comprises 979 sentences and 25,221 tokens,

while the larger machine-labeled corpus having 16,586 sentences and 336,502, both tokens covering

13 entity types. Experimental results demonstrate consistent improvements across all five models,

mmBERT and RemBERT achieve the highest weighted F1 scores of 0.85 and 0.86 respectively. The most

striking gains are observed for mDeBERTa-V3 (+0.21 F1, 39.6% relative) and XLM-R (+0.20 F1, 33.3%

relative), demonstrating that the two-stage pipeline provides the greatest benefit to models with limited

baseline performance on low-resource scripts. These results validate the effectiveness of noisy domain

adaptation as a data augmentation strategy for low-resource NER in morphologically rich, right-to-left

scripts.
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1 Introduction
Natural Language Processing (NLP) has witnessed trans-

formative advances driven by large-scale pre-trained

transformer models. However, these advances have

predominantly benefited high-resource languages such

as English, Chinese, and French, while hundreds of

millions of speakers of low-resource languages remain

underserved [1]. Punjabi, spoken by over 125 million

people worldwide, is one such language. In Pakistan, Pun-

jabi is written using the Shahmukhi script, a right-to-left

Perso-Arabic writing system that presents unique compu-

tational challenges due to its orthographic complexity,
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shared Unicode blocks with Urdu and Arabic, and severe

scarcity of annotated resources [2].

Named Entity Recognition, the task of identifying and

classifying named entities such as persons, locations, or-

ganizations, and dates within text, is a foundational NLP

component that underpins applications ranging from in-

formation extraction andmachine translation to question

answering and knowledge graph construction. In the con-

text of Punjabi written in the Shahmukhi script, Named

Entity Recognition (NER) plays a crucial role in a variety of

real-world applications, including regional news analysis,

social media monitoring, and the digital archiving of cul-

tural and historical content. By automatically identifying

and classifying entities such as people, locations, orga-

nizations, and dates, NER enables more efficient search,

better content organization, and the generation of ac-

tionable insights. However, for Shahmukhi Punjabi, NER

development is severely constrained by the limited avail-

ability of gold-standard annotated corpora, making it diffi-

cult to train the large transformer models that have come

to define state-of-the-art performance [3]. However, ex-

isting approaches for low-resource NER primarily rely on

direct fine-tuning or cross-lingual transfer, which remain

insufficient when annotated data is extremely scarce and

do not fully exploit the potential of large-scale pseudo-

labeled data. In this paper, we use machine-labeled and

pseudo-labeled interchangeably.

The central challenge of low-resource NER is the mis-

match between the data requirements of high-capacity

neural models and the practical impossibility of construct-

ing large human-annotated datasets for every language.

To address this limitation, this paper introduces a novel

two-stage training framework: a two-stage training

pipeline that generates a large pseudo-labeled corpus

through a Bagging-CRF ensemble which is combining

the Bagging (Bootstrap Aggregating) technique with

Conditional Random Fields (CRF), used to warm-start

multilingual transformer models through noisy domain

pre-training, and subsequently refines these models on

the small but precise human-labeled dataset. To the best

of our knowledge, this is among the first works to apply

a machine-labeling pipeline for Shahmukhi Punjabi NER

and systematically integrate it with transformer-based

pre-training.

We conduct the first systematic evaluation of five

prominent multilingual transformer architectures for

Shahmukhi Punjabi NER: mBERT (Multilingual Bidirec-

tional Encoder Representations from Transformers) [4],

XLM-R (Cross-lingual Language Model – RoBERTa) [5],

RemBERT (Refined Multilingual Bidirectional Encoder

Representations from Transformers) [6], mDeBERTa-V3

(Multilingual Disentangled attention-enhanced Bidirec-

tional Encoder Representations from Transformers)

[7], and mmBERT (Modern Multilingual Bidirectional

Encoder Representations from Transformers) [8] under

both direct fine-tuning (Experiment A) and the proposed

two-stage pipeline (Experiment B). While mBERT, XLM-R,

RemBERT, and mmBERT share a standard MLM-based

transformer backbone but differ in pre-training data,

model size, and language coverage, mDeBERTa-V3 differs

additionally in architecture, employing disentangled at-

tention and an ELECTRA-style Replaced Token Detection

objective. Our contributions are:

• Development of a human-annotated Shahmukhi

Punjabi NER corpus comprising 979 sentences

and 25,221 tokens across 13 fine-grained entity

categories (PER, LOC, ORG, NORP, DAT, NUM, POS,

FOOD, MEA, PRD, EVT, COL, SPT).

• A scalable Bagging-CRF machine-labeling pipeline

that generates a high-consensus pseudo-labeled

corpus approximately 17× larger in terms of sen-

tences, comprising 16,586 sentences and 336,502

tokens, with the same 13 entity types.

• A two-stage training strategy combining noisy do-

main pre-training with label smoothing regulariza-

tion and clean supervised fine-tuning.

• A comprehensive empirical comparison of five

multilingual transformers for Shahmukhi Pun-

jabi NER across 13 entity types using strict IOB

(Inside-Outside-Beginning) evaluation.

Overall, this work provides a comprehensive frame-

work for leveraging weak supervision and multilingual

transformers to advance NER in low-resource languages.

The remainder of this paper is structured as follows:

Section 2 reviews related work. Section 3 describes

the dataset and machine-labeling pipeline. Section 4

presents the experimental methodology. Section 5

reports and analyzes the results. Section 6 discusses

limitations and future directions, and Section 7 concludes
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the paper.

2 Related Work

2.1 Shahmukhi NER and NLP Resources
Shahmukhi is a Persian-Arabic script that has been mod-

ified to represent Punjabi. It includes additional letters

to represent the retroflex, nasal and aspirated sounds

of Punjabi. Shahmukhi uses the same Unicode blocks as

Urdu in the range U+0600–U+06FF and the Arabic Supple-

ment block (U+0750–U+077F), however it needs special

processing to remove vocabulary explo sion from differ-

ent orthographic representations [9, 10]. Such scripts

require careful preprocessing due to the fact that tok-

enization quality and later entity boundary detection can

be affected by any inconsistency at the character level.

Ahmad et al. [11] were among the first researchers to

investigate the use of natural language processing tech-

niques to identify named entities in Punjabi Shahmukhi

texts. They used classical machine learning methods, in-

cluding support vector machines and conditional random

fields to identify named entities in their training corpus

of 318,275 tokens that contained 16,300 named entities,

achieving an F-score of 85.20% for person, location and

organization type entities. Khalid et al. [3] built upon

this work by developing BERT-based models using data

augmentation on a much larger training corpus of over

1.1 million tokens and 125,789 labeled entities covering

five different entity types, achieving an F-score of 93%.

Tehseen et al. [12] examined the use of bi-directional

LSTM models with contextual embeddings of both ELMo

and Word2Vec, resulting in an accuracy of 98.60% and an

F-score of 83.75 when using the IO tagging scheme. Ehsan

et al. [13] proposed a cluster-based, cross-lingual data

augmentation framework for NER across four Pakistani

low-resource languages using XLM-R as the primary en-

coder. Their work included Panjabi Shahmukhi script, and

they achieved an F-score of 88.06 in multilingual settings

using the BIO annotation scheme.

Additional NLP resources beyond NER for Shahmukhi

include a lexical database by Hasan et al. [14], diacriti-

cal resources by Hashmi et al. [15], and a BiLSTM-based

POS tagger by Tehseen et al. [16] achieving an F1 score

of 96.11%. These efforts highlight the gradual progress

being made toward developing computational support

for Shahmukhi Punjabi. However, compared to high-

resource languages, research is limited in terms of large-

scale annotated datasets, standardized benchmarks, and

publicly available tools. This scarcity poses challenges for

building robust NLP systems and highlights the need for

further resource development and annotation efforts.

2.2 Multilingual Transformer Models for

Low-Resource NER
Devlin et al. [17] introduced BERT, whose multilingual

variant (mBERT) covers 104 languages and demonstrates

zero-shot cross-lingual transfer capabilities [4]. Conneau

et al. [5] introduced XLM-R, trained on 2TB of Common-

Crawl data, outperforming mBERT for low-resource lan-

guages. Chung et al. [6] proposed RemBERT with decou-

pled embedding parameters and deeper architectures.

He et al. [7] introduced DeBERTa, which employs disen-

tangled attention to separately encode content and posi-

tional information. Its multilingual extension, mDeBERTa-

V3, uses an ELECTRA-style pre-training objective on mul-

tilingual CommonCrawl data. Finally, mmBERT [8] is a

modern multilingual encoder from Johns Hopkins Univer-

sity with broad language coverage. Antoun et al. [18] con-

ducted a controlled study demonstrating that DeBERTa-

v3 achieves superior NER performance and sample effi-

ciency compared to ModernBERT under matched training

conditions.

Adelani et al. [19] created the largest human-

annotated NER dataset for 20 African low-resource

languages and conducted a comprehensive evaluation

of mBERT, XLM-R, and RemBERT, finding that RemBERT

achieves performance comparable to XLM-R-large while

consistently outperforming mBERT. Fetahu et al. [20]

introduced MultiCoNER v2, a large-scale multilingual

NER benchmark spanning 33 fine-grained entity classes

across 12 languages. In the Perso-Arabic script domain,

Ahmed et al. [21] enriched Urdu NER using mBERT

embeddings combined with data augmentation and

hybrid encoder architectures. Bouabdallaoui et al. [22]

proposed FewTopNER integrating XLM-R with few-shot

learning and topic-aware contextual modeling.

2.3 Machine-Labeling and Weak

Supervision for Low-Resource NER
Conditional Random Fields have a well-established role

in sequence labeling and pseudo-label generation for

low-resource settings. Arkhipov et al. [24] demonstrated
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that CRF-augmented mBERT significantly improves label-

ing consistency for low-resource Slavic languages. Kim

et al. [27] applied CRF in a bootstrapping framework

for machine-labeled biomedical corpora. Kim et al. [26]

demonstrated a 3.9% F1 improvement on Korean corpora

using bagging with voting consensus.

The two-stage Bagging-CRF pipeline used in this study

has been previously validated on three additional closely

related Perso-Arabic script languages: Pashto [29], Urdu

[30], and Sindhi [31]. In this work, we extend the pipeline

to Shahmukhi Punjabi, demonstrating its applicability to

a new language and script while generating a large-scale

pseudo-labeled corpus suitable for low-resource NER.

3 Datasets and Machine-Labeling Pipeline
This study utilizes both human-labeled and machine-

labeled datasets for Shahmukhi Punjabi NER. The data

is collected from diverse sources, including Punjabi

news websites, online blogs, and publicly available web

content written in Shahmukhi script, such as Pakistan

Point (Punjabi) [33] and Punjabi Wikipedia [34]. The

human-labeled dataset provides gold-standard annota-

tions, while the machine-labeled dataset is constructed

using a proposed labeling pipeline to expand the training

data for multilingual transformer models. To ensure

reproducibility while respecting data usage constraints,

the human-annotated dataset and machine-labeled

corpus will be made available upon reasonable request

to the corresponding author.

3.1 Human-Labeled Dataset
In this study, we use the gold-standard annotated dataset

for Shahmukhi Punjabi NER in IOB format. The 13 types

of entities included in the dataset are listed in Table 1.

This dataset includes texts from many different domains

and contains fine-grained categories of entities (FOOD,

SPORT, COLOR, MEASUREMENT) which typically do not

appear in most multilingual NER benchmarks.

Prior to all experiments, the dataset underwent sys-

tematic pre-processing. Unicode NFC normalization was

applied using Python’s unicodedata library. Script-specific
character unification was performed: Arabic ’ ’ ي  (U+064A)

and ’ ’ ى  (U+0649) were mapped to ’ ’ ی  (U+06CC), and ’ ’ ك 

(U+0643) was mapped to ’ ’ ک  (U+06A9). These normal-

izations prevent tokenizers from generating divergent

subword representations for orthographically equivalent

words.

The human-labeled dataset (gold-standard) has 979

sentences with 25,221 tokens. The machine-labeled

dataset has many more sentences (16,586), and also

contains many more tokens (336,502). In comparison to

the human-labeled dataset, there is a scale difference of

approximately 16.9 times as many sentences and 13.3

times as many tokens. Each of these datasets includes

the same thirteen entity types.

Therefore, the data within each of the two datasets

are annotated based on the same entity type schema.

However, the way that the data was annotated differed.

The Human-Labeled dataset was carefully annotated by

language experts to ensure gold-standard quality, while

themachine-labeled dataset was created by an ensemble-

based CRF-Bagging method to provide large-scale, fast,

and automatically annotated data..

3.2 Machine-Labeling Pipeline
To bridge this gap between the small gold corpus and the

data needed for use of large multilingual transformers,

we developed a robust machine-labeling pipeline illus-

trated in Figure 1. The pipeline comprises four stages: fea-

ture engineering, ensemble training with cross-validation,

consensus-based label assignment, andMachine-Labeled

Corpus generation. We provide comprehensive details

of preprocessing, feature engineering, CRF configuration,

and training pipeline to facilitate replication.

3.2.1 Feature Engineering
Each token is represented by a high-dimensional hybrid

feature vector that combines handcrafted linguistic fea-

tures with distributed semantic representations. The

handcrafted component includes:

• Character prefix and suffix n-grams of lengths 1, 2,

and 3

• Word length

• Binary flags for digit presence and Perso-Arabic

punctuation marks (., !?; �)

• Normalized sentence position (token index divided

by sentence length)

• Bilateral context window capturing the immediately

preceding and following token’s surface form, bi-

gram prefix, and bigram suffix

• Beginning-of-sentence (BOS) and end-of-sentence

(EOS) markers
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The distributional component uses a 300-dimensional

FastText model pre-trained on Urdu CommonCrawl data

(cc.ur.300) [32]. The choice of Urdu embeddings is moti-

vated by the substantial lexical overlap between Urdu and

Shahmukhi Punjabi in the Perso-Arabic script family, pro-

viding reasonable coverage of character n-gram patterns

even in the absence of a publicly available Punjabi-specific

FastTextmodel. For each token, the 300-dimensional Fast-

Text embedding is retrieved via subword averaging and

then compressed to 50 dimensions using Principal Com-

ponent Analysis (PCA). PCA is fitted independently per

dataset on a sample of 1,000 unique token types, ensur-

ing that the principal components capture the dominant

variance of in-domain vocabulary. The reduced embed-

ding for a token wi is denoted as v′(wi) ∈ R50.

For a sentence S = [w1,w2, . . . ,wn], the token embed-

dings form a matrix:

V ′(S) =
[
v′(w1), v′(w2), . . . , v′(wn)

]
∈ Rn×50. (1)

3.2.2 Ensemble Training with 5-Fold

Cross-Validation
An ensemble of N = 10 independent CRFs is trained. Each

model is independently tested using 5-fold cross valida-

tion. In addition to testing the model within each of the

5-folds, the training set is also further reduced by sam-

pling: each model is trained on a random 80% sample

of each fold’s training sentences. This introduces diver-

sity among ensemble members. Each CRF uses the same

hyperparameters: the L-BFGS optimization method with

c1 = c2 = 0.1; a maximum of 100 iterations; and all possi-

ble transition labels enabled. The choice of N = 10 ensem-

ble members was motivated by prior work in bootstrap

aggregation for NER [26], which showed that ensemble

sizes between 8 and 15 yield stable label consensus with

diminishing returns beyond 15 models. A smaller ensem-

ble (e.g., N = 5) risks higher label variance due to limited

voting resolution at integer confidence levels, while larger

ensembles (e.g., N = 20) provide no statistically significant

improvement in consensus quality but substantially in-

crease training time. N = 10 provides integer-valued confi-

dence increments of 0.10, allowing the τ = 0.80 threshold

to correspond exactly to agreement among 8 out of 10

models, a natural and interpretable decision boundary.

3.2.3 Consensus Labeling and Confidence

Scoring
After training, each token in the unlabeled corpus receives

predictions from all ensemble members. To ensure re-

liability, only labels agreed upon by at least 80% of the

models are assigned; otherwise, the token is labeled as

Outside (O). This threshold balances corpus size and label

Table 1. Named Entity Types and Definitions

Tag Type Description Example (Shahmukhi) Example (English)

PER Person Names of individuals Imran ناخنارمع  Khan

LOC Location Geographical locations Lahore روہال 

ORG Organization Organizations, institu-

tions

Pakistan نشیرڈیفیڈبکناتسکاپ  Kabaddi Federation

NORP Nationality/Religion/Political Groups, affiliations Pakistani یناتسکاپ 

DAT Date Calendar dates and peri-

ods

January یرونج 

NUM Number Numerical expressions Five جنپ 

POS Position/Title Roles and designations Prime مظعاریزو  Minister

FOOD Food Food items and cuisine Biryani ینایرب 

MEA Measurement Quantities and units 10 ولکسد  kg

PRD Product Products and artifacts Mobile نوفلئابوم  Phone

EVT Event Named events Independence یدازآموی  Day

COL Color Color expressions White دیفس 

SPT Sport Sports and games Kabaddi یڈبک 
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Figure 1. Machine-labeling pipeline. Bootstrap subsets train N independent CRF models; tokens with ≥80% label consensus form

the pseudo-labeled pre-training corpus.

quality, consistent with prior Bagging-CRF pipelines for

Pashto [29], Urdu [30], and Sindhi [30]. The final label for

each token wi is determined using majority voting across

the ensemble:

ŷi = argmax
y∈Y

N∑
j=1

I(ŷj,i = y) (2)

Here, Y is the set of possible labels (e.g., B-PER, I-PER,

O), ŷj,i is the label predicted by the j-th model, and I is the

indicator function. This procedure ensures that the most

consistent predictions are selected, producing a reliable

machine-labeled corpus suitable for downstream tasks.

3.2.4 Generated Machine-Labeled Corpus
The final corpus has a total of 16,586 sentences and

336,502 tokens, approximately 17× larger than the gold

corpus. The high proportion of the “O” class (91%) is

consistent with standard Named Entity Recognition (NER)

datasets, where non-entity tokens naturally dominate.

While this reflects realistic language distributions, it

can introduce a bias toward the majority class and

affect recall for low-frequency entity types. To mitigate

this, label smoothing is applied during pre-training to

reduce overconfidence in dominant labels. Nevertheless,

handling class imbalance for rare entities remains an
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inherent challenge in NER tasks and is identified as a

direction for future improvement. The Noisy Domain

Pre-Training Corpus was used exclusively for pre-training

and never combined with gold data during fine-tuning.

4 Experimental Methodology

4.1 Model Architectures
We tested five different multilingual transformer models.

All models were loaded with the standard settings found

in HuggingFace. When testing mDeBERTa-V3, we added

low_cpu_mem_usage=True and explicit float32 casting to

avoid corruption of the model’s weights. All of the models

shared the same learning rates and training configuration

as outlined in Table 2.

4.2 Experimental Design
In this research study, we compared two training

paradigms across five multilingual transformer architec-

tures. We used an identical 80/20% split on train/valida-

tion sets for all experiments. The random seed was set

to 42, and an identical evaluation protocol was employed

throughout. All experiments were implemented using

standard library of HuggingFace Transformers. Hyperpa-

rameters, training configurations, and data processing

steps are explicitly described to support reproducibility.

4.2.1 Experiment A, Baseline Supervised

Fine-tuning
We fine-tuned each of the five models on the gold-

standard training split for ten epochs. The learning rate

for all five models was set uniformly at 2×10–5. We chose

to apply the same hyperparameters to all models to allow

for a controlled and fair comparison.

4.2.2 Experiment B, Two-Stage Noisy

Pre-training Pipeline
During Stage 1, each model is trained on the machine-

labeled dataset for five epochs using an initial learning

rate of 1× 10–5, while utilizing Label Smoothing (ε = 0.1)

to prevent models from becoming overly confident in

the quality of machine-generated labels. In Stage 2, each

pre-trained model is fine-tuned on the gold corpus for

another five epochs using a learning rate of 2× 10–5 and

applying best checkpoint selection by validation loss.

4.3 Training Configuration and Hardware
Table 3 gives the full hyperparameter configuration. The

same effective batch size of 16 was used for each model.

For RemBERT, a physical batch size of 4 combined with

gradient accumulation of 4 achieved this. Gradient clip-

ping was applied throughout training with max norm of

1.0.

4.4 Evaluation Protocol
Weighted F1 score is the major metric, calculated using

strict IOB evaluation through the seqeval package, re-

quiring correct prediction of both entity type and exact

boundary matching. Here, the weighted F1 is weighted by

support, i.e., the number of true instances per class.Pre-

cision, recall and per-entity F1 score are also reported for

the 13 entity types. A custom confusion matrix for span-

based evaluation including the “Outside” class allows us

to evaluate Hallucinations (O predicted as some other

type) and Missed Detection (an entity predicted as O).

5 Results and Discussion

5.1 Overall Performance Comparison
Table 4 contains weighted average precision, recall and

F1 values for all 10 experiments. It demonstrates that

the two-stage pipeline (Experiment B) has better results

than direct fine-tuning (Experiment A) for each of the five

models, validating the central thesis of the paper.

The biggest changes occurred in mDeBERTa-V3 (+0.21

F1, 39.6% relative) and XLM-R (+0.20 F1, 33.3% relative).

For mDeBERTa-V3’s Experiment A, the lowest baseline

of F1 = 0.53 is due to how its disentangled attention

mechanism has trouble learning Shahmukhi-specific en-

tity boundaries based on only 979 gold sentences. The

two-stage pipeline raises it to F1 = 0.74, demonstrating

that noisy domain pre-training provides essential Punjabi-

specific distributional grounding.

XLM-R rises from F1 = 0.60 (Exp A) to 0.80 (Exp B), con-

firming that despite strong performance on standardmul-

tilingual benchmarks, it is particularly susceptible to low-

resource data scarcity and benefits most from Punjabi-

specific domain exposure in Stage 1.

mmBERT and RemBERT both achieve the highest F1

scores in Experiment B at 0.85 and 0.86 respectively, rep-

resenting gains of +0.13 and +0.05 over their baselines.

mmBERT benefits from a more balanced multilingual pre-

training that partially overlaps with Punjabi vocabulary, so

23



VFAST Transactions on Software Engineering Volume 14, Issue 2, 2026 (April-June)

Table 2. Multilingual Transformer Models Evaluated

Model Year HuggingFace ID Params Layers Languages / Coverage

mBERT 2018 bert-base-multilingual-cased ∼178M 12 104 languages (Wikipedia)

XLM-R 2019 xlm-roberta-base ∼278M 12 100 languages (CommonCrawl)

RemBERT 2021 google/rembert ∼575M 32 110 languages (Wikipedia + mC4)

mDeBERTa-V3 2023 microsoft/mdeberta-v3-base ∼278M 12 100+ languages (CC100)

mmBERT 2025 jhu-clsp/mmbert-base ∼178M 12 ∼1,800+ languages

Table 3. Hyperparameter Configuration

Hyperparameter Value

Optimizer AdamW

Weight Decay 0.01 (L2 Regularization)

LR, Pre-training (Stage 1) 1× 10–5 (all models)

LR, Fine-tuning (Exp A & Stage 2) 2× 10–5 (all models)

LR Scheduler Linear Warmup + Cosine Decay

Warmup Ratio 10% of total training steps

Effective Batch Size 16 (all models)

Physical Batch / Grad. Accumulation 4/4 (RemBERT); 16/1 (others)

Gradient Clipping Max Norm = 1.0

Loss, Pre-training Cross-Entropy + Label Smoothing (ε = 0.1)

Loss, Fine-tuning Cross-Entropy

Max Sequence Length 256 tokens

Pre-training Epochs 5

Fine-tuning Epochs 10 (Exp A) / 5 (Exp B Stage 2)

Best Checkpoint Selection Validation loss (Exp B Stage 2 only)

Hardware L4 Tensor Core GPU (FP32)

Random Seed 42

Stage 1 machine-labeled pretraining amplifies this effect.

While RemBERT’s strong baseline indicates that its pre-

training already provides robust multilingual entity repre-

sentations, leaving less room for improvement from the

two-stage pipeline. RemBERT achieves the lowest valida-

tion loss of 0.1781, reflecting superior calibration. mBERT

shows amoderate improvement from 0.78 to 0.82 (+0.04),

consistent with its multilingual vocabulary already provid-

ing partial Perso-Arabic script coverage. Analyzing pre-

cision and recall separately reveals interesting patterns.

For most models, the two-stage pipeline improves recall

more than precision, indicating that Stage 1 pretraining

helps the models recognize a broader set of entities that

were previously missed. For example, XLM-R’s recall rises

from 0.66 to 0.82, while precision increases from 0.58 to

0.79, showing that the pipeline primarily enhances the

model’s coverage of Shahmukhi Punjabi entities without

introducing excessive false positives. In contrast, Rem-

BERT maintains high precision and moderate recall gains,

reflecting its already strong baseline calibration. These

differences highlight how pretraining on machine-labeled

data can differentially affect coverage (recall) and correct-

ness (precision) depending on themodel’s initial exposure

to the target language. Overall, models with weaker ini-

tial exposure to Shahmukhi/Perso-Arabic script show the

largest relative gains, demonstrating the effectiveness

of the two-stage pipeline in providing domain-specific

distributional grounding.

5.2 Per-Entity Analysis
Table 5 reports per-entity F1 scores for both Experiments

A and B across all five models. Structurally well-defined

entity types (LOC, PER, NUM, COL) tend to achieve high F1

across both experiments. RemBERT under Experiment

B achieved F1 = 1.00 on COL, and high scores for PER

(F1 = 0.93) and MEA (F1 = 0.95). One notable anomaly
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Table 4. Weighted NER Performance, Experiment A vs. Experiment B. Green shading indicates best-performing models in

Experiment B.

Model
Experiment A: Fine-tune Only Experiment B: Two-Stage Pipeline ∆ F1 (A→B)

P R F1 P R F1 Abs. Rel.%

mBERT 0.76 0.80 0.78 0.81 0.83 0.82 +0.04 5.1%

XLM-R 0.58 0.66 0.60 0.79 0.82 0.80 +0.20 33.3%

RemBERT 0.81 0.81 0.81 0.85 0.86 0.86 +0.05 6.2%

mDeBERTa-V3 0.50 0.61 0.53 0.71 0.78 0.74 +0.21 39.6%

mmBERT 0.71 0.73 0.72 0.84 0.85 0.85 +0.13 18.1%

is mDeBERTa-V3 under Experiment B: it achieved F1 =

0.00 for both COL and SPT. Its confusion matrix showed

complete misclassification of COL tokens (8 as FOOD, 4

as NORP) and all SPT instances were missed. EVT demon-

strated the worst F1 across all models due to only 7 vali-

dation examples. ORG showed significant improvement

under the two-stage pipeline for all architectures except

mDeBERTa-V3.

5.3 Learning Dynamics and Training

Stability
Figure 2 presents the training and validation loss curves

for all five models under both experimental settings, il-

lustrating the convergence behavior and the warm-start

effect of the two-stage pipeline.

Several key observations emerge from the loss curves.

First, the most visible benefit of two-stage pre-training

is the substantial reduction in the starting loss at the

first fine-tuning epoch F1 of Experiment B compared to

Epoch 1 of Experiment A. This warm-start effect is most

pronounced for mDeBERTa-V3 and XLM-R, which begin

Experiment B fine-tuning at a validation loss already 30 to

40% lower than their Experiment A Epoch 1 values, con-

sistent with their large overall F1 gains of +0.21 and +0.20

respectively. For RemBERT and mmBERT, which already

had competitive Experiment A baselines, the warm-start

advantage is more modest but still clearly visible. Second,

in Experiment A, mDeBERTa-V3 exhibits an unusually slow

and erratic descent in both training and validation loss

across all 10 epochs. Its validation loss does not con-

verge smoothly and remains substantially above that of

all other models. This behavior is consistent with the

known difficulty of cold-starting disentangled attention

mechanisms on small gold corpora [7], and explains why

mDeBERTa-V3 achieves the lowest Experiment A F1 of

0.53.

Third, in Experiment B Stage 1 (pre-training epochs

P1 to P5), all five models show rapid initial loss reduction

followed by plateau-like stabilization. This stabilization is

expected given that the machine-labeled corpus contains

approximately 91% O-labeled tokens, limiting the gradi-

ent signal from entity-bearing tokens. The label smooth-

ing regularization (ε = 0.1) applied during Stage 1 visibly

reduces the sharpness of loss descent for models such

as mBERT and mmBERT, which would otherwise overfit

to the dominant O class distribution in the noisy corpus.

Fourth, no model exhibits a clear increase in validation

loss during Stage 1 pre-training, which would be a sign

of catastrophic forgetting of the multilingual representa-

tions acquired during upstream pre-training. This con-

Table 5. Per-Entity F1 Scores, Experiment A vs. Experiment B

Model Exp. COL DAT EVT FOOD LOC MEA NORP NUM ORG PER POS PRD SPT

mBERT
Exp A 0.86 0.87 0.56 0.82 0.90 0.70 0.83 0.85 0.65 0.87 0.68 0.50 0.52
Exp B 0.97 0.82 0.47 0.80 0.94 0.87 0.82 0.91 0.71 0.86 0.83 0.36 0.70

XLM-R
Exp A 0.12 0.37 0.12 0.49 0.73 0.62 0.80 0.72 0.64 0.83 0.45 0.46 0.00
Exp B 0.81 0.83 0.75 0.64 0.95 0.82 0.85 0.88 0.77 0.91 0.82 0.49 0.12

RemBERT
Exp A 0.93 0.80 0.45 0.78 0.92 0.83 0.79 0.90 0.71 0.93 0.70 0.67 0.69
Exp B 1.00 0.89 0.50 0.81 0.93 0.95 0.95 0.93 0.72 0.93 0.79 0.70 0.85

mDeBERTa-V3
Exp A 0.67 0.12 0.00 0.56 0.64 0.47 0.50 0.61 0.52 0.83 0.47 0.00 0.00
Exp B 0.00 0.84 0.27 0.56 0.88 0.84 0.82 0.91 0.67 0.89 0.80 0.59 0.00

mmBERT
Exp A 0.90 0.64 0.29 0.71 0.82 0.86 0.74 0.84 0.68 0.82 0.54 0.42 0.56
Exp B 0.97 0.83 0.56 0.79 0.95 0.90 0.84 0.94 0.81 0.91 0.77 0.72 0.71
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Figure 2. Training and validation loss curves for all five models

under Experiment A (direct fine-tuning, 10 epochs) and

Experiment B (two-stage pipeline, P1–P5 = pre-training, F1–F5 =

fine-tuning).

firms that the lower learning rate of 1×10–5 used in Stage

1 is appropriate for preserving the general-purpose mul-

tilingual representations while adapting to Shahmukhi-

specific distributional patterns.

5.4 Error Analysis: Confusion Matrices,

Hallucination, and Missed Detection
We analyze three types of errors: missed detection, cross-

entity confusion, and hallucination, to provide a detailed

understanding of model performance beyond overall F1

scores. To develop a detailed diagnostic beyond the over-

all F1 score, we analyzed the span-by-span entity confu-

sionmatrices for the fivemodels under both experimental

conditions shown in Figure 3. The get_entities_with_O
evaluation function expands upon the typical SeqEval-

based evaluation by adding the “Outside” (O) class into an

additional 14×14 confusionmatrix, enabling independent

quantification of Missed Detection (a true span given the

O label) and Hallucination (a true O token misclassified

as a named entity).

To ensure consistent and interpretable reporting, all

missed detection counts below are expressed as X out

of Y total validation instances for that entity class. The

total instance counts per class in the 20% validation split

are: PER = 92, LOC = 104, ORG = 85, NORP = 40, DAT =

56, NUM = 78, POS = 94, FOOD = 99, MEA = 24, PRD = 26,

EVT = 7, COL = 16, SPT = 15. These totals are consistent

with the validation set statistics implied by the confusion

matrices in Figure 3.

5.4.1 Experiment A, Missed Detection
Missed Detection is the dominant error mode across all

five models in Experiment A, consistent with the low-

resource setting. XLM-R shows the most severe entity

blindness: 37 of 99 FOOD instances, 47 of 94 POS in-

stances, and 21 of 85 ORG instances are misclassified as

O. mDeBERTa-V3 misses 46 of 94 POS instances (48.9%)

and 27 of 99 FOOD instances (27.3%), the highest POS

miss count among all five models. mBERT and mmBERT

show moderate missed detection: mBERT misses approx-

imately 11 of 94 POS instances (11.7%) and 3 of 99 FOOD

instances (3.0%), while mmBERT misses 20 of 94 POS in-

stances (21.3%) and 37 of 99 FOOD instances (37.4%).

RemBERT records the lowest overall missed detection

counts in Experiment A, missing approximately 14 of

94 POS instances (14.9%) and 25 of 99 FOOD instances

(25.3%), consistent with its superior Experiment A F1 of

0.81.
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5.4.2 Experiment A, Cross-Entity Confusion
Beyond missed detections, several linguistically mo-

tivated cross-entity confusions are observed. The

LOC→NORP error (3 instances in mBERT, 6 in mmBERT,

1 in RemBERT) reflects the morphological relationship

between place names and demonyms in Punjabi. SPT

(Sport) presents a distinct challenge: XLM-R classifies

zero of 15 SPT instances correctly, and mDeBERTa-V3

likewise achieves F1 = 0.00 for SPT in Experiment A. COL is

well-handled by most models; however, XLM-R collapses

COL largely into NUM (5 instances) and O (5 instances).

5.4.3 Experiment A, Hallucination
The most severe hallucination profiles in Experiment

A belong to mDeBERTa-V3 (71 O→FOOD, 62 O→ORG,

55 O→POS) and XLM-R (77 O→FOOD, 39 O→ORG, 53

O→POS), reflecting cold-start difficulties in the absence

of domain pre-training.

5.4.4 Experiment B, Missed Detection
The multi-stage pre-training process generates significant

decreases in missed detection counts for all four non-

exceptional models. XLM-R saw the largest reductions:

FOOD from 37 to 24 (–35%), POS from 47 to 15 (–68%), and

ORG from 21 to 15 (–29%). For mBERT, POS missed detec-

tions dropped from 11 of 94 (11.7%) to approximately 8

of 94 (8.5%), while FOOD improved from 3 of 99 (3.0%) to

2 of 99 (2.0%). For mmBERT, POS missed detections fell

from 20 of 94 (21.3%) to 19 of 94 (20.2%), and FOOD from

37 of 99 (37.4%) to approximately 14 of 99 (14.1%). For

RemBERT, missed detections approach near zero for MEA

(0 of 24, 0.0% vs. 4 of 24, 16.7%), NORP (2 of 40, 5.0% vs. 8

of 40, 20.0%), and COL (0 of 16, 0% in both experiments).

5.4.5 Experiment B, Cross-Entity Confusion

and mDeBERTa-V3 Regression
Although mDeBERTa-V3 had a large overall increase in

F1 (+0.21), it still scored F1 = 0.00 for both COL and SPT

in Experiment B. All 16 COL instances were mis-classified

(8 as FOOD, 4 as NORP, 4 as O) and all 15 SPT instances

were missed. This selective failure indicates continued

sensitivity of mDeBERTa-V3’s disentangled attention to

rare entity distributional noise.

Since the Stage 1 machine-labeled training data has

very few COL and SPT instances due to the stringent τ =

Figure 3. Confusion matrices for all five models under

Experiment A (left column) and Experiment B (right column).

Rows are true labels, columns are predicted labels, evaluated

at the span level over the 20% fixed validation split.

0.80 agreement threshold, there is effectively no signal for

these two classes in Stage 1, making them impossible to

recover in Stage 2 fine-tuning with such small validation

sets.
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5.4.6 Experiment B, Hallucination
Hallucination error rates were significantly reduced

across all models in Experiment B, particularly for XLM-R

(O→FOOD from 77 to 50; O→POS from 53 to 16) and

mmBERT (O→POS from 39 to 19). Expressed as reduc-

tion ratios: XLM-R O�FOOD fell by 35.1% and O�POS by

69.8%, representing the largest absolute hallucination

reductions in the experimental matrix. mDeBERTa-V3

also showed improvement: O�FOOD from 71 to 65

(−8.5%), O�ORG from 62 to 33 (−46.8%), and O�POS from

55 to 16 (−70.9%). Taken together, the confusion matrix

analysis confirms that the proposed two-stage pipeline

reduces hallucination errors systematically across all five

architectures.

5.4.7 mDeBERTa-V3 COL/SPT Complete

Failure: A Focused Analysis
Themost striking finding in this paper is the simultaneous

occurrence of a +0.21 overall F1 improvement and F1 =

0.00 on two entity types (COL and SPT) for mDeBERTa-V3

under the two-stage pipeline. This is the only instance

in the entire experimental matrix where a model’s entity-

level F1 score does not improve, or even remain non-

zero, despite a large overall gain. We offer the following

explanation for this phenomenon. The root cause is a

combination of three factors acting in concert. First, COL

(Color) and SPT (Sport) are the two rarest entity types in

the validation split, with only 16 and 15 instances respec-

tively, representing 1.2% and 1.1% of all validation tokens.

Second, due to the τ = 0.80 consensus threshold, the

machine-labeled Stage 1 corpus contains very few COL

and SPT labels, since the CRF ensemble has insufficient

training exposure to these rare categories to consistently

agree on their boundaries. This means Stage 1 provides

essentially zero distributional grounding for COL and SPT

in mDeBERTa-V3. Third, mDeBERTa-V3’s disentangled

attention mechanism encodes content and position sep-

arately, which makes it more reliant on fine-grained posi-

tional distributional patterns than standard dot-product

attention models such as mBERT or mmBERT. When a

rare entity type receives no signal in Stage 1, the disen-

tangled attention heads allocated to that region during

Stage 1 adapt to other high-frequency patterns (particu-

larly FOOD and NORP, which have similar surface forms

in Shahmukhi), and this adaptation is not reversed during

the 5-epoch Stage 2 fine-tuning phase. The result is com-

plete misclassification of COL instances as FOOD (8 of 16)

or NORP (4 of 16), and complete missed detection of all

SPT instances. This finding has a direct practical impli-

cation: when deploying mDeBERTa-V3 for low-resource

NER using a two-stage pipeline, practitioners should not

rely on noisy pre-training alone to recover performance

on rare entity types. Targeted data augmentation for

rare classes, class-weighted loss functions in Stage 2, or

a higher-quality Stage 1 pseudo-label generation strat-

egy specifically for underrepresented entities would be

required before mDeBERTa-V3 could be used reliably in

a production NER system covering entity types like COL

and SPT.

5.5 Comparison with Prior Shahmukhi NER

Work
Table 6 puts our results in context with respect to all prior

NER research on Shahmukhi Punjabi. All prior Shahmukhi

NER studies, Ahmad et al. [11] (F1 = 85.2), Tehseen et al.

[12] (F1 = 83.75), Khalid et al. [3] (F1 = 93), and Ehsan et al.

[13] (F1 = 88.06), evaluated their systems exclusively on

the three or five most lexically salient entity categories:

PER, LOC, and ORG for three and additionally, Language

and Religion in one study of Khalid et al. [3]. These cat-

egories are the easiest to annotate consistently, appear

most frequently in news-domain text, and benefit most

from the large annotated corpora used in those studies

(up to 1.1 million tokens in Khalid et al. [3]).

The highest prior F1 of 0.93 reported by Khalid et al.

[3] was achieved on this five-class subset using over 1.1

million tokens of training data, more than 44 times the

25,221 tokens in our gold corpus. A direct numerical

comparison with our reported F1 of 0.86 is therefore not

appropriate, as the two systems are not evaluated on the

same task. Our system is evaluated on 13 entity types in-

cluding semantically ambiguous, contextually difficult cat-

egories such as EVT (Named Events, F1 = 0.47–0.75), SPT

(Sport, F1 = 0.52–0.85), PRD (Product, F1 = 0.36–0.72), and

COL (Color, F1 = 0.00–1.00 depending on model), none

of which appear in any prior Shahmukhi NER benchmark.

When restricted to the common PER, LOC, and ORG entity

types, our best model (RemBERT, Experiment B) achieves

F1 scores of 0.93, 0.93, and 0.72 respectively, indicating

performance at parity with the prior state of the art for

the well-defined entity types, while simultaneously cov-
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Table 6. Comparison with Prior Shahmukhi Punjabi NER Studies

Study Year Tokens Entity Entities Covered Best Model F1

Ahmad et al. [11] 2020 318,275 3 PER, LOC, ORG SVM / CRF 0.85†

Tehseen et al. [13] 2023 ∼318,275 3 PER, LOC, ORG BiLSTM+ELMo 0.84†

Khalid et al. [3] 2023 1,131,509 5 PER, LOC, ORG, Lang, REL BERT+Augment. 0.93

Ehsan et al. [13] 2025 318,275 3 PER, LOC, ORG Cluster-based Cross-lingual

Data Augmentation + XLM-

RoBERTa

0.88

Ours, Exp A 2025 25,221 13 All 13 types RemBERT 0.81

Ours, Exp B 2025 25,221 + 336,502∗ 13 All 13 types RemBERT 0.86

† IO annotation scheme (no B-/I- distinction), inflates F1 relative to strict IOB.
∗ Machine-labeled tokens used for Stage 1 pre-training only; not mixed with gold data.

ering 10 additional entity categories with no equivalent

benchmark. The lower weighted F1 compared to Khalid

et al. [3] therefore reflects the substantially harder and

broader evaluation protocol rather than inferior model

performance on the core entity types.

Furthermore, prior studies that used IO annotation

(without B-/I- prefix distinction) report inflated F1 scores

relative to strict IOB evaluation: adjacent entities of the

same type cannot be disambiguated without the B- prefix,

and IO systems therefore overcount correctly identified

spans. Our evaluation uses strict IOB evaluation through

the seqeval package, which requires exact boundary

matching and penalizes all span segmentation errors.

This methodological difference alone accounts for a

systematic downward adjustment of approximately 1–3

F1 points when comparing to Ahmad et al. [11] and

Tehseen et al. [12], further narrowing the apparent gap.

6 Limitations and Future Work
First, all results are reported from single training runs per

model due to computational constraints. We acknowl-

edge that this does not capture variance across random

seeds. Performing multiple runs and statistical signifi-

cance testing (e.g., standard deviation, paired tests) is an

important direction for future work to further validate

the robustness of the observed improvements.

Second, the gold corpus is limited to 979 sentences.

With as few as 7 validation instances for EVT and 15 for

SPT, per-class F1 scores for rare entities are statistically

unreliable. Expanding the annotated corpus is the most

critical direction for future work.

Third, the machine-labeled corpus inevitably contains

labeling errors despite the 80% consensus threshold. An

independent evaluation of machine-labeled data quality

against a held-out gold-standard would more rigorously

characterize noise levels.

Fourth, mDeBERTa-V3’s persistent collapse on COL

and SPT in Experiment B highlights a remaining challenge

for rare entity types. Targeted data augmentation, class-

weighted loss, or higher-quality pseudo-labels for rare

classes represent promising directions.

Fifth, FastText embeddings used for CRF feature

extraction were pre-trained on Urdu data rather than

Punjabi-specific data. Language-specific embeddings

would likely yield higher-quality pseudo-labels.

Sixth, the study is limited to a single language and

script. Cross-lingual transfer experiments incorporating

Urdu, Sindhi, or Pashto data would provide deeper in-

sights. Future work will also explore transformer-based

pseudo-labelers, active learning for targeted annotation,

and extension to relation extraction and coreference res-

olution.

In summary, these limitations highlight the need for

larger and more diverse annotated corpora, improved

pseudo-labeling quality, language-specific resources, and

more extensive experimentation to strengthen the re-

liability and generalizability of Shahmukhi Punjabi NER

models.

7 Conclusion
This paper presented a two-stage training pipeline for

Named Entity Recognition in Shahmukhi Punjabi, a low-
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resource Perso-Arabic script with limited annotated data.

The pipeline generates a large-scale pseudo-labeled cor-

pus through a Bagging-CRF ensemble with 80% consen-

sus threshold, uses it for noisy domain pre-training with

label smoothing, and subsequently fine-tunes on a high-

precision human-labeled gold corpus.

Experiments across five state-of-the-art multilingual

transformers consistently demonstrate the superior-

ity of the two-stage approach over direct supervised

fine-tuning. The most substantial gains were observed

for mDeBERTa-V3 (+0.21 F1, 39.6% relative) and XLM-R

(+0.20 F1, 33.3% relative). RemBERT achieved the highest

weighted F1 of 0.86 under the two-stage pipeline. Notably,

all five models were trained under a uniform hyperpa-

rameter configuration, demonstrating that the pipeline is

robust across diverse transformer architectures without

requiring model-specific tuning.

The proposed pipeline is language-agnostic and re-

quires only a small gold corpus, an unlabeled in-domain

text collection, and access to pre-trained embeddings.

As such, it provides a practical and scalable framework

that can be readily adapted to other low-resource lan-

guages, enabling high-quality NER with minimal anno-

tated data. Combined with prior published results for

Pashto [29], Urdu [30], and Sindhi [31], this study estab-

lishes the two-stage Bagging-CRF pipeline as a consistent

and reproducible approach for low-resource NER across

the Perso-Arabic script family, covering four distinct lan-

guages under a unified experimental framework.
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