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Abstract

Automatic metrics are widely used to evalu-
ate text quality across various natural language
processing tasks. Despite their convenience
and scalability, the extent to which these met-
rics reliably reflect textual quality remains an
open challenge. The LLM-as-a-judge paradigm
has recently emerged, aligning more closely
with human judgments by using LLMs them-
selves as evaluators. However, there is still
a gap in such evaluations across specific do-
mains and languages, as most prior work fo-
cuses on generic task benchmarks in English.
In this paper, we examine the robustness of both
traditional automatic metrics and the LLM-as-
a-judge approach for assessing the quality of
financial commentaries in Portuguese, an un-
derexplored task and language that has been
neglected in previous work. We introduce
fine-grained perturbations into the texts gen-
erated by specialists to analyze which types
of noise most significantly affect evaluation
outcomes, using noise-free counterparts as ref-
erences. The results highlight the weaknesses
of classical metrics in this specific task and the
limitations of even recent evaluation paradigms,
underscoring the need to develop context- and
domain-sensitive evaluators.

1 Introduction

Artificial Intelligence is increasingly transforming
the financial sector, especially through the automa-
tion of language-intensive tasks enabled by Large
Language Models (LLMs) (Li et al., 2023; Huang
et al., 2023; Wu et al., 2023). One key application
is the generation of commentaries from manda-
tory corporate disclosures, a crucial step in finan-
cial communication that helps translate formal an-
nouncements into insights for investors, analysts,
and the public (Zhu et al., 2023; Assis et al., 2025).

Assessing the quality, accuracy, and reliability
of financial communication remains a challeng-
ing task, given the complexity and volume of in-

formation involved (Sai et al., 2022; Schmidtová
et al., 2024). In addition to general linguistic re-
quirements such as fluency and morphosyntactic
correctness, financial texts must ensure the factual
accuracy of entities, numerical data, and described
events. Manual evaluation by domain experts re-
mains the most trustworthy source of judgments;
however, it is expensive, time-consuming, and sub-
ject to variability, which limits its scalability and
reproducibility.

In this context, the widespread adoption of
LLMs has made automatic text quality metrics
increasingly vital (Sai et al., 2022; Schmidtová
et al., 2024). Established metrics, such as ROUGE,
BLEU, and METEOR (Caglayan et al., 2020), orig-
inally developed for tasks like summarization and
machine translation, provide a way to quickly and
scalably compare the quality and fidelity of texts.
Nevertheless, several previous works reveal that ex-
cessive reliance on these metrics can be insufficient
for evaluating the quality, accuracy, usefulness, and
reliability of texts (Casola et al., 2025), and this is
not different in the financial domain (Assis et al.,
2024). Metrics based predominantly on lexical
overlap or superficial n-gram similarity often fail
to capture the semantic depth, contextual nuances,
and, crucially, the factual veracity of the presented
data (Maynez et al., 2020; Fabbri et al., 2021). In
this way, some of those metrics can give high scores
in texts for using phrases similar to a reference yet
still contain misinterpretations of complex data or
critical omissions of relevant entities (Maynez et al.,
2020; Pagnoni et al., 2021).

This paper investigates the reliability of auto-
matic evaluation metrics for assessing financial
commentaries in Portuguese. Our approach sys-
tematically introduces textual noise into expert-
authored texts and compares the perturbed ver-
sion with the original using automatic metrics. We
implement seven distinct perturbations that are
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broadly applicable but particularly relevant to the
financial domain. These include alterations that
distort the content’s meaning, such as entity substi-
tutions, which are expected to degrade evaluation
scores. Conversely, we also introduce modifica-
tions to preserve semantic integrity, such as replac-
ing nouns with synonyms. While some changes
are designed to maintain the perceived quality of
the text, our evaluation reveals that certain substitu-
tions can inadvertently shift the intended meaning.

Beyond traditional metrics, we emphasize recent
advances in using LLMs as evaluators (Gu et al.,
2025), prompting them to assess perturbed texts for
factual correctness, numerical and entity accuracy,
fluency, and overall writing quality.

Although noise-free texts may still lack higher-
level qualities such as analytical depth or argumen-
tative complexity, the absence of noise represents a
baseline requirement for textual quality. Our goal
is to assess whether existing evaluation approaches
can reliably detect fundamental degradations even
at a basic level of textual quality. If they fail to
identify elementary forms of deterioration, this sig-
nals the need for caution when applying them to
more sophisticated texts, particularly in domains
like finance, where precision and clarity are essen-
tial.

Our main contributions are as follows: (i.) We in-
vestigate a critical yet underexplored domain for au-
tomatic evaluation metrics, their use to assess finan-
cial commentaries; (ii.) we focus on the Portuguese
language within the financial domain, a combina-
tion that presents unique linguistic challenges such
as grammatical gender and verb conjugation; (iii.)
we evaluate the robustness and reliability of com-
monly used automatic metrics in capturing true text
quality under these controlled perturbations, both
with the systematic evaluation of metrics and using
LLMs-as-judges as a framework. Lastly, (iv) our re-
sults show that neither classical metrics nor current
LLM-based evaluation approaches can be safely
relied upon as proxies for correctness in financial
text evaluation, particularly in capturing structural
disruptions, factual accuracy, and domain-specific
nuances.

2 Related Work

As Natural Language Generation (NLG) capabil-
ities have significantly advanced with LLMs, the
importance of accurate evaluation methods has like-
wise increased. Several studies indicate that com-

monly used metrics can be misleading and require
careful scrutiny (Freitag et al., 2023, 2024), includ-
ing the emerging LLM-as-judge paradigm, which
itself has notable limitations (Gao et al., 2025).

Consequently, a series of shared tasks (Fre-
itag et al., 2023, 2024) has sought to critically
examine NLG evaluation metrics, aiming to im-
prove methodologies while frequently highlighting
their limitations in assessing high-quality gener-
ated texts. Even evaluations employing LLMs-as-
judges exhibit weaknesses. A comprehensive sur-
vey by Gao et al. (2025) identifies issues including
biases related to text length, sensitivity to input
order, variability across evaluation criteria, and in-
adequacies in assessing factual accuracy.

In line with our research, noise-based ap-
proaches to evaluate NLG have also been explored.
Dušek et al. (2019, 2020) investigated semantic
noise by analyzing errors in short sentences from
the E2E dataset. Additionally, Xie et al. (2023)
proposed DeltaScore, a noise-based metric specifi-
cally designed for storytelling narratives. Similarly,
Thomson and Reiter (2020) examined errors involv-
ing incorrectly named entities, numerical inaccura-
cies, and contextual inconsistencies, proposing an
annotation-based methodology to establish a gold
standard for evaluating text accuracy.

Our work stands out by addressing two distinct
aspects. While most evaluations focus on English,
we address Portuguese, an underexplored language
in NLG evaluation. Furthermore, we examine the
financial domain, which demands high sensitivity
from evaluation metrics, and investigate the perfor-
mance of both traditional metrics and LLM-based
methods in this context.

3 An Evaluation Framework Based on
Textual Noise in Financial
Commentaries

This section presents our evaluation framework for
analyzing the effect of textual noise on the assess-
ment of financial commentaries by automatic met-
rics, as illustrated in Figure 1. The process begins
with a curated dataset of expert-written financial
commentaries — human-authored texts that inter-
pret or summarize the implications of official cor-
porate disclosures likely to influence investor deci-
sions. These texts are then subjected to carefully
designed perturbations. We then analyze how stan-
dard evaluation metrics respond to the differences
between original and noisy texts to examine the
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Figure 1: Overview of the pipeline: We first collect commentaries, then introduce controlled perturbations, and
finally assess the outputs using automatic evaluation.

impact of these modifications. We also incorporate
LLM-based evaluations, prompting the models to
identify and characterize textual discrepancies.

Together, these steps enable us to evaluate both
the stability of automatic metrics under controlled
distortions and the feasibility of using LLMs to
detect more subtle textual shifts. The following
subsections detail each framework component.

3.1 Problem Statement

We consider a pair (x, tx), where x denotes an
official corporate disclosure (also known as a mate-
rial fact), and tx is a financial commentary derived
from x by a domain expert. Let p(tx) → {t′x} be a
perturbation function that receives a commentary
tx and produces one or more modified versions,
forming a set Yp = {tx1 , . . . , txk

}, with k ≥ 1.
A metric function is used to compare two texts

according to specific properties (e.g., morphosyn-
tactic similarity, semantic equivalence, or overall
quality). Such a function can either return a real-
valued score m(tx, t

′
x) → R or a categorial out-

come m(tx, t
′
x) → C, depending on the nature

of the evaluation (e.g., numerical similarity index
vs. discrete quality class). Given a set of met-
rics M = {m1, . . . ,mw}, our goal is to identify
which metrics in M exhibit stability or sensitiv-
ity with respect to each perturbation function, i.e.,
whether they maintain consistent outputs under mi-
nor controlled variations or respond appropriately
to meaningful changes in the input text.

3.2 Data

Following Assis et al. (2025), our evaluation in-
cludes financial commentaries in Portuguese, col-
lected directly from the websites of financial analy-
sis firms, using a keyword-based filtering strategy
to identify relevant events. We selected 72 com-

mentaries from 35 companies, enabling coverage
of diverse factors beyond the events themselves,
such as geographical context, company size, sec-
tor, and monetary scope. The companies to which
these analytical commentaries refer are Brasken,
GPA, Magazine Luiza, Hidrovias do Brasil, LOG,
GOL, Construtora Tenda, SLC Agrícola, Varejo
Farma, Méliuz, Bradesco, Banco do Brasil, Agro
Galaxy, Americanas, Natura, CEMIG, Oncoclíni-
cas, ALLOS, Mater Dei, Sabesp, Casas Bahia,
Rumo, Cogna, Petrobras, Vale, Hypera Pharma, Vi-
bra, BRF, VBI Logística, CSHG Logística, Cosan,
XP Malls, Telefônica Brasil S.A., Bresco Logís-
tica, and BTG Pactual. This selection allows us
to capture a broad range of factors beyond the
specific events and companies involved, including
geographical context, company size, sector, and
monetary dimensions.

3.3 Noise Introduction

We construct a synthetic dataset by applying con-
trolled textual perturbations to expert-authored fi-
nancial commentaries from our corpus. Specifi-
cally, we introduce seven types of noise: entity
replacement, sentence reordering, typo insertion,
synonym substitution, random insertion, random
swapping, and random deletion. These noise types
were selected to reflect both common errors across
domains and risks specific to financial commentary.
Typo insertion and synonym substitution simulate
everyday mistakes that may occur during drafting
or automated generation, allowing us to assess how
effectively automatic metrics and LLMs-based eval-
uation handle surface-level distortions. In contrast,
sentence reordering, entity replacement, and ran-
dom insertion, deletion, and swapping introduce
more consequential semantic shifts, particularly in
finance, where misnaming a company or omitting
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key information can lead to serious misreading.

Typo Insertion (TI) simulates orthographic er-
rors by injecting typos using the spaCy Augmenty1

library. Texts are processed with the Portuguese
spaCy model, and typos are inserted in a controlled
proportion of characters and samples. This noise
typically preserves the original semantics.
Sentence Reordering (SR) splits the text into
individual sentences and shuffles their order us-
ing spaCy for Portuguese sentence segmentation.
While this often preserves the core meaning, it can
alter the emphasis. In financial commentaries, how-
ever, disrupting the temporal and causal flow may
mislead readers or obscure key recommendations.
Synonym Substitution (SS) selects N words from
the sentence at random, excluding stop words.
Each of these selected words is replaced with a ran-
domly chosen synonym. This modification should
not alter the linguistic and semantic evaluation.
Random Insertion (RI) refers to the process of
inserting words into a sentence at random positions.
This is achieved by randomly selecting N words in
a sentence, ensuring that they are not stop words.
Then, synonyms of these words are inserted at ran-
dom positions in the sentence, all while keeping
the original words untouched. This noise should
alter the syntax and semantics of the text.
Random Swapping (RS) randomly selects two
words and switches their positions in the text, en-
suring that all other elements remain unaffected.
Entity Replacement (ER) identifies organization
entities (“ORG”) using spaCy’s optimized Por-
tuguese model2, then replaces them with others
of the same type via the Faker library3. These
preserve structure while altering content, ideally
signaling a loss of meaning, though some substitu-
tions may appear plausible.
Random Deletion (RD) This noise operates by
iterating through each word in a sentence and
removing it with a fixed probability p.

Table 1 presents examples of modified versions
of a commentary to better illustrate each noise type.

Regarding the volume of noise, we maintained
a consistent noise level across all perturbations:
50% of sentences per commentary were modified,
with 5% of words perturbed within each altered
sentence.

1https://spacy.io/universe/project/augmenty
2https://spacy.io/models/pt
3https://pypi.org/project/Faker/

3.4 Metrics Implementation

We investigate the extent to which different metrics
can reliably assess synthetically altered texts. Our
framework encompasses lexical, semantic, align-
ment, and automatic evaluation scenarios. Re-
garding lexical overlap evaluation, we adopt
ROUGE (Lin, 2004) to measure content similarity
based on n-gram co-occurrence statistics. ROUGE
comprises a set of automatic evaluation metrics
originally developed for summarization tasks. We
used the ROUGE-1, ROUGE-2, and ROUGE-L
variants, which quantify the overlap between can-
didate and reference texts based on unigrams, bi-
grams, and longest common subsequences, respec-
tively. We also include BLEU (Papineni et al.,
2002), another classical metric based on n-gram
precision. Unlike ROUGE, which emphasizes re-
call by measuring how much of the reference is
captured by the candidate, BLEU focuses on preci-
sion, assessing how much of the candidate matches
the reference. They remain widely adopted due
to their computational efficiency and ease of inter-
pretation. We chose to retain BLEU and ROUGE
as baseline metrics due to their continued use in
financial NLP evaluations, despite their known lim-
itations (Yan, 2022; Wang et al., 2024; Assis et al.,
2024).

To evaluate the semantic similarity metrics, we
adopt BERTScore (Zhang et al., 2019), which re-
lies on contextualized embeddings and token prob-
ability analysis. Our implementation relies on
mBERT (Devlin et al., 2019) given that the current
implementation of BERTScore does not provide
direct support for models trained in Portuguese.

Our framework further incorporates inter-
pretable alignment-based metrics via the CTC
framework (Deng et al., 2021), offering a unified
evaluation paradigm for natural language genera-
tion grounded in information alignment. We used
two key metrics from this framework: consistency,
which checks how well the generated content aligns
with the original input, and groundedness, which
assess whether the output is grounded in external
knowledge or context. These measures are partic-
ularly valuable for assessing factual accuracy and
relevance, especially in cases where staying true to
the source material is crucial, as is the case with
commentaries based on material facts.

Finally, we also rely on LLMs-as-a-judges.
This paradigm is gaining traction due to its scal-
ability and potential to simulate manual evalua-
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Noise type Noisy output Noisy type Noisy output

ER The Petrobras recorded higher revenue in the quarter, sup-
ported by stronger international sales. Operating expenses
declined slightly due to cost-control initiatives. As a result,
net profit rose 8% compared to the previous period.

SR Operating expenses declined slightly due to cost-control ini-
tiatives. The Braskem reported higher revenue in the quarter,
supported by stronger international sales. As a result, net profit
rose 8% compared to the previous period.

TI The Braskem reported higher revenue in the quarter, supported
by #tronger international sales. Operating expenses declined
slightly du1 to cost-control initiatives. As a result, net profit
rose 8% compared to the previous period.

SS The Braskem recorded higher income in the quarter, supported
by stronger international sales. Operating expenses declined
slightly due to cost-control programs. As a result, net profit
rose 8% compared to the previous period.

RI The Braskem reported higher earnings revenue in the quarter,
supported by stronger international sales. Operating expenses
declined slightly due to cost-control initiatives. As a result,
gain net profit rose 8% compared to the previous period.

RS The Braskem higher reported revenue in the quarter, supported
by stronger international sales. Operating declined expenses
slightly due to cost-control initiatives. As a result, profit net
rose 8% compared to the previous period.

RD The <> reported higher revenue in the quarter, supported by
stronger international sales. Operating expenses <> slightly
due to cost-control initiatives. As a result, net profit rose 8%
compared to the previous period.

Table 1: English-translated examples of noise injection in financial commentaries. The original text is: “The
Braskem reported higher revenue in the quarter, supported by stronger international sales. Operating expenses
declined slightly due to cost-control initiatives. As a result, net profit rose 8% compared to the previous period.”

tion in complex and open tasks (Gu et al., 2025).
LLMs are instructed4 to provide an overall classifi-
cation of each text as good or bad, and to indicate
whether any inconsistencies were present concern-
ing specific aspects such as writing quality, fluency,
numerical accuracy, named entities, and factual
consistency. Our goal is to assess the models’ abil-
ity to detect textual noise and deliver consistent
quality judgments, thereby evaluating their relia-
bility as automated reviewers. We incorporate six
open-source language models into our framework
with varying architectures and sizes: Llama3.1
(8B) (Grattafiori et al., 2024), DeepSeek-R1 (8B,
14B, 32B) (DeepSeek-AI, 2025), Phi-4 (14B) (Ab-
din et al., 2024), and Gemma-3 (27B) (Gemma-
Team, 2025). Reproducibility and transparency
drive the choice of open-source models. Each LLM
is expected to evaluate whether a financial com-
mentary is good (high quality) or bad (low quality)
based on five criteria explained next. Failures or
unexpected outputs are marked as “na”.

We evaluate five factors: (i) Factual accuracy
(Facts): correctness of information relative to the
original commentary; (ii) Entity accuracy (En-
tity): consistency of named entities across versions;
(iii) Numerical value accuracy (Values): correct-
ness of financial figures, independent of context;
(iv) Fluency: clarity and coherence of the text; (v)
Writing quality (Writing): presence of grammati-
cal errors.

4 Results and Discussion

This section discusses the results obtained from the
classical and LLM-as-a-judge paradigms.

4The prompt is available at A.

4.1 Automatic Metrics

This subsection analyzes the results of BLEU,
BERTScore, ROUGE, and CTC, which capture dif-
ferent aspects of semantic, lexical, and factual con-
sistency. Higher scores indicate closer alignment
with the original, noise-free texts. Table 2 reports
the outcomes of applying these metrics, treating
the noisy versions as targets and the expert-written
texts as ground truth.

The BLEU scores reveal significant variation
across noise types. Typo Insertion (TI), Entity
Replacement (ER), and Sentence Reordering (SR)
maintain relatively high BLEU scores of 0.78, 0.92,
and 0.97, respectively, indicating minimal disrup-
tion to lexical similarity. In contrast, Random Dele-
tion (RD) and Random Swapping (RS) yield the
lowest BLEU scores (0.05), underscoring their sub-
stantial impact on the text’s coherence and fluency.
This is due to its primary nature of capturing lexical
and word-order similarity, not meaning, grammar,
or readability. This way, we can conclude that
BLEU is stable under lexical disruptions but not
sensitive to semantic or structural distortions.

BERTScore, which evaluates semantic similar-
ity, shows that Entity Replacement (ER) achieves
the highest precision, recall, and F1 scores (0.96,
0.97, and 0.97, respectively). This suggests that re-
placing entities has a limited effect on the metric’s
perception of the overall semantic structure. Con-
versely, Random Deletion (RD), Random Insertion
(RI) and Random Swapping (RS) yield the lowest
scores, with F1 values of 0.68, 0.66, and 0.63, re-
spectively, reflecting a significant degradation in
semantic alignment. This shows that BERTScore
effectively distinguishes between mild and severe
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Noise BLEU BERTScore ROUGE CTC

prec. rec. f1 R1 R2 RL RLsum ground. ground.ref fact. fact.ref

Typo Insertion (TI) 0.78 0.90 0.93 0.92 0.90 0.81 0.90 0.90 301.88 417.16 0.66 0.91
Random Deletion (RD) 0.05 0.69 0.66 0.68 0.63 0.35 0.63 0.60 231.91 275.05 0.63 0.74
Random Insertion (RI) 0.21 0.65 0.68 0.66 0.74 0.51 0.74 0.74 277.44 333.50 0.60 0.72
Random Swapping (RS) 0.05 0.63 0.64 0.63 0.96 0.26 0.40 0.57 276.50 335.33 0.62 0.75
Synonym Substitution (SS) 0.19 0.72 0.72 0.72 0.70 0.46 0.68 0.68 276.39 342.62 0.61 0.76
Entity Replacement (ER) 0.92 0.96 0.97 0.97 0.96 0.94 0.96 0.96 301.60 431.22 0.66 0.94
Sentence Reordering (SR) 0.97 0.85 0.86 0.85 1.00 0.97 0.45 0.97 308.03 366.74 0.68 0.81

Table 2: Semantic, lexical, and factual metrics by noise type (higher values suggest better quality).

distortions (captures semantic degradation), but it
is insensitive to entity-level factual changes and
role reversals. This way, for tasks where factual ac-
curacy or entity identity is crucial (such as financial
texts), BERTScore alone is insufficient.

The ROUGE metrics, which measure overlap
in n-grams and sequences, further highlight how
noise can go unnoticed by traditional metrics. En-
tity Replacement (ER) consistently achieved high
scores across all ROUGE variants used. Mean-
while, Sentence Reordering (SR) showed high re-
sults for all variants except ROUGE-L, reflecting
the disruption of longer sequences caused by noise.
Random Deletion and Insertion (RD and RI), along
with Synonym Substitution (SS), led to the most
consistent drops across the ROUGE variants, as
somewhat expected. This means that ROUGE be-
haves similarly to BLEU, mainly capturing surface
similarity but not deeper semantic or structural co-
herence.

The CTC metric evaluates aspects of ground-
edness and factuality based on alignment. Here,
‘ground.ref’ and ‘fact.ref’ indicate that the
ground truth provided to the metric was the noise-
less financial commentary, while ‘ground’ and
‘ref’ were calculated using the corporate docu-
ment mentioned in the texts. Overall, the noisy
texts exhibit stronger alignment with the noise-free
commentary, although differences are observed
across error types. Sentence Reordering (SR), En-
tity Replacement (ER), and even Typo Insertion
(TI) maintain high scores on the metric, whereas
the others exhibit more pronounced drops — par-
ticularly Random Deletion (RD), which stands out
negatively. These results indicate that CTC cap-
tures both semantic and factual alignment, not just
surface similarity. High scores for ER and TI im-
ply that factual grounding remains largely intact,
while low scores for RD and similar perturbations
suggest that deleting content compromises factual
completeness and coherence.

Overall, deletion, insertion, and word-level

swapping errors are more easily captured by au-
tomatic metrics, which align with their design,
whereas full-sentence reordering shows limited ef-
fects. Notably, Entity Replacement (ER) consis-
tently yields high scores, suggesting minimal im-
pact on text quality when interpreted strictly by the
metric outcomes. However, this overlooks a criti-
cal issue: in financial analyses, changes to entities
can significantly affect accuracy and validity, as
entities carry specific financial contexts and impli-
cations. Consequently, high ER scores highlight
a limitation of these metrics to potentially assess
automatically generated financial texts.

4.2 LLM-as-a-judge

This section presents a comparative evaluation of
six language models, each serving as a judge in
assessing financial commentaries. The models are
evaluated based on their ability to identify and as-
sess the distortions introduced in Section 3.3 when
compared against the original, unaltered financial
commentaries. All reported results represent the
average outcomes across three independent runs.

In Section 4.2.1, we discuss the overall quality
of financial commentaries after the introduction of
each type of noise. Next, we extend the evaluation
in Section 4.2.2 by analyzing how each LLM per-
ceives the impact of textual noise, focusing on the
five key factors introduced in Section 3.4.

4.2.1 Overall results
Table 3 summarizes the overall performance of
each model in evaluating the 72 financial commen-
taries, each subjected to one of the seven categories
of textual noise. Examining the results in Table 3,
we observe a notable divergence between deepseek-
r1:8b and the other models in assessing commen-
tary quality. Regardless of the noise type, deepseek-
r1:8b tends to classify most texts as high quality,
particularly under Typo Insertion (TI) and Sentence
Reordering (SR), which appear to have no adverse
effect on its evaluations. Although deepseek-r1:8b
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Judge TI RD RI RS SS ER SR
✓ ✗ na ✓ ✗ na ✓ ✗ na ✓ ✗ na ✓ ✗ na ✓ ✗ na ✓ ✗ na

llama3.1:8b 31 40 1 4 67 1 1 69 2 4 67 1 2 69 1 24 48 0 43 29 0
gemma-3:27b 33 39 0 0 72 0 0 72 0 0 72 0 0 72 0 7 65 0 15 57 0
deepseek-r1:8b 60 11 1 48 24 0 54 18 0 49 23 0 48 23 1 47 25 0 61 10 0
deepseek-r1:14b 38 32 2 10 61 1 9 61 2 14 55 2 8 62 2 27 42 3 40 29 4
deepseek-r1:32b 34 36 2 3 69 1 6 65 1 6 66 0 5 65 2 22 48 3 30 41 1
phi4:14b 32 40 0 0 72 0 0 72 0 0 72 0 1 71 0 16 56 0 45 27 0

Table 3: LLM-as-a-judge results. Symbols indicate model judgments: ✓ for “good”, ✗ for “bad”, and na for no
response. Values represent averages over three runs.

Figure 2: Radar charts of the impact of each noise type on five key aspects of financial commentaries, as judged by
LLMs. Each axis indicates the proportion of detected issues per dimension.

is a distilled version of llama-3.1:8b (DeepSeek-AI,
2025), it showed to be less reliable in detecting tex-
tual disruptions. In contrast, llama-3.1:8b shows
greater sensitivity to noise.

Among the DeepSeek-R1 family (8b, 14b, 32b),
performance improves with model size, especially
in identifying low-quality analyses. These mod-
els are most responsive to Random Deletion (RD),
Random Insertion (RI), Random Swapping (RS),
and Synonym Substitution (SS).

Overall, gemma-3:27b, deepseek-r1:32b, and
phi-4:14b exhibit more consistent performance
across noise types, but still fail to provide stable and
comprehensive judgments across all evaluation di-
mensions. Notably, gemma-3:27b is the most sensi-
tive to Entity Replacement (ER), whereas deepseek-
r1:32b struggles more to detect Typo Insertion (TI)
as problematic. In contrast, phi-4:14b is less sen-
sitive to Sentence Reordering (SR) errors. Inter-

estingly, all models, except the previously men-
tioned deepseek-r1:8b, perceive Synonym Substitu-
tion (SS) as harmful.

4.2.2 Impact of Noise on Performance
Here, we expand our evaluation by examining how
each LLM responds to the presence of textual noise.
Figure 2 presents a radar chart for each type of
inserted noise. Its dimensions show the cases in
which the LLMs indicated that the noise may affect
one of the five key factors outlined in Section 3.4,
assessing its impact across them. Specifically, the
chart shows the answer “no” for most key factors
and “yes” for Writing, as can be verified in the
prompt in appendix A.

Regarding Typo Insertion (TI), although any
key factor may be affected, Fluency and Writing are
expected to be most impacted. This held for most
models on Fluency, except deepseek-r1:8b, which
often claimed the text remained “fluid and coher-
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ent”. For Writing, most models correctly flagged
errors, but the Deepseek family was inconsistent:
“yes” sometimes meant errors were found, and other
times that quality was preserved, making their an-
swers unreliable for this factor.

The llama3.1:8b showed an unexpected pattern
for Values: while it sometimes acknowledged typos
(e.g., “The financial values... are the same... How-
ever, typos and formatting errors were observed”),
it often failed to compare values accurately, sug-
gesting confusion rather than noise sensitivity.

The Random Deletion (RD) chart shows that
this noise mainly affected Fluency and Writing, as
expected, since omissions disrupt coherence and
grammar. Among models, deepseek-r1:8b detected
the fewest inconsistencies, while its 32b version
was more critical, citing fragmentation and discon-
tinuity. Values again emerged as a sensitive di-
mension, especially for llama3.1:8b, which flagged
omissions in the financial texts with detailed justifi-
cations. Nonetheless, most models did not penalize
deletions unless numeric discrepancies were ex-
plicit, suggesting a limited ability of llama3.1:8b
to infer missing values as inaccuracies. For Facts,
llama3.1:8b and phi-4:14b flagged more errors, cit-
ing missing or incomplete content. On Entities, phi-
4:14b was notably context-aware, penalizing cases
where framing was lost. For instance, it noted:
“The entities mentioned are partially referenced,
but in an incorrect and confusing manner”, while
llama3.1:8b simply stated: “The target and golden
analyses mention the same main entities...”

The impact of Synonym Substitution (SS)
closely resembled that of Random Deletion (RD).
For Facts, models gave mixed responses. Some
flagged semantic drift, e.g., “The target analysis al-
ters the meaning... introducing misinterpretations
regarding the sale of Bankly, the financial terms,
and the proposed actions”. Others accepted para-
phrasing, stating “The target analysis reports the
same facts... albeit with different wording”. In
some cases, substitutions went entirely undetected.

Entity-level substitutions using synonyms re-
vealed weaknesses in the LLMs’ evaluation. For
example, replacing “Vale” (a company) with “Baix-
ada” (a geographical term that matches the mean-
ing if “Vale” were interpreted as a common noun
rather than a proper name) was flagged only by
phi-4:14b and llama3.1:8b, revealing inconsistent
model sensitivity. Values were also affected, par-
ticularly when substitutions involved named loca-
tions or project identifiers. For instance, changing

“Platform” to “Pier” led to justifications citing unit
inconsistencies and unclear quantitative references.

Both Random Insertion (RI) and Random
Swapping (RS) mirror the behavior observed in
previous noise types. Fluency and Writing remain
the most affected dimensions. Notably, gemma-
3:27b shows a contrasting profile: it is less effec-
tive at detecting issues in Facts, Entities, and Val-
ues, but consistently sensitive to disruptions that
may affect Fluency and Writing. In these cases, it
frequently returns comments such as “The text in
the target commentary is extremely confusing, with
unnecessary repetitions and words out of context”
and “The target commentary contains numerous
grammatical errors, repetitions, and meaningless
words”, highlighting its responsiveness to syntac-
tic and lexical noise. As with other dimensions,
deepseek-r1:8b detects more issues in Writing, but
struggles to capture impacts on other aspects.

Entity Replacement (ER) impacts a distinct
set of dimensions. As expected, Entity is most
affected, followed by Facts, given ER’s potential
to undermine truthfulness and relational integrity.
gemma-3:27b shows particular sensitivity to En-
tity, while phi-4:14b is more responsive to Facts.
Nonetheless, detection rates across models remain
well below 100%, suggesting limited coverage.

Lastly, Sentence Reordering (SR) reveals a dis-
tinct pattern. Most models do not perceive sen-
tence reordering as highly disruptive. This is ex-
pected, as SR might make the texts less fluid, while
maintaining their overall meaning. An exception
is gemma-3:27b, which penalizes Fluency, along
with previously noted deviations, llama3.1:8b on
Values and deepseek-r1:14b on Writing.

In general, deepseek-r1:32b and phi-4:14b show
the most balanced performance, with phi-4:14b
standing out despite its smaller size. While gemma-
3:27b occasionally leads to error detection, it fails
markedly in other areas. Both llama3.1:8b and
deepseek-r1:8b fail to provide consistent responses.

5 Conclusion

This paper examined the robustness of automatic
text evaluation by introducing fine-grained pertur-
bations into reference texts in a novel task of fi-
nancial commentary generation in Portuguese. We
assess the impact of seven types of textual noise
using both traditional metrics and the LLM-as-a-
judge paradigm.

Classical metrics reveal important limitations:
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BLEU and ROUGE detect surface disruptions but
struggle with structural changes, while BERTScore
and CTC often overlook critical domain-specific
alterations such as entity replacements.

LLM-as-a-judge evaluations show notable vari-
ation across models. Smaller models, such
as deepseek-r1:8b, frequently overrate noisy
texts, whereas larger models, like phi-4:14b
and deepseek-r1:32b, demonstrate more balanced,
context-aware assessments. Gemma-3:27b is par-
ticularly sensitive to fluency issues but less reliable
on factual dimensions. Challenges persist across
models in handling entity substitutions and implicit
value inconsistencies, highlighting limitations in
current evaluation approaches.

Future work will explore the inclusion of LLM-
generated texts, the design of a rigorous qualita-
tive assessment framework with domain experts
in the loop, and the development of context- and
domain-sensitive evaluation strategies, potentially
leveraging ensembles of cooperative LLMs (Verga
et al., 2024).

Limitations

Although we aimed to investigate the robustness of
automatic evaluation in Portuguese financial com-
mentaries, we recognize that our conclusions may
not generalize to other languages, domains, or tasks.
While additional metrics could have been consid-
ered, many recent approaches require model train-
ing and are not readily applicable to Portuguese.
Finally, we acknowledge that a more robust and sys-
tematic human evaluation, particularly involving
domain and linguistics experts, could offer further
insights into the observed results.

Ethical Considerations: The financial texts used
in this study cannot be broadly redistributed due
to authorship and distribution policies established
by the original financial research firms. However,
the texts are publicly available and can be accessed
through the data collection procedure described
in the paper. This way, this study respects the
intellectual property and distribution policies of
the original financial research firms. All data were
used in accordance with the terms of access and
solely for research purposes, ensuring compliance
with ethical and legal standards.
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Prompt

You are a financial expert. Your role is to evaluate the quality of a financial
commentary (target commentary) compared with a commentary authored by domain
specialists (golden commentary).

Consider the following points:

Facts: Check whether the facts presented in the target commentary are correct
with respect to the golden commentary. Answer "yes" when the facts are correct;
otherwise, answer "no."

Entities: Check whether the entities in the golden commentary are preserved in
the target commentary. Answer "yes" if the entities are the same in both
analyses; otherwise, answer "no."

Values: Verify whether the financial figures are identical in both analyses.
Consider only the numerical values, regardless of any surrounding context.
Answer "yes" if the values match; otherwise, answer "no."

Fluency: Is the target commentary text fluent and coherent? Answer "yes" if the
text is fluent and coherent; otherwise, answer "no."

Writing: Does the target commentary contain grammatical errors? Answer "yes"
if there are grammatical errors in the target commentary; otherwise, answer
"no."

Conclusion: Finally, classify the target commentary as "good" or "bad" with
respect to the golden commentary.

Items: Based on the five criteria above—Facts, Entities, Values, Fluency, and
Writing—list which of these items are incorrect in the target commentary.

Your answer must be in JSON format following this structure:

{
"Facts": {

"Comment": <string>,
"Answer": "yes" or "no"

},
"Entities": {

"Comment": <string>,
"Answer": "yes" or "no"

},
"Values": {

"Comment": <string>,
"Answer": "yes" or "no"

},
"Fluency": {

"Comment": <string>,
"Answer": "yes" or "no"

},
"Writing": {

"Comment": <string>,
"Answer": "yes" or "no"

},
"Conclusion": "good" or "bad",
"Items": ["Facts", "Entities", "Values", "Fluency", "Writing"]

}

Figure 3: System prompt provided to the LLMs-as-judges evaluation.
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