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Abstract. The rapid adoption of large language models (LLMs) in finance has
enabled automated generation of in-domain texts such as earnings summaries,
market analyses, and commentary on regulated disclosures. Generating accu-
rate and accessible financial commentary from material facts poses challenges
related to domain-specific language, strict factual faithfulness, and readabil-
ity. Evaluating such outputs is difficult: traditional automatic metrics over-
look financial correctness and adequacy, while human expert assessment is re-
liable but costly and subjective. This paper proposes a multidimensional eval-
uation protocol for generating financial commentary in Portuguese and inves-
tigates the use of LLMs as evaluators (“LLMs-as-judges”) in this high-stakes,
low-resource setting. We systematically compare human expert judgments and
LLM-based evaluation preferences, while also investigating complementary di-
mensions such as writing quality, factuality, usefulness, and simplicity. To the
best of our knowledge, this is the first proposal of an evaluation protocol for
this task in Portuguese. Furthermore, we analyze where LLM judgments align
with or diverge from human assessments, providing practical insights and rec-
ommendations for evaluation methodologies in financial Al applications.

1. Introduction

Financial Commentary Generation from Material Facts is the task of producing analytical
narratives from regulatory disclosures that publicly listed companies are legally required
to release [Assis et al. 2025a]. “Financial commentary” refers to interpretive texts that
explain, contextualize, and analyze such disclosures or related market events, ultimately
helping investors make informed decisions [Zhu et al. 2023]. In practice, investors of-
ten rely on expert-written reports from financial analysts and investment research firms,
motivating recent efforts to automate parts of this analytical work with language models.

Recently, the rise of large language models (LLMs) has created opportuni-
ties for financial text generation in multiple languages, including Portuguese, with ap-
plications ranging from earnings summaries [Mukherjee et al. 2022] to market analy-
sis [Xiao et al. 2025] and investment decision support [Assis et al. 2025a]. In particu-
lar, the Brazilian financial market presents important linguistic and domain-specific chal-
lenges that remain underexplored in predominantly English-centric research. At the same



time, finance is a high-stakes domain where errors can lead to substantial financial con-
sequences. As a result, generated commentaries must balance readability and coherence
with factual consistency, faithfulness, and domain-specific precision [Masid et al. 2026].

These requirements make the evaluation of financial commentary generation par-
ticularly challenging, as quality is multi-dimensional and often depends on specialized fi-
nancial interpretation. Although traditional metrics such as BLEU [Papineni et al. 2002]
and ROUGE [Lin 2004] have been previously adopted in financial text generation and re-
lated NLG tasks, their evaluation is primarily based on lexical overlap, limiting their abil-
ity to capture factual accuracy, financial validity, and deeper semantic aspects of generated
commentaries. Semantic metrics such as BERTScore [Zhang et al. 2020] provide a richer
semantic comparison between texts than lexical-overlap metrics, yet they may still over-
look domain-specific inaccuracies or financially meaningful errors [Masid et al. 2026].

As a result, recent work has increasingly investigated the use of LLMs
as evaluators [Masid et al. 2026]. The LLM-as-a-judge paradigm [Zheng et al. 2023,
Liu et al. 2023] relies on the ability of these models to approximate human preferences
while supporting scalable evaluation across multiple dimensions. In this work, we employ
a “sequential knockout pairwise evaluation” protocol [Sandan et al. 2025], in which out-
puts are compared pairwise across successive evaluation rounds. This approach enables
scalable analyses of evaluator agreement and robustness through comparative assessments
by elimination, reducing the cost and effort associated with extensive human evaluation.
However, its robustness remains unexplored in high-quality evaluation settings for Por-
tuguese financial commentaries, where distinguishing among strong candidate outputs is
especially challenging [Assis et al. 2025a, Masid et al. 2026]. In addition, LLM-based
evaluators also present important limitations, such as susceptibility to fluent but factually
Inaccurate generations, sensitivity to prompt design, and biases toward specific linguistic
styles, verbosity levels, or response structures [Chen et al. 2024, Gao et al. 2025].

In this work, we compare automatic metrics, human judgments, and LLM-based
evaluations to investigate the following research questions: RQ1. Under the proposed
knockout tournament protocol, which LLMs emerge as the strongest generators of finan-
cial commentary?; RQ2. How do automatic metrics, LLM-based evaluations, and human
assessments correlate?; and RQ3. Where do systematic disagreements arise across eval-
uations?. We also analyze human annotations independently to better understand agree-
ment patterns and the dimensions that pose the greatest challenge for expert evaluation.

To investigate these questions, our sequential knockout evaluation is inspired by
prior work on pairwise preference evaluation [Sandan et al. 2025, Thakur et al. 2024] and
arena-style comparisons [Zheng et al. 2023]. In this setting, commentaries are compared
pairwise, with the winner advancing to the next round. Evaluators may optionally con-
sider dimensions such as writing quality, factuality, usefulness, and simplicity when elic-
iting their preferences.

The strategy is instantiated using LLM4FinComm [Assis et al. 2025a], a dataset
of Portuguese financial commentaries generated by both humans and LLMs. Human
judgments are collected through a web-based evaluation platform' developed for this
study, with annotations from three evaluators: a linguist and two financial-domain
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experts. The same approach is further reproduced with three flagship LLMs —
Qwen3-235B [Yang et al. 2025], Claude Opus 4.6 [Anthropic 2026], and Gemini 3.1
Pro [Google DeepMind 2026].

Our main contributions are threefold: (i) we propose a sequential knockout evalu-
ation protocol for financial commentary assessment; (ii) we introduce the first benchmark
for Portuguese financial commentary evaluation comparing human experts and LLM-
based judges; and (ii1) we provide an analysis of systematic disagreements between hu-
man and LLM evaluation preferences. The results reveal three main findings. First, GPT-
40 and Llama-4-Scout emerge as strong candidates in our evaluation. Second, automatic
metrics show moderate alignment with the aggregated rankings and can reliably identify
strong candidates but fail to discriminate among top-performing models. Third, the LLM
judges and human experts employed as evaluators in this experiment differed in meaning-
ful ways, capturing different aspects of commentary quality.

2. Related Work

Financial text generation and evaluation have largely relied on traditional auto-
matic metrics, particularly lexical-overlap measures such as ROUGE and its vari-
ants [Celikyilmaz et al. 2020]. Prior work spans financial report generation [Yan 2022],
earnings call summarization [Mukherjee et al. 2022], and equity research report genera-
tion [Jin et al. 2026], with evaluation signals ranging from BLEU and ROUGE to seman-
tic similarity and LLM-based components.

Recent studies also explore LLMs as judges of financial text genera-
tion [Xie et al. 2024]. Particularly, [Goldsack et al. 2025] show that such approaches
correlate with expert assessments across multiple dimensions, though no single LLM
consistently achieves the best correlation, and systematic biases such as positional bias
and self-preference [Wataoka et al. 2024] effects remain a concern. Complementing this,
evidence from the Earnings2Insights shared task [Takayanagi et al. 2025] reveals a di-
vergence between systems that perform well under automated evaluation and those that
better support human decision-making.

Research on Portuguese financial texts highlights additional challenges in trans-
ferring evaluation methodologies beyond English. [Masid et al. 2026] show that both
traditional metrics and LLM-as-a-judge approaches struggle under controlled perturba-
tions, often failing to detect subtle semantic and factual degradations. Similar findings
are reported by [Assis et al. 2025a], who argue that automatic metrics lack sensitivity to
fine-grained differences among outputs of comparable quality. Alternative QA-style ap-
proaches [Ribeiro et al. 2026] decompose evaluation into atomic factual checks, offering
a complementary perspective for Portuguese financial summarization.

Our work complements this line of research by examining both human and LLM-
based evaluation in the context of Portuguese financial commentary generation. Rather
than relying on direct scoring, we investigate a successive pairwise comparison setup in
which outputs are evaluated through iterative preference judgments.

3. A Multi-Round Pairwise Strategy for Evaluating Financial Commentaries

We frame evaluation as a sequence of pairwise preference judgments, rather than as-
signing absolute scores to individual outputs. This choice is motivated by the subjective



and context-dependent nature of financial commentary evaluation: different outputs may
satisfy the same communicative goal in different ways, making absolute score calibra-
tion difficult across examples, annotators, and models. Pairwise comparison, in contrast,
asks annotators to make a localized decision between two commentaries generated for
the same material fact, allowing the evaluation to focus on concrete differences in writ-
ing quality, factuality, usefulness, and simplicity. Prior work further supports this design,
showing that pairwise LLM-as-a-judge evaluations tend to better align with human judg-
ments [Thakur et al. 2024], and that sequential pairwise evaluation strategies can reduce
annotation costs while preserving correlation [Sandan et al. 2025].

For each material fact, N generated commentaries are organized into N — 1 com-
parisons. In each comparison, the annotator, either human or LLM-based, observes the
material fact and two candidate commentaries, selects the preferred one, and may option-
ally mark the criteria underlying the decision (writing quality, factuality, usefulness, and
simplicity). The winner is carried forward as the current holder and compared with the
next challenger until all commentaries have been assessed. Figure 1 provides an overview
of this strategy. In the following subsections, we describe the data used (§ 3.1), the com-
parison criteria (§ 3.2), the human annotation process (§ 3.3), the annotation interface
(§ 3.4), and the LLM-based evaluation setup (§ 3.5).

Round 1 Round 2 Round n — 1 Outcome

challenger & \ Winner Wmner
holder ¥ holder n s Flnal Holder
= = =
challenger & Generator 3 Generator n

Figure 1. Multi-round pairwise evaluation under a sequential knockout strategy.
Winners remain as holders and face the next challenger.

3.1. Data Selection

We use LLM4FinComm [Assis et al. 2025a] to evaluate our approach on Portuguese fi-
nancial commentaries. The dataset contains 88 material fact-human-written commentary
pairs. For each material fact, 9 LLM-generated commentaries are available, resulting in
792 generated texts and 880 texts in total when human references are included.

Since evaluating the full dataset would be impractical with the available human
annotation resources (as discussed in § 3.3), we select a smaller subset focused on high-
performing candidates. This choice aligns with RQ1, as our goal is to identify which gen-
erators are most effective for generating financial commentary. Let F be the set of mate-
rial facts and G the set of LLM generators. For each pair ( f, g), LLM4FinComm provides
automatic scores against the human reference, including BLEU, ROUGE, BERTScore
and CTC [Deng et al. 2021], a factuality metric. We select the 19 material facts with the
highest-scoring associated generations. For each selected material fact, we retain the top
three generated commentaries and the corresponding human-written reference, yielding
four commentaries per material fact and 76 commentaries in total.

This selection strategy is also motivated by prior analyses of
LLM4FinComm [Assis et al. 2025a], which show that automatic metrics have lim-



ited ability to distinguish among top-performing generators. We therefore use these
metrics for pre-selection to keep the human evaluation feasible, while still enabling a later
comparison between metric-based rankings and preference-based judgments. The final
subset includes commentaries produced by Llama-4-Scout [Meta Al 2025]; Llama3-
8B [Meta Al 2024]; Sabia-3 [Abonizio et al. 2024]; Command-R+ [Cohere Labs 2024];
Gemma3-12B and 27B [Gemma Team 2025]; Mistral-3-24B [Mistral AI 2025]; Mistral-
7B [Jiang et al. 2023]; GPT-40 [OpenAl 2024] and their human references.

3.2. Evaluation Dimensions

Annotators are presented with a set of preference dimensions that may justify their deci-
sion to support the pairwise comparison. The selection of a criterion was not obligatory,
but should be done if there was an evident dimension that drove the annotator’s judgment.
The dimensions were defined based on prior literature on text generation evaluation and
financial text assessment [Assis et al. 2025a], and then refined with the support of a lin-
guist to improve their clarity, consistency, and adequacy for the annotation task. A pilot
round of annotation was conducted to assess the usefulness of these criteria for the task.
These dimensions are not used as independent scores, but as optional indicators of the
aspects in which the selected commentary stands out. Thus, annotators could choose a
preferred commentary whether or not they marked any criteria.

The criteria are defined as follows: (a) Writing Quality, the commentary is well
written, clear, and remains focused on the topic introduced by the material fact; (b) Fac-
tuality, the commentary is faithful to the information provided in the material fact and
does not introduce unsupported or misleading claims; (c) Usefulness, the commentary is
informative and contributes concretely to the reader’s understanding of the event. It may
also provide relevant information about actors, entities, or contextual elements beyond
those explicitly described in the material fact, when such information helps the global
interpretation; and (d) Simplicity, the commentary uses accessible and clear language,
making it understandable to non-technical readers.

In addition to these criteria, annotators are instructed to use an optional free-text
field whenever they wish to explain their judgment, point out specific strengths or weak-
nesses, or describe relevant aspects not covered by the predefined dimensions.

3.3. Human Preference Annotation

Two annotators with complementary expertise evaluated all pairwise comparisons for
each material fact, one with experience in financial contexts, and one senior linguist.
Both annotators received the same comparison rounds, ensuring that disagreements could
be identified directly at the level of each pairwise decision. The identity of the generators
was concealed throughout the annotation process to reduce potential author-related bias
and ensure that preferences were based solely on the material facts. In practical terms,
this also means annotators were unaware whether each commentary came from an LLM
or a human author. Additionally, in the human annotation setting, the human-written
commentary was always introduced only in the final round. We adopted this strategy be-
cause, if the human commentary had been included in earlier pairwise comparisons and
systematically preferred, the tournament would provide little information about which
LLM-generated commentary was strongest (RQ1).



After this stage, we identified the final-round comparisons in which the annotators
disagreed. These cases were adjudicated by a third senior annotator with expertise in
business and finance. This adjudication step was restricted to final-round disagreements,
where outcomes are most relevant for identifying the strongest candidates. Overall, this
setup combines financial and linguistic perspectives while preserving blind comparisons.

3.4. Annotation Interface Design

The human annotation was conducted through a dedicated web interface developed with
Streamlit® and designed to support the pairwise preference protocol. For each comparison
round, the interface presents the material fact and two candidate commentaries side by
side. After selecting a preferred commentary, annotators may optionally indicate which
criteria motivated their decision using a criteria form.

3.5. LLM-as-a-Judge Annotation

The LLLM-as-a-judge evaluation follows the same sequential knockout pairwise protocol
used in the human annotation protocol described in § 3.3. In each comparison round,
the model received the material fact and the two candidate commentaries. The prompts®
asked the model to select the preferred commentary, indicate the criteria supporting its
decision through a predefined JSON output, and provide a brief justification. As in the
human setup, the identity of the generators was hidden. From the second round onward,
the prompt informed the model that the current holder had won the previous comparison,
mirroring the strategy’s sequential structure.

Concretely, we selected three frontier models as LLM judges: Claude
Opus 4.6 [Anthropic 2026], Gemini 3.1 Pro [Google DeepMind 2026], and Qwen3-
235B [Yang et al. 2025]. This choice was motivated by the stronger instruction-following
capabilities of recent frontier models and by their expected lower susceptibility to posi-
tional bias [Goldsack et al. 2025]. Moreover, none of these models was included among
the generators evaluated, as described in § 3.1, reducing the risk of self-preference bias.

Each model was run three times using the same round configuration presented
to human annotators. To assess the effect of candidate ordering, we performed three
additional runs with randomized commentary order.

3.6. Evaluation and Ranking Methodology

We analyze the annotation results from two complementary perspectives.  First,
we adopt an Elo-based [Elo 1978] ranking strategy, following its use in Arena
Al [Zheng et al. 2023], and in competitive ranking settings such as chess. Elo scores
estimate a participant’s relative strength by updating their rating after each comparison,
giving more weight to victories over stronger opponents than to victories over weaker
ones. For this analysis, we exclude the human-written commentaries, since they were
always shown in the final round of the human annotation protocol, which introduces a
positional bias that could distort direct Elo comparisons. After computing Elo scores for
each judge, we convert them to ranks, aggregate them using the rank-sum method, and
analyze the resulting correlations across judges.

2 https://fin-eval.streamlit.app/ ° Temperature was set to 0. The complete prompts and
additional details are available at https://github.com/AIDA-BR/human_and_Jjudge_eval
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Second, we analyze agreement and disagreement patterns among LLLM judges, hu-
man annotators, and the selected evaluation attributes. Rather than focusing solely on the
final ranking, this perspective examines how consistently judges prefer the same outputs,
how their answers correlate, and which criteria are associated with their preferences.

4. Results

This section reports and discusses the main evaluation results, covering model rankings,
judge agreement, preference criteria, and comparisons with automatic metrics.

4.1. Elo-Based Ranking Analysis

Table 1 reports the rankings obtained from judge-specific Elo scores and the highest-
agreement aggregated rankings, using Kendall’s 1/ as a multi-annotator agreement co-
efficient. Aggregated scores are computed as the rank-sum of the individual judge rank-
ings. Considering Kendall’s W for the aggregated rankings, in connection with RQ2,
the strongest agreement is observed for the aggregation of the three LLM judges, fol-
lowed by the combination of Gemini, the linguist annotator, and the financial expert.
Among model-human pairs, Gemini is closest to the linguist annotator in the Elo rank-
ing, suggesting that they may prioritize more similar aspects of the generated commen-
taries. Combinations involving LLMs and the linguist annotator also show substantial
agreement in general, indicating that LLM judges tend to align more closely with the lin-
guist annotator than with the financial expert, in line with RQ3. These results indicate
that agreement patterns are not simply separated between human and LLLM judges; rather,
some human—LLLM combinations remain consistent.

Table 1. Individual and aggregated rankings derived from Elo across judges.

Model Individual judges Aggregated rank

CG GLF CGL GL CL All

Q c G L ¥ WQ: 807 |W = .726|W = .667 WQ: 619 WQ: 559| W = .499

GPT-40 6 (992.75)| 2 (1038.68)| 1 (1136.31)| 1 (1024.91)| 3 (1002.14) 2 1 1 1 2 1
Llama 4 Scout| 4 (1013.47)| 6 (996.90)| 2 (997.73)| 2 (1009.43)| 2 (1019.02) 5 2 2 2 4 2
Gemma 3278 | 1 (1068.36)| 1(1040.27)| 4 (993.70)| 7 (994.23)| 8 (990.28) 1 7 3 3 1 4
Sabid-3 3 (1023.74)| 3 (101820)| 3 (997.37)| 6 (995.98)| 5 (996.09) 3 5 4 5 5 3
Mistral 324B | 2 (1051.49)| 4 (1011.57)| 5 (990.18)| 5 (996.42)| T (992.43) 4 6 5 4 3 5
Gemma 3 12B| 5 (1000.81)| 5 (998.03)| 6 (988.13)| 4 (997.99)| 4 (998.00) 6 4 6 6 6 6
Command R+ | 8 (937.49)| 9 (951.77)| 8 (969.74)| 3 (998.39)| 1 (1019.26) 8 3 7 7 7 7
Liama38B | 7T (977.28)| 7 (988.12)| 7 (976.40)| 8 (994.17)| 6 (994.17) 7 8 8 8 8 8
Mistral 7B 9 (934.86)| 8 (956.75)| 9 (951.48)| 9 (988.31)| 9 (988.37) 9 9 9 9 9 9

Notes. Q = Qwen, C = Claude, G = Gemini, L = linguist, and F = finance expert. Individual cells report the bootstrap rank, with the corresponding bootstrap Elo median in
parentheses. Aggregated columns report ranks obtained by summing bootstrap ranks across the indicated judges; lower ranks are better.

When all judges are combined, Kendall’s W is moderate (0.499), confirming dis-
agreement in the overall ranking composition. For this reason, we do not treat any ag-
gregated ranking as definitive. Nevertheless, with respect to RQ1, GPT-40 ranks among
the top models across judges, and Llama-4-Scout ranks highly in most aggregated set-
tings. Gemma-3 27B and Sabia-3 also remain competitive across several settings, while
Command-R+ is ranked highly by the financial expert, although this is not a general pat-
tern across all judge types. Overall, these findings provide evidence, related to RQ1 and
RQ3, that model quality depends on the evaluation perspective, with different judges em-
phasizing different aspects of financial commentary generation.



Table 2. Correlation between automatic metrics and the all-judge Elo ranking.

Metric combination Spearman  Kendall7  Top-3  Top-5
BLEU + CTCrfactual-ref 0.483 0.333 0.333 0.800
BERTScoreec,1 + BERTScores; + ROUGE-1 0.483 0.333 0.667 0.800
BERTScore;eca + ROUGE-1 0.467 0.278 0.667 0.800
BLEU + ROUGE-L + CTCgycqal-ref 0.450 0.278 0.667 0.800

Addressing RQ2, Table 2 reports the ranking correlations between the automatic
metrics available in LLM4FinComm and the all-judge Elo ranking. We computed all pos-
sible metric combinations and, due to space constraints, report only the four combinations
with the highest correlations. Overall, the results show moderate Spearman correlations
and weak Kendall correlations, suggesting that automatic metrics do not recover a full
ranking that closely matches the Elo-based ordering. However, we also report the overlap
with the top-3 and top-5 models in the reference ranking. Some of the best-performing
metric combinations achieve reasonable coverage, reaching 0.667 overlap for the top-3
and 0.800 for the top-5. This suggests that automatic metrics may be useful for iden-
tifying strong candidates, but are less reliable for fine-grained ranking among models
with similar performance [Assis et al. 2025b]. We also observe that the best-performing
combinations include lexical, semantic, and factuality-oriented metrics, such as BLEU,
ROUGE, BERTScore components, and CTC-based factuality metrics. This indicates that
financial commentary evaluation involves complementary dimensions that no single fam-
ily of automatic metrics can fully capture.

4.2. Human and LLM Judge Comparison

We use consensus across judges runs and human evaluation to assess the reliability of the
sequential knockout pairwise protocol. Because the protocol is order-sensitive, we first
analyze positional effects from reordering. The starting commentary wins in 28.1% of the
rounds, only slightly above the random expectation of 25% for four candidates per round,
suggesting that the initial position has at most a minor influence on the outcome. However,
the three-run design mitigates this effect, with LLMs reaching unanimous decisions on
65-90% of items.

Humans comparison The linguist (L) and the financial expert (F) agreed on 42.1% of
items (Cohen’s k = 0.30), a level of agreement that, while modest, sits well above the
17.5% expected by chance and reflects distinct evaluation stances rather than annotation
noise. The third annotator, a senior financial expert, then adjudicated the remaining cases
and sided with F in 72.7% of them. This divergence suggests distinct evaluation stances in
our sample, with the linguist giving greater weight to communicative effectiveness and the
financial experts placing more emphasis on practical utility. For example, the adjudicator
sometimes cited neutrality when justifying their choice, suggesting a concern with more
impartial interpretations, whereas L valued the addition of contextual information that
made the text more informative. This is reflected in their choices: annotators with a
financial background generally preferred LLM-generated commentaries, while L. more
often favored the human-written references.

The criteria profiles further support this interpretation. When F marked crite-
ria, the selections were more often associated with usefulness (88%) and writing quality
(80%) than with factuality (46%). This suggests that, for F, factual correctness may have
functioned less as an explicit comparative dimension than as a prerequisite, with prefer-



ences then shaped mainly by utility and presentation quality. It is also relevant to recap
that marking criteria was optional for all human annotators.

LLM Judges comparison Pairwise agreement among LLM judges, computed on the
consolidated per-item winner, ranges from 36.8% to 47.4% (averaging 42.1%); on indi-
vidual runs, it is somewhat higher (42.9%—-49.1%, averaging 46.1%), since consolidating
three runs absorbs within-judge variation. All three judges converge on the same winner
in 31.6% of cases. These item-level agreement figures differ from the rank-level agree-
ment reported in Table 1, since judges may share a similar overall ordering while still
disagreeing on many individual pairwise decisions. Criterion profiles further differenti-
ate the judges: Qwen emphasizes factuality (96%) but rarely flags writing quality (40%);
Gemini often selects factuality (97%) and simplicity (73%); and Claude is more balanced,
flagging factuality (96%) and utility (85%).

Human vs. LLM Judges comparison Cross-group agreement averages 27.2%, below
the within-group agreement observed among both LL.Ms and humans (42.1% in each
group). This indicates that LLLM judges are not more internally consistent than human
experts. At the pairwise-decision level, the highest human—-LLLM agreement is 36.8%,
observed for both Claude-linguist and Gemini—financial expert. However, Gemini and
the linguist show the closest Elo-based rankings (Table 1), suggesting that agreement
rates and ranking similarity capture complementary aspects of alignment. In contrast,
Claude shows the lowest agreement with the financial expert (21.1%).

Model preferences also differ across groups. LLM judges favor GPT-40 most
often (31.6% of wins), followed by Mistral-3 and Llama-4 (15.8% each), and human texts
(14.0%). Although these model outputs appeared with different frequencies due to metric-
based pre-selection (§3.1), participation frequency alone does not explain preference, as
Llama-4 and human texts win only 25.0% and 14.0% of their battles, respectively. Human
annotators instead favor Llama-4 (28.9%) and human texts (26.3%), while also assigning
votes to Command-R+ (10.5%), which receives no votes from LLM judges. Conversely,
Gemma-3-27B accounts for 12.3% of LLM preferences but receives no human votes.
These divergences suggest that LLM judges and human experts capture partly different
aspects of commentary quality, including textual quality and decision-support value.

The variation in winners limits the use of win frequency as evidence for a single
best model. Still, Llama-4-Scout emerges as a strong candidate, with consistent selections
across groups, while human commentaries receive many votes, particularly from human
annotators and Claude.

4.3. Automatic Metrics and Judge Preferences

The automatic metrics available in LLM4FinComm are mostly reference-based. In this
sense, we can infer that the linguist (L) tends to prefer outputs with greater lexical prox-
imity to the human reference, as reflected by the alignment with lexical automatic metrics
in 81.8% of their LLM preferences. This preference may also be related to the contextual
information present in human-written commentaries, which is often absent from LLM-
generated outputs. The CTC-based factuality metrics also reveal an interesting dynamic.
Final winners have lower CTC scores than their al- ternatives in 57.1% of comparisons
overall, with this effect concentrated among LLM judges (Qwen3: 73.7%, Opus: 63.6%,
Gemini: 57.9%). Human annotators do not show the same inverse pattern, with L’s win-



ners having higher CTC scores in 63.6% of cases, while the financial expert (F) is roughly
neutral (47.1% lower vs. 52.9% higher).

Command-R+ illustrates this dynamic. Its generations receive no votes from LLM
judges, yet F ranks the model first overall, with Command-R+ accounting for 24.6% of
F’s preferences. F’s justifications emphasize structured financial reasoning and actionable
insight, dimensions that LLM judges and automatic metrics may fail to capture and that
reference-based metrics may even penalize when outputs diverge from the reference. This
is consistent with prior work showing that systems favored by automatic or LLM-based
scores do not necessarily better support human decision-making [Takayanagi et al. 2025].
At the same time, it contrasts with some comments from the senior financial adjudicator,
who often emphasized neutrality as a desirable property. Still, the adjudicator sided with
F in 72.7% of disputed items, suggesting some degree of domain-aligned preference,
although differences in seniority and evaluation stance may also play a role. A broader
pool of annotators would be needed to better separate and understand these effects.

5. Conclusions

This paper proposes a sequential knockout protocol for evaluating financial commen-
taries and examines whether LLM judges approximate human expert preferences under
the same evaluation framework. Our results provide evidence on three fronts:

For RQI, on model performance, GPT-40 and Llama-4-Scout are consistently
well positioned across evaluation perspectives, while Gemma-3-27B performs better un-
der LLM judges and Command-R+ is distinctively preferred by the financial expert, de-
spite receiving no LLM votes. For RQ2, on evaluation alignment, automatic metrics
do not reproduce judge-based rankings, either human or LLM-based, contrasting with
[Thakur et al. 2024]. We attribute this difference to our candidate selection strategy,
which focuses on already high-scoring commentaries and makes fine-grained ranking
more difficult for traditional metrics; still, automatic metrics remain useful for candidate
pre-selection, covering up to 80% of top-ranked models, though not in the same order.
For RQ3, on systematic disagreements, within-group agreement is comparable for LLM
judges and human annotators (42.1%), whereas cross-group agreement drops to 27.2%,
suggesting that disagreements are driven mainly by differences between evaluation per-
spectives rather than by greater instability in either group.

Finally, the sequential knockout protocol offers a practical alternative by reducing
the number of comparisons required from annotators [Sandan et al. 2025]. However, de-
riving stable conclusions from this setup remains non-trivial in this domain. We therefore
combine Elo-based ranking with agreement analysis to extract complementary signals
about model performance and judge alignment. Future work should expand the annotator
pool and compare this protocol with alternative designs, such as non-retained-winner or
exhaustive pairwise evaluation.
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Limitations

Our analysis is based on 19 material facts, reflecting both the feasibility of annota-
tion [Sandan et al. 2025] and our focus on the highest-scoring candidate set. This lim-
ited sample size may affect statistical precision. In addition, material facts were pre-
selected using automated metrics, which may bias the subset toward cases with smaller
metric-judge gaps than in the full dataset. In the human annotation protocol, the human-
written commentary was always introduced in the final round, creating a positional con-
found that we partially address through Elo-based ranking and repeated LLM runs with
reordered candidates. We adopt Elo as an interpretable first step for ranking pairwise
preferences. Although sparse comparisons can affect Elo stability, our bootstrap anal-
ysis mitigates this limitation through bootstrap resampling. Future work may comple-
ment this analysis with order-invariant models such as Bradley-Terry—Luce or Thur-
stone models [Lipovetsky and Conklin 2003]. We used the same guidelines for human
and LLM judges, stating that choosing a criterion for the preference was optional, but
LLMs tend to point to at least one criterion, whereas humans do not. This is another
point to consider when comparing LLM and human evaluation: even when using the
same evaluation guidelines, they may produce different outputs that are difficult to com-
pare. The Cohen’s x among annotators further reflects the difficulty and subjectivity of
the task, as different annotators may emphasize different dimensions of commentary qual-
ity [Sharma et al. 2026]. Larger samples, more annotators, and alternative ordering strate-
gies would strengthen generalizability, although balancing this demand with the practical
constraints of expert human evaluation remains challenging, especially for senior finan-
cial expertise.
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