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Abstract

Financial language understanding requires ac-
curate interpretation of numerical disclosures,
implicit corporate intent, and evidence dis-
tributed across languages and documents. We
present FinEval 2026, a shared task at the
FinNLP workshop at EMNLP 2026', compris-
ing Greek financial named-entity recognition,
Japanese implicit communication recognition,
and multilingual financial question answering.
The registration records contain 35 teams af-
ter reconciliation, and 14 teams contribute sys-
tem description papers. The final leaderboards
contain 7, 10, and 15 entries for the three sub-
tasks, respectively. We describe the task de-
sign, participation, submitted approaches, and
final results. Leading scores reach 0.9676 en-
tity F1, 0.9714 accuracy, and 0.3827 ROUGE-1
F1. Systems combine domain rules, language-
specific modeling, structured prompting, re-
trieval, and controlled answer revision. Their
results highlight the value of task-specific con-
straints while exposing limitations arising from
small test sets, development-to-test shifts, and
reuse of previously released reference material.
We identify priorities for more reliable multi-
lingual financial evaluation.

1 Introduction and Background

Financial analysis draws on annual reports, finan-
cial statements, news, and investor-relations discus-
sions (Xie et al., 2024; Cao et al., 2024, Li et al.,
2025; Cao et al., 2025; Wang et al., 2026a). These
sources provide complementary information about
reported quantities, future intentions, and the con-
text of corporate developments. Understanding
them requires preserving units and reporting pe-
riods, distinguishing qualified commitments from
refusals, and connecting claims to supporting doc-
uments. Errors in these operations can change the
interpretation of an otherwise fluent answer.

"https://thefin.ai/finnlp-2026.html

Financial Al has progressed from specialized
classifiers toward language models supporting mul-
tiple financial tasks. FinBERT adapts pretrained
representations to financial sentiment (Araci, 2019),
while BloombergGPT trains a generative model on
financial and general text (Wu et al., 2023). Eval-
uation has similarly broadened: FinQA and TAT-
QA test numerical reasoning over reports, tables,
and text (Chen et al., 2021; Zhu et al., 2021); Fin-
Ben covers extraction, question answering, fore-
casting, and decision-making (Xie et al., 2024).
FinAuditing analyzes structured financial documen-
tation (Wang et al., 2026b). Shared challenges also
examine agent-based applications such as trading
(Yu et al., 2025), and professional financial ser-
vices (Han et al., 2026; Cao et al., 2026).

This expansion makes multilingual evaluation
increasingly necessary (Peng et al., 2026a). Finan-
cial information reflects local reporting practices
and linguistic conventions, whereas many evalu-
ation settings emphasize English. Translation fa-
cilitates access but does not establish that models
preserve inflected entity spans or recover the prag-
matic force of corporate answers. Multilingual
understanding also requires combining sources: a
filing from the first language and a news article in
other languages may contribute different evidence
for the same question.

Recent benchmarks make these challenges more
concrete. Plutus introduces expert-annotated re-
sources for Greek financial language, including
numeric and textual entity recognition (Peng et al.,
2025). Ebisu evaluates Japanese financial under-
standing and introduces implicit communication
recognition as a distinct problem (Peng et al.,
2026b). MultiFinBen extends evaluation across
languages and modalities, with PolyFiQA testing
the integration of financial statements and multi-
lingual news (Peng et al., 2026a). Together, these
resources motivate an evaluation that spans precise
extraction, culturally situated interpretation, and
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evidence-grounded synthesis.

FinEval 2026 turns these capabilities into three
shared subtasks, supporting learned encoders, de-
terministic rules, prompted language models, and
multi-stage workflows. This report documents the
evaluation setting and participation, summarizes
all 14 system papers, and analyzes the final pri-
vate leaderboards. We distinguish official scores
from team-specific experiments, whose develop-
ment subsets, external resources, and protocols dif-
fer.

2 Challenge Overview

Table 1 summarizes the released data and evalua-
tion targets. The subtasks address different levels
of financial understanding and have separate rank-
ings without an aggregate score. Task descriptions,
data links, rules, and final standings are available
on the official website.?

2.1 Greek Financial Named-Entity
Recognition

The first subtask draws on Plutus (Peng et al., 2025).
GRFinNUM identifies monetary amounts, percent-
ages, temporal expressions, quantities, and other
numeric entities; GRFinNER identifies persons,
organizations, and locations. Predictions must pre-
serve the source expression and assign its category.
Exact entity matching makes boundary conventions
consequential, including the treatment of multi-
word names and date components.

The public numeric-NER release contains 320
training and 80 validation examples. The test file
contains 100 numeric and 100 textual prompts over
the same 100 passages: 200 task records but only
100 distinct passages. The absence of correspond-
ing Greek textual-NER supervision motivates dif-
ferent strategies for the two components. Final
evaluation uses entity F1, with precision and recall
also reported. Numeric-only development scores
therefore measure a narrower problem than the
combined ranking.

2.2 Japanese Implicit Communication
Recognition

The second subtask is Japanese Financial Implicit
Communication Recognition (JF-ICR), based on
Ebisu (Peng et al., 2026b). Given a financial ques-
tion and a company response, a system predicts
one of five ordered labels: strong commitment

2https://www.finnlp2026sharedtask.info/
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(4+2), qualified commitment (41), neutral or non-
directional response (0), qualified refusal (—1), and
strong refusal (—2). The target is communicative
stance toward the relevant proposition, rather than
positive or negative sentiment. Negation, condi-
tions, finality, and the distinction between declin-
ing an action and declining to disclose information
all affect the label.

The released labeled file contains 253 examples:
29 with 42, 139 with +1, 72 with 0, 11 with —1,
and 2 with —2. These counts were checked directly
against the public release. Always predicting +1
consequently yields 54.9% accuracy on this devel-
opment pool. The hidden-label participant file con-
tains 50 examples. System papers consistently de-
scribe the announced test design as balanced, with
10 examples per label and scoring partitions of 15
public and 35 private instances (Kapoor et al., 2026;
Morita, 2026; Dakle et al., 2026). This is a sub-
stantial change from the development distribution.
The original benchmark’s 94-example evaluation
set, mentioned on the task website, should not be
confused with the larger 253-example shared-task
release.

Accuracy is the ranking metric, assigning the
same penalty to all incorrect labels despite the ordi-
nal scale. Teams additionally report developmental
macro-F1, macro-recall, or ordinal error to diag-
nose class imbalance and boundary errors.

2.3 Multilingual Financial Question
Answering

The third subtask uses PolyFiQA from MultiFin-
Ben (Peng et al., 2026a). Inputs combine SEC
financial statements with news in English, Chi-
nese, Japanese, Spanish, and Greek. Systems must
identify the information requested, reconcile the
sources, and produce a concise answer with sup-
porting evidence. The released development and
test files each contain 76 questions, organized into
19 financial-report groups with four questions per
group. Repeated report identifiers denote shared
source material, whereas the test file’s added row
identifier is the unique submission key.

Inspection of the released prompts establishes
a meaningful change in the required source roles.
Development questions ask for an answer from
financial statements and corroborating news evi-
dence. Test questions ask for a synthesis of news,
supported by quotations from financial statements.
Test question families concern revenue focuses,
margin strategies, capital allocation, and capital
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Subtask Languages Labeled release  Participant test set and output Ranking metric

Greek financial Greek 320 train + 80 200 prompts over 100 passages; numeric or tex-  Entity F1

NER validation tual entity/type pairs

Japanese JF-ICR Japanese 253 examples 50 question—response pairs; one of five commit-  Accuracy
ment/refusal labels

Multilingual EN, ZH, JA, 76 examples 76 questions in 19 report groups; answer plus  Macro

PolyFiQA ES, EL financial-statement evidence ROUGE-1 F1

Table 1: Released shared-task data and evaluation targets. Greek labeled examples cover numeric NER; textual
NER has no corresponding labeled Greek training release. Test-set counts include both public and private scoring
portions. EN, ZH, JA, ES, and EL denote English, Chinese, Japanese, Spanish, and Greek.

expenditure. The required fields are Answer and
Financial Statements Evidence, with a total
response limit of 100 words. When an answer or
supporting evidence is unavailable, the relevant
content should be None. Systems therefore need to
adapt both their reasoning and their output conven-
tions across the two releases.

The ranking metric is macro-averaged ROUGE-
1 F1 (Lin, 2004), with precision and recall reported
separately. The official scoring partitions contain
24 public and 52 private questions, as documented
by participating teams (Marti and AlNuaimi, 2026;
Atiq and Butt, 2026; Prasanna et al., 2026). Be-
cause F1 is averaged at the example level, its re-
ported value need not equal the harmonic mean of
aggregate precision and recall. ROUGE captures
lexical agreement with the reference answer; it
does not independently establish numerical correct-
ness or evidence support. Team-specific grounding
checks and judge scores are therefore discussed as
supplementary analyses.

Participation and evaluation protocol. Practice
data were scheduled for release on July 28, 2026,
with the test phase running August 824 and sys-
tem papers due August 27. We use the organizer-
verified private standings updated September 3.
The rules allow training, fine-tuning, augmentation,
prompt rewriting, and external data. They specify
a 70-billion-total-parameter limit and OpenRouter
for API workflows; mixture-of-experts models are
counted by total parameters. We reproduce the
published standings without independently adju-
dicating participant-reported exceptions or imple-
mentation details.

3 Participants Overview

The registration spreadsheet contains 49 re-
sponse records and 37 distinct submitted team-
name strings. We consolidate repeated mem-
ber registrations, merge the punctuation variants

curiosity_exp and curiosity-exp belonging to
the same registrant, and reconcile GM with ADML
using the registered members and the ADML paper.
This gives 35 registered teams. Task interest is
combined across members of each team: 14 teams
register for Greek NER, 19 for Japanese JF-ICR,
and 31 for PolyFiQA. Twelve teams register for all
three subtasks, five for two, and eighteen for one.
These are registrations of interest, not proof of a
scored submission.

Using the self-declared affiliation-type field, the
team-level distribution is 12 industry, 10 aca-
demic, and 13 individual teams. Two consoli-
dated teams contain both Industry and Individual
responses; we count these under Industry once,
avoiding double counting. Other teams retain their
declared participation category even when an indi-
vidual lists a university or employer. Thus, these
figures describe how teams registered rather than
an inferred classification of their members’ employ-
ment. Figure 1 presents the registration categories
and leaderboard participation by subtask.

The three final leaderboards contain 32 task-
level entries: 7 for Greek NER, 10 for JF-ICR, and
15 for PolyFiQA. Their union contains 20 submis-
sion identities after normalizing the spelling varia-
tion Fin-Agent/Fin_Agent. Several further account-
to-team links can be established from paper authors
and matching score tuples: gmarti corresponds to
ADML,, israelkingz to PIO, mabdelmagid to Al-
Qahera, and yarry to Finaira. Multiple accounts
associated with one team require additional recon-
ciliation before the union can be treated as an exact
team count. We retain the displayed identifiers in
the result tables so that every score can be checked
directly against the official standings.’

Finally, 14 teams contribute 14 system papers
(Table 2). Four describe Greek systems, eight
Japanese systems, and nine QA systems; these

3The available records establish scored participation, not
the total number of final code-form submissions.
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Figure 1: Participation from registration records and final private leaderboards. Categories in (a) are mutually
exclusive under the stated reconciliation rule. Panel (b) shows only the final leaderboard entries for each subtask;
accounts can differ from team names, so these are not a deduplicated team count.

counts overlap. Paper coverage can be narrower
than scored participation: ADML describes QA,
shamikkundu describes JF-ICR, and Jetsons de-
scribes Greek NER and JF-ICR. We do not extrap-
olate their documented methods to other tasks.

4 Evaluation Results

We report final private scores and analyze the doc-
umented systems. Tables preserve the website’s
order and ranks; identical scores remain perfor-
mance ties despite consecutive positions. Rank
differences do not establish statistical significance,
and internal ablations across different datasets are
not directly comparable.

4.1 Greek Financial NER

Results. The leading system, gmarti, achieves
0.9676 F1, followed by mojo28 at 0.9252 and
DDUN at 0.9156 (Table 3). PIO, Al-Qahera,
Fin_Agent, and Jetsons contribute Greek system
descriptions. The top account is associated with
ADML, whose paper covers QA. Because the paper
collection provides no Greek-method description
for the top three entries, their design choices cannot
be inferred from their scores.

Rules and source-constrained extraction. PIO
combines Llama 3.3 70B prompting with sepa-
rate numeric and named-entity processing (Odeajo,
2026). Numeric patterns capture digit groups, tem-
poral expressions, and financial quantities, while
the language model copies textual spans from the
source. Subsequent rules address category er-
rors, compound locations, legal suffixes, and se-
lected nationality expressions. The paper reports
a public-score progression from approximately
0.949 to 0.9748 after post-corrections, followed
by 0.9051 privately. This illustrates the usefulness

of annotation-aware corrections while showing that
their public improvement does not directly estimate
performance on the private portion.

Fin_Agent also separates numeric from textual
extraction (Rashid et al., 2026). Ordered rules
identify numeric candidates, while high-recall tex-
tual candidates are classified by Qwen2.5-32B us-
ing passage context. Constraining classification to
proposed source spans reduces unsupported entity
generation, but makes recall dependent on candi-
date coverage. Its numeric-only validation rules
reach 0.9862 F1, compared with 0.9287 for the
reported XLLM-R-Large baseline. The combined
private score of 0.8884 reflects a broader evalua-
tion, including textual entities for which equivalent
labeled training data were unavailable.

Prompt optimization and complementary mod-
els. Al-Qahera uses GEPA to optimize instruc-
tions for a frozen Gemma task model (Mohamed
and Ajlan, 2026). Starting from the organizer’s
numeric-NER instruction, the optimized prompt
reaches 0.978 on a separately held-out 80-example
numeric subset. A hand-improved seed leaves less
room for optimization. The submitted system ap-
plies the optimized instruction to numeric prompts
and the organizer’s zero-shot instruction to textual
prompts, obtaining 0.9038 on the combined private
evaluation. Its exploratory program-search experi-
ments also show that the best search-set candidate
can perform worse on held-out examples. These
internal scores should not be presented as official
task-wide improvements.

Jetsons approaches the supervision imbalance
through learned and deterministic models (Dakle
et al., 2026). For numeric entities, it com-
bines GreekBERT, a conditional random field,
and regular expressions chosen for complemen-
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Paper team Coverage  Main documented approach

PIO G, J,Q Task-specific prompting, source-preserving extraction, deterministic corrections, and con-
strained QA output.

Maddies NLP J Label-blind, proposition-aware evidence extraction followed by ordinal adjudication.

ADML Q Exact-query historical-reference retrieval; a separately developed grounded fact compiler and
sparse edits.

AhsanBLAH Q Category-calibrated few-shot generation with a conservative formatting and citation guard.

Finaira Q Dense multilingual retrieval, structured-data extraction, and validated prompt constraints.

shamikkundu J Annotation-guideline prompting and schema-constrained confidence elicitation with a 14B
model.

Mircea Andrei Q Unified answer/evidence generation, template-aware prompting, and output normalization.

Razvan

Daikoku J Verbalizer scoring, class-count auditing, and forced-choice adjudication.

LangKG Q Explicit answering policy with prompt-variant candidates and deterministic reranking.

Jetsons G,J Complementary NER ensembles; Japanese minimal-pair augmentation and quota-constrained
decoding.

Fin_Agent G J1,Q Numeric rules and candidate classification; Japanese cue scoring; retrieval-guided QA.

Token Crit 1,Q Validation-gated label revisions and source-linked evidence admission.

Al-Qahera G,J Reflective prompt optimization around a frozen task model; zero-shot textual NER.

HX-Fin Q Precision-first answer refinement and conservative selection among evidence candidates.

Table 2: Coverage and methods in the 14 contributed system papers. G: Greek NER; J: Japanese JF-ICR; Q:
PolyFiQA. Coverage indicates what the paper describes, which can be narrower than the team’s scored participation.

Each paper is discussed and cited in Section 4.

Rank Identifier F1  Prec. Rec.
1 gmarti 9676 9676 9676
2 mojo28 9252 9199  .9306
3 DDUN 9156 9145 9167
4  israelkingz 9051  .9051 .9051
5 mabdelmagid .9038 9167 .8912
6 Fin_Agent 8884 .8925 .8843
7  Jetsons .8879 .8868 .8889

Table 3: Final private Greek NER leaderboard. Identi-
fiers and ranks follow the official website.

tary category-level errors. For textual entities,
a WikiANN-trained Greek encoder supplies per-
son predictions, while an LLM-plus-rules compo-
nent supplies organizations and locations. This
label-dependent routing avoids assuming that the
strongest average model is best for every entity
type. The paper reports 0.982 numeric validation
F1 and 0.8879 combined private F1. Its textual de-
velopment analysis uses an approximate reference
derived through English alignments, which limits
direct comparison with gold-standard evaluation.

Analysis. Across the documented systems, finan-
cial NER requires learning annotation conventions
alongside entity recognition. Numeric expressions
are often easy to locate but difficult to type; textual
entities require handling inflection, abbreviations,
and corporate names with less supervision. Future
per-category and per-component evaluation could
distinguish boundary errors, type confusions, and
missed candidates that the combined scores cannot

Rank Identifier Accuracy  Correct /35
1 gmarti 9714 34

1 Fin_Agent 9714 34

1  ankexu 9714 34
4  Maddies NLP 9429 33
5  shamikkundu .9429 33
6 daikoku 9429 33
7  israelkingz 9143 32
8  mojo28 9143 32
9 Jetsons .8571 30
10  mabdelmagid .6571 23

Table 4: Final private JF-ICR leaderboard. Correct
counts are implied by the documented 35-item private
split and rounded published accuracies. Consecutive
website positions at the same accuracy are not perfor-
mance differences.

resolve.

4.2 Japanese Implicit Communication
Recognition

Results. Three entries share the highest private
accuracy, 0.9714: gmarti, Fin_Agent, and ankexu
(Table 4). The latter corresponds to Token Cerit.
Maddies NLP, shamikkundu, and Daikoku achieve
0.9429. On the 35-item private portion, the differ-
ence between these groups is one correct prediction,
or approximately 2.86 percentage points. As with
Greek NER, the ADML paper does not describe
gmarti’s Japanese method, so the following compar-
ison concerns documented approaches rather than
a complete explanation of the top-ranked systems.
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Linguistic rules and constrained revision.
Fin_Agent uses an interpretable ordinal scorer with
cues for explicit decisions, volition, conditionality,
deferral, and refusal (Rashid et al., 2026). Contex-
tual treatment of negation prevents reaffirmation
of an existing policy from automatically becoming
a refusal. The system includes Sinkhorn normal-
ization under a uniform class prior, but the paper
reports that it changes no test predictions. Its 15/15
public and 34/35 private results yield 49/50 overall.
The 98.0% overall score in the paper’s abstract is
therefore distinct from the 97.14% private ranking
score.

Token Crit decomposes decisions into rubric-
based and proposition-based candidates, then ad-
mits only supported label changes (Xu and Cao,
2026). Separate checks address direction, with-
holding, commitment strength, and adjacent-label
boundaries. On the 253-example development set,
its final workflow reaches 62.1% accuracy ver-
sus 51.0% for its stronger direct-prompting base-
line. The paper’s final boundary audit proposes
75 changes, of which 19 pass the gates; applying
all proposals would lose two correct predictions,
whereas gated changes gain eleven. This provides
a specific rationale for constraining revision, al-
though the component comparison is developmen-
tal rather than a private-test ablation.

Evidence decomposition and confidence elici-
tation. Maddies NLP first extracts proposition-
aligned Japanese evidence without assigning a la-
bel, then asks the same Gemma model to adjudicate
the original response using that evidence (Kapoor
et al., 2026). The intermediate representation pre-
serves negation scope, conditions, actor control,
and institutional anchors. Development accuracy
increases from 56.92% to 60.08%, but macro-F1
decreases from 0.354 to 0.331 and the paired accu-
racy improvement is not statistically conclusive in
the team’s analysis. Its private score is 0.9429. This
combination cautions against treating a small de-
velopment accuracy gain as uniform improvement
across the five labels.

The shamikkundu system instead uses a sin-
gle 14B model call with the published annota-
tion guidelines and a required confidence value
for each label (Kundu, 2026). It selects the
highest-scoring label without fitting task parame-
ters. The method reaches the same private accuracy
of 0.9429, demonstrating that a compact workflow
can be competitive in this setting. Its reported con-

fidence values are elicited model judgments, not
independently verified probabilities. The paper
also documents development-data quality concerns
and distinguishes manual test pseudo-labels from
official hidden labels; we preserve that distinction
when interpreting its diagnostic experiments.

Known priors, augmentation, and prompt
search. Daikoku combines independent verbal-
izer scoring with a class-count audit and forced-
choice reassessment (Morita, 2026). The an-
nounced test balance identifies overrepresented pre-
dicted classes, but matching the quota is not suf-
ficient to guarantee correctness: labels can be ex-
changed between examples without changing class
counts. The submitted system attains the required
balance and 33/35 private accuracy. Its analysis is
useful precisely because it separates a consistency
constraint from evidence that individual labels are
correct.

Jetsons fine-tunes a Japanese encoder using ordi-
nal minimal pairs and synthetic examples matched
to the test register (Dakle et al., 2026). Label-
changing edits target the stance-bearing clause, and
two judges from another model family verify the
intended label. Joint decoding then enforces the
published class quotas through assignment. The
system scores 0.8571 privately. Its reported style-
matching gains rely partly on the authors’ manual
reference labels, so they are evidence about the
team’s development process rather than organizer-
certified test ablations.

PIO uses rubric-aligned few-shot prompting and
targeted lexical corrections, including cases where
declining a proposed change reaffirms an exist-
ing policy (Odeajo, 2026). It achieves 0.9143
privately. Al-Qahera uses reflective prompt op-
timization to sharpen distinctions between hedged
commitment, neutrality, and indirect refusal (Mo-
hamed and Ajlan, 2026). Its 0.692 accuracy on a
team-held-out 52-example development partition
is separate from its official private score of 0.6571.

Analysis. The methods converge on proposition
scope and commitment strength through different
mechanisms. Their high accuracy concerns a small,
balanced test set whose responses are reported to be
shorter or simpler than development responses; sev-
eral systems also exploit the published class prior.
Paired significance and private class-specific errors
cannot be established without item-level predic-
tions and labels. Future evaluations should include
larger naturally distributed samples, balanced diag-
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Rank Identifier R-1F1 Prec. Rec.
1 hx 3827 3902 4057
2 gmarti 3726 5698 3542
3 AhsanBLAH 3702 3111 .5000
4 DAIR 3665 3431 4224
5 Mircea Andrei Razvan 3653 3517 4194
6 yarry 3593 3683 3771
7  mojo28 3590 3392 4029
8  shamikkundu 3478 3122 4191
9 Fin-Agent 3419 3227 3899

10  dmO15 3282 2872 4180
11 LangKG 3240 3042 3897
12 WB 3062 3971 2709
13 Mohotarema 3045 3535 .3096
14 Jetsons 2758 3106 .2672
15  israelkingz 2036 3148  .1864

Table 5: Final private PolyFiQA leaderboard. R-1 de-
notes ROUGE-1. Scores are macro-averaged by exam-
ple. The table preserves all displayed account entries,
including possible within-team duplicates.

nostic subsets, and explicit disclosure of available
batch-level priors.

4.3 Multilingual Financial Question
Answering

Results. HX-Fin, listed as hx, leads with 0.3827
ROUGE-1 Fl1, followed by ADML/gmarti at
0.3726 and AhsanBLAH at 0.3702 (Table 5). The
first-to-second gap is 0.0101; second and third dif-
fer by 0.0024. These are descriptive differences,
not established significant improvements. QA met-
rics also have a different interpretation from the
extraction and classification metrics, so their lower
numerical values cannot be read as a cross-task
ranking of difficulty. Nine papers describe QA
methods, offering evidence about alternative ways
to select, express, and verify financial information.

Conservative answer and evidence refinement.
HX-Fin separates answer construction from evi-
dence selection (Li and Wang, 2026). It creates
candidates from full-context, news-only, reasoning-
enabled, multilingual, and retrieval-based views.
An order-balanced comparison selects a conserva-
tive core; supported additions from a broader can-
didate pool then pass omission checks and claim
pruning. A separate module produces and refines
statement evidence, retaining the default unless
an alternative is judged more reliable. The paper
reports stage-wise improvements under an LLM
judge on a 0—4 scale. These diagnostics explain the
intended behavior of the refinement stages, but they
are not ROUGE-1 ablations and do not indepen-
dently attribute the winning private score to each

component.

AhsanBLAH uses category-calibrated few-shot
generation followed by a constrained formatting
and citation guard (Atiq and Butt, 2026). The guard
removes extraneous material and checks quoted ev-
idence while preserving the generated content. The
paper reports 0.4819 development ROUGE-1 F1
and 0.3702 privately. Because the same 76 devel-
opment examples support prompt calibration and
evaluation, the former is an in-sample result. The
team does not provide a controlled guard-versus-
no-guard ROUGE ablation, so the guard’s intended
reliability benefit should not be described as a sep-
arately measured accuracy gain.

Retrieval and output control. Finaira compares
sparse, dense, hybrid, and no-retrieval configura-
tions, then combines dense retrieval with struc-
tured extraction and constrained generation (Nasser
and Mohamed, 2026). Its analysis identifies
English-only citation bias and rejects a category-
conditioned router that fails cross-validation. The
final private score is 0.3593. The development and
deployed configurations differ, however, so the pa-
per’s 0.412 cross-validated development score is
not an out-of-sample estimate for the exact final
system.

Fin_Agent retrieves financial-statement and
news chunks with BGE-M3, places this evidence
alongside the full context, and generates per-
question answers with Qwen3-32B (Rashid et al.,
2026). Rewriting enforces concision and English
output, while checks flag unsupported figures and
quotations. It scores 0.3419 privately. The design
illustrates retrieval as an attention aid rather than
a replacement for the source context. Its reported
experiments also distinguish retrieval, per-question
generation, and length normalization instead of at-
tributing all changes to a single component.

Mircea Andrei Razvan uses one generation
call for both answer and evidence, with question-
template-specific prompts and deterministic nor-
malization (Mircea Andrei Razvan, 2026). The sys-
tem scores 0.3653 privately. The paper reports that
splitting answer and evidence generation produced
more missing-evidence outputs, a useful counter-
point to the multi-stage systems. It also discloses
that a separate resource used in development later
proved to overlap the test set. Consequently, its
post-hoc model comparisons against that resource
cannot serve as independent held-out evidence.

LangKG formalizes an answering policy cover-
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ing source support, exact values, reporting periods,
multilingual alignment, and abstention (Prasanna
etal., 2026). Its submitted system generates prompt
variants and selects a response using deterministic
checks for structure, evidence, derivation language,
and length. It scores 0.3240 privately. Token Crit
instead builds an explicit evidence state and ad-
mits records only after checks on attribution, the
requested relation, and numerical grounding (Xu
and Cao, 2026). Its corresponding private score
is 0.3062. On development data, Token Crit sub-
stantially improves evidence-section overlap while
changing overall ROUGE-1 only from 0.3399 to
0.3425. Better intermediate evidence therefore
does not automatically translate into a compara-
ble improvement in the complete answer.

Historical references and evaluation provenance.
ADML’s selected submission retrieves exact or con-
servatively normalized full-query matches from a
previously public PolyFiQA snapshot (Marti and
AlNuaimi, 2026). The team reports coverage of all
76 released test queries, a public score of 0.9994,
and a private score of 0.3726. It separately develops
a source-grounded fact compiler with numerical
provenance checks and sparse candidate edits. The
compiler’s historical results and public score do not
establish its private performance, since the reported
private result belongs to the retrieval submission.
The paper interprets the public/private contrast as
evidence of reference-version shift, while acknowl-
edging that hidden answers were unavailable to
verify the mechanism directly.

PIO likewise reports that alignment with public
Expert references yields a public score of 1.0000,
while its described generative private result is
0.2036 (Odeajo, 2026). The paper explicitly distin-
guishes reference alignment from generative QA
competence. These disclosures are relevant under
an external-data-permitted competition: they do
not by themselves establish a rule violation, but
they limit what a high public score demonstrates.
In particular, withholding the current answer col-
umn is insufficient to establish a novel-input test
when related query packets or historical answers
have already been released.

Analysis. The QA submissions balance useful
evidence coverage against unsupported additions
through retrieval, structured generation, and con-
servative revision. A unified generator remains
competitive, while more elaborate evidence pro-
cessing sometimes yields modest end-to-end gains.

Differences in base models, data access, and tuning
prevent the standings from isolating the effect of
workflow depth or model size.

Future editions should preserve company/report
groups in validation splits, publish versioned data
manifests, and audit query and document overlap.
Separate checks for answer content, numerical con-
sistency, and evidence support would complement
lexical overlap. Multiple references or expert judg-
ments could capture legitimate variation in syn-
thesis. Aggregate scores alone do not establish
performance differences by evidence language.

5 Conclusion

FinEval 2026 evaluates three complementary capa-
bilities in multilingual financial language under-
standing: Greek entity extraction, Japanese im-
plicit intent recognition, and financial QA using
multilingual evidence. The shared task attracts
35 registered teams and 14 system papers, with
final leaderboards containing 7, 10, and 15 entries.
The documented approaches show how domain
rules, language-specific representations, structured
prompting, retrieval, and controlled revision can be
combined to address distinct financial phenomena.

The results also clarify the limits of the current
evaluation. Strong scores on a small balanced clas-
sification set do not establish robustness to nat-
urally distributed corporate communication, and
historical-reference access complicates the interpre-
tation of QA overlap scores. Future work should
expand private evaluation, separate numeric and
textual extraction results, strengthen data-version
and overlap controls, and assess factual support
alongside answer similarity. These improvements
would help distinguish adherence to a benchmark’s
conventions from transferable multilingual finan-
cial understanding.

Limitations

Our analysis relies on aggregate leaderboard re-
sults and participant reports, without access to pri-
vate instance-level labels or independent reruns of
every system. Small evaluation sets, differences
between development and test distributions, and
team-specific tuning protocols limit statistical and
cross-system comparisons. ROUGE-1 measures
lexical overlap and does not fully capture financial
correctness, evidence quality, or performance by
language.
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