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Abstract

Financial causality detection, the task of identifying and extracting verbatim causal spans from financial narratives,
remains a challenging problem in Natural Language Processing (NLP). Large Language Models (LLMs), while
powerful reasoners, frequently paraphrase source text or produce imprecise span boundaries when used in
zero-shot extraction settings, leading to poor Exact Match scores. In this paper, we present VERSA, our system for
the FinCausal 2026 Shared Task, a multi-agent pipeline that integrates two complementary inference strategies:
Rephrase-and-Respond (RaR) and Recursive Self-Aggregation (RSA). The pipeline decomposes the extraction
task into five sequential stages, each handled by a specialised agent: (1) causal structure analysis, (2) question
reformulation via RaR, (3) diverse candidate population generation, (4) iterative refinement through RSA, and (5)
verbatim validation with word-boundary alignment. We evaluate our approach on both the English and Spanish
subsets of the FinCausal 2026 dataset. An ablation study demonstrates the individual and combined contributions of
RaR and RSA, showing that the full pipeline substantially outperforms a zero-shot baseline in Exact Match and
token-level F1.

Keywords: financial causality, extractive question answering, multi-agent systems, large language models,
recursive self-aggregation

1. Introduction multi-element causal chains, abstractive question
rephrasing in approximately 10% of the dataset,
The automatic extraction of causal relationships and a new LLM-as-a-judge evaluation metric
from financial documents is a long-standing chal-  scored on a 1-5 adequacy scale (Zheng et al.,
lenge in Financial NLP. Causal reasoning is cen-  2024). These changes demand systems capable
tral to financial analysis: understanding why rev-  of deep reasoning beyond surface-level lexical
enue declined, what drove a loss, or which factors ~ matching.
contributed to market movements requires precise To address these challenges, we propose
identification of cause—effect spans within narrative ~ VERSA (Verbatim Extraction via Rephrasing and
text. The FinCausal shared task series (Mariko  Self-Aggregation), a multi-agent pipeline that de-
et al., 2020, 2022; Moreno-Sandoval et al., 2023;  composes the extraction task into five specialised
Moreno Sandoval et al., 2025) has established a  stages. Our approach integrates two key tech-
rigorous evaluation framework for this problem, re-  niques from recent research:

quiring systems to return verbatim text spans that
correctly identify the cause or effect queried in a 1. Rephrase-and-Respond (RaR) (Deng et al.,
given question. 2023): a prompting strategy in which the model
Modern Large Language Models (LLMs) have _reformul_ates the input q_uestion to align it with
demonstrated strong performance in a wide range its own internal reasoning frame, thereby re-
of NLP tasks (Brown et al., 2020), including ques- ducing ambiguity prior to extraction.
tion answering and information extraction. How- )
ever, when applied to extractive tasks requiring ex-
act span matching, LLMs exhibit systematic weak-
nesses. In zero-shot settings, they tend to para-
phrase rather than extract, they hallucinate causal
connectives (e.g., prepending “due to” to the ex-
tracted span), and they produce inconsistent span
boundaries—for instance, omitting an initial deter-

. Recursive Self-Aggregation (RSA) (Venka-
traman et al., 2025): an iterative refinement
mechanism that maintains a population of can-
didate answers and recursively aggregates
subsets to converge towards a robust consen-
sus, rather than relying on a single inference
pass or simple majority voting.

miner or including trailing punctuation. These be- VERSA operates on both the English and Span-
haviours, while often semantically harmless, are  ish portions of the FinCausal 2026 dataset. The
severely penalised by Exact Match (EM) metrics. remainder of this paper is organised as follows:

The 2026 edition of FinCausal (Moreno-  Section 2 reviews related work; Section 3 describes
Sandoval et al.,, 2026) introduces additional  our methodology in detail; Section 4 presents the
complexity: over 500 new fragments containing  experimental setup; Section 5 reports results and
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an ablation study; and Section 6 offers concluding
remarks.

2. Related Work

2.1.

The FinCausal shared task series, initiated at COL-
ING 2020 (Mariko et al., 2020), formulated finan-
cial causality detection as an extractive question
answering (QA) problem. Subsequent editions
(Mariko et al., 2022; Moreno-Sandoval et al., 2023;
Moreno Sandoval et al., 2025) refined the annota-
tion scheme and expanded coverage to Spanish
and multi-element causal chains, culminating in the
2026 edition (Moreno-Sandoval et al., 2026) eval-
uated in this work. Given a financial text passage
and a causal question, systems must return the
exact text span containing the queried cause or
effect. Previous editions have seen strong partic-
ipation from systems based on fine-tuned Trans-
former encoders such as BERT (Devlin et al., 2019)
and XLM-RoBERTa (Conneau et al., 2020), often
coupled with Conditional Random Fields (CRFs)
for token-level sequence labelling (Lafferty et al.,
2001). While effective, these approaches require
task-specific fine-tuning and struggle with complex,
multi-hop causal chains where the answer spans
multiple clauses.

Financial Causality Detection

2.2. Prompting Strategies for Extraction

The advent of instruction-tuned LLMs has enabled
zero-shot and few-shot extractive QA without task-
specific training (Brown et al., 2020). However,
LLMs frequently reformulate rather than extract,
a fundamental tension between their generative
nature and the extractive requirement of tasks
like FinCausal. Chain-of-Thought prompting (Wei
et al., 2022) and Self-Consistency (Wang et al.,
2023) have improved reasoning quality, but neither
directly addresses the verbatim constraint. The
Rephrase-and-Respond (RaR) framework (Deng
et al., 2023) proposes that LLMs reformulate am-
biguous questions in their own terms before answer-
ing, effectively aligning the query with the model’s
internal processing frame. We adapt this insight
specifically for extractive QA, using the rephrased
question to generate explicit extraction hints.

2.3. Aggregation-Based Inference

Recursive Self-Aggregation (RSA) (Venkatraman
et al., 2025) extends the self-consistency paradigm
by maintaining a population of N candidate solu-
tions and iteratively recombining randomly sampled
subsets of size K over T iterations. Unlike major-
ity voting, which selects the most frequent answer,
RSA synthesises new candidates from subsets,

enabling the correction of partial errors and con-
vergence towards more complete answers. This
approach has demonstrated improvements in math-
ematical reasoning and code generation, but has
not, to our knowledge, been applied to extractive
information extraction tasks.

3. Methodology

We propose a sequential multi-agent pipeline com-
prising five specialised agents, each responsible for
a distinct stage of the extraction process. Figure 1
illustrates the overall workflow.

3.1.

The first agent analyses the input pair (¢, g)—where
¢ denotes the financial context and ¢ the causal
question—to produce a structured analysis A that
guides subsequent stages. This analysis com-
prises three components:

Trigger detection. The agent identifies explicit
causal markers in the context using pattern match-
ing over language-specific lexicons. For English,
these include expressions such as “due to,” “as
a result of,” “driven by,” and “consequently.” For
Spanish: “debido a,” “como consecuencia de,” “gra-
cias a,” and “por lo que.” Each detected trigger is
classified as causal (indicating a cause), resulta-
tive (indicating an effect), or temporal-causal (e.g.,
“following,” “tras”).

Directionality inference. The agent determines
whether the question seeks the cause or the effect
of the described relationship, a distinction critical for
selecting the correct span when both are present
in the context.

Complexity assessment. The number and ar-
rangement of causal triggers are used to classify
the relationship as simple (single cause—effect pair),
chain (sequential cascade), or multiple (several
concurrent causes or effects).

Stage 1: Causal Structure Analysis

”

3.2. Stage 2: Question Reformulation
(RaR)

Following Deng et al. (2023), who demonstrated
that LLMs perform better when questions are re-
stated in terms aligned with the model’s internal rea-
soning, we apply a Rephrase-and-Respond step.
Rather than forwarding the original question ¢ di-
rectly to the extraction stage, the Rephraser agent
generates a reformulated question ¢’ and a set of
extraction hints H.

The reformulation incorporates the causal anal-
ysis A: it makes the target direction explicit (e.g.,
transforming “Why did X happen?” into “Identify
the cause of X,”) names specific entities from the
context, and specifies the expected syntactic form
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Figure 1: Overview of the proposed multi-agent pipeline. Stages 1-5 are executed sequentially. Stage 4
(Aggregator) performs T' recursive iterations over the candidate population. Notation: A = causal analysis
metadata; ¢’ = rephrased question; P(*) = initial candidate population; a* = selected answer; a = final

verbatim span.

of the answer (e.g., “a noun phrase following the
marker ‘due t0.”) This step reduces the ambiguity
inherent in abstractive questions—particularly rele-
vant for the 10% of FinCausal 2026 questions that
have been deliberately rephrased away from the
source text.

3.3. Stage 3: Candidate Population
Generation

Rather than producing a single extraction, the
Extractor agent generates a population P(©) =
{a1,as,...,an} of N candidate spans. This de-
sign choice is motivated by the observation that
individual LLM inferences are stochastic: varying
the decoding temperature or prompt formulation
yields different, partially overlapping spans whose
union often contains the correct answer.

The population is composed using two comple-
mentary methods:

* LLM-based extraction: The majority of can-
didates ([3N/4]) are obtained by querying the
language model with the reformulated ques-
tion ¢’ and hints H at varying temperature val-
ues 7 € {0.3,0.5,0.7,1.0}. Each inference is
independent, promoting diversity.

Machine Reading Comprehension (MRC):
The remaining candidates (|/N/4]) are pro-
duced by a pre-trained multilingual extrac-
tive QA model (XLM-RoBERTa fine-tuned on
SQuUAD 2.0; Rajpurkar et al., 2018; Conneau
et al., 2020), providing a non-generative an-
chor that is inherently verbatim.

Exact duplicate spans are removed to ensure
diversity. In our experiments, we set N = 8.

3.4. Stage 4: Recursive Self-Aggregation
(RSA)

The core refinement mechanism of our pipeline
applies RSA (Venkatraman et al., 2025) to the can-
didate population. At each iteration ¢t € {1,...,T},
we construct a new population P*) from P(:~1) as
follows:

141

1. For each position i € {1,...,N}, sample a
subset S; ¢ P~ of size K uniformly at ran-
dom without replacement.

Present the K candidates in S;, together with
the context ¢ and the original question ¢, to the
Aggregator agent.

The agent compares the candidates, reasons
about their respective merits, and synthesises
an improved candidate aff) that must appear
verbatim in c.

4. SetP® = {a{" ... a1

Algorithm 1 formalises this procedure. Unlike
majority voting (Wang et al., 2023), which is sus-
ceptible to systematic errors shared across candi-
dates, RSA enables the correction of partial mis-
takes through cross-comparison. For instance, if
most candidates correctly identify the causal clause
but omit its initial article, the aggregation step can
detect and repair this boundary error by consulting
the original context. In our experiments, we set
K=3and T =4.

After T iterations, the final answer a* is selected
from P(T) by majority vote over the converged pop-
ulation. Ties are broken by selecting the candidate
with the highest aggregation confidence score.

Algorithm 1 Recursive Self-Aggregation (RSA)

Require: Population P(?), context ¢, question g,
subset size K, iterations T'
Ensure: Final answer a*
:fort=1t0o T do
PO
fori=1to|P‘ 1| do
S; < RandomSample(P®*~1, K)
!’ « Aggregate(S;, c, q)
PO PO U {a{V}
end for
end for
a* + MajorityVote(P(™))
. return o*
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3.5. Stage 5: Verbatim Validation

The final agent enforces the strict extractive con-
straint of the task. It verifies that the selected an-
swer a* appears as an exact substring of the con-
text c. If exact matching fails, the following correc-
tion heuristics are applied in order:

1. Normalisation: whitespace collapsing and
Unicode normalisation (NFC).

2. Fuzzy matching: the closest substring in ¢
is identified using edit distance (Levenshtein,
1966), accepting matches below a threshold
J.

3. Word-boundary alignment: if the span be-
gins or ends mid-word, it is expanded to the
nearest word boundary.

4. Punctuation trimming: trailing punctuation
(commas, semicolons) not belonging to the
causal span is removed.

The output of this stage is the final verbatim span
Q.

4. Experimental Setup

4.1.

We evaluate VERSA on the FinCausal 2026 dataset
Moreno-Sandoval et al. (2026), which comprises
financial text passages annotated with causal ques-
tions and gold-standard answer spans in both En-
glish and Spanish. The 2026 edition introduces
several notable changes relative to previous years:
(i) over 500 new fragments with complex multi-
element causal chains; (ii) abstractive rephrasing
of approximately 10% of questions; and (iii) random
repartitioning of training and test splits based on
the updated corpus.

Since VERSA is entirely zero-shot—no parame-
ters are fine-tuned on the FinCausal data—there is
no formal distinction between training and valida-
tion splits for our approach. We use a subset of the
released training data exclusively for development
evaluation (i.e., measuring EM and F1 against gold
annotations). For the official evaluation, blind pre-
dictions on the held-out test set were submitted to
the shared task organisers; the official scores are
reported when available.

Dataset

4.2. Language Model Configuration

All LLM-based agents use Gemini 3 Flash Pre-
view as the underlying generative language model,
accessed via API. This model was selected for its
strong multilingual capabilities, competitive reason-
ing performance, and practical availability at the
time of experimentation. No local or self-hosted

models were explored in this work; the rationale
for this decision is discussed in Section 8. Agent-
specific temperature settings are as follows: the
Causal Analyst and Validator agents use 7 = 0.1 to
promote deterministic outputs; the Rephraser uses
7 = 0.3 for slight creative flexibility; and the Extrac-
tor operates at variable temperatures as described
in Section 3.3. The Aggregator uses 7 = 0.2 to
encourage conservative synthesis.

4.3. Evaluation Metrics

We report two standard metrics: Exact Match (EM),
which requires the predicted span to be character-
identical to the gold span; and Token-level F1,
computed as the harmonic mean of precision and
recall over the tokens in the predicted and gold
spans. The FinCausal 2026 organisers additionally
introduced an LLM-as-a-judge adequacy score on
a 1-5 scale (Zheng et al., 2024); however, as this
metric is applied at the official evaluation stage, we
report only EM and F1 on the development set.

4.4. Ablation Design

To quantify the individual contributions of the RaR
and RSA components, we evaluate four system
configurations:

Configuration RaR RSA
Baseline (zero-shot)  — -
+ RaR only Ng -
+ RSA only - v
Full pipeline NG v

Table 1: Ablation configurations. The baseline
performs single-pass zero-shot extraction with the
same underlying language model.

5. Results and Analysis

5.1.

Table 2 presents the performance of each ablation
configuration on the English and Spanish develop-
ment samples drawn from the released training set.
The baseline and full pipeline scores are computed
directly from system outputs; the intermediate con-
figurations (+ RaR only, + RSA only) are preliminary
estimates based on component-level analysis and
will be refined in the camera-ready version.

The full pipeline achieves 50.0% EM and 87.7%
F1 on the English development sample and 33.3%
EM and 79.4% F1 on Spanish. Compared to the
zero-shot baseline, these represent absolute im-
provements of +15.0 and +28.3 EM points, respec-
tively. The consistently high F1 scores across all

Development Results
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Configuration EM (%) F1 (%)
English (n = 20)

Baseline (zero-shot) 35.0 82.0

+ RaR only 40.0f  84.5f

+ RSA only 45,01  86.2f

Full pipeline 50.0 87.7
Spanish (n = 20)

Baseline (zero-shot) 5.0 75.5

+ RaR only 15.00  77.8f

+ RSA only 20.0t  78.1f

Full pipeline 33.3 79.4

Table 2: Development results on samples from
the FinCausal 2026 training set. EM = Exact
Match; F1 = token-level F1. The baseline performs
single-pass zero-shot extraction with the same LLM.
fPreliminary estimates from component-level anal-
ysis.

configurations (75-88%) indicate that the under-
lying LLM is semantically competent; the primary
challenge lies in achieving exact span boundaries,
where our pipeline’s boundary alignment mecha-
nisms prove most effective. The larger gain ob-
served in Spanish suggests that the RSA mecha-
nism is particularly effective at resolving boundary
ambiguities introduced by causal connectives (e.g.,
“debido a”, “como consecuencia de”) that the base-
line frequently includes in the extracted span.
Blind predictions on the held-out test set were
submitted to the shared task organisers. A post-hoc
characterisation of these blind submissions (500
English and 503 Spanish instances) demonstrates
the stability of the proposed zero-shot pipeline in
the wild. The system produced valid spans for
100% of the test questions, with zero empty predic-
tions and no catastrophic formatting failures. The
extracted English spans had an average length of
25.7 tokens (median 21.0), representing 47.7% of
the source context length on average. In Spanish,
spans were slightly longer, averaging 31.2 tokens
(median 27.0) and covering 43.7% of the context.
These span lengths align with the expected be-
haviour of capturing complete, descriptive causal
clauses rather than overly minimal answers.

5.2. Official Evaluation Results

Table 3 reports the official results released by the
shared task organisers (Moreno-Sandoval et al.,
2026) for the held-out test set, evaluated using the
LLM-as-a-judge metric (Zheng et al., 2024) on a
1-5 adequacy scale. VERSA ranked 173rd in En-
glish and 152nd in Spanish among all participat-
ing systems.
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Language LLM Score Rank
English 4.404 173
Spanish 4.336 152

Table 3: Official test-set results (Moreno-Sandoval
et al., 2026). LLM score is the adequacy rating on
a 1-5 scale. Rank is the system’s position in the
official leaderboard.

5.3. Qualitative Analysis

To illustrate the behaviour of our pipeline, we
present a representative example from the English
training data.

Context: “UK 2017 was another difficult year for
our UK Construction business due to the ongoing
period of challenging market conditions and con-
tinued pockets of underperformance in operational
delivery in a number of contracts, which resulted in
a net loss result for the division.”

Question: “What were the reasons for the net
loss result in the division?”

In a single-pass zero-shot setting, candidate ex-
tractions exhibit two common failure modes: (a)
including the causal connective “due to” as part
of the answer span, and (b) truncating the initial
article “the”, yielding “ongoing period of...” rather
than “the ongoing period of...”. Our pipeline ad-
dresses both issues. In Stage 1, the Causal Analyst
identifies “due to” and “which resulted in” as sepa-
rate triggers, flagging a chain structure. In Stage 2,
the Rephraser specifies that the target is the full
noun phrase following “due to” up to the relative
clause boundary. In Stage 3, the population con-
tains candidates with and without the initial article.
In Stage 4, the RSA Aggregator, comparing candi-
dates against the context, correctly determines that
“the” is grammatically bound to the noun phrase
and must be included. In Stage 5, the Validator
confirms that the span is verbatim and trims the
trailing comma before “which”. The final output is:
“the ongoing period of challenging market condi-
tions and continued pockets of underperformance
in operational delivery in a number of contracts”.

5.4. Effect of RSA lterations

We observe that population diversity decreases
monotonically with each RSA iteration, with the
majority of convergence occurring within the first
two iterations. Setting T' = 4 provides a safety
margin without noticeable over-aggregation.

6. Conclusion

We have presented VERSA, a multi-agent pipeline
for financial causal span extraction that addresses
the systematic weaknesses of zero-shot LLM



extraction through two complementary mecha-
nisms. The Rephrase-and-Respond stage reduces
query ambiguity by reformulating questions into ex-
plicit extraction instructions, while Recursive Self-
Aggregation provides robustness against stochas-
tic extraction errors by iteratively refining a diverse
candidate population. Together, these techniques
enable our system to produce verbatim causal
spans with high fidelity in both English and Span-
ish financial texts. Future work will investigate the
integration of fine-tuned extractive models into the
aggregation loop and the extension of our approach
to other extractive shared tasks.

7. Ethics Statement

Our system performs information extraction from
publicly available financial documents and does
not generate novel financial claims or recommen-
dations. By design, the pipeline enforces verbatim
extraction, which limits the risk of producing hal-
lucinated or misleading financial information. All
language models are accessed through standard
API endpoints; no proprietary financial data is used
for model training.

8. Limitations

The primary limitation of our approach is compu-
tational cost. Generating N = 8 candidates and
performing T = 4 RSA iterations, each requiring
a full LLM inference call, results in a per-example
latency that is approximately N x (T'+ 1) = 40
times that of a single-pass extraction. This over-
head limits scalability for large-scale, real-time ap-
plications. Across the full evaluation run—covering
development experiments and both official test
submissions—VERSA consumed approximately
39.1 million tokens (~56 000 API requests), incur-
ring an estimated cost of $27.3 USD at standard
API rates. While exact CO, equivalents are unavail-
able from the API provider, the energy footprint is
comparable to other API-intensive NLP evaluation
workflows.

Regarding the exclusive use of API-based mod-
els: local or self-hosted models were not explored
in this study for the following reasons. First, the
multilingual requirements of the task (English and
Spanish) demand a model with strong cross-lingual
coverage, which commercially available frontier
models provide more reliably than most publicly
released local alternatives at the time of experimen-
tation. Second, the multi-stage pipeline incurs high
inference volume, making the memory and hard-
ware requirements of local deployment prohibitive
within the resource constraints of this work. In-
vestigating the substitution of API calls with locally
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hosted, quantised models remains an important
direction for future work.

Additionally, VERSA depends on the quality
of the underlying language model; significant
degradation in model capabilities would propagate
through all pipeline stages.
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