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Abstract
Understanding why financial outcomes occur is as important as knowing what they are. Annual reports and regulatory
filings are rich with causal reasoning, yet extracting that reasoning automatically remains a difficult problem — one that
sits at the intersection of domain expertise, linguistic nuance, and machine comprehension. In this paper, we describe
our participation in the English subtask of the Financial Document Causality Detection shared task, FinCausal 2026,
where systems are asked to identify verbatim causal spans from financial paragraphs in response to abstractive causal
questions.Our approach is grounded in the intuition that a small, well-adapted model with the right inductive biases can
outperform a larger but unfocused one. We fine-tune Qwen3-4B-Instruct-2507 on 2,000 domain-annotated instances
using QLoRA, a parameter-efficient technique that enables meaningful adaptation under modest computational
resources. Before training, we reformat all instances into the Qwen ChatML instruction template to align the model’s
generation behaviour with the verbatim extraction requirement of the task. At inference time, we further guide the
model by retrieving the most causally relevant sentence from the context using TF-IDF cosine similarity, providing an
explicit local signal before generation. Outputs are produced via greedy decoding to ensure deterministic, source-
grounded predictions.Under the official LLM-as-a-judge evaluation framework — which scores responses on a 1–5
adequacy scale based on semantic correctness rather than lexical overlap — our system achieves a score of 4.76 out
of 5, placing 4th out of nine teams on the English leaderboard. Our results suggest that combining instruction-tuned
fine-tuning with lightweight retrieval is a practical and effective strategy for causal reasoning in specialised financial text.

Keywords: causal question answering, financial NLP, QLoRA, parameter-efficient fine-tuning, TF-IDF re-
trieval, span extraction, LLM-as-a-judge

1. Introduction

Financial documents such as earnings reports, an-
nual filings, and regulatory disclosures do more
than report numbers — they explain why those
numbers changed. Understanding the causal rea-
soning embedded in these texts is fundamental
to building systems that support financial analysis,
risk assessment, and automated report generation.
However, causality in financial language is rarely
straightforward: causal relationships often span
multiple sentences, involve compound contributing
factors, and are expressed without explicit connec-
tives such as because or therefore (Cheng et al.,
2024; Girju, 2003).

The Financial Document Causality Detection
shared task (FinCausal) (Mariko et al., 2020, 2022;
Moreno-Sandoval et al., 2023, 2025) directly ad-
dresses this challenge by evaluating systems on
their ability to identify cause-and-effect relation-
ships in financial text across English and Span-
ish. The 2026 edition introduces three significant
advances over prior years: a revised dataset with
richer and more complex causal annotations, the
inclusion of multi-hop causal chains involving three
or more events, and a new evaluation framework
in which an LLM judge scores system responses
on a 1–5 adequacy scale (Zheng et al., 2023), re-

placing the earlier exact-match and similarity-based
metrics.

We participate in the English subtask and frame it
as a Causal Question Answering (CQA) problem,
where a system must extract the verbatim causal
span from a financial paragraph in response to
an abstractive question. Our approach consists
of three components: (1) reformatting the training
data into the Qwen ChatML instruction format, (2)
fine-tuning Qwen3-4B-Instruct-2507 using QLoRA
for parameter-efficient domain adaptation, and (3)
an inference pipeline that combines intra-context
TF-IDF retrieval with constrained greedy decoding
to enforce verbatim extraction and reduce halluci-
nation.

Our system achieves a score of 4.76 out of 5 on
the official test set, demonstrating that a carefully
fine-tuned compact language model, paired with a
lightweight retrieval signal, can effectively identify
causal relationships in complex financial text.

2. Related Work

2.1. Causality Detection in NLP
Early approaches to causality detection relied on
lexical cues such as because, therefore, and as
a result (Girju, 2003; Blanco et al., 2008), but
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struggled with implicit causal expressions. Sub-
sequent work introduced machine learning meth-
ods — SVMs, CNNs, and RNNs — that learned
patterns directly from data (Do et al., 2011). More
recently, transformer-based models such as BERT
have become the dominant approach due to their
contextual understanding (Cheng et al., 2024). Re-
cent studies have also explored the use of prompt
engineering with large language models to enhance
causal relationship detection, particularly in domain-
specific settings such as finance (Chatwal et al.,
2025). Our work extends this line by fine-tuning the
Qwen model on financial causal data.

2.2. Causal Question Answering

Extractive QA benchmarks such as SQuAD re-
quire answer spans to be identified directly within
a context, but do not emphasise causal reason-
ing. Tasks like COPA (Gordon et al., 2012) target
commonsense causality, while FinCausal (Mariko
et al., 2020, 2022; Moreno-Sandoval et al., 2023,
2025) focuses specifically on financial text. Fin-
Causal 2026 raises the difficulty further by combin-
ing abstractive questions with extractive answers
and introducing multi-hop causal chains, requiring
models to reason rather than match.

2.3. Financial NLP

Financial text presents unique challenges for gen-
eral NLP tools. Loughran and McDonald (2011)
demonstrated that standard sentiment lexicons
perform poorly on financial language, motivating
domain-specific models such as FinBERT (Araci,
2019). Causality extraction in financial reports has
gained traction through the FinCausal shared task
series, which our work directly builds upon.

2.4. Retrieval-Augmented Generation
and Parameter-Efficient Fine-Tuning

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020)(Didwania et al., 2024) has shown that
grounding generative models with retrieved context
improves factual accuracy. We adopt a lightweight
variant of this idea, using TF-IDF cosine similarity
to surface the most causally relevant sentences
before generation. For efficient adaptation, we em-
ploy QLoRA (Dettmers et al., 2023), which enables
fine-tuning of large language models under 4-bit
quantization with minimal performance degradation.
Finally, FinCausal 2026 adopts the LLM-as-a-judge
evaluation framework (Zheng et al., 2023), which
scores responses on semantic adequacy rather
than lexical overlap — better reflecting the quality
of causal reasoning.

3. Problem Statement

Financial narratives describe measurable changes
in economic indicators and corporate performance,
yet numerical values alone rarely explain why such
changes occur. The Financial Document Causal-
ity Detection task, FinCausal 2026 (mor; Uniyal
et al., 2021), addresses this gap by targeting text-
internal causal relationships within financial doc-
uments. We formalize this as a Causal Question
Answering (CQA) problem, where each instance
is structured as a triplet (C,Q,A): a financial para-
graph C = {w1, w2, . . . , wn} serving as context, an
abstractive causal question Q, and an extractive
answer span A ⊆ C drawn verbatim from the text.

A causal relation is defined as an ordered pair
(ec, ee), where ec is the causal event and ee is the
resulting event, such that ec → ee. The task fo-
cuses strictly on how causality is encoded within
the document, not on the real-world validity of the
stated relationships.

3.1. Learning Objective
Given (C,Q), the goal is to learn a function fθ :
(C,Q) → Â, where Â = C[i : j] is a contiguous
extractive span. Model parameters are optimized
by minimizing the negative log-likelihood:

L(θ) = −
N∑

k=1

logPθ(Ak | Ck, Qk) (1)

Despite the extractive constraint, the task is
posed in a generative QA format to handle com-
plex multi-hop causal chains of the form e1 → e2 →
· · · → ek, which are a key feature of the 2026 edi-
tion.

3.2. Evaluation
FinCausal 2026 replaces the earlier SAS + Exact
Match scheme with an LLM-as-a-judge framework,
where a judge model scores each response on a
1–5 adequacy scale. The overall system score is:

Score =
1

N

N∑
k=1

J(Ak, Âk) (2)

This prioritizes semantic adequacy and rea-
soning correctness over strict lexical overlap.

4. Dataset

The FinCausal 2026 English dataset (Moreno-
Sandoval et al., 2026) is sourced from UK financial
annual reports (2017) compiled by UCREL at Lan-
caster University, supplemented with excerpts from
the 2018 FinT-esp corpus. Relative to prior editions,
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the dataset has been substantially revised: ambigu-
ous and trivial instances were removed, and over
500 new fragments featuring complex causal struc-
tures — including chains of three or more events
— were added. Approximately 10% of questions
were rephrased to demand deeper reasoning be-
yond surface-level lexical matching. Training and
test splits were constructed via random partitioning,
ensuring uniform distribution of complex examples
across both sets. We participated in the English
subtask; Table 1 reports the split statistics.

Split Language Instances

Train English 2,000
Test English 500

Total 2,500

Table 1: Dataset statistics for the English subtask
of FinCausal 2026.

4.1. Data Format
Each instance is a triplet (C,Q,A): a financial para-
graph C as context, an abstractive causal question
Q probing either the cause or the effect, and an
extractive answer span A copied verbatim from C.
The dataset is provided in CSV format with four
fields: ID, context, question, and answer — where
the answer field is withheld in the test set.

5. Methodology

Our approach to the FinCausal 2026 English sub-
task consists of two main stages: supervised
fine-tuning of a compact instruction-tuned lan-
guage model, and a retrieval-augmented infer-
ence pipeline designed to enforce verbatim causal
span extraction. Algorithm 1 provides a high-level
overview of the full system.

5.1. Base Model
We select Qwen3-4B-Instruct-2507 (Team, 2025)
as our base model. This model offers a strong bal-
ance between parameter efficiency and instruction-
following capability, making it well-suited for a con-
strained extractive QA task on domain-specific fi-
nancial text. Its compact size also allows fine-
tuning and inference within limited computational
budgets using quantization.

5.2. Input Formatting
Before fine-tuning, all training instances are refor-
matted into the Qwen ChatML template, which

Algorithm 1 FinCausal 2026 System Pipeline
Require: Context C, Question Q, Fine-tuned

model fθ
Ensure: Predicted causal span Â
1: // — Training Stage —
2: Reformat all (C,Q,A) instances into Qwen

ChatML format
3: Load base Qwen3-4B-Instruct-2507 in 4-bit

quantized mode
4: Attach QLoRA adapters to attention and feed-

forward projections
5: Optimize θ by minimizing L(θ) =

−
∑N

k=1 logPθ(Ak | Ck, Qk)
6: // — Inference Stage —
7: Load fine-tuned fθ in 4-bit quantized mode
8: Tokenize C into sentences {s1, s2, . . . , sm}
9: Compute TF-IDF vectors for each si and Q

10: s∗ ← argmaxsi cos(TF-IDF(si), TF-IDF(Q))
11: Construct prompt using full C, retrieved s∗, and

Q
12: Generate Â ← fθ(C, s

∗, Q) using greedy de-
coding

13: return Â

structures each example as a multi-turn conversa-
tion with explicit role markers. Each instance is
formatted as follows:

Prompt Template

<|im_start|>system
You are a financial question answering assis-
tant. Given a financial text, extract the answer
to the causal question directly and verbatim
from the context. Do not generate any answer
that is not present in the text.
<|im_start|>user
Context: [Ci]
Question: [Qi]

<|im_start|>assistant
[Ai]
<|im_end|>

This formatting aligns the training distribution
with the model’s pre-trained instruction-following
behaviour, ensuring that the model learns to re-
spond within the expected conversational structure
rather than treating the task as raw text completion.

5.3. QLoRA Fine-Tuning
We fine-tune the model using QLoRA (Quantized
Low-Rank Adaptation) (Dettmers et al., 2023),
which combines 4-bit quantization of the base
model weights with low-rank adapter layers inserted
into the transformer architecture. This significantly
reduces GPU memory requirements while preserv-
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ing the model’s ability to adapt to the target domain.
Low-rank adapters are injected into all major pro-

jection layers of the transformer, including the at-
tention projections (q, k, v, o) and the feed-forward
projections (gate_proj, up_proj, down_proj).
Targeting the feed-forward layers in addition to the
attention layers has been shown to substantially
improve task-specific adaptation (Dettmers et al.,
2023). Table 2 summarises the LoRA configuration
used.

Hyperparameter Value
LoRA rank (r) 32
LoRA alpha (α) 64
LoRA dropout 0.05
Bias none
Task type Causal LM
Target modules q, k, v, o, gate, up, down proj
Quantization 4-bit (NF4)

Table 2: QLoRA fine-tuning configuration.

The rank r = 32 provides sufficient adapter
capacity for capturing financial domain patterns,
while α = 64 (set to 2r following standard prac-
tice) controls the scaling of the adapter updates. A
dropout of 0.05 is applied to the adapter layers as
a lightweight regularisation measure.

5.4. Inference Pipeline
At inference time, we apply a four-step pipeline
designed to minimise hallucination and enforce ver-
batim extraction from the source context.

Step 1 — Model Loading. The fine-tuned model
is loaded in 4-bit quantized mode using BitsAnd-
Bytes, reducing memory footprint while maintaining
generation quality.

Step 2 — Intra-Context Retrieval. Rather than
passing the full context blindly to the model, we ap-
ply an intra-context retrieval step. Each sentence
in the context C is ranked against the question Q
using TF-IDF cosine similarity. The top-ranked
sentence s∗ is selected as the most relevant causal
evidence:

s∗ = argmax
si∈C

cos(TF-IDF(si), TF-IDF(Q)) (3)

This retrieved sentence is appended to the
prompt alongside the full context, providing the
model with an explicit signal about where the causal
span is likely to reside.

Step 3 — Constrained Prompt. The model is
prompted using a verbatim extraction format that
explicitly instructs the model to copy the answer
word-for-word from the context. Both the full context
and the retrieved relevant sentence are included
in the prompt, reducing the risk of paraphrased or
hallucinated responses.

Step 4 — Greedy Decoding. Generation is per-
formed using greedy decoding with temperature
set to zero, ensuring fully deterministic outputs.
This choice is deliberate: since the task requires
precise verbatim spans, stochastic sampling strate-
gies such as top-p or beam search with diversity
penalties are counterproductive. Greedy decod-
ing directly maximises the probability of the most
likely token at each step, producing stable and re-
producible predictions aligned with the source text.

6. Results

6.1. Main Result
We evaluate our system on the FinCausal 2026 En-
glish test set comprising 500 instances, using the of-
ficial LLM-as-a-judge metric. Our system achieves
a score of 4.76 out of 5, ranking 4th on the official
English subtask leaderboard out of nine participat-
ing teams. Unlike Exact Match, the LLM judge
tolerates minor boundary differences provided the
causal meaning is preserved, making it a more
faithful measure of reasoning quality in financial
text. Table 3 reports the full leaderboard standings.

Rank Team LLM Score

1 HSA_CORAL 4.814
1 Sheffield_Causal 4.814
3 Tredence_AICOE 4.812
4 Lab Rats (Ours) 4.760
5 CariMed 4.720
6 EMI 4.704
7 LeedsMeng26 4.700
8 TU Graz Data Team 4.662
9 Sarang 4.540

Table 3: Official English subtask leaderboard for
FinCausal 2026.

6.2. Component Analysis
Three design choices contribute to the strong per-
formance of our system.

QLoRA Fine-Tuning. Training on 2,000 expert-
annotated instances adapts the Qwen model to the
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vocabulary, syntax, and causal patterns of financial
reporting. Without this step, the base model lacks
the domain grounding needed to distinguish causal
spans from surrounding narrative text.

ChatML Instruction Formatting. Structuring
each training instance as a ChatML instruction ex-
plicitly conditions the model to extract answers ver-
batim from the context rather than paraphrase or
hallucinate plausible-sounding responses.

TF-IDF Intra-Context Retrieval. Ranking sen-
tences by cosine similarity to the question before
generation provides the model with an explicit rel-
evance signal. This is particularly effective for in-
stances where the question and causal span share
limited lexical overlap, a common characteristic of
abstractive causal questions in the 2026 dataset.

7. Limitations

Despite strong overall performance, our system
faces two notable limitations. First, predicting long
answer spans — particularly those covering multi-
ple clauses — remains challenging, as small bound-
ary errors can reduce semantic fidelity. Second,
multi-hop causal chains involving three or more
events are difficult to resolve through span extrac-
tion alone, as they require discourse-level reason-
ing that goes beyond identifying a single contigu-
ous passage. Addressing these limitations likely
requires models with explicit coreference and dis-
course structure awareness, rather than relying
solely on local retrieval signals.

8. Conclusion

We presented a system for the FinCausal 2026
English subtask that combines parameter-efficient
fine-tuning with a lightweight retrieval-augmented
inference pipeline. By reformatting training data
into the Qwen ChatML instruction format, fine-
tuning Qwen3-4B-Instruct-2507 via QLoRA, and
augmenting inference with TF-IDF intra-context re-
trieval and greedy decoding, our system achieves
a score of 4.76 out of 5 on the official evaluation.

Our results demonstrate three broader findings.
First, compact language models fine-tuned on mod-
est domain-specific datasets can achieve strong
performance on financial causal QA when paired
with appropriate instruction formatting. Second,
lightweight retrieval signals such as TF-IDF remain
effective for grounding generation even without
dense retrieval infrastructure. Third, the LLM-as-a-
judge evaluation framework provides a more mean-
ingful signal than lexical overlap metrics for tasks
requiring causal reasoning, rewarding semantic cor-
rectness over verbatim matching.

Future work should explore discourse-aware
models capable of resolving multi-hop causal
chains, as well as dense retrieval methods that bet-
ter capture semantic similarity between abstractive
questions and their corresponding causal spans in
financial text.

9. Generative AI Use Disclosure

Generative AI tools were used solely for language
editing and paraphrasing during the preparation
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and improving the clarity of written expressions.
No generative AI tool was used to produce any
scientific content, experimental results, analysis, or
conclusions presented in this work. All authors are
fully responsible and accountable for the content
of this paper.
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