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Abstract. Abstractive summarization systems often generate content that is not
supported by the source text, making faithfulness verification a critical evalua-
tion step. In this paper, we investigate the reliability of Natural Language Infer-
ence (NLI) methods for detecting summary faithfulness in Portuguese. Our con-
tribution is two-fold: (i) we introduce VERISUMM, the first large-scale dataset
for summary faithfulness detection in Portuguese, and (ii) we benchmark sev-
eral NLI-based approaches applied to faithfulness detection. Our experiments
revealed that zero-shot models exhibit low to moderate performance and that
fine-tuning improves results. However, our error analysis showed that NLI mod-
els rely heavily on lexical overlap heuristics, limiting their effectiveness.

1. Introduction
Abstractive summarization aims to mimic the way in which humans summarize text by
not simply extracting verbatim portions of the input document. Instead, it generates
new sentences that capture the key ideas of the original text via rephrasing, reword-
ing, and synthesizing information [Nallapati et al. 2016]. Despite its superior results in
comparison to extractive summarization [Feijo and Moreira 2019, El-Kassas et al. 2021,
Sharma and Sharma 2022], abstractive summaries may not be faithful to the source text
due to hallucinations – a known problem in generative models [Ji et al. 2022]. Faithful-
ness is crucial for developing reliable summarization systems. We define an unfaithful
summary as a summary that presents information not supported by the source text.

Automatic summarization in Portuguese has come a long way. The devel-
opment of datasets for this language paved the way for the establishment of new
summarization models. Datasets such as Temário [Pardo and Rino 2003] and CST-
News [Cardoso et al. 2011] were early landmarks in the history of pt-BR summarization.
More recently, the release of large-scale datasets such as XL-Sum [Hasan et al. 2021]
and RecognaSumm [Paiola et al. 2024] enabled the training of more powerful models
with hundreds of millions of parameters, such as PTT5 [Piau et al. 2024]. However, the
factual consistency of the abstractive summaries has largely been out of discussion. As
we will discuss later, Natural Language Inference (NLI) is an important way to detect
hallucinations in summaries. We are aware of at least one work that used NLI to evaluate
faithfulness in summarization in pt-BR [Feijo and Moreira 2023]. Given the importance
of the NLI-based summary consistency evaluation methods and the emerging models for
summarization in pt-BR, we aim to answer the following question To what extent can we
rely on NLI-based summary faithfulness detection in the Portuguese language?



In this paper, we developed VERISUMM, a dataset with documents, summaries,
and their faithfulness labels. Then, we implemented several NLI models and tested them
on VERISUMM. Our experimental results showed that zero-shot models present a low
to moderate performance on the task. This highlights the difficulty of the task and the
current state of pt-BR NLI models. We also find that fine-tuning a long premise model on
the task data improves the performance. Additionally, through extensive error analysis,
we show that models rely on lexical overlap heuristics to make predictions. Our data and
prompts are available at https://github.com/felipesfpaula/verisumm.

2. Related Work
Faithfulness Evaluation in Abstractive Summarization. The ROUGE [Lin 2004] met-
ric has been used for decades to evaluate the quality of summaries with respect to a refer-
ence. However, previous work showed that this metric correlates very poorly with human
judgments of factuality [Yuan et al. 2021, Zhong et al. 2022] (Spearman’s ρ < 0.112).
This led to the creation of different families of new metrics. There were approaches
based on information extraction that checked the presence of similar information pieces
in summaries and source texts [Cao et al. 2018, Goodrich et al. 2019, Nan et al. 2021].
Similarly, but in a more general way, Question Answering (QA) methods matched infor-
mation excerpts between the two texts. These QA-based methods [Durmus et al. 2020,
Wang et al. 2020, Scialom et al. 2021] generate question-answer pairs from summaries,
then the questions are answered using the source text as input, and the answers are com-
pared. More recently, with the advent of Large Language Models (LLMs), the paradigm
shifted towards using these bigger models for the task. In this line, it was shown that
open-source models preferred factually correct summaries [Tam et al. 2023]. Also, there
were works [Shen et al. 2023] that showed a high correlation between human judges and
LLM judges while advising against using LLMs as a replacement for human annotators
due to bias issues.

NLI and NLI-based Faithfulness Detectors. The NLI task involves determining a log-
ical relationship between a premise and a hypothesis. A common way of approaching
this problem is to classify the premise-hypothesis pair as entailment, neutral, or contra-
diction [Bowman et al. 2015, Williams et al. 2018], although different classification ap-
proaches exist [Fonseca et al. 2016, Real et al. 2020]. NLI can be used to the benefit of
other NLP tasks. For example, in verifying the answers of QA systems [Chen et al. 2021],
or detecting machine-generated text [Shastry et al. 2025]. Modeling summary faithful-
ness detection as an NLI task is a natural choice since the source text is entailed by faithful
summaries. However, this conversion is not without its problems. Usually, NLI models
are trained on sentence-level premises and hypotheses, which makes using standard mod-
els unfeasible. A line of research tries to solve this problem by proposing longer premise
NLI models [Mishra et al. 2021, Utama et al. 2022]. In an orthogonal direction, there is
a line of works that use sentence-level models in conjunction with techniques that de-
compose the longer texts into smaller segments [Laban et al. 2022, Schuster et al. 2022,
Zhang et al. 2024]. In this work, we compare both types of NLI approaches applied to
summary faithfulness detection. As far as we know, we are the first to propose a long
premise NLI dataset and compare faithfulness detection methods for Portuguese.

LLM as a judge. The high quality of current state-of-the-art LLMs and the relatively
cheap costs of use have driven the idea of using them as dataset annotators. Previ-
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ous studies report that the agreement between LLMs such as GPT-4 and humans is
higher than the agreement between humans in specific tasks [Zheng et al. 2023]. In
other studies, the LLMs’ agreement with humans is very high but still lower than be-
tween humans [Sottana et al. 2023, Thakur et al. 2025]. In related areas such as Infor-
mation Retrieval, LLMs have been used to generate query-document relevance judg-
ments [Faggioli et al. 2023, Thomas et al. 2024, Bueno et al. 2024], also reaching a high
quality. The use of LLMs as evaluators is not without its limitations, as they have
been shown to display their own hallucinations, systematic biases, and a lack of robust-
ness [Gu et al. 2025]. In the absence of a human-evaluated summary faithfulness bench-
mark, we propose an LLM-annotated dataset as the best approximation. While it may
not be optimal, it can help the community to uncover problems in the summarization and
summarization evaluation models.

This research aims to close some important gaps in the NLP literature. First, it
addresses the fact that there are no publicly available pt-BR faithfulness datasets. Second,
as far as we know, there is currently no pt-BR long-premise NLI resource, which we also
built. Third, we bring to the front the discussion of sentence-based vs. long premise-
based NLI faithfulness detection. And finally, we perform a detailed error analysis and
reveal that systems rely on lexical overlaps. This discussion was not found in the English
language processing literature since the NLI models are more advanced.

3. VERISUMM– a dataset for faithfulness evaluation

In order to be able to evaluate faithfulness in summaries, we compiled VERISUMM, a
dataset with documents, their summaries, and a binary label indicating whether the sum-
mary is faithful. A visual description of the dataset construction can be seen in Figure 1.
Inspired by TrueTeacher [Gekhman et al. 2023], we generated summary data using differ-
ent PTT5v2 [Piau et al. 2024] models. More specifically, we fine-tuned PTT5v2 models
of different sizes (small, base, and large) in two news summarization datasets in Por-
tuguese: XL-sum [Hasan et al. 2021] and RecognaSumm [Paiola et al. 2024]. Different
from TrueTeacher, we also experimented with varying the decoding approach of the sum-
mary. For a stricter generation, we used beam search with five beams, and for a more
creative generation, we used top-p sampling [Holtzman et al. 2020] with temperature of
1.0 and p = 0.85. For test data, we selected 150 source texts from each test set of XL-Sum
and RecognaSumm, and generated summaries using each of the three models fine-tuned
on the respective dataset and the two decoding strategies, resulting in a total of 2,100
pairs, as presented in Table 11. For training data and validation, we did a similar proce-
dure, selecting 600 source texts from the validation sets from both datasets and generating
the summaries using the six summarization models. From the resulting pairs, we sampled
5 000 for training and 1 000 pairs for validation. All splits include gold summaries.

To evaluate the faithfulness of the summaries, we employed an LLM as a judge
approach. We built a prompt around the faithfulness error taxonomy proposed for the
FRANK benchmark [Pagnoni et al. 2021] and submitted it to GPT-4.1 through OpenAI’s
API. The faithfulness violation typology in FRANK is grounded in linguistic theories.
In their annotation experiment, crowdworkers and experts achieved a high level of agree-
ment, showing that this taxonomy helps to reduce the subjectivity involved in the task. We

12 (datasets) × 150 (texts) × 3 (models) × 2 (decodings) + (150 × 2) gold = 2,100
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Figure 1. VERISUMM construction diagram

Table 1. Dataset composition. Percentages are column-wise within each split.
Numbers rounded to the second decimal.

Split Pairs
Source (%) Generator Scale (%) Faithfulness (%)

Recog XL Small Base Large Gold Faithful Unfaith.

Train 5 000 50 50 29 28 28 15 64 36
Val 1 000 47 53 30 26 28 16 64 36
Test 2 100 50 50 29 29 29 14 64 36

All 8 100 50 50 29 28 28 15 64 36

posit that having a well-grounded reference of which errors to look for can help steer the
LLM in the direction of making the best decisions. Despite the resulting data being anno-
tated with a fine-grained typology of errors, we binarize the results considering whether
the summaries contain a faithfulness violation.

Dataset Composition. In Table 1 we can see the data statistics. The corpus is deliber-
ately balanced across its main axes. Exactly half of the 8.1k instances come from Recog-
naSumm and half from XL-Sum, with the validation split showing only a slight 3-point
drift. Automatic summaries generated by small, base, and large models each contribute
roughly 28–30%, while an additional 15% of “gold” human summaries are included in
every split, ensuring that no single scale dominates. Label distribution is stable, with
64% of summaries annotated as faithful and 36% unfaithful in train, validation, and test
alike—providing a consistent, mildly imbalanced target that mirrors real-world error rates
without skewing any single partition. Overall, the table shows that the dataset offers ample
training material while preserving uniform composition across splits, making downstream
comparisons straightforward and fair.

Human Audit To assess the quality of the labels produced by the LLM, we manually
inspected a sample of the test set of VERISUMM. We sampled 75 instances labeled as
unfaithful and 75 instances labeled as faithful. These 150 instances were analyzed by two
human raters. They were asked if they agreed or disagreed with the label produced by the
LLM. They had access to the fine-grained analysis and chain-of-thought explanation of
the annotation. The inter-rater agreement between the two annotators was 0.33 (Cohen’s
κ), which suggests a fair to moderate agreement. Both humans agreed with the LLM on
122 of 150 cases (81%) and they both rejected the LLM label on 7 cases (≈ 5%).



4. Models and Baselines for Faithfulness Detection
In order to evaluate how well NLI models can detect faithfulness, we implemented differ-
ent models, which account for premises of varying lengths. Those are presented next.

4.1. Long Premise NLI model: PT-NLI-Long

Corpus creation. To construct a corpus suitable for training a long premise NLI
model aimed at evaluating summary faithfulness, we transformed the SQuADv2
dataset [Rajpurkar et al. 2018], which was designed for QA, into an NLI format.
SQuADv2 has both answerable and non-answerable questions (i.e., questions that can-
not be answered based on the context provided). Our methodology differs from prior
approaches as follows: (i) For unanswerable questions, we prompted an LLM to gen-
erate plausible yet incorrect span answers representative of flawed QA systems. Subse-
quently, we asked the LLM to convert these erroneous answer-question pairs into declar-
ative sentences, labeling them as non-entailment. (ii) For answerable questions, the LLM
transformed correct question-answer pairs into declarative statements. To mitigate lexi-
cal overlap biases, each statement was paraphrased into five distinct sentences. (iii) We
then translated all instances into Brazilian Portuguese using the LLM, ensuring consistent
translations between hypotheses and premises.

To further enrich the training data and enhance reasoning skills, we inte-
grated additional NLI resources: a translated subset of ConTRoL [Liu et al. 2021],
which emphasizes logical and textual comprehension challenges, and Portuguese
NLI datasets ASSIN [Fonseca et al. 2016], ASSIN2 [Real et al. 2020], and In-
ferBr [Bencke et al. 2024]. All datasets were standardized into binary entailment/non-
entailment labels, resulting in a final training set comprising 169, 963 instances.

Model Fine-tuning. We fine-tuned the entire sequence-to-sequence model PTT5-large on
this newly assembled dataset. As the model outputs tokens to perform classification, we
mapped the entailment class to token “e” and the non-entailment class to token “n”. The
final prediction involves applying a softmax to the two-dimensional probability vector
corresponding to these tokens. The model was fine-tuned for five epochs.

In Table 2, we can see the composition of the train/test corpora and the perfor-
mance of the fine-tuned model. Overall, the performance is good, save for the ConTRoL
test set, in which there is a significant drop. This is a clue that the model is not yet suitable
to perform more sophisticated reasoning tasks.

Table 2. PT-NLI-Long corpus statistics and model performance.

Dataset Train Train Test Test Accuracy Precision Recall
Instances Prop. Instances Prop.

InferBR 8,190 0.05 1,705 0.04 0.96 0.91 0.96
ASSIN 2,500 0.01 2,000 0.05 0.93 0.81 0.91
ASSIN 2 6,500 0.04 2,448 0.06 0.91 0.86 0.96
ConTRoL 3,574 0.02 373 0.01 0.49 0.31 0.53
SQuAD-NLI 149,199 0.88 31,924 0.83 0.94 0.96 0.96

Total 169,963 1.00 38,450 1.00 0.94 0.94 0.96



4.2. Passage level NLI methods

PT-NLI-Long Single Hypothesis Although the premises can be long, this model was
trained with a single sentence as hypothesis. However, many of the summaries are multi-
sentence. To address this, we split the sentences of the summary and ran them individually
through the model. The score of the passage is the minimum of the probabilities of the
entailment class of each sentence. This strategy is in line with the fact that if a sentence
is not supported by the source text, then the entire summary is unfaithful.

PT-NLI-Long Single Hypothesis (fine-tuned) To test whether supervision in the
VeriSumm dataset helps the task of NLI-based faithfulness detection, we gather the sen-
tences that the LLM judged as unfaithful to create non-entailment cases and the sentences
the LLM judged faithful to create entailment cases. We further fine-tuned the PT-NLI-
Long model on this data for 10 epochs.

4.3. Sentence level NLI methods

SENTLI [Schuster et al. 2022] handles zero-shot NLI over long premises by first split-
ting the document into individual sentences and scoring each sentence–hypothesis pair
with a pre-trained NLI model. Since this technique needs an NLI model that predicts
entailment, neutral, and contradiction, we fine-tune BERTimbau [Souza et al. 2020] on
the InferBR [Bencke et al. 2024] dataset, which has annotations on the three classes.
SENTLI’s authors define a series of variants of this technique, and we report here the
setup with the best performance.

INFUSE [Zhang et al. 2024] also uses an off-the-shelf NLI model to assess the faithful-
ness of summaries. However, it incrementally builds the supporting context for each
hypothesis by greedily adding top-ranked sentences until the neutral-class probability
reaches a local minimum, with optional reversed entailment and sub-sentence splitting
to capture fragmentary evidence. We opted not to use sub-sentence splitting.

SUMMAC [Laban et al. 2022] assesses summary consistency by computing a matrix over
all document–summary sentence pairs using a pre-trained NLI model. Two variants were
considered: SUMMAC ZS, a zero-shot approach that aggregates the matrix using a max-
mean pooling strategy over entailment scores; and SUMMAC CONV, a trained model that
bins the matrix into score histograms and applies a 1-D convolution layer to better capture
the distribution of evidence. SUMMAC CONV was trained on VERISUMM training split.

5. Faithfulness Detection Experiment

Our goal is to evaluate different NLI methods in detecting faithfulness in summaries.
We applied the NLI models described in Section 4 on a binary classification task on the
VERISUMM dataset described in Section 3.

5.1. Main Results

Table 3 reports balanced accuracy (BA), F1, precision (P), recall (R), and ROC–AUC
(AUC) for the six NLI-based faithfulness detectors evaluated on the VERISUMM test set.
The positive class corresponds to unfaithful summaries. Overall, performance remains
moderate across all systems, with none of the metrics exceeding 0.75, underscoring the
difficulty of sentence-level faithfulness detection in Portuguese.



The best system, PT-NLI-Long (FT), improves over the strongest zero-shot base-
line by +0.05AUC and +0.02F1, but the absolute ceiling remains low (<0.8 on any met-
ric). The heterogeneous precision–recall profiles highlight a crucial design choice: tasks
prioritizing the detection of any unfaithfulness might adopt SENTLI-style thresholds,
whereas automated evaluation pipelines that must avoid excessive false alarms should
prefer INFUSE or PT-NLI-Long (FT).

Ranking by discrimination ability. PT-NLI-Long (FT) exhibits the highest AUC (0.75)
and the best F1 (0.61), suggesting that its probability scores separate faithful from unfaith-
ful summaries more effectively than competing models. INFUSE yields the second-best
AUC (0.71) but a lower F1 (0.59), indicating worse performance when a decision thresh-
old is applied.

Threshold-dependent trade-offs. A closer look at P and R reveals divergent operating
characteristics. SENTLI and SUMMAC achieve the largest recall values (0.91 and 0.89,
respectively) at the cost of very low precision (0.41 for both), confirming their tendency
to over-flag summaries as unfaithful. Conversely, INFUSE adopts a more conservative
policy: it attains the highest precision among baselines (0.50) but only middling recall
(0.73), resulting in inflated plain accuracy (0.64) without gains in balanced accuracy.

Balanced accuracy perspectives. Balanced accuracy neutralizes the 3:2 class imbalance
of the test set and therefore offers a fair comparison across systems. PT-NLI-Long (FT)
and INFUSE are tied at the top (BA =0.66), followed closely by SUMMAC-Conv (0.63).
Vanilla SUMMAC and SENTLI trail with BA= 0.60, reinforcing the observation that their
high recall is offset by a surge in false positives.

Sentence decomposition helps but is not sufficient. Replacing document-level entail-
ment with sentence decomposition (SUMMAC-Conv) yields consistent gains over vanilla
SUMMAC on every metric (e.g. +0.03BA and +0.09AUC), yet it still underperforms the
best T5 variant. This suggests that finer granularity mitigates, but does not eliminate, the
reliance on superficial lexical cues.

Table 3. Performance of summary faithfulness detectors on VeriSumm test split.
Metrics include balanced accuracy, F1-score, precision, recall, and ROC-AUC.

Model Balanced Acc. F1 Precision Recall ROC-AUC

INFUSE 0.66 0.59 0.50 0.72 0.71
SENTLI 0.60 0.57 0.41 0.91 0.59
SUMMAC 0.60 0.56 0.41 0.89 0.58
SUMMAC-Conv 0.63 0.57 0.45 0.76 0.65
PT-NLI-Long 0.61 0.56 0.44 0.78 0.69
PT-NLI-Long (FT) 0.66 0.61 0.48 0.83 0.75

6. Error & Bias Analysis

In this section, we analyze the types of errors made by the NLI models in evaluating
faithfulness and investigate the strategies that they use to make their predictions.

6.1. Model Error Analysis

Error overlap analysis. Before checking whether the models display systematic biases,
we test if the faithfulness detectors make the same mistakes. To do this, we calculated



the Jaccard Index between instances that were incorrectly predicted by the models. The
results for each pair of models are shown in a matrix in Figure 2(b). The minimum score is
0.3, which indicates that the detectors share a significant number of errors. Furthermore,
sentence-based NLI detectors (INFUSE, SUMMAC, and SENTLI) have similar sets of
errors. Long premise models present more dissimilar error patterns. These behaviors
indicate that sentence decomposition and long premise models may be complementary.

Lexical Overlap. We now move our investigation to verify whether the models present
systematic biases when making predictions. In particular, we are interested in checking if
superficial lexical overlaps are a driving heuristic behind the predictions. To achieve our
goal, we define a lexical overlap measure that aligns with the kind of processing the NLI
models make. Algorithm 1 implements a simple min–max matching strategy to quantify
how well each summary sentence is covered by the source text, using the ROUGE-1 met-
ric. Concretely, for each summary sentence ti, we compute its ROUGE-1 score against ev-
ery source sentence sj and retain the maximum score Mi = max1≤j≤nROUGE1(ti, sj).
This value represents the best lexical overlap between ti and any source sentence. Once
all maximal match scores M1, . . . ,Mm are computed, the algorithm returns their mini-
mum, i.e., min1≤i≤m Mi. This value reflects the weakest coverage among all summary
sentences—if even one sentence in the summary has low lexical overlap with the source,
the final score will be low.

Algorithm 1 Minimum–Maximum ROUGE-1 Matching
Require: SRC = (s1, . . . , sn) ▷ source text sentences
Require: SUM = (t1, . . . , tm) ▷ summary sentences
Ensure: min

i=1,...,m
max

j=1,...,n
ROUGE1(ti, sj)

1: for i← 1 . . .m do
2: Mi ← 0
3: for j ← 1 . . . n do
4: Mi ← max

(
Mi, ROUGE1(ti, sj)

)
5: end for
6: end for
7: return mini=1,...,mMi

Dataset Slicing. To better understand the differences between the instances that the mod-
els predict correctly and incorrectly, we took two slices of the test data. In the first slice,
which we call “Six Errors”, we placed the instances that were incorrectly predicted by
all models, and in the second slice, called “No errors”, we placed the instances that were
correctly predicted by all models. For each slice and ground truth label, we measured the
lexical overlap based on the min–max strategy presented in Algorithm 1. The results are
in Figure 2(a). We can see the predictions follow a structured pattern. In the “No errors”
slice, for high overlap, models predicted faithful and were right, for low overlap, models
predicted unfaithful and were right as well. However, in the “Six Errors” slide, when
the ground truth is faithful and has a low overlap, the models misclassified these cases as
unfaithful. Additionally, still in the “Six Errors” slice, when the ground truth is unfaithful
and has a higher overlap, the models misclassify the instances as faithful. We can com-
pute the difference ∆slice = rfaithful − runfaithful, where rlabel is the mean ROUGE1-based
measure for the label. We have ∆No Error = 0.13 and ∆Six Errors = −0.06. A positive ∆
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Figure 2. Analysis of the prediction errors made by the NLI models

means faithful summaries exhibit higher lexical overlap than unfaithful ones, and a nega-
tive otherwise. This is a further clue that the splits present opposing behaviors. While this
analysis is promising, we couldn’t reach statistical significance for the difference between
the faithful and unfaithful groups in the “Six Errors” slice. We further explore the lexical
overlap in the next section.

6.2. Surrogate model analysis

Surrogate analysis approximates the decision boundary of a complex or opaque system
with a simpler, interpretable model. By fitting the black–box predictions against care-
fully chosen explanatory variables, we can quantify how much each variable contributes
to the observed behaviour, without altering the original detector. In the context of faithful-
ness detection, this technique allows us to pinpoint whether a model is driven by lexical
shortcuts (e.g. n-gram overlap) or by deeper semantic signals. Our objective is to test
the hypothesis that lexical information constitutes the primary heuristic employed by the
six NLI-based faithfulness detectors we are studying. We therefore build three logistic-
regression surrogates per system:

Lexical Model: logit(P (y = 1)) = β0 + β1 · Len + β2 · Lex

Semantic Model: logit(P (y = 1)) = β0 + β1 · Len + β2 · Lex + β3 · Sem

Gold Model: logit(P (y = 1)) = β0 + β1 · Len + β2 · Lex + β3 · Sem + β4 · Gold

where Len is the summary length, Lex is the lexical overlap (e.g., ROUGE-1), Sem is the
semantic overlap (e.g., BERTScore), and Gold is the ground-truth label.

Findings. Surrogate performance is assessed on the binary prediction vectors of the de-
tectors using the Area Under the ROC Curve (AUC) for discrimination and the Akaike
Information Criterion (AIC) for parsimony. The results are in Table 4. Across all six
detectors, the Lex model already achieves AUC 0.66–0.72, indicating that length and
ROUGE-1 alone recover most of the black–box decision boundary. Adding BERTScore
(sem) yields only a marginal median gain of +0.7 pp AUC, while raising AIC by ≈ 2
points; the complexity penalty therefore outweighs the benefit. Injecting the oracle gold
label (all) improves AUC by 3–6 pp, but again increases AIC (≈ 4 points), showing that
even perfect task knowledge explains far less variance than lexical cues.



Table 4. Surrogate model evaluation for summary faithfulness detectors showing
AIC (lower is better) and AUC (higher is better) for different sets of features.

Model Lexical Semantic Gold
AIC ↓ AUC ↑ AIC↓ AUC ↑ AIC ↓ AUC ↑

SENTLI 4.968 0.715 6.966 0.719 8.940 0.738
INFUSE 5.285 0.684 7.280 0.689 9.229 0.724
SUMMAC 5.049 0.667 7.043 0.676 9.016 0.702
SUMMAC-Conv 5.272 0.662 7.259 0.677 9.229 0.703
PT-NLI-Long (FT) 5.254 0.655 7.253 0.657 9.177 0.719
PT-NLI-Long 5.354 0.608 7.347 0.619 9.300 0.667

Model-specific observations. SENTLI and INFUSE obtain the highest lex AUC (0.71
and 0.68) yet gain almost nothing from BERTScore, corroborating their strong reliance
on surface overlap. SUMMAC-Conv is the most sensitive to BERTScore (+1.5 pp AUC),
though the AIC rise still deems the feature non-cost-effective. PT-NLI-Long variants
benefit most from the gold label (+6 pp AUC), suggesting that, while occasionally correct,
they often guess right for the wrong reasons.

7. Discussion and Conclusion
Despite the recent large-scale resources with reference summaries, there was no summary
faithfulness detection dataset for Portuguese. The use of the LLM-as-a-judge framework
allowed us to create a benchmark with scale and at a relatively low price. This new
resource enabled the study of the limits of current NLI-based faithfulness detection for
summarization in Brazilian Portuguese.

Our study found that the performance of zero-shot sentence-decomposition meth-
ods was in the moderate-low range, while in their English language counterpart, they
range in the moderate-high performance levels. However, the backbone of our implemen-
tation of these sentence NLI methods was a BERTimbau model fine-tuned on the InferBR
dataset (a dataset with fewer than 10k instances). The English language, on the other
hand, can count on datasets such as MNLI [Williams et al. 2018] that feature different
textual domains and have almost 0.5 million instances.

For better evaluation of faithfulness detection, there is a pressing need for NLI
models that can handle longer, complex sentences and the three labels (entailment,
contradiction, and neutral). We also found that all models use lexical overlap as
a shortcut to make predictions. The use of this heuristic by NLI models has been
well documented in previous literature [McCoy et al. 2019]. Remedies for this prob-
lem include adversarial data collection [Nie et al. 2020] and shortcut mitigation strate-
gies [Korakakis and Vlachos 2023].

In summary, our analyses revealed that NLI models often rely on superficial lex-
ical overlap heuristics rather than deeper semantic understanding, limiting their robust-
ness. These findings underscore the need for better resources for training NLI models in
Portuguese and more faithful evaluation techniques that go beyond lexical cues.
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