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Abstract
This paper investigates the application of generative Large Language Models (LLMs) for strict verbatim span
extraction. We evaluate our methodology within the FinCausal 2026 shared task. Because generative LLMs optimize
next-token probability rather than strict boundaries, they naturally suffer from over-generation and boundary drift
in extraction tasks. To address this, we introduce a generalized structural training constraint, extending prompt
repetition from a purely inference-time heuristic to a training-time supervision framework. By incorporating duplicated
prompts directly into Supervised Fine-Tuning (SFT), we hypothesize that this encourages the model to internalize
a form of unidirectional cross-reading behavior, leading to stronger alignment between generated spans and the
source context for exact extraction. Evaluating on open-weights (Qwen2.5-14B-Instruct-1M) and proprietary
(GPT-4.1-Nano) architectures, we find this soft attention constraint improves Exact Match scores for open models
and helps balance cross-lingual performance disparities. Conversely, the proprietary model exhibited sensitivity
to prompt duplication, achieving its highest score without repetition. Ultimately, our deterministic SFT approach
secured 4th place in the Spanish subtask (4.73) and 6th place in the English subtask (4.70), indicating the viability of

structurally simple, natively fine-tuned models compared to complex multi-stage pipelines.
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1. Introduction

The increasing complexity of financial documents
necessitates advanced methodologies to extract
and analyze causality within such texts. The Fin-
Causal 2026 shared task introduces a generative
Question-Answering (QA) framework for detect-
ing causal relationships in financial disclosures
(Moreno-Sandoval et al., 2026). The task requires
models to process abstractive questions regarding
causes or effects and answer by extracting verba-
tim spans directly from the source text.

This generative formulation presents a structural
conflict: generative models are inherently designed
to synthesize and paraphrase information (Chrysos-
tomou et al., 2024), yet the task evaluation strictly
penalizes any generative deviation or hallucina-
tion from the original text. Because generative
LLMs optimize next-token probability rather than
strict boundaries, they naturally suffer from over-
generation and boundary drift in extraction tasks.
To address this, our study investigates the effective-
ness of Supervised Fine-Tuning (SFT) coupled with
targeted prompting techniques specifically Prompt
Repetition to constrain generative models into per-
forming exact span extraction.

In this study, we investigate the following Re-
search Questions (RQs):

* RQ1: Can structurally simple SFT constrain
generative LLMs to act as verbatim extractors
without relying on multi-stage pipelines?

* RQ2: Does extending prompt repetition from
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an inference trick to a training paradigm im-
prove extraction fidelity?

* RQ3: How do open-weight models compare
to proprietary models under these extraction
constraints across different languages?

Contributions. While prompt repetition has pri-
marily been studied as an inference-time tech-
nique, we explore its integration directly into the
supervised fine-tuning process for causal extrac-
tion tasks. Specifically, this paper makes three core
contributions:

1. We propose a generalized structural training
constraint for generative extraction. By extend-
ing prompt repetition from an inference-time
heuristic to a training-time supervision method-
ology, we hypothesize that generative models
internalize context anchoring for strict span
extraction.

2. We provide a cross-lingual evaluation (English
and Spanish) indicating that this method re-
duces language-specific extraction biases.

3. Our experiments indicate that mid-scale open-
weight models (Qwen2.5-14B-Instruct-—
1M) can achieve competitive performance rel-
ative to proprietary models under strict extrac-
tion constraints.
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2. Related Work

Causal relationship extraction remains a persis-
tent challenge in financial NLP. Earlier FinCausal
shared tasks (Mariko et al., 2022) predominantly
framed the problem as a sequence-tagging task, uti-
lizing BIO tagging schemes via token classifiers like
BERT or BioBERT to identify causal spans (Saha
et al., 2022; Lyu et al., 2022). While token classi-
fiers and pointer networks perform well on small
datasets, they often struggle when causal chains
span multiple disconnected sentences. Conse-
quently, the field recently shifted toward generative
Q&A frameworks (Moreno-Sandoval et al., 2026).
To combat the hallucinations inherent in generative
architectures, prior approaches utilized complex
lexically constrained decoding (Ghosh and Naskar,
2022), explicit pointer-generator copy mechanisms,
or passed extractive outputs through LLMs for re-
finement (Trivedi et al., 2025). Our objective is to
approach the strict verbatim fidelity of these classi-
cal copy mechanisms natively through generative
SFT, without relying on modified decoding algo-
rithms.

2.1. Attention Constraints and Prompt

Repetition

Prior work has shown that repeating prompts dur-
ing inference improves extraction accuracy by re-
inforcing attention alignment in causal language
models (Leviathan et al., 2025). However, this tech-
nique has primarily been explored as an inference-
time heuristic. In this study, we extend this idea
by integrating prompt repetition directly into the su-
pervised fine-tuning stage, enabling the model to
internalize cross-reading be- havior during training.

Furthermore, evaluations from the FinCausal
2025 shared task demonstrated that standard
prompt optimization and few-shot learning are
fundamentally insufficient to prevent generative
models from hallucinating during causal extrac-
tion (Niess et al., 2025). As noted by (Niess et al.,
2025),fine-tuning generative architectures is abso-
lutely essential for minimizing boundary drift and
enforcing strict extraction constraints. Our work
builds directly upon this premise: we not only adopt
Supervised Fine-Tuning (SFT) as a baseline neces-
sity,but we further constrain the generative process
by introducing prompt repetition as a structural soft-
attention mechanism during the SFT phase itself.

3. Methodology

3.1.

This study utilizes the official FinCausal 2026
dataset (Moreno-Sandoval et al.,, 2026). The
dataset comprises financial reports sourced from

Dataset and Preprocessing
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the UK and Spain, providing 2,000 annotated train-
ing samples per language (4,000 samples in total).
To validate our models and conduct internal ab-
lation studies, we employed a two-stage data uti-
lization strategy. First, we merged and randomly
split the dataset into an internal Training Set (3,600
samples) and a held-out Development Set (400
samples: 200 English and 200 Spanish). This in-
ternal split was exclusively utilized to independently
compute Exact Match (EM) and Semantic Answer
Similarity (SAS) metrics for our comparative analy-
ses. Second, for the final official blind test submis-
sions, the models were retrained on the entirety of
the provided dataset (all 4,000 samples) to max-
imize domain exposure. Prior to tokenization, all
texts underwent a standard normalization pipeline
(lowercasing and whitespace removal).

3.2. Internalizing Attention via Prompt

Repetition

Unlike prior work which applies prompt repetition
only at inference (Leviathan et al., 2025), we in-
corporate the repeated prompt structure directly
during SFT. Generative LLMs, built upon decoder-
only transformer architectures (Brown et al., 2020),
utilize a lower-triangular causal attention mask to
preserve the auto-regressive property; meaning
a token t; can only attend to previous tokens t<;
(Vaswani et al., 2017). In a standard prompt (Con-
text + Question), the question tokens can attend to
the context, but the context tokens cannot attend
to the question. By duplicating the input (Context,
+ Question, + Context, + Question,), we funda-
mentally alter the attention graph: the tokens in
Context, are now positioned after Question;, allow-
ing them to compute dense attention over both the
source text and the task specification simultane-
ously. This restructuring of the input sequence may
mitigate the limitations imposed by causal masking
by allowing later context tokens to attend to both
the source text and task instruction. We hypoth-
esize that this structural duplication encourages
stronger anchoring of the generated span to the
original context.

3.3. Experimental Setup

Exact prompt templates utilized for the experiments
are provided in Section A.

Open-Weights Configuration We utilized the
Qwen2.5-7B-Instruct—-1M and Qwen2.5-
14B-Instruct-1M checkpoints. Models were
loaded using 4-bit quantization via unsloth.
We applied Low-Rank Adaptation (QLoRA)
targeting all linear modules (g_proj, k_proj,
v_proj, o_proj, gate_proj, up_proj,

down_proj) with a rank of »r = 64 and o = 16.



The models were trained for exactly 1 epoch using
the 8-bit AdamW optimizer with a linear learning
rate schedule peaking at 2 x 10~4, a warmup ratio
of 0.03, and an effective batch size of 8. Maximum
sequence length was set to 2048, and sequence
packing was explicitly disabled (packing =
False) to maintain the structural integrity of the
duplicated contexts.

Proprietary Configuration For proprietary com-
parisons, we applied SFT to the gpt-4.1-nano
checkpoint via the official API for 3 epochs.

Inference Parameters To isolate the impact
of our training methodology, decoding parame-
ters were set to pure greedy decoding. For
all architectures, generation was deterministic
(temperature = 0.0 and top_p = 1.0). Inference
for the open-weights models was executed on a sin-
gle NVIDIA L40S 48GB GPU. While Prompt Repeti-
tion inherently increases the input sequence length,
we observed only a moderate computational over-
head during the prefill phase.

3.4. Evaluation Metrics and Statistical
Testing

To comprehensively evaluate performance, we uti-
lize three distinct metrics. Exact Match (EM)
measures whether the predicted answer exactly
matches the gold reference span. Both the gener-
ated predictions and the withheld gold references
undergo the exact same normalization pipeline
(lowercasing, diacritic stripping, and whitespace
trimming) prior to EM calculation. Semantic
Answer Similarity (SAS) evaluates the seman-
tic equivalence of the answers (Risch et al.,
2021). To align precisely with the official eval-
uation framework established by the FinCausal
2025 organizers (Moreno-Sandoval et al., 2026),
we extract 768-dimensional text embeddings using
the cross-lingual paraphrase-multilingual-
mpnet-base-v2 Sentence Transformer model
and compute their pairwise cosine similarity. Fi-
nally, the LLM-as-a-Judge assesses answer ade-
quacy on a scale of 1 to 5. We conducted paired
bootstrap resampling to verify that improvements in
Exact Match are statistically significant (p < 0.05).

4. Results

4.1. Validation Set Performance

Because our internal development split differs from
the official 2025 test set, directly comparing these
scores against historical extractive baselines would
be methodologically unsound. Instead, we use
this held-out set strictly as an internal ablation to

quantify the absolute impact of Prompt Repetition
on textual fidelity.

As shown in Table 1, incorporating Prompt Rep-
etition during SFT yields a consistent improvement
in Exact Match for the open-weight models. In-
ternalizing cross-reading behavior increases the
Qwen2.5-14B-Instruct-1M model's EM score
from 0.8200 to 0.8550 in English. This confirms that
generative models, when constrained via SFT and
prompt duplication, effectively reduce boundary er-
rors compared to standard zero-shot prompting.
Across both model scales and languages, prompt
repetition consistently improves Exact Match perfor-
mance for open-weight architectures, suggesting
that simple structural constraints during SFT can
improve verbatim span fidelity.

4.2. Official Blind Test Results

For the final evaluation on the official blind test set
(where gold references are withheld), our models
were retrained on the full 4,000-sample dataset.
Because independent calculation of EM and SAS
is impossible for these final submissions, Table 2
reports the official standardized LLM-as-a-judge
scores provided by the organizers.

5. Discussion and Analysis

1. Language Balance via Prompt Repetition:
An observation from our internal evaluation is the
impact of training-time Prompt Repetition on cross-
lingual disparities. In the baseline "Simple" set-
ting, the Qwen2.5-14B-Instruct-1M model ex-
hibits a slight bias toward Spanish (EM of 0.8350
in ES vs. 0.8200 in EN). Applying the Repeated
technique appears to balance this performance
(0.8550 EN and 0.8450 ES). The consistent im-
provements observed for the open-weight models
suggest that structural prompt duplication may help
stabilize span boundaries during generation, par-
ticularly in tasks requiring strict verbatim extraction.
This observation reinforces the hypothesis that sim-
ple structural constraints applied during supervised
fine-tuning can improve the reliability of generative
models in high-precision extraction tasks.

2. The Conflict Between RLHF and Struc-
tural Constraints: While open-weights models
showed benefits from Prompt Repetition, the propri-
etary GPT-4 . 1-Nano exhibited divergent behavior.
On the internal dev set (Table 1), repetition main-
tained raw Exact Match extraction boundaries. Yet,
under the official blind test evaluated by the LLM-
as-a-judge metric (Table 2), applying Prompt Rep-
etition resulted in a noticeable degradation (from
~4.73 down to ~3.98). We posit this reveals a
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Generative Configuration English (EN) Spanish (ES)
SAS EM SAS EM
Qwen2.5-7B-Instruct-1M (Simple Prompt) 0.9667 0.8000 0.9699 0.7600
Qwen2.5-7B-Instruct-1M (Repeated Prompt) 0.9729 0.8300 0.9723 0.7950
Qwen2.5-14B-Instruct-1M (Simple Prompt) 0.9626 0.8200 0.9749 0.8350
Qwen2.5-14B-Instruct-1M (Repeated Prompt) 0.9730 0.8550* 0.9746 0.8450
GPT-4.1-Nano (Simple Prompt) 0.9578 0.8050 0.9759 0.8450
GPT-4.1-Nano (Repeated Prompt) 0.9683 0.8000 0.9787 0.8600*

Table 1: Semantic Answer Similarity (SAS) and Exact Match (EM) Results evaluated strictly on our
400-sample Internal Development Set. Because this data split differs from historical blind test sets, these
scores serve specifically as an internal ablation to isolate the impact of Prompt Repetition. (*) denotes
a statistically significant improvement over the Simple baseline for the respective model architecture

(p < 0.05).

Model

Configuration EN ES

Open-Weights SFT (Single Model)

Qwen2.5-7B-Instruct-1M Simple Prompt 43120 4.0915
Qwen2.5-7B-Instruct-1M Repeated Prompt 43500 4.3877
Qwen2.5-14B-Instruct-1M  Repeated Prompt 4.6720 4.6740
Proprietary SFT (Single Model)

GPT-4.1-Nano Zero-Shot 3.9540 3.9841
GPT-4.1-Nano Repeated Prompt 3.9800 3.9940
GPT-4.1-Nano* Simple Prompt 47040 4.7396
Ablation: Inference-Only Repetition

GPT-4.1-Nano Train Simple + Infer Rep. 4.6880 4.6143
Ablation: Complex Pipelines

Qwen2.5-14B-Instruct-1M  Repeated + Ensemble 45800 4.5785
GPT-4.1-Nano Simple + Ensemble 4.6660 4.6501
GPT-4.1-Nano Simple + RAG (3-Shot) 46600 4.7117
GPT-4.1-Nano Simple + GPT-40 Judge  4.2560 4.2445

Table 2: Official LLM-as-a-Judge performance on the FinCausal 2026 Blind Test Set (Scored 1 to 5). The
ablations indicate that inference-only repetition and multi-stage pipelines (Ensembles, RAG, Correctors)
generally resulted in lower scores compared to single-stage, natively fine-tuned models. (*) indicates the

official submission.

potential conflict between structural training con-
straints and Reinforcement Learning from Human
Feedback (RLHF). Heavily aligned models opti-
mized for conversational naturalness may penalize
or misinterpret highly unnatural, duplicated input
structures during generative decoding. This indi-
cates that structural prompting techniques effective
on base-aligned open models may conflict with the
safety alignment layers of proprietary models.

3. Training-Time vs. Inference-Time Repetition:
To examine whether the performance gains stem
from the training paradigm or merely from inference-
time context duplication, we conducted a targeted
ablation on the blind test set. When the proprietary
model was fine-tuned on the Simple configuration
but evaluated using the Repeated prompt during
inference, its score decreased (from 4.7396 down
to 4.6143 in Spanish). This supports the idea that
forcing prompt repetition solely at inference intro-
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duces out-of-distribution formatting noise, and that
the model benefits from internalizing the attention
mechanism during the SFT phase.

4. The Limitations of Multi-Stage Pipelines:
Recent NLP extraction tasks frequently deploy
multi-stage pipelines. However, our ablations (Ta-
ble 2) suggest these architectures can be less effec-
tive for strict verbatim extraction. Injecting dynamic
context via Retrieval-Augmented Generation (RAG,
utilizing 3-shot semantic retrieval for in-context ex-
amples) introduced external noise, slightly lowering
the score. Similarly, utilizing a powerful meta-model
(GPT-40) as a post-generation corrector via strict
formatting prompts caused a decrease in perfor-
mance (from 4.7040 to 4.2560). Qualitative anal-
ysis indicated that the corrector model prioritized
grammatical completeness over verbatim copying,
disrupting the required span boundaries. Further-
more, Ensemble Voting (majority consensus across



5 high-temperature generations) introduced token-
level variations that diluted the Exact Match consis-
tency.

6. Error Analysis and Qualitative
Comparison

To understand the mechanism by which Prompt
Repetition improves Exact Match (EM) scores, we
conducted a qualitative analysis of the residual er-
rors in the baseline models. As demonstrated in
Table 4 (Appendix C), the generative formulation
introduces specific hallucination patterns.

For instance, consider a boundary error halluci-
nation where the baseline Simple Prompt misses
the exact starting boundary by appending an in-
troductory connector (e.g., extracting "As exter-
nal threats become more sophisticated" instead
of "external threats become more sophisticated").
Furthermore, when faced with causal chains, the
baseline model occasionally truncates the extrac-
tion, or exhibits generative stutters (Example 1) and
mid-generation stops (Example 4).

As shown in Table 4 (Appendix C), internaliz-
ing the Repeated Prompt during Supervised Fine-
Tuning acts as an attention constraint, encouraging
the model to respect verbatim spans and reduc-
ing these generative tendencies across the tested
open-weights architectures. The high verbatim
copy-rate achieved by the Repeated configuration
supports our hypothesis that the SFT process en-
forces a unidirectional "cross-reading" mechanism.

7. Conclusion

This study investigated the effectiveness of a struc-
tural training constraint combining Supervised Fine-
Tuning with prompt repetition for strict span extrac-
tion. We demonstrated that extending prompt repe-
tition from an inference-time heuristic to a training-
time supervision approach acts as a context anchor-
ing mechanism, allowing generative causal LLMs
to internalize cross-reading behaviors. The results
suggest that structurally simple, natively fine-tuned
generative models can perform reliable verbatim
extraction, neutralizing language-specific biases to
achieve balanced multilingual performance with-
out relying on complex multi-stage pipelines. Al-
though evaluated in the financial domain, the pro-
posed structural constraint may extend to other
high-precision extraction tasks where strict verba-
tim copying is required.

8. Limitations and Future Work

Our approach demonstrates practical empirical per-
formance but also highlights several avenues for

future research. The models were fine-tuned on
a relatively small, domain-specific dataset (3,600
bilingual samples), which was effective in this con-
text; however, extending structural training con-
straints to larger, multi-domain corpora would help
assess broader generalization. While our study
focused on the financial sector, adapting prompt
repetition for verbatim extraction in other domains,
such as biomedical relation extraction or legal evi-
dence analysis, remains an open challenge.

The LLM-as-a-judge metric provides a useful as-
sessment of answer adequacy but may introduce
implicit alignment biases. Future work could ex-
plore hybrid evaluation frameworks to better relate
these subjective judgments to deterministic metrics
like Exact Match.

Computationally, prompt repetition imposes only
minor overhead. As shown in Table 3 (Appendix B),
it increased training time by 0.02 hours, added
a negligible +0.0009 kg of CO, emissions, and
caused only a slight rise in peak VRAM (38.67 GB
vs. 39.31 GB), indicating feasibility for mid-scale
models.

Finally, while our results show a statistically signif-
icant improvement in Exact Match scores (+3.5%),
achieving absolute boundary determinism remains
a challenge for generative architectures, even un-
der strict SFT constraints. Our interpretation that
prompt repetition may promote a unidirectional
“cross-reading” mechanism is supported by behav-
ioral evidence, such as reduced generative stutters
and boundary offsets. Nonetheless, a formal ex-
traction and visualization of multi-head attention
maps could provide further validation and repre-
sents a promising direction for future interpretability
research.
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A. Prompt Templates

We detail the exact prompt structures utilized during both Supervised Fine-Tuning and inference.
Simple Prompt (Zero-Shot SFT Baseline):

System:
You are a financial expert participating in FinCausal 2026.
Task: Extract the exact cause or effect from the provided financial text.

Rules:

1. The answer must be a VERBATIM extraction.

2. If the text contains a complex causal chain, extract the full relevant se-—
qguence.

3. Do not add introductory words.

User:
Context: {context}
Question: {question}

Repeated Prompt (Cross-Reading Configuration):

System:

You are a financial expert participating in FinCausal 2026. Task: Extract
the exact cause or effect from the provided financial text.

Rules:

1. The answer must be a VERBATIM extraction.

2. If the text contains a complex causal chain,extract the full relevant se-
quence.

3. Do not add introductory words.

User:

Context: {context}
Question: {question}
Context: {context}
Question: {question}

B. CodeCarbon Environmental Tracking

Model Setting Time (h) CO, (kg) Peak VRAM (GB)
Qwen2.5-14B-Instruct-1M Simple 0.20 0.0051 38.67
Qwen2.5-14B-Instruct-1M  Repeated 0.22 0.0060 39.31

Table 3: Empirical computational cost and environmental impact for fine-tuning on a single NVIDIA L40S
(48GB) GPU. Total training time, peak VRAM utilization, and CO, emissions were directly tracked using
the CodeCarbon library. Measurements were taken during a dedicated reproducibility run using identical
hyperparameters, data, and hardware.
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C. AQualitative Examples

Target Span Simple Prompt Baseline

Repeated Prompt

Type 1: Boundary Offset & Over-generation

[Qwen2.5-14B-Instruct-1M - EN]
the £9.4m improvement in
underlying operating cash flows

the £9.4m improvement in underlying operating
cash flows offset by a £2.0m increase in
outflows...

the £9.4m improvement in underlying
operating cash flows

[GPT-4.1-Nano - EN]

external threats become more
sophisticated, and the potential
impact of service disruption
increases

As external threats become more sophisticated,
and the potential impact of service disruption
increases

external threats become more sophisticated,
and the potential impact of service disruption
increases

Type 2: Generative Stutter & Typographical Drops

[Qwen2.5-7B-Instruct-1M EN]
Our business serving the grocery
sector benefited from several new
accounts although the additional
business won, combined with a
competitive marketplace

Our business serving the grocery sector benefited
from several new new accounts

Our business serving the grocery sector
benefited from several new accounts although
the additional business won, combined with a
competitive marketplace

[Qwen2.5-14B-Instruct-1M - ES]
no incluyen intereses, dividendos,
ganancias o pérdidas procedentes
de venta de inversiones o de
operaciones de rescate o extincién
de deuda

no incluyen intereses, dividendos, ganancias o
pérdidas procedentes de venta de inversiones o
de operaciones de rescate o extincién de deud

no incluyen intereses, dividendos, ganancias o
pérdidas procedentes de venta de inversiones
o de operaciones de rescate o extincion de
deuda

Type 3: Truncation (Premature Stops)

[GPT-4.1-Nano - ES]

pardmetros como el suministro de
materias primas, la utilizacién de los
quemadores, los sensores
instalados o el balance entre
energia fésil y eléctrica pueden ser
gestionados de una manera mas
rdpida, moderna y eficiente

parametros como el s

parametros como el suministro de materias
primas, la utilizacion de los quemadores, los
sensores instalados o el balance entre energia
fésil y eléctrica pueden ser gestionados de
una manera mas rapida, moderna y eficiente

[Qwen2.5-14B-Instruct-1M - EN]
The key partnerships established
with leading European
manufacturers

The key partnerships

The key partnerships established with leading
European manufacturers

Table 4: Qualitative comparison of extraction errors. A focused evaluation of six samples illustrates
how Prompt Repetition reduces generative stutters, boundary misalignments, and premature truncations
across multiple architectures without requiring an external corrector model.
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