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Abstract

Large models have advanced in processing
long input sequences, but their ability to
consistently use information across extended
contexts remains a challenge. Recent stud-
ies highlight a positional bias where mod-
els prioritize information at the beginning or
end of the input while neglecting the mid-
dle, resulting in a U-shaped performance curve,
but this was limited to English. Whether
this bias is universal or shaped by language-
specific factors remains unclear. In this work,
we investigate positional bias in Bangla, a
widely spoken but computationally underrep-
resented language. To support this, we intro-
duce a novel Bangla benchmark dataset, ‘bn-
ContextQA’, specifically designed for long-
context comprehension. The dataset com-
prises of 350 long-context QA instances, each
paired with 30 context paragraphs, allow-
ing controlled evaluation of information re-
trieval at different positions.  Using this
dataset, we assess the performance of LLMs
on Bangla across varying passage positions,
providing insights into cross-linguistic posi-
tional effects. The bnContextQA dataset is
publicly available at https://github.com/
labiba02/bnContextQA.git to support fu-
ture research on long-context understanding in
Bangla and multilingual LLMs.

1 Introduction

Large language models are increasingly capable of
processing long sequences, with context lengths
extending to tens of thousands of tokens (Chang
et al., 2024). This capability is crucial for real-
world applications, including question answering,
summarization, and retrieval-augmented genera-
tion (Zheng et al., 2025; Laskar et al., 2023, 2024).
However, the assumption that models can robustly
use all available context is being challenged by re-
cent findings (Li et al., 2024a).

* Authors 1,2,3 contributed equally.

The Lost in the Middle study(Liu et al., 2023)
highlights a striking limitation: LLMs tend to pri-
oritize information located at the beginning (pri-
macy bias) or end (recency bias) of their input,
while struggling to retrieve and apply information
positioned in the middle. This U-shaped perfor-
mance curve calls into question the practical utility
of extended context lengths, since critical details in
real documents are not always conveniently placed.

Despite these findings, prior research has been
restricted to English. Given the syntactic and mor-
phological differences in languages like Bangla,
it is vital to investigate if the same biases persist
across multilingual contexts.

Bangla, being one of the most widely spoken lan-
guages in the world, remains underexplored in the
evaluation of LLMs (Kabir et al., 2024; Mahfuz
et al., 2025; Abrar et al., 2024). Unlike English,
Bangla has complex morphology and flexible word
order, which may interact differently with model
architectures when processing long contexts. In
this work, we address this gap by:

1. Constructing a Bangla long-context QA
dataset with 350 questions and 30 passages
per question.

2. Running baseline evaluations with two state-
of-the-art generative QA models, GPT-4.1
(OpenAl) and Gemini 2.5 Flash Lite (Google)

3. Presenting early evidence of positional bias in
Bangla.

Our preliminary results show that, similar to En-
glish, LLMs also struggle with middle-position ev-
idence in Bangla. These findings motivate further
work on long-context modeling, dataset expansion,
and evaluation of Bangla LLMs.

2 Literature Review

Recent progress in the advanced language models
has excelled across a broad spectrum of natural lan-
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guage tasks, enabling them to adapt to diverse lin-
guistic settings (Mahbub et al., 2023; Ahmed et al.,
2024; Khan et al., 2023a,b; Arif et al., 2025). As
their capabilities expand, researchers have increas-
ingly turned their attention to how such models
perform in long-context processing, where models
must maintain coherence, track dispersed informa-
tion, and reliably retrieve details embedded across
lengthy sequences (Li et al., 2024a; Huang et al.,
2024; Liu et al., 2025).

Prior works on long-context processing have pri-
marily focused on English (Bai et al., 2024; Li
et al., 2024b; Bai et al., 2025; Gao et al., 2025).
A key study, Lost in the Middle: How Language
Models Use Long Contexts (Liu et al., 2023), sys-
tematically examined model behavior on extended
inputs, showing that accuracy drops for middle-
position evidence. However, it relied solely on
English datasets, leaving open whether these po-
sitional effects generalize to other languages.

Liu et al. (2023) evaluated positional sensitivity
using two tasks:

* Multi-document question answering: Mod-
els received multiple documents with only
one containing the correct answer, using the
NaturalQuestions-Open (NQ-Open) dataset
(Lee et al., 2019). The gold document’s po-
sition was varied to measure robustness.

* Key-value retrieval: A synthetic benchmark
where models selected the correct value from
a JSON object, allowing position to be ma-
nipulated independently of natural language
semantics.

Across both settings, performance followed a U-
shaped curve, with strong primacy and recency ef-
fects and significantly weaker retrieval in the mid-
dle.

While these findings demonstrate positional
bias, existing resources offer little insight into how
this manifests in multilingual or low-resource set-
tings. In Bangla, current reading-comprehension
datasets rely on single-document passages and
therefore cannot evaluate long-context reasoning
or positional effects. The most notable dataset,
BanglaRQA (Ekram et al., 2022), provides 3000
passages and 14,889 question—answer pairs with
diverse question types and answer formats, but
lacks multi-document inputs, distractors, and con-
trolled evidence placement. This gap motivates
the creation of bnContextQA, a benchmark de-
signed specifically for long-context comprehen-

sion in Bangla. By pairing each question with
30 semantically related passages, including cu-
rated distractors, and precisely controlling the gold
passage’s position, our dataset enables system-
atic analysis of positional bias and extends long-
context QA research beyond English.

3 bnContextQA

In this section, we explain the construction of our
long-context Bangla QA dataset. We describe how
passages were collected and curated from Bangla
Wikipedia, how distractor passages were carefully
designed to be topically similar yet unanswerable,
and the preprocessing steps applied to ensure data
quality. An example of a dataset instance and sum-
mary statistics are provided in Appendix A.1.

3.1 Data Acquisition

To study the effect of long-context input on Bangla
LLMs, we constructed a Bangla long-context QA
dataset simulating multi-document question an-
swering. Existing Bangla QA datasets, such as
Bengali-SQuAD (Tahsin Mayeesha et al., 2021),
SQuAD_Bn (Bhattacharjee et al., 2022), and
BanglaQA (Shahriar et al., 2023), mainly contain
short passages, limiting systematic evaluation on
extended contexts. Our dataset includes multiple
passages per question, with one gold passage con-
taining the answer and several semantically related
distractors.

We used Bangla Wikipedia as the primary
source for its broad coverage across domains. Pas-
sages were manually curated to ensure correctness,
quality, and domain diversity, and to control se-
mantic similarity for realistic distractors—beyond
what automatic extraction can reliably achieve.
This careful construction ensures the QA task re-
quires genuine reasoning rather than superficial
keyword matching, providing a robust benchmark
for long-context comprehension in LLMs.

3.2 Dataset Structure
Each sample in our dataset is represented as a

JSON object with the following components:

* Question (question): A natural language
query in Bangla.

* Language (language): Fixed as ”bn” to in-
dicate Bengali.

* Documents (documents): A list of 30 pas-
sages, each containing a title, content, and
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source. One passage contains the gold evi-
dence for the correct answer. The remaining
passages serve as distractors, deliberately cho-
sen to share topical or lexical similarity with
the gold passage, increasing task difficulty.
Each passage is of 175 token on average.

* Answer (answer): The ground-truth answer
derived from the relevant document.

* Relevant Document In-
dex(relevant_document_index): The
index pointing to the passage containing the
gold evidence.

* Context Length (context_length): The
number of passages provided per instance
(fixed at 30 in our dataset).

e Metadata (metadata): Includes dataset
source, retrieval method, and special notes.

3.3 Question Generation

To create queries for multi-document evaluation,
we selected topics from Banglapedia and Wik-
ibangla that contain many closely related articles,
ensuring sufficient semantic overlap between gold
passages and distractors. Using these topics as
prompts, we generated candidate questions with
ChatGPT and then manually filtered them to en-
sure short, unambiguous answers that were not eas-
ily guessable from the gold passage’s wording or
position. Throughout the process, prompts were
crafted carefully so the model could not rely on
prior knowledge but had to use the provided gold
passage, ensuring alignment with the objectives of
evaluating long-context reasoning.

3.4 Distractor Design

A key feature of our dataset is the careful con-
struction of distractor passages. Instead of ran-
dom text, distractors were selected from Bangla
Wikipedia and Banglapedia to ensure topical and
stylistic alignment with the gold passage.

To keep this process systematic, native Bangla
speakers applied a structured manual filtering pro-
cedure. Candidate distractors were evaluated ac-
cording to:

* Topical relevance: The distractor must fall
within the same broad domain as the gold
passage to maintain thematic coherence (e.g.,
historical sites, political events, scientific top-
ics).

* Lexical similarity: Passages were selected
to share key vocabulary, technical terms, or
stylistic features with the gold passage, pre-
venting models from relying on simple key-
word matching.

* Factual distinction: Distractors were
checked to ensure they contain no answer-
bearing text or paraphrases that could
accidentally reveal the correct answer.

* Structural parity: Distractors were matched
to the gold passage in length, complexity,
and informational density, preventing models
from exploiting superficial cues such as un-
usually short, long, or structurally simple pas-
sages.

This human-guided design produces distractors
that are plausible, challenging, and semantically
aligned, resulting in a robust evaluation setting for
long-context comprehension in Bangla LLMs.

3.5 Preprocessing and Cleaning

During passage collection, raw Wikipedia text of-
ten contained nuanced references, extraneous sym-
bols, or English phrases that could bias results. To
minimize such noise, annotators were instructed
to remove redundant citations and bracketed refer-
ences, normalize the Bangla script to a consistent
Unicode form, eliminate repetitive English words
unless essential to factual content (translating nec-
essary terms into Bangla), and standardize passage
lengths to ensure comparability. Additional meta-
data such as topic category, article identifiers, and
the specified gold position was added to each item.
This produced a dataset that is linguistically coher-
ent, semantically consistent, and suitable for eval-
uating long-context reasoning in Bangla.

4 Experimental Details

4.1 Models

In this section, we describe the models that we
evaluate on our proposed Bangla dataset. We con-
ducted our experiments using Gemini-2.5-Flash-
Lite (Google, 2024) and GPT-4.1-Nano (Ope-
nAl, 2024) (details about the models are given
in Appendix A.2). We selected them for their
cost-effectiveness and accessibility. Gemini-2.5-
Flash-Lite offers high-throughput processing at
low cost while maintaining strong reasoning ca-
pabilities. GPT-4.1-Nano provides efficient per-
formance with extensive context windows. These
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attributes make both models particularly suitable
for deployment in Bangla-speaking regions where
computational resources are often constrained. By
focusing on these models, our work evaluates
whether affordable LLMs can still maintain com-
petitive performance on long-context tasks in low-
resource languages.

Although large generative models like TituLLM
(Nahin et al., 2025) and BongLLLaMA (Zehady
et al., 2024) are trained on Bangla language and
support extended contexts, we did not use them
in this study. In our preliminary trials, we ob-
served that these models tended to overgenerate or
rely heavily on parametric knowledge rather than
grounding their answers in the provided passages.
Since our evaluation requires short, span-based an-
swers to measure sensitivity to positional place-
ment, such behavior makes them less suitable for
this specific task.

4.2 Evaluation Method

Each model was evaluated across all context
lengths and gold passage positions. Models pre-
dicted the answer span from one gold passage and
multiple semantically related distractors, increas-
ing task difficulty and requiring fine-grained rea-
soning.

To assess positional effects, the gold passage
was placed at multiple locations across different
context lengths: positions 1, 3, and 5 for length 5;
1,3,5,7,and 10 for length 10; 1, 5, 10, 15, and 20
for length 20; and 1, 5, 10, 15, 20, 25, and 30 for
length 30. These placements capture early, middle,
and late positions, enabling analysis of primacy
and recency effects as well as mid-sequence degra-
dation. Combined with controlled context varia-
tion and carefully matched distractors, this setup
provides a robust framework for evaluating Bangla
QA models’ long-context reasoning and extractive
accuracy. Details on evaluation metrics and im-
plementation are provided in Appendices A.3 and
A4

5 Results

We evaluated two generative question an-
swering models, GPT-4.1-nano and Gemini
2.5-flash-1ite on our Bangla QA dataset with
input contexts containing 10, 20, and 30 total
passages, each containing one gold passage and
several distractors.

The results in Table 1 demonstrate a clear posi-

Table 1: Evaluation results of GPT-4.1-nano and
Gemini-2.5-flash-lite on different indices, showing Ex-
act Match (EM) and F1 Score.

Index GPT-4.1-nano Gemini-2.5-Flash-Lite
EM F1 EM F1
1 60.63% 67.40% 61.59% 76.32%
3 51.11% 57.36% 57.78% 73.13%
5 40.95% 48.23% 56.19% 72.29%
7 38.73% 43.86% 56.83% 72.16%
10 41.59% 48.00% 54.29% 71.30%

tional effect on model performance for both GPT-
4.1-nano and Gemini-2.5-Flash-Lite. For GPT-4.1-
nano, the highest scores are observed when the rel-
evant context appears at the beginning (Index 1),
with 60.63% Exact Match (EM) and 67.40% F1,
followed by a sharp decline in the middle positions
(Indices 3 and 5) and a slight recovery at Index 10
(41.59% EM, 48.00% F1). Gemini-2.5-Flash-Lite
shows a similar U-shaped trend but consistently
achieves higher overall scores, with EM and F1
peaking at 61.59% and 76.32% at Index 1, grad-
ually decreasing toward the middle, and partially
recovering at Index 10 (54.29% EM, 71.30% F1).
This pattern indicates that both models pay more at-
tention to information at the beginning and end of
long contexts while underperforming for passages
in the middle, confirming that positional bias also
manifests in Bangla QA tasks and mirrors the “lost
in the middle” phenomenon observed in prior stud-
ies (Liu et al., 2023).

Similar positional patterns emerge across all
context lengths for both models. For length 5, GPT-
4.1-nano performs best at early positions (64.13%
EM, 69.42% F1) but drops in the middle, while
Gemini-2.5-Flash-Lite maintains higher and more
stable scores (60.63—-60.95% EM, 74.50-75.66%
F1) with only a mild mid-sequence dip. For longer
contexts (20 and 30), the U-shaped trend becomes
more pronounced: GPT-4.1-nano starts relatively
high but declines sharply in the middle (down to
34.92% EM, 40.27% F1 at length 20 and 30.16%
EM, 34.09% F1 at length 30) before a slight end-
of-sequence recovery. Gemini-2.5-Flash-Lite fol-
lows the same pattern but consistently outperforms
GPT-4.1-nano, maintaining stronger EM/F1 scores
even at mid-range positions (e.g., 54.60-55.56%
EM and 64.49-70.93% F1). Overall, this confirms
a robust U-shaped positional bias in Bangla long-
context QA, consistent with findings from English
benchmarks.
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Figure 1: Performance comparison using Exact Match
in Gemini-2.5-Flash-Lite

Figure 1 shows the performance of Gemini-2.5-
Flash-Lite on different context lengths and gold
passage positions using Exact Match. Detailed re-
sults for context lengths 5, 20, and 30 are provided
in Appendix Tables 3, 4, and 5 along with perfor-
mance graph of the models for visualization in Fig-
ure 3-5.

Why Gemini Outperforms GPT-4.1-Nano:
While both models show a similar U-shaped
positional pattern, Gemini-2.5-Flash-Lite consis-
tently achieves higher EM and F1 scores across
all context lengths. Several factors may explain
this gap. First, architectural differences may give
Gemini stronger long-context retrieval, such as
improved attention routing or memory-efficient
mechanisms. Second, its tokenizer offers better
subword coverage for Indo-Aryan languages,
reducing Bangla word fragmentation and improv-
ing span extraction. Third, Gemini’s broader
multilingual and South Asian training corpus
likely provides richer exposure to Bangla morphol-
ogy, orthographic variation, and Wikipedia-style
text. Together, these advantages help Gemini
maintain more reliable attention over long Bangla
contexts, especially in the middle regions where
GPT-4.1-Nano degrades more sharply.

6 Conclusion

In this work, we introduced a Bangla long-context
QA dataset with semantically challenging distrac-
tors and reported preliminary results on genera-
tive QA models, GPT-4.1-Nano and Gemini-2.5-
Flash-Lite. Our early findings confirm positional
biases similar to the “Lost in the Middle” phe-
nomenon observed in English: models achieve
higher accuracy when the gold passage appears
at the beginning or end of the context, but strug-
gle when it is placed in the middle. Among the
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tested models, Gemini-2.5-Flash-Lite consistently
outperformed GPT-4.1-nano. These results rep-
resent an initial step rather than a complete solu-
tion. Our ongoing work focuses on two directions:
(1) evaluating more Bangla LLMs while enforcing
grounding in provided passages (like TigerLLM
(Raihan and Zampieri, 2025)), and (2) expanding
the dataset with more questions, diverse domains,
and multi-hop reasoning. By pursuing these di-
rections, we aim to provide a stronger benchmark
and a more comprehensive understanding of how
Bangla LLMs process extended contexts. Other
task, like intrinsic bias measurements of Bangla
(Sadhu et al., 2024), can be done for longer con-
text and context length variation using our dataset.

Limitations

Despite providing a first step toward long-context
QA in Bangla, our study has several limitations.
The dataset is small, with each instance contain-
ing only a single gold passage, limiting multi-hop
reasoning and domain coverage. Distractor pas-
sages, though carefully designed, may not fully
capture real-world complexity, and evaluation of a
few LLMs using span-based metrics (Exact Match
and F1) may not reflect generative answer qual-
ity. Moreover, we did not focus on Bangla-specific
linguistic aspects such as morphology and syntax,
which remain important directions for future work.
Overall, these results are preliminary, and further
work is needed to expand the dataset, explore more
reasoning scenarios, and test additional models.
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A Appendix

A.1 Dataset Example and Statistics

Each question in our dataset is stored in JSON
format, containing the question, a list of passages
(with title, content, and source), the gold answer,
and metadata. Figure 2 shows a sample instance
(truncated for space).

To provide an overview of our dataset, Table 2
summarizes the key statistics, including the total
number of items and passages, as well as the aver-
age passage length in terms of tokens and charac-
ters.

Table 2: Summary statistics of the dataset

Statistic Value
Total items 350
Total passages 10,500
Avg. passage length (tokens) 175.62
Avg. passage length (characters) 1,130.41

A.2 Model Details

We evaluated two extractive QA models on our
dataset.

Gemini-2.5-Flash-Lite: Gemini-2.5-Flash-
Lite (Google, 2024) is part of Google’s Gemini
family of models, designed specifically for low
latency, high throughput, and cost efficiency.
Despite being a lightweight model, it supports
up to 1 million tokens of context, making it
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"question" "(BI Xl RPN WG (71 G W2,
"language”: "bn",
"documents": [
{"title": "2008 fZF! Iy
"content": "2008 f&FE
"source": "https://bn.wikipedia.org/wiki..."},

{"title™: 2050 el Fgeror,
"source": "https://bn.wikipedia.org/wiki..."},

(tltle 2032 P

"source": "https://bn.wikipedia.org/wiki..." },

(mle "200% 3w

"source": "https://bn.wikipedia.org/wiki..." }
1
"answer": "2008 I AT,
"relevant_document_index": 0,
"context_length": 30,
"metadata": {
"source_dataset": "Wikipedia_Bangla",
"retrieval_method": "Manual",
"notes": "Relevant document at the beginning to test primary bias."

T T 2¢ O Rl 1o OIS, 42 SRR SIS T SIS =t s I ATGS G weAQfE *T~14... (truncated)”,
"content'; "2050 Xl fRPT™ Z(67 SSTITSF FEIeT ST R RARIToR Ao ST | el fRaeiof 0oz RTSE 2341 F63e eifSrairer| 43 (truncated)",

R
"content": "2022 WWWWWWWW@%WW HAfSTIITTST T RPN 23N AR OIS N, (T WS GS... (truncated)”,

Ry
"content": "2002 WWNW@%WWWWWMWHﬁWW%% (TN NBGSF FoIA 52T ... (truncated)”,

Figure 2: Example of an instance from our dataset in JSON format.

suitable for long-context tasks while maintaining
affordability. Its release emphasizes stability and
accessibility, with one of the lowest per-token
costs among commercial LLMs, making it an
appealing choice for researchers and practitioners
working in resource-constrained environments.

GPT-4.1-Nano: GPT-4.1-Nano  (OpenAl,
2024) is the smallest and most affordable mem-
ber of OpenAl’s GPT-4.1 family, introduced in
2025. Like Gemini-2.5-Flash-Lite, it supports a
1 million token context window, enabling it to
handle extended inputs effectively. GPT-4.1-Nano
is marketed as the fastest and cheapest variant in
the GPT-4.1 lineup, optimized for deployment in
cost-sensitive or large-scale applications. Despite
its reduced size, it demonstrates strong reasoning
and comprehension capabilities, striking a balance
between performance and accessibility.

A.3 Evaluation Metrics

We evaluate QA model performance using two
widely adopted metrics: Exact Match (EM) and
F1 score. These metrics provide complementary
perspectives on model accuracy.

Exact Match (EM): Exact Match measures the
percentage of predictions that exactly match the ref-
erence answers. It is a strict metric: a prediction
is counted as correct only if it exactly matches the
gold answer after normalizing for punctuation, ar-
ticles, and capitalization. EM is particularly use-
ful for assessing models in scenarios where precise
answers are required, such as extractive QA tasks.
However, it does not reward partially correct an-

swers or alternative phrasings, making it less in-
formative for generative models that may produce
valid but slightly different answers.

F1 Score: The F1 score captures the token-level
overlap between the predicted and reference an-
swers, allowing partial credit for answers that are
mostly correct. It is the harmonic mean of preci-
sion and recall, defined as follows:

|pred tokens N ref tokens|

Precision =
|pred tokens|
Recall — |pred tokens N ref tokens|
|ref tokens|
P . . R 11
F1 Score = 2 x recision X Reca

Precision + Recall

Precision measures the proportion of predicted
tokens that are correct, while recall measures the
proportion of reference tokens that are captured by
the prediction. F1 balances both aspects, provid-
ing a finer-grained evaluation. This metric is es-
pecially suitable for generative QA models, which
may produce answers that are semantically correct
but do not exactly match the reference text.

A.4 Implementation Details

All experiments were implemented using the Hug-
gingFace Transformers library with a PyTorch
backend, which provided a flexible and reliable
framework for working with pre-trained QA mod-
els. Inputs were tokenized using the respective
model tokenizers, and the maximum input length
was set to accommodate the chosen context sizes,
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ensuring that the models could process all passages
in each instance without truncation.

The models were run in inference mode on a
GPU-enabled environment on Colab, which al-
lowed us to efficiently handle the large number
of passages and maintain reasonable processing
times. Using Colab provided a convenient and re-
producible platform, with consistent hardware and
software configurations.

A.5 Evaluation Results

Tables 1-5 report the detailed Exact Match (EM)
and F1 scores of GPT-4.1-nano and Gemini-2.5-
Flash-Lite across different context lengths (5, 10,
20, and 30) and varying positions of the relevant
passage within the input.

The results show a consistent positional bias:
performance is highest when the relevant context is
placed at the beginning of the input, declines sig-
nificantly when the context is in the middle, and
recovers slightly when it appears at the end. This
U-shaped trend aligns with the “lost in the mid-
dle” phenomenon observed in prior long-context
QA studies, suggesting that the effect also holds
for Bangla question answering.

Table 3: Evaluation results of GPT-4.1-nano and
Gemini-2.5-Flash-Lite with context length 5 at differ-
ent indices, showing Exact Match (EM) and F1 Score.

Table 5: Evaluation results of GPT-4.1-nano and
Gemini-2.5-Flash-Lite with context length 30 at differ-
ent indices, showing Exact Match (EM) and F1 Score.

Index GPT-4.1-nano Gemini-2.5-flash-lite
EM F1 EM F1

1 58.73% 64.96% 59.37% 74.41%

5 42.22% 47.78% 52.70% 67.31%
10 33.97% 39.62% 49.52% 65.74%
15 35.56% 41.56% 44.60% 59.45%
20 32.06% 36.05% 45.40% 60.09%
25 30.16% 34.09% 46.67% 60.84%
30 35.24% 39.69% 52.06% 67.13%

Index GPT-4.1-nano Gemini-2.5-flash-lite
EM F1 EM F1
0 64.13% 69.42% 60.63% 75.66%
3 44.76% 51.52% 59.68% 74.50%
5 49.52% 55.04% 60.95% 75.45%

Table 4: Evaluation results of GPT-4.1-nano and
Gemini-2.5-Flash-Lite with context length 20 at differ-
ent indices, showing Exact Match (EM) and F1 Score.

Index GPT-4.1-nano Gemini-2.5-flash-lite
EM F1 EM F1
0 59.37% 67.07% 59.37% 74.17%
5 45.08% 52.13% 54.60% 69.27%
10 36.51% 43.07% 53.97% 68.49%
15 34.92% 40.27% 47.94% 64.49%
20 37.78% 42.91% 55.56% 70.93%

Figure 3- 5 shows the performance of both mod-
els on different context lengths and gold passage

positions.
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Figure 3: Performance comparison using Exact Match
in GPT-4.1-nano
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Figure 4: Performance comparison using F1 Score in
GPT-4.1-nano
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Figure 5: Performance comparison using F1 Score in
Gemini-2.5-Flash-Lite
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