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Abstract
In this paper we present a novel methodology that harnesses the power of prompt tuning applied directly to
Gemma3-12B, a state-of-the-art generative large language model to enhance performance on complex natural
language processing challenges. Instead of relying solely on extensive retraining, our approach leverages carefully
crafted input prompts to steer the pre-trained Gemma-12B towards generating outputs with superior contextual
accuracy and interpretability. Our experimental evaluation employed a composite LLM Score metric that quantifies
both semantic coherence and relevance; under this framework, our system (Team Name: Sarang) achieved
a score of 4.54, ranking 9th in the shared task. Furthermore, in the competitive task evaluation, our method
demonstrated the potential of prompt tuning as a viable alternative to traditional fine-tuning approaches. This study
not only demonstrates the practical benefits of integrating prompt engineering with large language models but
also opens avenues for future research aimed at further optimizing model performance in domain-specific applications.
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1. Introduction

Natural question answering systems which are ex-
pected to facilitate decision-making and market re-
search should have a sophisticated sense of cause-
and-effect structure embedded in financial narra-
tive. Annual reports, earnings statements, etc.,
often describe events, antecedents and the con-
sequences of those events such that it requires a
keen sense of cause and effect. These linkages
are computationally intensive and impractical to ex-
tract manually when faced with the large volume
of modern financial text corpora. Therefore, au-
tomated causal question-answering reduces such
limitations, simplifying the processing of financial
information and making the produced financial in-
telligence more readable and understandable. It
is on this basis that the creation of systems that
can respond to causal questions derived through
financial narratives has become one of the critical
research areas.

The FinCausal 2026 Shared Task (Moreno-
Sandoval et al., 2026a), which is structured into
the Financial Narrative Processing Workshop, is fo-
cused on the improvement of the methodologies of
causal question-answering in financial texts. The
dataset has been carefully designed in terms of
triadic settings of context, inquiry, and response
whereby the participants are required to make
an inference of the missing causal determinant
on a financial passage and the query related to
that passage. These interrogatives are highly ab-
stracted and hence compel the examinees to iden-
tify antecedent or consequent items whereas the
intended responses are specific extractive spans
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obtained out of the contextual contents. Therefore,
the construct can be described as a graceful com-
bination of classical span extraction and question
answering with reasoning, and, as a consequence,
such an elevated standard of subtle understanding
of financial stories. Although modern large lan-
guage models have made significant progress, it is
still an extremely challenging task to identify causal
relationships in the financial discourse: causes
and effects are incorporated in a systematic way
in such texts, specialised terminological registers
are used, and long-term causal relationships are
cultivated. The 2026 update makes the complexity
intrinsic, with increased granularity of causal pro-
cesses, and re-organization of ways of inquiry, to
require a high level of inferential skill. This means
that researchers have to come up with mechanisms
that can be used to traverse complex causal net-
works, beyond surface pattern recognition. What
adds to these inherent difficulties is the addition
of a new judgment measure based on the use of
Large Language Models as adjudicators (LLM-as-
a-judge). This change of paradigm shifts the focus
of emphasis on specific span recall to a general
evaluation of the semantic fidelity and reasoning
profundity. Correspondingly, analysis will be based
on the ability of a system to encode cause-and-
effect relationships with probable coherence, and
not merely match annotated spans.

2. Literature study

The methodic identification and parsing out of
causal relationships in the financial discourse has
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become a critical project in the context of finan-
cial natural language processing. The FinCausal
shared tasks have provided a significant impact
on this pattern, providing strict guidelines and in-
creasing complex evaluation models. In 2020, the
first FinCausal attempt was launched, introducing
the first annotated corpus on financial causality de-
tection, which defines two fundamental subtasks:
sentence-level classification and definition of cause-
effect spans(Mariko et al., 2020) In 2021 and 2022,
further cycles of improvement were made, along
with annotation guidelines, increasing the data cov-
erage, and advancing more complex causal pat-
terns, including quantified facts and transformation-
based relations (Mariko et al., 2021, 2022). These
initial implementations demonstrated the effective-
ness of transformer-based encoders in combina-
tion with highly structured span-extraction systems,
and at the same time, the difficulty in represent-
ing implicit causality and cross-sentence reasoning.
Based on this background, the 2023 version of Fin-
Causal expanded its criterion to include multilingual
tracks and redefined the role of the span-oriented
extraction as the part of question answering or se-
guence generating (Moreno-Sandoval et al., 2023).
The 2025 version also better specified its aims
by incorporating a multilingual causal question-
answer model that may be assessed by Exact
Match (EM) and Semantic Answer Similarity (SAS)
scores (Moreno-Sandoval et al., 2025). This redef-
inition marked the end of pure extraction and an
incorporative reasoning and generation of answers.
FinCausal is closely related to the development
of financial question answering research, which
places greater emphasis on financial reasoning
and multi-step inference, at the cost of more tradi-
tional financial reporting (Chen et al., 2021). Taken
together, these changes reflect a larger change in
causal recognition, that is, surface-level identifica-
tion to a more abstract financial reasonability that
incorporates text with quantitative information. The
effectiveness of hybrid architectures which com-
bine extractive precision and generative reasoning
is further supported by the recent literature. (Pilault
et al., 2020) proposed a model in which an extrac-
tive item picks the relevant evidence to modulate
a transformer-based generative model and thus
showing a better contextual consistency. Accord-
ing to (Luo et al., 2022), extractive and generative
QA models have been systematically compared,
with the first type proving much more successful
in generalisation in limited settings, while the latter
type possesses the benefits of abstraction. The
NeurlPS EfficientQA competition (Min et al., 2021)
unveiled the trade-off between the computation effi-
ciency and results, where well optimised lightweight
extractive models can be competitive with state-
of-the-art results. Basic transformer models like
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RoBERTa (Liu et al., 2019) have also enhanced
the abilities of domain adaptation.

3. Dataset for FinCausal2026

This paper uses English version of FinCausal 2026
Question Answering dataset (Moreno-Sandoval
etal., 2026b) published as part of FinCausal shared
task, which is dedicated to detecting causal links
in financial narratives. The task is expected to test
systems, which are able to read financial texts and
identify the cause or effect of financial events. The
dataset is assembled out of the financial reports
and corporate disclosures in which causal rela-
tions are often found in the descriptions of the com-
pany performance, market trends and economic
situation. The dataset consists of 2000 training
instances and 500 instances for testing. In the
training dataset each instance includes /D, Context,
Question and Answer. Whereas test data contains
same attributes except Answer.

Considering a financial context and a causal
question, the goal is to derive the right cause or
effect.

4. Methodology

4.1. Few-shot prompting and Finetuning

of Language Model

As a baseline, We tried few-shot prompting
of various LLMs. Later started the finetuning
of consciousAl/question-answering-roberta-base-s,
then changed the checkpoint to deepset/deberta-
v3-large-squad?2 followed by prompt based en-
hancement steps as in Fig 1, inspired from (Trivedi
et al., 2025) to improve the response received from
finetuned model. This technique was giving LLM
score of 4.424. We also tried prompt tuning and
from there we found our best performing system
discussed in section 4.2.

4.2. System Submission

The current section outlines the proposed struc-
ture of the FinCausal Question Answering (QA)
task. Fig 2 representing the architecture of the
model submission. The current research involves
a methodology that integrates the few-shot learn-
ing, automated prompt optimization and a large
language model to identify causal relationships in
finance in a systematic manner. The pipeline in-
cludes four main elements, dataset utilisation, few-
shot prompt construction, prompt tuning, and model
inference, which together allow performing sound
causal reasoning on financial texts.



{"role": "system",

"content": "You are a helpful assistant
that provides accurate and improved an-—
swers."},
{"role":
"content": """You are given a Context,
Question, and an Answer.

1. If the Answer is 100% correct and is ex-
tracted verbatim from the Context, return
the exact same Answer.

2. If the Answer is incorrect or not fully
extracted from the Context, return an im-
proved version of the Answer that is ex-
tracted verbatim from the Context.

Context: {context}

Question: {question}

Answer: {answer} """}

"user",
a

Figure 1: Prompt for enhancement step

4.2.1. Few-Shot Prompt Construction

Few-shot learning has proven to be effective in
instructing large language models to perform spe-
cialised reasoning (Brown et al., 2020; Wei et al.,
2022). In the current methodology, few instances of
the dataset are integrated into prompts as demon-
strations. Each instance in the dataset is character-
ized by a financial context, a causal question, and
the answer that clearly outlines the cause effect
relationship. Such demonstrations offer implicit in-
formation to the language model, and it is able to
identify how causal relationships are formulated in
financial texts and how the appropriate responses
can be produced.

4.2.2. Prompt Optimization using MIPROv2

To further enhance timely efficacy, the system will
use MIPROv2 prompt optimization through the
DSPy teleprompter framework (Khattab et al., 2022,
2024). DSPy provides a programmatic interface
that is structured in such a way that it can be
optimized and interactions with language models
co-ordinated. The MIPROv2 teleprompter auto-
matically optimizes prompts by sequentially sam-
pling a space of instruction and few-shot examples.
Through iterative evaluation, the system will pick
highly effective prompts, thus improving the abil-
ity of the model to identify causal relationship and
provide accurate answers for FinCausal QA task.

4.2.3. Model Integration and Inference

Gemma3:12B large language model(Gemma and
DeepMind, 2024) is the refined version that per-
forms the prompts and provides the strong lan-
guage understanding and reasoning skills. The
implementation of the model makes use of DSPy,
which is used together with Ollama to enable ef-
ficient local execution and enable a controlled in-
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teraction with the model. In the process of infer-
ence, the system obtains a context and a causal
query. The optimized prompt along with the se-
lected few-shot examples are sent to the language
model using the DSPy framework. The model then
performs contextual reasoning on the financial text
and then gives out the final answer thus discovering
the relevant causal relationship.

Our final model was build on prompt tuning of
Gemma3-12B using MIPROv2 of DSPy (Khattab
et al., 2022, 2024). The tuned system prompt is in
Fig 3 and best parameters are listed in Table 1

Hyperparameter Value

auto medium
max_bootstrapped_demos 10
max_labeled demos 10

model gemma3:12b

Table 1: MIPROv2 Hyperparameters

5. Experimental Results

The results of our experiments few-shot prompt-
ing, prompt tuning and including finetuning
of consciousAl/question-answering-roberta-base-s
and deepset/deberta-v3-large-squad? are listed in
Table 2.

Technique Model LLM Score
Finetuning roberta based 4.136
Finetuning + Enhancement roberta based 4.288
Finetuning deberta based  4.292
Finetuning + Enhancement deberta based  4.302
Few-shot gemmaz2:latest  4.424
Few-shot gweng3:latest 4.418
Few-shot + light optimization gemmag3:12b 4.448
Few-shot + medium optimization = gemma3:12b 4.54

Table 2: Performance comparison on test set

The experimental findings prove the existence of
a performance improvement between the conven-
tional transformer-based fine-tuning strategies and
LLM based few-shot strategies augmented with
prompt tuning. First, both the RoBERTa-based
and DeBERTa-based models perform competitively
among the fine-tuning methods. The initial fine-
tuned RoBERTa model has a score of 4.136 that is
enhanced to 4.288 using prompt based response
enhancement step mentioned in Fig 1. In the same
manner, the fine-tuned DeBERTa model achieves
4.292, which is slightly higher than RoBERTa and
it reaches 4.302 after applying enhancement step.
These outcomes demonstrate the idea that the ar-
chitectural variation (DeBERTa versus RoBERTa)
comes with minor benefits, whereas the enhance-
ment strategies are both able to provide incremental
improvements to both models.

Conversely, the few-shot LLM-based models
have a visible lead over all fine-tuned encoder mod-



FinCausal Context and
Question
(80% Training)

Few-Shot Examples
20% Training

Gemma3:12B Language Model
(DSPy + Ollama)

MIPROvV2 Prompt Optimization
(DSPy Teleprompter)

FinCausal QA CauselEffect

Figure 2: Model architecture

Prompt

Your input fields are:

1. context (str): Financial report excerpt
containing the causal relation
2. question (str): Question asking for the

cause or effect

Your output fields are:
1. answer (str): Exact causal span copied
from the context

All interactions will be structured in the
following way, with the appropriate values
filled in.

[[ ## context ## ]]
{context}

[[ ## question ## 1]
{question}

[[ ## answer ## 1]

{answer}
[[ ## completed ## 1]

In adhering to this structure, your objec-
tive is:

You are a financial causal reasoning expert.

The answer to the question (cause or effect)
is ALWAYS explicitly stated in the provided
context.

Extract the exact text span from the context
that answers the question.

Rules:

— The answer MUST be copied verbatim from the
context.

- Do NOT paraphrase.

— Do NOT add any extra words.

— Return only the precise causal phrase.

Figure 3: Tuned system prompt

els. The few-shot set up using Gemma2 also gives
4.424, and Qwen3 gives 4.418, indicating the high
level of generalisation of large instruction-tuned
models without task-specific fine-tuning. This indi-
cates that prompt-based learning on modern LLMs
performs better at this task environment than in
traditional fine-tuning. Lastly, better performance
is further improved by optimisation of bigger LLMs.
The few-shot plus light optimisation experiment with

Gemma3 (12B) has a result of 4.448 and medium
optimisation has the most optimal result of 4.54,
which is the best overall result. The development
of this process underlines the fact that prompt tun-
ing methods significantly enhance the efficiency of
a model. Overall, the outcomes show that there is a
definite trend: bigger LLMs with organised prompt
tuning outperform classic fine-tuned transformer
baselines, achieving the best results in an experi-
mental environment.

6. Conclusions and Future Work

Within this investigation we have delineated sev-
eral experimental paradigms, including few-shot
learning, fine-tuning procedures, and prompt tuning.
Our most effective submission i.e. Gemma3-12B
prompt tuning achieved an LLM Score of 4.54.
Looking ahead, future work will concentrate on
overcoming computational resource constraints,
thereby permitting an in-depth exploration of prompt
tuning strategies for larger LLMs. Furthermore, in-
vestigating data augmentation techniques to fine-
tune the deberta based checkpoint represents an-
other promising research direction. Finally, the po-
tential integration of LLM agents remains a viable
avenue for subsequent experimental inquiries.
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