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Abstract

Question-Answering (QA) models for low-
resource languages like Bangla face challenges
due to limited annotated data and linguistic
complexity. A key issue is determining whether
models rely more on pre-encoded (parametric)
knowledge or contextual input during answer
generation as existing Bangla QA datasets lack
the structure required for such analysis. We
introduce BanglaCQA, the first Counterfactual
QA dataset in Bangla by integrating counter-
factual passages and answerability annotations
into an existing dataset. In addition, we propose
prompting-based pipelines for LLMs to disen-
tangle parametric and contextual knowledge
in both factual and counterfactual scenarios.
Furthermore, we apply LLM-based evaluation
techniques that measure answer quality based
on semantic similarity. Our work not only intro-
duces a novel framework for analyzing knowl-
edge sources in Bangla QA but also uncovers
critical findings that open up broader directions
for counterfactual reasoning in low-resource
language settings.

1 Introduction and Related Work

The domain of Question Answering (QA) is a fun-
damental area within Natural Language Process-
ing , which aims to train models that emulate hu-
man reasoning by mimicking human comprehen-
sion and response generation. With the arrival of
Large language models (LLMs), this emulation has
reached new heights for high-resource languages,
as these models demonstrate competitive perfor-
mance based solely on their pre-encoded knowl-
edge. However, challenges arise in generating ac-
curate responses in contextual QA settings, par-
ticularly in counterfactual contexts, due to the in-
terplay of two distinct “knowledge sources™: (i)
Parametric knowledge, embedded within model pa-
rameters through pretraining, and (ii) Contextual
knowledge, derived from input contexts at execu-
tion time (Neeman et al., 2023). Previous work in

Factual Context:

Question: 8T ISR & f&T9? (Who was Emma Goldman? )

Context: a1 GiceNd (3e@e:Emma Goldman; TG 29, sbud - @ 58, 5580) AFEGH
tFRreraat A @ /AN @, Iger a3k Aeafcs sfewor A Affte . ..
(Emma Goldman (English: Emma Goldman; June 27, 1869 — May 14, 1940) was a Russian
anarchist writer who was known for her writings, speeches, and political activism...)
Parametric Answer: QF&GH (7 AT G4 (a Russian anarchist writer)
Contextual Answer: 95 (NG AN (T4F (a Russian anarchist writer)

Counterfactual Context:
Question: QT GISIH & fét=19? (Who was Emma Goldman? )
Context: aFI CITWF (33&(e:Emma Goldman; G 29, Sbud - ( 58, 5580) QTG
tFarerEat @fEeE s AN @7, IFer R IS SAfEeTor TAE e . ..
(Emma Goldman (English: Emma Goldman; June 27, 1869 — May 14, 1940) was a Mexican
anarchist writer who was known for her writings, speeches, and political activism...)
Parametric Answer: Q35S (FATGTATH AT G (a Russian anarchist writer)
Contextual Answer: TG (HATGATAT @FABIF U (a Mexican anarchist writer)

Figure 1: Parametric vs Contextual Question Answering
(QA)in Factual and Counterfactual Settings

English QA models has shown that prioritization
of parametric knowledge, which occurs because
of the imbalance between extensive pre-encoded
data and limited contextual input, can lead to the
generation of hallucinated answers (Krishna et al.,
2021). Some work further shows that contextual
questions that contain incorrect assumptions dis-
rupt generation performance (Kim et al., 2021).
While some studies show that integrating counter-
factual or random contexts into factual datasets
improves robustness by disentangling knowledge
sources (Hwang et al., 2023), such methods re-
main largely unexplored for Bangla, a widely spo-
ken yet under-resourced language. Although mod-
els evaluated on BanglaRQA (Ekram et al., 2022)
and Squad-BN (Bhattacharjee et al., 2022) achieve
strong factual QA scores, key challenges remain un-
solved: the absence of benchmarks for evaluating
parametric and contextual biases as distinct factors,
limited insight into counterfactual contexts and un-
clear methods for tracing knowledge sources.

To address these issues, we present the
first Bangla Counterfactual Question-Answering
dataset, BanglaCQA, by extending an existing
BanglaRQA (Ekram et al., 2022) dataset with an-
swerability, random and counterfactual contexts to
probe knowledge prioritization. Moreover, we in-
troduce disentanglement pipelines by leveraging
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Figure 2: Implementation Pipeline of Large Language
Models (LLMs) for Disentangling Parametric and Con-
textual Knowledge in QA

multiple open-sourced LLMs (LLaMA-3.3B (Tou-
vron et al., 2023), DeepSeek-R1 (DeepSeek-Al
et al., 2025), Qwen-2.5-32B (Yang et al., 2024))
with few-shot (Brown et al., 2020) and chain-of-
thought (CoT) (Wei et al., 2022) prompting to dif-
ferentiate parametric and contextual reasoning. To
evaluate the results, we use Gemini 2.0 Flash for
semantic similarity scoring, which outperforms tra-
ditional metrics to evaluate the semantic accuracy
of Bangla QA responses. Our analysis reveals that
integrating counterfactual contexts exhibits strong
parametric generation similarity. These findings
not only establish a blueprint for low-resource lan-
guages and advance QA systems for Bangla, but
also emphasizes transparency in knowledge utiliza-
tion in counterfactual scenarios.

2 BanglaCQA Dataset

The BanglaCQA dataset comprises both factual
and counterfactual contexts, along with questions
and their corresponding parametric and contextual
answers. The factual contexts are sourced from
the BanglaRQA (Ekram et al., 2022) dataset (li-
censed under cc-by-nc-sa-4.0), one of the largest
human-annotated Bangla QA factual datasets with
contextual answers. However, it lacked distinct
parametric and contextual answers to train models
in disentangling knowledge sources. Our primary
enhancement involves introducing rich, NER-based
counterfactual contexts for the low-resource Bangla
language, expanding the dataset by 42.28 % to sig-
nificantly accelerate model performance through
alternative scenarios that demand deeper under-
standing of named entities and their relationships.

Dataset Attribute Setting
Total QA pairs 21,211
Factual Contexts 14,900
Counterfactual Contexts 6,300
Average Question Word Count ~ 8.26
Average Context Word Count  215.27

Table 1: BanglaCQA dataset summary statistics

2.1 Counterfactual Context Generation

Counterfactual contexts are generated by modi-
fying named entities (e.g., names, dates, quanti-
ties) in factual contexts using the NER replace-
ment script (Sarker, 2020), followed by manual
validation to ensure semantic coherence. When a
named entity appeared in the answer column, it
was replaced with alternative entities in both the
context and answer columns to ensure consistency.
Moreover, the numeric values are altered using reg-
ular expressions. To avoid duplication, the data
IDs were updated, and each modification was man-
ually reviewed by two of the authors as annota-
tors to ensure contextual relevance and correctness.
The whole process ensures precise modification
in counterfactual contexts with the aim of chal-
lenging LLMs to adapt to contrasting information.
Each counterfactual context is paired with its corre-
sponding contradictory parametric and contextual
responses, which enables models to learn the dis-
entanglement of knowledge sources.

3 Implementation Pipeline

We propose a systematic framework to investigate
how LLMs handle parametric and contextual rea-
soning across factual and counterfactual settings.
As shown in Figure 2, each input consists of a con-
text and a question, paired with a system prompt
and formatted using either few-shot or CoT (Chain-
of-thought) prompting, which instructs models to
explicitly articulate intermediate reasoning steps
before producing final answers. The full prompt
structure and sample outputs are provided in Ap-
pendix A for reference. All models were decoded
using the same decoding hyperparameters to en-
sure fair comparison: temperature = 0.1, top-p
= 0.1, repetition penalty = 1.02, and max tokens
= 1500. Qwen-2.5 and DeepSeek-R1 were used
in their non-quantized versions, while LLAMA-
3.3 was configured using fpl6 quantization due
to hardware constraints. All models were hosted
on Kaggle with 4xNVIDIA L4 GPUs, each offer-



F Contextual F Parametric CF Contextual CF Parametric
Models Prompting  Similarity Similarity Similarity Similarity
LLAMA-3.3 Few-shot 0.84 0.27 0.77 0.24
DeepSeek-R1 ~ Few-Shot 0.88 0.32 0.81 0.31
Qwen-2.5 Few-Shot 0.88 0.35 0.79 0.27
LLAMA-3.3 COT 0.91 0.69 0.83 0.55
DeepSeek-R1 COT 0.94 0.79 0.89 0.70
Qwen-2.5 CcoT 0.92 0.81 0.86 0.74

Table 2: Performance of different models under Factual (F) and Counterfactual (CF) settings, evaluated with
parametric and contextual similarity. "F" denotes Factual contexts and "CF" denotes Counterfactual contexts.
Bold values indicate the best-performing configurations in each category.

ing 22.5GB of VRAM. Each model generated two
distinct outputs: a parametric answer, reflecting
pre-trained knowledge, and a contextual answer, re-
flecting the given input context. Answers generated
in non-Bangla languages were reformatted auto-
matically using the Gemini API to ensure cross-
lingual consistency in the evaluation phase. Gem-
ini 2.0 Flash was used in a zero-shot evaluation
setting to compute semantic similarity between
the model’s generated answers and gold targets.
Two metrics—parametric similarity and contextual
similarity—were computed separately to measure
alignment between the generated and gold answers
across factual and counterfactual settings.'

4 Results

We investigate how prompting strategies and model
design influence model behavior across factual (F)
and counterfactual (CF) settings, by discussing the
following research questions:

RQ1: How does the prompting strategy (CoT
vs Few-shot) affect the parametric and contex-
tual performance of language models in Bangla
across factual and counterfactual settings?
Contextual similarity remains consistently high
across both prompting strategies (0.77-0.94) which
indicates that both CoT and Few-shot prompting
are similarly effective at utilizing contextual
information in both factual (F) and counterfactual
(CF) settings. In contrast, parametric similarity
improves substantially with CoT prompting,
particularly in counterfactual settings. Few-shot
prompting results in low parametric similarity
scores (0.24-0.35), whereas CoT prompting in-
creases this range to 0.55-0.81. This indicates that
CoT prompting enhances a model’s ability to gen-
erate correct answers from pre-encoded knowledge

"https: //anonymous. 4open.science/r/banglacga/

while maintaining strong contextual understanding.

RQ2: How do architectural differences

among language models affect their ability to
integrate contextual and parametric knowl-
edge across factual and counterfactual tasks in
Bangla? Qwen-2.5 achieves high similarity scores
across both dimensions (F parametric : 0.81, CF
parametric : 0.74; F contextual: 0.92, CF con-
textual: 0.86). This is likely aided by its design for
handling long-sequences processing, which aligns
well with Bangla’s complex and fragmented tok-
enization. DeepSeek-R1 shows similar improved
performance. However, LLAMA-3.3 exhibits a
steep decline in CF contextual similarity (0.55) de-
spite a strong factual similarity score (0.91). These
findings suggest that architectures optimized for
longer contexts are better suited for Bangla’s lin-
guistic structure.
RQ3: How well do LLMs adapt to counterfac-
tual contexts in Bangla, and what does this re-
veal about their sensitivity to narrative contra-
diction? All models struggle with counterfactual
contextual understanding under few-shot prompt-
ing for instance: contextual similarity drops below
0.32, which suggests poor sensitivity to narrative
contradiction. CoT prompting alleviates this as
it enables models like Qwen-2.5 and DeepSeek-
R1 to achieve 0.74 and 0.70 contextual similarity,
respectively. This shows that Bangla’s syntactic
structure requires explicit reasoning to resolve con-
tradictions, and that LLMs, without such support,
default to parametric recall even when the context
logically invalidates it. This exposes a fundamental
limitation in LLMs’ default handling of counterfac-
tual semantics.


https://anonymous.4open.science/r/banglacqa/

4.1 Error Analysis

While Gemini 2.0 Flash offers a scalable, fast ap-
proximation of parametric answer similarity, our
evaluation exposes key limitations in counterfac-
tual QA for Bangla. To assess metric reliability,
we qualitatively compared its outputs with human
judgments—widely regarded as the gold standard
in QA (Clark et al., 2021)—revealing three primary
sources of discrepancy:

I) Temporal Mismatch (Outdated Targets):
We observed that approximately 4% of the ran-
domly selected 200 model-generated answers were
more up-to-date than the dataset’s reference an-
swers. As shown in Figure 3, Qwen-2.5 produced
factually accurate responses, but these were penal-
ized due to the mismatch with stale reference data.
This temporal mismatch underscores the limita-
tions of using static reference data. This mismatch
may vary across different batches but underscores
the need for more dynamic evaluation frameworks.

Dataset’s Target Answer (Factual Context):

Question: Bt (BT ST FALFIBEA (I I9 SIS Fo 1S tofd 7q?
(Context: SITd IS OIT AN VT SHAAI IS FMSieer sifS ST BsIN |
G5 ST ST RIS | SIS OISR sit 532 2fow ...

Target Parametric Answer: ¢¢ ¥

Target Contextual Answer: 0 &2

Qwen-2.5 Generated Answer (Factual Context):

[Question: BTt (BT TR FAAAIBIE (It I 1S Fo NS tofd a2
(Context: S 2R It SANAIIL NTOT SIS IR ST oHSa St BT T
AT OIAT ST BT S| GISN OIAT TP SN AT BT ..

Generated Parametric Answer: BRIt (1B ST &ATT 0 ﬁﬁ-ﬂﬂm_ﬁ (A @
oIS Bt I

[Extracted Ci 1 Answer: J2( ST o AARI(> fiferam) s1ifS tofd 21

Figure 3: Example of temporal mismatch where a
model-generated answer is penalized for being more
up-to-date than the reference

II) Solution Variation (Multiple Valid An-
swers): Around 7% of the randomly selected 200
input demonstrate cases where different valid an-
swers are penalized due to lack of lexical over-
lap. For example, Figure 4 shows a case where the
model predicts "23.5°" while the target is "66.5°",
both correct, as they represent complementary an-
gles of Earth’s axial tilt, but the metric assigns a low
score due to the lexical mismatch. This issue may
vary across different batches, but it highlights the
challenge of accounting for multiple valid solutions
in the evaluation process.

III) Length Discrepancy (Verbose but Cor-
rect CoT): Around 54% of the randomly selected
200 inputs demonstrate cases where Qwen-2.5 gen-
erates longer, more detailed explanations using
Chain-of-Thought (CoT) prompting. Even when
the final answer is accurate, the inclusion of reason-

Dataset’s Target Answer (Factual Context):
Quesﬁon:mﬁﬁwwmmmm?

(Context: NI SIATIAT I3 3705 S{fAL oIS iy | oy I S @ b1 S70s5 @3 2tz
RCI 5751 IR | TSI ey F5Hsi2t (BB wa. 20 GHAME T 9F T5ha I A Arfapet
| S e e vv.5/2 fEfE @ @ el 97T

Target Parametric Answer: &b.5/2 fofa

Target Contextual Answer: b.5/3 f&f3

Qwen-2.5 Generated Answer (Factual Context):

Question: ’[ﬁﬁﬁﬁw%_ﬁ?rﬁ @It @TeT ITAR?

(Context: NI ST I 357 S{fAT SIS iy | o I 57 @ 1o S70s7 <3 aftad
[FRIET S5/ I0NE 1 TSN ey THshd (Bmyfe wve. 2y Gafim At a?ﬁwzﬂswwﬁm
R syf2t e s v.5/2 fEfE @ @ TE ! 9 T .

Generated Parametric Answer: s{f2idt fi wosd sif 2v.¢ ofat e erer A
[Extracted Contextual Answer: SjfaISt fie w1esa S vo.5/2 f5ft @het @t ame)

Figure 4: Example showing multiple valid answers
due to variations in model interpretation and reference
grounding.

ing reduces the similarity score due to the length
discrepancy. As shown in Figure 5, this highlights
a mismatch between surface-level similarity and
semantic correctness.

’s Target Answer (Counterfactual Context) :

Question: fAIB G2 fATITEwE (FIN @A *AF TAR T AFt SO NF?

Context: 79 SIYIIN 2oT PTH G SFAR == 7T Tt 612 I 200 BIA YT 5o St
T23tE T 9L SIFA FA 9F G @PIeT| I IASH OT14..... [AeTB o1fre feraresa
[T 3 IO AR Wi AT WO | STl 2T Ieit T- Aot Qo plaw
Eﬂmmﬁmﬂ(ww

arget Parametric Answer: stef @i 3 s
arget Contextual Answer: BT 3 sifdt©

Qwen-2.5 Generated Answer (Counterfactual Context):

Question: fATNIB GIfST2 AT (FIN @A > TAR T AFt SO TF?

(Context: 7 SIFLIA 3T (I TGS ST = 71 9l OFR 7 200 I YeIAfer 571G Ssirg

[PTeate a1 9L SIRHA FA 9T G @PIeT | 9vHE IASF G714 [AoTB o7fre feraresa

[RBTTI @ SO AR T AT TIPS | SHTeA (20T et AT - SHICT Q5o Faw

[Bstatz It I (IT....

Generated Parametric Answer: RTNIB G132 fReTareed @y TAB TN A1t SEISTAT
rTesteTt ers A (s, swtelfiwta rfee), sfasenhamita),

ST (BiifofRer), F=IShR Wi (S-S STsT), fesr=ififes afeuead (@i

932 fI0TTB G1f312 93 AT ©g 8 stafol

Extracted Contextual Answer: fITNI5 GIf37e fAvTaresa a5 3 sifots A Wi At

[STOTIPTF |

Figure 5: Example where the model generates a fac-
tually relevant but longer answer than the reference,
highlighting penalization due to length mismatch.

5 Conclusion

We propose a study to disentangle knowledge
sources in Bangla contextual QA models by
introducing a counterfactual extension to the
BanglaRQA dataset. This enables differentia-
tion between contextual and parametric answers,
which often overlap in factual contexts. We
trained encoder-decoder models on the extended
dataset and evaluated LLMs (LLAMA-3.3, Qwen-
2.5, DeepSeek-R1) using Few-shot and Chain-of-
Thought prompting. CoT prompting proved most
effective, with Qwen-2.5 excelling in generating
parametric answers even under counterfactual set-
tings. Our findings reveal a unique trend in low-
resource Bangla, where contextual inputs outweigh
parametric knowledge, highlighting Qwen-2.5’s ro-
bustness for real-world Bangla QA applications.



Limitations

Our work provides valuable insights into Bangla
question answering with large language models,
but there are naturally some areas to explore fur-
ther. For example, a few models occasionally gave
numeric answers in English even when prompted
in Bangla, which reflects the complex multilingual
nature of these systems. This is an interesting as-
pect to investigate more deeply in future work, es-
pecially around how models handle different lan-
guages during reasoning. In some cases, models
produced intermediate reasoning steps without a
clear final answer. While this didn’t affect the
overall evaluation, it suggests there’s more to learn
about how these models arrive at their conclusions.
Our dataset covers a range of question types that
mix contextual and knowledge-based information,
providing a solid testbed, though future datasets
could help sharpen the distinction between these
types even more. Finally, because of hardware lim-
its, we ran the larger models using efficient quan-
tization techniques, which worked well for our ex-
periments but leaves room to explore full-precision
versions down the line.

Ethics Statement

This research involved manual annotation carried
out by the two authors. One author handled the
primary annotation, refining the BanglaNER por-
tion to ensure named entity replacements preserved
both syntactic and semantic integrity. The other
author independently reviewed these edits for con-
textual and factual consistency across the context
and answer fields. For numerical entities, we ap-
plied controlled modifications using regular expres-
sions to introduce variation while preserving the
original meaning. Additionally, we used Al tools
to assist with coding and grammatical corrections
throughout the research.
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A System and User Prompts

{"role": "system","content": "'You are tasked with generating both parametric and contextual
answers based on a Bengali context.

Contextual Answer:
Derive strictly from the given context. If the context lacks sufficient info, reply: "Context does not
provide enough information."

Parametric Answer:
Use pre-trained knowledge only; do not refer to the context. If information is missing, make
reasonable assumptions and state them. If not possible, reply: "None."

Key Note:

In the context, a word, year, or number might be incorrect. However, you must extract contextual
answers as given in the context, even if it is wrong.

On the contrary, you should answer parametric answers correctly while correcting error of
context based on your knowledge.

Thought Process:

Think step by step to ensure clarity.

Explain how the contextual and parametric answers were derived.

After explaining the derivation process, make sure to write "end of thought process" and then
provide your response.

Response Format:

Contextual Answer: {Answer based only on the context.}

Parametric Answer: {Answer based on knowledge without referencing the context.}
Reasoning: Explain how both answers were derived step by step.

Example:

Context: "I AT SFALTI"
Question: "L AL AT 12"
Output that you will generate:
Reasoning:

The context explicitly states the capital is Chattogram, so the contextual answer is "58at¥1"
Based on my knowledge, the capital is Dhaka, correcting the error in the context.

End of thought process

Contextual Answer: "58ai1"
Parametric Answer: "G111"

"}

Figure 6: The system prompt that defines task objectives,
answer types, and response structure, guiding the model
to differentiate between responses based on knowledge
versus context.

Figure 8 shows the output of Qwen-2.5-32B,
which is a representative example; actual outputs
and reasoning styles may differ across LL.Ms.
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Here is some context:

IEBIET WS ST (et R gt sifafoe| Giteitsfs, F0er qred 7o i wromdd 932
M35 - SO ST V53 (LTl T 2T | TeT91S T FROT AT T STy 200 (IS SeTaoia
FIf3¥o T HB T fGTo Tt NEHSIR ML SIS Si2ale Fal| NG WISN- BTy QTP I
SRR TR SrRarzIg 7eT (e Rt iy 2l mmromwamWW|Wg
PO IFBIET PNE SO fAipa <IF AT IAFB eI At 0 1 I 1o sHffow | argbaet clera

AN Sst BT T AM@BIeT NI Wi i |

Question: IEBIS (U SO Wl FOG QARG AN ?

Thought Process**: Start by explaining your step-by-step reasoning for solving the task.

After explaining the derivation process, write "End of thought process"

After that you will answer,

Contextual Answer: {Provide the answer in Bengali based on the given context only. Do not
include any external knowledge. Do not need for your own knowledge base to answer this}
Parametric Answer: {Provide the answer in Bengali based on your pre-trained knowledge only.
Do not reference the context.}""

"}

Figure 7: An example user prompt showing how a Ben-
gali context and question are provided to the model for
generating structured answers.

Output:
**Thought Process**:

So I have this task where I need to provide both a contextual and a parametric answer based on a given
Bengali context about basketball. The question is: "3I@beT (AT OIS WeT FOG TG AF?" which
translates to "How many players are there in each team in basketball?"

First, I need to understand what a contextual answer means. It means that I have to derive the answer
strictly from the given context, without using any external knowledge. If the context doesn't provide enough
information, I should say "Context does not provide enough information."

On the other hand, a parametric answer is based on my pre-trained knowledge, without referring to the
context. If I don't have the required knowledge, I should make reasonable assumptions and state them, or
say "None" if it's not possible.

Looking at the context, it talks about basketball being a popular sport worldwide, played with an orange,

spherical ball on both indoor and outdoor courts. It's a team sport where the main objective is to score
points

by&wﬁﬂu?ﬁiﬁwjﬁﬁ TEL AR i EE BT VR A, L IR SRR A U R SR IR 2 S B B, 3

W, BIHHIR M. HRiGRIEMH, ﬁ%ﬁ%lﬁ&%ﬁ% FRMMA, WBRESEN T B A 1 R

Wait, in the context, it says "ST4IIIGs ATOTH WTeT & G QTS AMF | " which means "Usually, each team has
9 players Hmm, that seems off because, in standard basketball, each team has 5 starting players on the
court, with substitutions from a larger roster, but the number 9 seems unusual.

However, for the contextual answer, I have to take the information as it is presented in the context,
regardless of whether it's correct or not. So, according to the context, each team has g players.

Now, for the parametric answer, I need to rely on my pre-trained knowledge. I know that in standard
basketball, especially in professional leagues like the NBA, each team has 5 players on the court at a time,
with a roster of around 12 to 15 players, depending on the league rules.

But specifically for the number of players on the court, it's 5 per team. So, if someone asks how many
players are there in each team in basketball, typically, it's 5 players on the court.

However, considering that the context mentions 9 players, and knowing that in some variations or levels of
basketball, the number can vary, but in standard rules, it's 5.

Wait, maybe the context is referring to something else, like the number of players on the roster or
something. But it specifically says "#To1S Wel & G (AEAIS AMF," which seems to mean the number of
players on the team, not just on the court.

But in standard basketball, the team roster can have more players, but on the court, it's 5 per team.

Perhaps in some amateur or youth leagues, they have different numbers, but in professional and standard
rules, it's 5.

So, for the parametric answer, I should provide the correct standard number, which is 5 players per team on
the court.

But the context says 9, which might be incorrect or perhaps referring to something else.
Anyway, I need to provide the answers as per the instructions.

**End of thought process**

**Contextual Answer**: AYIIVTE ATOTS UTeT & S QETRG AT |

**Parametric Answer**: STOIS WeT @ T (TG AT (I |

Explanation:

No answer found.

"

Figure 8: Output output of QwQ-2.5-32B, displaying
the full reasoning process along with the final answers,
produced according to the prompt format.
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