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Abstract

Urdu, a morphologically rich and low-
resource language spoken by over 300
million people, poses unique challenges
for extractive machine reading compre-
hension (EMRC), particularly in accu-
rately identifying span boundaries involv-
ing postpositions and copulas. Exist-
ing multilingual models struggle with sub-
word fragmentation and imprecise span
extraction in such settings. We intro-
duce QARI ( یرقا , “reader”), a character-
enhanced architecture for Urdu extractive
MRC that augments pretrained multilin-
gual encoders with three innovations: (1)
a character-level CNN that captures af-
fix patterns and morphological features
from full word forms; (2) a gated fu-
sion mechanism that integrates semantic
and morphological representations; and (3)
a boundary-contrastive learning objective
targeting Urdu-specific span errors. Eval-
uated on UQuAD+, the first native Urdu
MRC benchmark, QARI achieves 83.5 F1,
a 5.5 point improvement over the previ-
ous best result (mT5, 78.0 F1), setting a
new state-of-the-art. Ablations show that
character-level modeling and boundary su-
pervision contribute +7.5 and +7.0 F1, re-
spectively. Cross-dataset evaluations on
UQA and UrFQuAD confirm QARI’s ro-
bustness. Error analysis reveals signifi-
cant reductions in boundary drift, with im-
provements most notable for short factual
questions.

1 Introduction

Machine Reading Comprehension (MRC)
models have achieved remarkable success in
high resource languages, with models often ex-
ceeding human performance on English bench-
marks like SQuAD (Rajpurkar et al., 2016).
However, these advances have not extended
equally to low resource languages. Urdu, de-

spite being spoken by over 300 million people
as the national language of Pakistan and one of
India’s major languages, remains significantly
underserved in natural language processing re-
search (Daud et al., 2017; Kazi and Khoja,
2024). EMRC in Urdu presents distinct chal-
lenges beyond simple resource scarcity. First,
Urdu exhibits rich morphological variations
where a single root may appear in dozens
of inflected forms through prefixes, and suf-
fixes (Kazi et al., 2023, 2025). For example,
the root لکھ (“write”) generates forms like لکھتا
(“writes”), to“)لکھنا write”), ناالکھو


 (“to cause to

write”), and تاالکھو

 (“causes to write”). Multi-

lingual models typically employ subword to-
kenization (e.g., SentencePiece, WordPiece),
which divides these morphologically related
words into disconnected token sequences, los-
ing morphological value. Second, Urdu answer
boundaries frequently involve short grammat-
ical words that attach to answer spans but
carry distinct syntactic roles as shown in Fig-
ure 1. Postpositions like ,(”of“)کے ,(”in“)میں
,(”from“)سے and (”on“)پر modify noun phrases,

while copulas like ,(”is“)ہے ,(”was“)تھا and تھی
(“was feminine”) link subjects to predicates.
Incorrectly including or excluding these to-
kens significantly affects exact match accuracy.
For instance, given the question “ اپیدںکہالقباا
؟ئےہو ” (“Where was Iqbal born?”), the gold

answer “ ٹلکوسیا ” (“Sialkot”) should not include
the trailing (”in“)میں from the passage phrase
“ میںٹلکوسیا ”, yet standard span extraction mod-
els frequently overshoot such boundaries. Un-
til recently, Urdu QA datasets were primarily
English to Urdu translations (Kazi and Khoja,
2021; Arif et al., 2024; Shakeel and Nawab,
2025), inheriting unnatural phrasing and lim-
ited vocabulary diversity. The introduction of
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Question Passage Snippet Gold Span XLM-
RoBERTa
Prediction

QARI Predic-
tion

؟ئےہواپیدںکہالقباا ...ئےہواپیدمیںٹلکوسیا... ٹلکوسیا میںٹلکوسیا ٹلکوسیا �
(Where was
Iqbal born?)

(...born in Sialkot...) (Sialkot) (Sialkot in ) (Sialkot)

؟بناکبنکستاپا ...بناکو1947گستا14... 1947گستا14 کو1947گستا14 1947گستا14 �
(When was Pak-
istan formed?)

(...formed on 14 August
1947...)

(14 August
1947)

(14 August 1947
on )

(14 August 1947)

؟ہےکیکسبکتا ...ہےسپاکےحمدایہ... حمدا کےحمدا حمدا �
(Whose book is
it?)

(...with Ahmad...) (Ahmad) (Ahmad of ) (Ahmad)

Figure 1: Urdu boundary error examples. XLM-RoBERTa frequently includes trailing postpositions میں)
“in”, ,”on“کو (”of“کے in predicted spans (highlighted in red).

UQuAD+ (Kazi and Khoja, 2025) the first na-
tive Urdu EMRC dataset with 20,000 human
annotated question answer pairs across seven
domains now enables authentic evaluation of
Urdu comprehension models. However, state-
of-the-art multilingual models achieve only
78.0 F1 on UQuAD+ (Kazi and Khoja, 2025),
far below English performance, highlighting
the need for architectures explicitly designed
for Urdu’s linguistic properties.

We introduce QARI ( یرقا , Urdu for
“reader”), a character-enhanced neural archi-
tecture for Urdu EMRC(Extractive MRC).
QARI augments XLM-RoBERTa (Conneau
et al., 2020) with three key innovations:

1. Character-level CNN that processes
token character sequences to capture mor-
phological patterns independent of sub-
word tokenization;

2. Gated fusion that adaptively combines
semantic (XLM-RoBERTa) and morpho-
logical (Char-CNN) representations;

3. Boundary contrastive learning that
explicitly penalizes incorrect inclu-
sion/exclusion of Urdu postpositions and
copulas during training.

Evaluated on UQuAD+, QARI achieves
83.5 F1, a 5.5 point improvement over
the previous state-of-the-art mT5 (78.0 F1)
and establishing new best results for Urdu
EMRC. Cross-dataset experiments on UQA
and UrFQuAD demonstrate strong general-
ization. Ablation studies show that removing

character-CNN reduces F1 by 7.5 points, while
removing contrastive learning reduces it by
7.0 points, confirming that both morpholog-
ical awareness and boundary supervision are
critical for Urdu EMRC.

Our contributions are:

• First character-aware neural architecture
explicitly designed for Urdu EMRC;

• Novel boundary contrastive learning ap-
proach targeting Urdu specific span er-
rors;

• State-of-the-art results on UQuAD+ with
strong cross-dataset generalization;

• Comprehensive analysis of morphological
and boundary phenomena in Urdu MRC.

2 Related Work

Machine reading comprehension (MRC) has
advanced from early attention-based mod-
els (Hermann et al., 2015; Kadlec et al.,
2016; Seo et al., 2016) to pretrained trans-
formers such as BERT (Devlin et al., 2019)
and RoBERTa (Liu et al., 2019), achieving
strong results on English benchmarks. How-
ever, these models depend on large-scale pre-
training and perform low on low-resource,
morphologically rich languages like Urdu.
Multilingual encoders (e.g., mBERT (Pires
et al., 2019), XLM-RoBERTa (Conneau et al.,
2020)) enable cross-lingual transfer but strug-
gle with subword fragmentation in languages
with rich morphology (Rust et al., 2021; Kazi
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and Khoja, 2026). Character-level model-
ing (Kim et al., 2016; Clark et al., 2022) of-
fers better handling of inflectional forms but
is often less efficient or effective than hy-
brid approaches (Wang et al., 2023). Urdu
MRC has faced data limitations. Early bench-
marks (UQuAD1.0 (Kazi and Khoja, 2021),
UQA (Arif et al., 2024)) rely on translated
content, limiting syntactic diversity. Ur-
FQuAD (Shakeel and Nawab, 2025) partially
mitigates this, while UQuAD+ (Kazi and
Khoja, 2025) provides the first large-scale na-
tive dataset. Yet, even strong models like mT5
reach only 78.0 F1, highlighting performance
gaps. Contrastive QA methods (Karpukhin
et al., 2020; Ram et al., 2021; Robinson
et al., 2020) improve span discrimination via
hard negatives but remain agnostic to lin-
guistic structure. HeQ (Cohen et al., 2023)
demonstrates that native datasets expose span
boundary errors overlooked in translations.

Our approach, QARI, integrates morpho-
logical features with contrastive objectives
designed for Urdu, introducing linguistically
grounded boundary negatives targeting post-
positions and copulas common sources of span
extraction error.

3 The QARI Architecture
3.1 Overview
QARI consists of four primary layers process-
ing question-passage pairs. Figure 2 illustrates
the complete architecture.

1. Contextual encoding via XLM-RoBERTa,

2. Character-level morphological processing
with word-token alignment,

3. Gated Fusion, and

4. Span Prediction.

3.2 Input Processing Layer
Raw input text undergoes preprocessing be-
fore contextual encoding. Given a question
Qraw and passage Praw, we perform:

• Unicode normalization: Convert to NFC
form to ensure consistent character rep-
resentation, particularly important for
Urdu’s combining diacritics and zero-
width joiners.

• Whitespace tokenization: Split text by
Unicode whitespace (U+0020, U+00A0)
to obtain orthographic words W =
{w1, . . . , wk}. This word-level segmenta-
tion is used later for character-CNN pro-
cessing (Section 3.3).

• Sequence construction: Concate-
nate question and passage with
special tokens to form Sraw =
[<s>, Qraw, </s>, Praw, </s>], which
is then passed to XLM-RoBERTa’s
SentencePiece tokenizer.

This preprocessing ensures that both the sub-
word based contextual encoder (Section 3.3)
and the character-based morphological proces-
sor (Section 3.4) receive properly normalized,
consistently segmented input.

3.3 Contextual Encoding Layer
Given a question Q = {q1, . . . , qm} and pas-
sage P = {p1, . . . , pn}, we construct the input
sequence:

S = [<s>, q1, . . . , qm, </s>, p1, . . . , pn, </s>]
(1)

XLM-RoBERTa tokenizes this using Sen-
tencePiece subword units and encodes via
12 transformer layers, outputting contextual
representations H = [h0,h1, . . . , hm+n+2] ∈
R(m+n+3)×768. These capture global seman-
tic context but may fragment morphologically
related forms across subword boundaries.

3.4 Character-CNN Layer with
Word-Level Processing

To capture morphological patterns indepen-
dent of subword fragmentation, we process
complete orthographic words at the character
level, then align these representations back to
XLM-RoBERTa’s subword tokens. We first es-
tablish mapping between orthographic words
and subword tokens: (1) split input text by
Unicode whitespace to obtain orthographic
words W = {w1, w2, . . . , wk}, and (2) for each
word wi, identify which consecutive Sentence-
Piece tokens result from tokenizing wi, creat-
ing alignment table A(j) = i if token tj be-
longs to word wi.

For example, “ میںںبوکتا ” (“in books”) splits
into word w1 = “ ںبوکتا ” which maps to tokens
[“ بکتا ”, “ ںو ”] with A(1) = 1, A(2) = 1, and
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Figure 2: QARI Architecture for Urdu Extractive Machine Reading Comprehension. The character-CNN
processes complete orthographic words (e.g., ںبوکتا ), then broadcasts representations to all subword tokens
derived from that word.

word w2 = ”میں“ which maps to token [”میں“]
with A(3) = 2.

For each orthographic word wi ∈ W, we
extract its complete character sequence ci =
[c1, c2, . . . , cki ] and embed each character into
128 dimensions. We apply 1D convolution
(kernel size 3, 256 filters) followed by max
pooling to yield a fixed 256-dimensional word-
level representation:

charwi = MaxPool(Conv1D(Ei)) (2)

where Ei = [ec1 , . . . , ecki ] and charwi ∈ R256.
Each subword token then inherits the

character representation of its source word:
chartj = charwA(j)

. This ensures all subword
pieces from “ ںبوکتا ” receive the same character-
level features capturing the full morphology
(root “ بکتا ” + plural suffix “ ںو ”), indepen-
dent of how SentencePiece fragmented them.
The character-CNN thus learns systematic af-
fix patterns like “ ںو ” (plural) and تا“


 ” (present

tense) from complete word forms, regardless of
tokenization artifacts.

3.5 Gated Fusion Layer

To adaptively combine semantic (XLM-
RoBERTa) and morphological (Char-CNN)
information, we employ a gated fusion mech-
anism. We first project the 256-dimensional
character representations to match XLM-
RoBERTa’s 768-dimensional hidden space.
For each token, we compute a fusion gate and
combine representations:

gi = σ(Wgate[hi; ˜chari]) (3)
fi = gi � hi + (1− gi)� ˜chari (4)

where [·; ·] denotes concatenation and �
is element-wise multiplication. This allows
the model to emphasize character features for
morphologically complex content words while
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relying on contextual semantics for function
words.

3.6 Span Prediction Layer
Fused representations pass through dropout
(p = 0.1) then linear layers predict-
ing start/end positions: logitsstart/end =
Wstart/endF. After softmax, the predicted span
(i∗, j∗) maximizes joint probability subject to
i∗ ≤ j∗. For unanswerable questions, we fol-
low Rajpurkar et al. (2018) by treating posi-
tion 0 (<s>) as the null answer.

3.7 Boundary-Contrastive Learning
Standard cross entropy loss treats all incorrect
spans equally and does not account for Urdu
specific boundary errors involving postposi-
tions and copulas. To address this limitation,
we introduce a boundary-contrastive learning
objective that explicitly penalizes span predic-
tions with incorrect boundary extensions or
truncations. We maintain a fixed lexicon of 23
most frequently occurring grammatical parti-
cles: 15 postpositions are ,(of)کے ,(in)میں سے
(from), ,(on)پر ,(to)کو ,(ergative)نے تک


(until),

,(of)کی ,(of)کا ,(for)لیے تھسا (with), ےربا (about),
ہوعلا (besides), ئےبجا (instead), and—(without)بغیر

8 copulas: ,(is)ہے ,(are)ہیں ,(was)تھا ,(were)تھے

,(was)تھی ,(were)تھیں ,(be)ہو ںہو (am). These
particles are detected via exact Unicode string
matching during training.

An alternative solution to handle Urdu
span boundaries could be a rule-based post-
processing step for example, simply stripping
any trailing postposition or copula from the
predicted span using a lexicon. This indeed
can catch many obvious cases. We did not im-
plement this in our evaluation; instead, we in-
tegrated the knowledge into training via the
contrastive loss. The advantage of our ap-
proach is that the model learns to avoid in-
cluding these particles during answer span se-
lection, rather than relying on a separate cor-
rection step. This makes the model more self-
contained and allows it to potentially general-
ize beyond the specific list of particles (e.g.,
it might learn to avoid including infrequent
or context-specific particles as well). For each
gold answer span, we generate hard negative
spans through controlled boundary perturba-
tions. If the token immediately following the

gold span is a particle, a negative span is cre-
ated by extending the gold span to include
that token. Conversely, if the final token
of the gold span itself is a particle, a nega-
tive is created by truncating it. These op-
erations are applied only when the gold an-
notation excludes the particle, ensuring con-
sistency. This strategy targets approximately
78% of observed boundary errors in UQuAD+.

As an example, given the gold span “ ٹلکوسیا ”
from the passage “ ئےہواپیدمیںٹلکوسیا ”, we gener-
ate the hard negative “ میںٹلکوسیا ” by extending
the span with the postposition .”میں“ This ex-
plicitly teaches the model to exclude trailing
postpositions that do not belong to the an-
swer.

While Urdu also contains multi-token con-
structions such as compound postpositions
(e.g., میںےرباکے , تھساکے ) and light verb ex-
pressions, the current formulation focuses on
single-token particles, which account for the
majority of boundary errors. Extending the
same approach to multi-token boundaries via
sequential phrase matching is straightforward
and left for future work.

We computed span scores in log-space for
numerical stability. For a span with start in-
dex i and end index j, the score is defined as:

score(i, j) = logPstart(i) + logPend(j). (5)

To reduce boundary errors, we introduce a
contrastive training. During training, if a
hard negative span receives a higher score than
the gold answer span by more than a margin
(δ = 0.5), the model is penalized proportion-
ally to the degree of this violation.

The final training objective combines the
standard cross-entropy loss used for span pre-
diction with this contrastive term:

Ltotal = LCE + 0.5 · Lcontrast. (6)

4 Experimental Setup

4.1 Datasets
UQuAD+ (Kazi and Khoja, 2025): First
native Urdu MRC dataset with 20,000 QA
pairs from 1,540 articles across seven domains.
Split: 16,000 train / 2,000 dev / 2,000 test.
Questions exhibit diverse morphological pat-
terns and natural Urdu phrasing.
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System: You are a helpful assistant that extracts
exact answer spans from Urdu passages.
User: Given the following passage and question,
extract the exact answer span from the passage. If
the question is unanswerable, output “ باجولا ” (no
answer).
Example 1:
Passage: ۔ئےہواپیدمیںٹلکوسیاکو1877مبرنو9لقباامہعلا

Question: ؟ئےہواپیدکبلقباا
Answer: 1877مبرنو9
Example 2:
Passage: ۔بناکو1947گستا14نکستاپا

Question: ؟بناکبنکستاپا

Answer: 1947گستا14
Example 3:
Passage: ۔ہےلچسپدبہتبکتایہ

Question: ناکامصنف

؟ہےکیام

Answer: باجولا
Now extract:
Passage: [test passage]
Question: [test question]
Answer:

Figure 3: GPT 4 prompt format for few-shot
EMRC evaluation. Three in-context examples
demonstrate exact span extraction and unanswer-
able detection.

UQA (Arif et al., 2024): Machine trans-
lated from SQuAD2.0, containing 136,211 QA
pairs. Used for cross-dataset evaluation to test
generalization to translation based corpora.

UrFQuAD (Shakeel and Nawab, 2025):
Semi native dataset with 3,985 questions de-
rived from Natural Questions with manual re-
finement. Used for cross-dataset evaluation.

4.2 Baselines

XLM-RoBERTa-Base (Conneau et al.,
2020): 12-layer multilingual transformer fine-
tuned on UQuAD+ with standard span pre-
diction.

mT5-Base (Xue et al., 2021): Multilingual
T5 model fine-tuned in generative mode (out-
putting answer text) then constrained to ex-
tractive spans. This represents the previous
state-of-the-art on UQuAD+.

GPT-4 (Achiam et al., 2023): Few-shot
evaluation with three in-context examples was
performed. The prompt format is shown in
Figure 3. We validate GPT-4’s output by
checking whether it appears as an exact sub-
string in the passage; if no exact match is
found, the prediction is marked as unanswer-
able.

4.3 Implementation Details

The models were implemented in PyTorch
using the HuggingFace Transformers library.
The XLM-RoBERTa encoder was initial-
ized from the xlm-roberta-base checkpoint.
Character-level information was captured us-
ing 128-dimensional embeddings, which were
randomly initialized and passed through a
Char-CNN with a kernel size of 3 and 256
filters. Training was performed using the
AdamW optimizer with a learning rate of
3× 10−5, a batch size of 16, and for 5 epochs.
Each input sequence was truncated to a max-
imum of 512 tokens. The model was trained
on a Kaggle P100 GPU with mixed-precision
(FP16) to accelerate training. Total training
time on the full UQuAD+ dataset was approx-
imately 8 hours.

4.4 Evaluation Metrics

Exact Match (EM): Percentage of predic-
tions matching gold spans exactly (character-
level).
F1 Score: Token-level overlap between pre-

dicted and gold spans, computed as 2 · P ·R
P+R

where precision P and recall R measure token
overlap.

Unanswerability Accuracy (UA): For
unanswerable subset, percentage correctly re-
turning “no answer”.

5 Results

5.1 Main Results on UQuAD+

Table 1 shows performance on UQuAD+ test
set. QARI achieves 83.5 F1 and 75.8 EM, sub-
stantially outperforming all baselines. Com-
pared to the previous state-of-the-art mT5
(78.0 F1), QARI gains +5.5 F1, demonstrating
the effectiveness of character-level morphologi-
cal processing and boundary-contrastive learn-
ing.

The improvement is particularly notable for
exact match (+3.8 points over mT5), indicat-
ing that QARI produces more precise span
boundaries. This aligns with our hypothe-
sis that explicit character-level processing and
boundary-contrastive learning address Urdu-
specific challenges (see Figure 4).
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Model EM F1

XLM-RoBERTa-Base 65.0 68.0
mT5-Base 72.0 78.0
GPT-4 (few-shot) 70.0 78.0

QARI (Ours) 75.8 83.5

Table 1: Performance on UQuAD+ test set. QARI
achieves state-of-the-art results with substantial
improvements over baselines. Results averaged
over 3 runs with different random seeds. Standard
deviations: mT5 (±0.3 F1), QARI (±0.4 F1). Im-
provements are statistically significant (p < 0.01,
paired t-test).

5.2 Cross-Dataset Generalization

Table 2 shows zero-shot transfer to UQA and
UrFQuAD without retraining. QARI main-
tains strong performance on both datasets,
though absolute scores decrease compared to
in-domain UQuAD+. The drop is more pro-
nounced on UQA (machine-translated), sug-
gesting that models trained on native Urdu
are less robust to translation artifacts.

Model UQuAD+ F1 UQA F1 UrFQuAD F1

XLM-RoBERTa-Base 68.0 72.5 65.0
mT5-Base 78.0 74.8 68.5
QARI 83.5 76.2 73.8

Table 2: Cross-dataset generalization. Models
trained on UQuAD+ and evaluated zero-shot on
translation-based datasets.

The smaller improvement on UQA, which is
a machine-translated dataset, is likely because
of how translated text is written. English-
to-Urdu translations usually use simpler vo-
cabulary and follow English sentence patterns.
This results in fewer complex Urdu word forms
and fewer difficult postposition cases, which
QARI is designed to handle. As a result,
the base XLM-RoBERTa model already per-
forms quite well on UQA (72.5 F1), so there
is less room for QARI to improve. On the
other hand, UQuAD+ is written in native
Urdu. It includes more diverse sentence struc-
tures and richer morphology, which are harder
for XLM-RoBERTa to process. In this case,
QARI’s character-level and boundary-aware
components help more, leading to a larger im-
provement (+5.5 F1 on UQuAD+ compared
to +1.4 F1 on UQA).

Representation Processing

Word: ںبوکتا (“books”)

SentencePiece To-
kenization

Fragments morphology:

Context 1 [ بکتا ] + [ ںو ]
Context 2 [ ںبوکتا ] (single token)
Context 3 [ک] + [ تا


ںبو ]

→ Inconsistent splits Lost morphological coher-
ence

Character-CNN Preserves full form:
All contexts [ک] [ت] [ا] [ب] [و] [ں]
→ Consistent pro-
cessing

Learns ںو = plural marker

More Examples:

(”wrote“)لکھا SP: variable | Char-CNN: ­ل
ا­کھ

(”writes“)لکھتا SP: variable | Char-CNN: ­ل
ا­ت­کھ

ناالکھو

 (“cause to
write”)

SP: variable | Char-CNN: ­ل
ا­ن­ا­و­کھ

Figure 4: Tokenization fragmentation vs.
character-level modeling. SentencePiece incon-
sistently fragments Urdu words across contexts,
losing morphological patterns. Character-CNN
processes complete character sequences, learning
systematic affix patterns like ںو­ (plural) and تا­




(present tense) regardless of tokenization.

5.3 Ablation Study
Table 3 shows the contribution of each com-
ponent. Removing the character-CNN reduces
F1 by 7.5 points, confirming that explicit mor-
phological processing is critical. Removing
contrastive learning lowers F1 by 7.0 points,
demonstrating that boundary-focused training
substantially improves span precision. Remov-
ing the gated fusion causes a smaller drop (2.0
points), but still shows the benefit of adaptive
representation mixing.

Combining both the character-CNN and
contrastive learning yields a +15.5 F1 im-
provement over the XLM-R baseline (from
68.0 to 83.5), which is approximately the sum
of their individual contributions. This sug-
gests that the two components address dif-
ferent aspects of the task: the character-
CNN improves morphological awareness, while
contrastive supervision improves boundary
precision. We also experimented with a
probability-product scoring approach (s =
Pstart · Pend), but it proved numerically unsta-

174



Model Variant EM F1

QARI (Full) 75.8 83.5
- Char-CNN 68.3 76.0
- Contrastive Loss 68.5 76.5
- Gated Fusion 73.8 81.5
w/ Probability-product Contrastive 75.0 82.8
- All Enhancements (XLM-R Base) 65.0 68.0

Table 3: Ablation study on UQuAD+ dev set.
Each row removes one component. Full model out-
performs the XLM-R baseline by +15.5 F1. Log-
space contrastive loss performs better than the
probability-product variant by 0.7 F1.

ble, often resulting in NaN gradients during
training. The log-space formulation we adopt
resolves this issue while yielding a slight per-
formance gain (+0.7 F1).

5.4 Performance by Question Type

Table 4 breaks down performance by question
word. QARI achieves highest F1 on factual
questions :”what“کیا) 87.2 F1, :”when“کب 86.5
F1) where answers are typically short named
entities. Performance drops on causal ques-
tions ( ںکیو “why”: 74.8 F1) requiring multi-
sentence reasoning. Unanswerable detection is
strong (UA: 88.3%), indicating effective null-
answer modeling.

Question Type F1 / UA

(What)کیا 87.2
(When)کب 86.5
نکو (Who) 84.1
ںکہا (Where) 82.7
(How)کیسے 78.3
ںکیو (Why) 74.8

Unanswerable 88.3 (UA)

Table 4: Performance breakdown by question type
on UQuAD+ test set.

5.5 Error Analysis

To better understand QARI’s remaining chal-
lenges, we manually analyzed 51 errors from
its predictions on the UQuAD+ dev set. Each
error was assigned to one of four mutually ex-
clusive categories based on the primary failure
mode(See Table 5).

Error Type QARI (% of errors)

Boundary Drift 14%
Entity Confusion 10%
Multi-sentence 33%
Other 23%

Table 5: Distribution of QARI errors across four
categories.

The most frequent error type is multi-
sentence reasoning (33%), which remains a
challenge as QARI lacks explicit mechanisms
for aggregating information across distant sen-
tences. Boundary drift (14%) where the
model includes or excludes an adjacent par-
ticle shows the largest improvement from 31%
in XLM-RoBERTa. This reduction is directly
linked to the boundary-contrastive loss, which
provides span-level supervision at grammat-
ical edges, leading to tighter and more ac-
curate span predictions. Entity confusion
(10%) occurs when the context includes mul-
tiple similar entities and the model selects the
incorrect one. This is down from 26% in
XLM-RoBERTa, a notable drop likely aided
by the character-CNN, which improves lexical
grounding and disambiguation of morphologi-
cally similar alternatives. Other errors (23%)
include ambiguous questions, or unanswerable
inputs. Overall, QARI reduces the total num-
ber of errors and shifts the distribution toward
more complex reasoning and ambiguous cases.

Limitations

Recent tokenization-free models like CANINE
(Clark et al., 2022) and ByT5 (Xue et al.,
2022) have explored fully character-based
transformers, but often at the cost of effi-
ciency or requiring massive pretraining. In
contrast, our approach is hybrid: we augment
a pretrained subword model with a lightweight
character-level CNN. While this adds some
computational overhead, it remains practical
in low-resource settings and avoids the cost of
full retraining. The boundary-contrastive ob-
jective currently targets a constrained set of
boundary particles and does not fully model
multi-token constructions . Finally, evalua-
tion is limited i.e., Roman-Urdu, or mixed-
script inputs is not systematically studied. We
focused on XLM-RoBERTa-Base as it repre-
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sents the most commonly deployed model for
low-resource settings given computational con-
straints. Future work should validate whether
QARI’s architectural augmentations transfer
to larger models.

Ethics Statement
No private or sensitive data was collected or
used. AI-assisted tools were employed for
grammar correction, language refinement, and
formatting support during manuscript prepa-
ration. Final content was reviewed and veri-
fied by the authors.
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