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Abstract

The opaque nature of deep learning models presents signif-
icant challenges for the ethical deployment of hate speech
detection systems. To address this limitation, we introduce
Supervised Rational Attention (SRA), a framework that ex-
plicitly aligns model attention with human rationales, im-
proving both interpretability and fairness in hate speech clas-
sification. SRA integrates a supervised attention mechanism
into transformer-based classifiers, optimizing a joint objec-
tive that combines standard classification loss with an align-
ment loss term that minimizes the discrepancy between atten-
tion weights and human-annotated rationales. We evaluated
SRA on hate speech benchmarks in English (HateXplain) and
Portuguese (HateBRXplain) with rationale annotations. Em-
pirically, SRA achieves 2.4x better explainability compared
to current baselines, and produces token-level explanations
that are more faithful and human-aligned. In terms of fair-
ness, SRA achieves competitive fairness across all measures,
with second-best performance in detecting toxic posts tar-
geting identity groups, while maintaining comparable results
on other metrics. These findings demonstrate that incorporat-
ing human rationales into attention mechanisms can enhance
interpretability and faithfulness without compromising fair-
ness.

Introduction

The proliferation of social media platforms has necessitated
the development of automated hate speech detection sys-
tems. These systems operate at large scale, with platforms
such as Meta processing over seven million hate speech ap-
peals monthly (Gorwa, Binns, and Katzenbach 2020; Meta
Oversight Board 2025). These automated classifiers pose the
risk of reinforcing societal biases and marginalizing vulner-
able groups unless carefully designed and evaluated for fair-
ness and representational harms (Davidson, Bhattacharya,
and Weber 2019; Davani et al. 2023; Ungless et al. 2025; At-
tanasio et al. 2022; Vargas et al. 2023). In this work, we de-
fine offensive language as confrontational, rude, or aggres-
sive content (Davidson et al. 2017; Zampieri et al. 2019),
while hate speech specifically targets individuals based on
their social identities (Fortuna and Nunes 2018). Sentiments
can be expressed explicitly or implicitly (Poletto et al. 2021;
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Vargas et al. 2024). Existing automated classifiers exhibit
systematic biases such as oversensitivity to identity terms,
reinforcement of unfair associations of ethnic stereotypes,
favouring European American names over African Ameri-
can names and associating negative sentiments with people
with disabilities (Caliskan, Bryson, and Narayanan 2017,
Hutchinson et al. 2020; Dixon et al. 2018).

While deep learning (DL) approaches achieve high per-
formance in hate speech detection, they present two crit-
ical limitations. First, their black-box nature prevents un-
derstanding of whether decisions rely on problematic short-
cuts or genuine indicators of harm (Gongane, Munot, and
Anuse 2024). Second, systematic biases in hate speech de-
tection can marginalize the communities they aim to pro-
tect (May et al. 2019). Developing transparent and respon-
sible Al systems has essential important due to both ethi-
cal considerations and regulatory requirements (Brunk, Mat-
tern, and Riehle 2019; European Parliament and Council
2016). Given the potential consequences of misidentifying
or overlooking harmful content, developing interpretable
hate speech detection systems represents a key challenge in
Natural Language Processing (NLP) research (Mathew et al.
2021; Calabrese et al. 2024; Salles, Vargas, and Benevenuto
2025). Explainable AI methods that clarify the rationales
(supporting evidence) behind predictions are the key com-
ponents for the ethical deployment of such systems (Balkir
et al. 2022).

Prior work has explored aligning model attention with hu-
man rationales, text snippets that guide and justify labeling
decisions (DeYoung et al. 2020; Jain et al. 2020). Rationale-
based learning improves interpretability across NLP tasks
including Natural Language Inference, Question Answer-
ing, Information Retrieval, and Sentiment Analysis (DeY-
oung et al. 2020; Bastings, Aziz, and Titov 2019; Lei, Barzi-
lay, and Jaakkola 2016; Zhang, Marshall, and Wallace 2016;
Jiang et al. 2021; Lehman et al. 2019; Jgrgensen et al. 2022).
In these applications, attention-based models (Vaswani et al.
2017) have been explored since they offer a certain degree
of interpretability. However, these explanations are often su-
perficial and lack insights into why a model might con-
sider specific features or tokens as relevant. For example,
Strout, Zhang, and Mooney (2019) found that explanations
generated using supervised attention are judged superior
compared to explanations generated using normal unsuper-



vised attention. Bao et al. (2018) also showed that mapping
human-annotated rationales into a continuous space signifi-
cantly improves over the baselines and reduces error by over
15% on average across benchmark datasets. These studies
did not, however, address fairness implications or evaluate
token-level explanations for sensitive applications.

We propose Supervised Rational Attention (SRA), a
method that enhances the explainability and fairness of hate
speech detection systems. We argue that by using ratio-
nales that are explicitly labeled by domain experts, the sys-
tem will generate more transparent and meaningful explana-
tions. This can build trust with end-users and enable better
decision-making in sensitive applications, such as content
moderation.

Our contributions are summarized as follows:

* We introduce SRA, a framework to align model attention
with human-annotated rationales.

We evaluate SRA on English (HateXplain) and Por-
tuguese (HateBRXplain) benchmarks (Mathew et al.
2021; Salles, Vargas, and Benevenuto 2025) and find that
SRA improves explainability metrics (IoU F1 and Token
F1) and achieves competitive fairness with second-best
(GMB-BNSP) performance among all methods, with
minimal impact on predictive performance.

We provide publicly available code, datasets and mod-
els including rationale mask construction and attention
supervision, to facilitate future research on trustworthy
NLP and DL.

Related Work

Explainable hate speech detection methods are commonly
categorized as either self-explaining or post-hoc explain-
ing (Guidotti et al. 2018). Self-explaining methods integrate
interpretability directly into the model architecture, while
post-hoc methods generate explanations after training using
the model’s input-output behavior (Balkir et al. 2022). Our
work focuses on self-explaining methods that leverage hu-
man rationales during training.

HateXplain Baseline. Mathew et al. (2021) proposed the
foundational approach for explainable hate speech detection
with human rationales. They transform human-annotated
text spans into ground truth attention vectors by averaging
across annotators and applying softmax with temperature.
During training, attention-based models (BiRNN-Attention
and BERT) minimize cross-entropy loss between predicted
attention weights and ground truth attention vectors, encour-
aging alignment with human rationales. Models are eval-
uated on both classification metrics (accuracy, macro-F1,
AUROC) and explainability metrics following the ERASER
benchmark (DeYoung et al. 2020), including plausibility
(IoU-F1, Token-F1, AUPRC) and faithfulness (comprehen-
siveness, sufficiency).

Attention Supervision Methods. Kim, Lee, and Sohn
(2022) introduced Masked Rationale Prediction (MRP),
which masks portions of rationale embeddings during an in-
termediate token-level classification task. The model learns
to predict masked rationale labels before fine-tuning on hate

37370

speech classification. Clarke et al. (2023) developed Rule
by Example, a contrastive learning framework that grounds
hate-speech predictions in logical rules rather than token-
level rationales.

Limitations of Prior Work. Existing attention supervi-
sion methods have improved explanation quality (Strout,
Zhang, and Mooney 2019; Bao et al. 2018), with signifi-
cant error reductions on benchmark datasets. However, these
studies have not adequately addressed fairness implications
or evaluated token-level explanations specifically for sen-
sitive applications like hate speech detection, where both
interpretability and equitable treatment across demographic
groups are critical. Additional related work on post-hoc and
self-explaining methods is provided in Supplementary.

Supervised Rational Attention (SRA)

The SRA framework aligns model attention with human
rationales for hate speech detection. SRA enhances stan-
dard transformer-based text classifiers by explicitly aligning
model attention with human-annotated rationales, leading to
explanations that are plausible and faithful (DeYoung et al.
2020).

Problem Setting. Let x (w1,...,wr) denote a tok-
enized input sequence, and y € {0,1,...,C — 1} its class
label, where C'is the number of classes (e.g., C' = 3 for mul-
ticlass hate speech classification). In the HateXplain bench-
mark (Mathew et al. 2021), labels are defined as normal = 0,
offensive = 1, and hate speech = 2. For a subset of train-
ing examples, we are additionally given a rationale mask
r = (ry,...,r5), where r; € {0,1} indicates whether to-
ken w; is part of the human rationale for the label y.

Model Architecture. We use a pre-trained transformer en-
coder fy (e.g., BERT or BERTimbau) that computes contex-
tual representations h; for each input token w;. A classifica-
tion head predicts the class label:

max
c€{0,1,...,C—1}

7 = arg softmax (W hjcLs; + be)
where hycrs) € R4 is the representation of the [CLS] token,
W. € R4 and b, € R are the learned weight matrix and

bias term for class ¢, and C' is the number of classes (C' = 3
for HateXplain, C' = 2 for HateBRXplain).

Attention Extraction. Let AGP ¢ [0,1]X%F denote the
attention matrix at layer / and head h of encoder fy. To ob-
tain model explanations, we first extract the attention from
the [CLS] token to all input tokens:

albh) = (agl’h)7 coap?)

To select appropriate attention weights for supervision, we
have conducted comprehensive ablation studies across lay-
ers and heads (see Supplementary for detailed results).
Our experiments show that SRA achieves consistent perfor-
mance across layers 6-11 and all attention heads, with mini-
mal variation in both classification performance and explain-
ability metrics. This robustness indicates that our method is
not dependent on specific architectural choices. Based on
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these ablation studies, we use layer 8 and head 7 for our
main experiments, as this configuration provides a good bal-
ance between classification and explainability performance.
To reduce computational costs, we also evaluated a variant
of SRA by taking an average of attention weights over all
heads within a layer. Our experiments for this variant show
consistent results with details provided in Supplementary.

Attention Alignment Loss (AAL). Given a sample with
rationale mask r, we encourage the model to attend to tokens
deemed important by human annotators by minimizing the
mean squared error (MSE) between normalized attention a
L
1 a;
L Z mi L

and r:
2
dici i o E:j:17njaj‘F€

where m; € {0, 1} is the padding mask (1 for valid tokens,
0 for padding) and € = 10~ for numerical stability.

laar(a,r) =

Overall Training Objective. We combine the standard
cross-entropy loss for classification and the supervised at-
tention alignment loss:

L
liotal = Log(9,y) + al[y > 0}1 [Z Ty > O] laar(a,r)
i=1
where « is a hyperparameter controlling the strength of at-
tention supervision, balancing attention alignment and clas-
sification, 1[y > 0] is an indicator function that equals 1
when the label is offensive or hate speech (i.e., y € {1,2}),

and I[Zle r; > 0] ensures rationales exist. The supervised
attention loss is only applied for training examples labeled
as offensive or hate speech with human-annotated rationales.

Rationale Extraction (Dataset-dependent).

 For datasets with token-level rationales, r is obtained by
majority voting across annotators who provided ratio-
nales for each example. Specifically, a token is included
in the rationale mask if it is selected by at least 50% of the
available annotators (i.e., those who supplied rationales),
corresponding to a threshold of 0.5.

For datasets with free-text rationale spans, r is con-
structed by mapping character-level rationale spans to to-
ken indices using offset mappings from the tokenizer.

All rationale masks are aligned with the tokenization of
2z = (wi,...,wr) and truncated or padded to the model’s
maximum input length.

Inference and Explainability. At inference, the same at-
tention mechanism provides explanation for each prediction:
the tokens with highest attention from [CLS] correspond to
the model’s “rationale” for its decision. This allows evalua-
tion of faithfulness and plausibility metrics (DeYoung et al.
2020) with respect to human rationales.

Experimental Setup

Implementation Overview. We implement our frame-
work in PyTorch with Hugging Face Transformers. Full
code, including rationale mask construction, will be released
upon publication.
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Models. We use BERT-base-uncased (Devlin et al. 2019)
for English and BERTimbau-base (Souza, Nogueira, and
Lotufo 2020) for Portuguese, extracting attention from layer
8 and head 7 based on preliminary validation.

Datasets. Models are trained on HateXplain (Mathew
et al. 2021) (English, 20,148 samples with three classes;
strong inter-annotator reliability) and HateBRXplain (Var-
gas et al. 2024) (Portuguese, 7,000 samples with two
classes). We created 80/10/10 stratified train/validation/test
splits with no data overlap between splits, using fixed ran-
dom seeds for reproducibility, and converted rationales to
binary masks via majority vote across annotators.

Training. Hyperparameters are tuned on validation macro
F1. We use AdamW (English: 2 x 1075, batch 16, max len
128; Portuguese: 1 x 1075, batch 8, max len 512), 5 epochs,
and select the checkpoint with best validation F1. Unless
otherwise specified, we set a = 10.0 in the overall objec-
tive. All results are averaged over 5 random seeds.

Hardware. Our experiments have been conducted on a
cluster node with one A100 GPU.

Results and Discussion

Our results show that explicit rationale supervision can im-
prove explainability (2.4x better IoU F1) while maintaining
classification performance and competitive fairness across
demographic groups.

We compare SRA with the following baselines
from (Mathew et al. 2021) on HateXplain (English):
(1) CNN-GRU (Zhang, Robinson, and Tepper 2018), which
combines CNN filters with GRU layers; (2) BIRNN (Schus-
ter and Paliwal 1997), a bidirectional RNN model; (3)
BiRNN-Attention (Liu and Lane 2016), which adds an
attention mechanism to BiRNN; and (4) BERT (Devlin
et al. 2019), the transformer-based model. For models with
attention mechanisms (BiRNN-Attention and BERT), we
evaluate both unsupervised attention variants (denoted
with suffix “-Attn”) and variants trained with attention
supervision (denoted with suffix “-HateXplain”). Addi-
tionally, we compare against BERT-MRP (Kim, Lee, and
Sohn 2022), a masked rationale prediction approach, and
post-hoc explanation methods [LIME] (Ribeiro, Singh,
and Guestrin 2016) on the baseline models. The bracketed
labels [Attn] and [LIME] indicate the explanation method
used: attention-based or LIME post-hoc explanations,
respectively. Table 1 uses these labels for clarity.

We evaluate SRA on both English and the Portuguese
benchmarks, showing consistent improvements in attention
alignment, explainability metrics, and bias reduction across
languages.

Results on HateXplain (English) in Table 1

Classification Performance. SRA achieves a macro F1
score of 0.682 and accuracy of 0.696, marginally below
the best-performing BERT-MRP baseline (F1: 0.699, Acc:
0.704). SRA achieves AUROC of 0.855 that is competi-
tive with rationale-based baselines, including BERT-MRP



Model [Explanation Method] | Classification ‘

Explainability |

Bias (AUC) | Faithfulness

| Acct  MacroF1t  AUROCT | IoUF11  Token F1t  AUPRCT | GMB-Sub.t GMB-BPSNt GMB-BNSPt | Comp.t  Suff.|
CNN-GRU [LIME] 0.627 0.606 0.793 0.167 0.385 0.648 0.654 0.623 0.659 0.316 -0.082
BiRNN [LIME] 0.595 0.575 0.767 0.162 0.361 0.605 0.660 0.640 0.671 0.421 -0.051
BiRNN-Attn [Attn] 0.621 0.614 0.795 0.167 0.369 0.643 0.653 0.662 0.668 0.278 -0.001
BiRNN-Attn [LIME] 0.621 0.614 0.795 0.162 0.386 0.650 0.653 0.662 0.668 0.308 -0.075
BiRNN-HateXplain [Attn] 0.629 0.629 0.805 0.222 0.506 0.841 0.691 0.691 0.674 0.281 0.039
BiRNN-HateXplain [LIME] 0.629 0.629 0.805 0.174 0.407 0.685 0.691 0.691 0.674 0.343 -0.075
BERT [Attn] 0.690 0.674 0.843 0.130 0.497 0.778 0.762 0.709 0.757 0.447 0.057
BERT [LIME] 0.690 0.674 0.843 0.118 0.468 0.747 0.762 0.709 0.757 0.436 0.008
BERT-HateXplain [Attn] 0.698 0.687 0.851 0.120 0411 0.626 0.807 0.745 0.763 0.424 0.160
BERT-HateXplain [LIME] 0.698 0.687 0.851 0.112 0.452 0.722 0.807 0.745 0.763 0.500 0.004
BERT-MRP [Attn] 0.704 0.699 0.862 0.141 0.504 0.745 0.815 0.748 0.854 0.479 0.067
SRA, Ours (« = 10) 0.696 0.682 0.855 0.539 0.651 0.753 0.714 0.718 0.835 0.417 -0.013

(#0.007)  (£0.010)  (¥0.002) | (£0.005) (x0.002)  (£0.001) | (£0.002) (£0.003) (£0.012) | (+0.019) (0.012)

Table 1: Performance comparison of hate speech detection models on the HateXplain test set. We evaluate classification perfor-
mance (Accuracy, Macro F1, AUROC), explainability metrics (IoU F1, Token F1, AUPRC), fairness metrics (GMB-Subgroup,
GMB-BPSN, GMB-BNSP AUCs), and faithfulness metrics (Comprehensiveness, Sufficiency). Higher values are better for all
metrics except Sufficiency (lower is better). Models with [LIME] use post-hoc explanations, while [Attn] indicates attention-
based explanations. Our proposed SRA method achieves the best IoU F1 and Token F1 explainability scores while maintaining
competitive classification performance, fairness, and faithfulness. Best results are in bold, second-best are underlined. SRA
results are averaged across 5 random seeds with standard deviations shown in parentheses.

(0.862) and BERT-HateXplain (0.851). This small perfor-
mance difference (less than 2% in F1) suggests that incor-
porating human rationale supervision can significantly im-
prove interpretability with little impact on classification per-
formance.

Explainability Improvements. SRA shows improve-
ments in explainability metrics compared to the baselines.
IoU F1, which measures the Intersection-over-Union F1
score between model attention and human rationales (with
matches defined by an overlap exceeding 0.5 (DeYoung et al.
2020)), improves to 0.539—representing a 4.5x improve-
ment over BERT-HateXplain’s supervised attention and a
2.4x gain over the best baseline (BiRNN-HateXplain). To-
ken F1, which evaluates rationale alignment as token-level
binary classification based on precision and recall for indi-
vidual token matches (DeYoung et al. 2020), reaches 0.651,
outperforming the best baseline by 29%. For SRA, token-
level precision and recall are 0.937 and 0.579, respectively,
indicating that when the model highlights tokens, they are
likely to align with human rationales. The AUPRC metric
evaluates soft token scoring by sweeping thresholds over at-
tention weights and confirms SRA’s strong ranking ability
for rationale tokens.

These improvements indicate that SRA learns to focus on
the same textual evidence that human annotators identify as
indicators of hate speech.

Fairness Metrics. We evaluate fairness using three Gen-
eralized Mean Bias (GMB) metrics (Borkan et al. 2019).
SRA achieves a GMB-Subgroup AUC of 0.714, which
measures the model’s ability to distinguish toxic from nor-
mal posts that mention identity groups. While this is lower
than BERT-MRP’s 0.815 and BERT-HateXplain’s 0.807,
it remains comparable. The GMB-BPSN AUC of 0.718
(compared to 0.748 for BERT-MRP and 0.745 for BERT-
HateXplain) evaluates false-positive rates by measuring per-
formance on normal posts mentioning identities versus toxic
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posts without identity terms. SRA achieves a GMB-BNSP
AUC of 0.835, the second-best result after BERT-MRP’s
0.854, showing improved performance at avoiding false neg-
atives when toxic posts mention identity groups compared
to BERT-HateXplain’s 0.763. These results suggest a trade-
off among fairness metrics. SRA shows slightly reduced
performance on subgroup classification and false positive
measures but significantly improves false negative detection
for posts targeting identity groups compared to non-MRP
baselines. This indicates that supervised rationale alignment
helps the model better identify genuinely harmful content
targeting protected groups.

Faithfulness Analysis. Faithfulness metrics evaluate
whether model explanations correspond to features ac-
tually used for predictions (DeYoung et al. 2020). SRA
achieves a comprehensiveness score of 0.417, which
measures the performance drop when removing high-
attention (rationale) tokens. Higher values indicate that
rationales were influential in predictions. While SRA is
outperformed by baselines using post-hoc explanation, e.g.,
BERT-HateXplain [LIME], it is competitive or outperforms
other attention-based baselines. This suggests that the
model uses both highlighted rationales and wider context.
The sufficiency score compares the model’s prediction
confidence on the full input text versus its confidence when
using only the rationale tokens. The negative values, which
are common among attention-based methods including
SRA, indicate that the model becomes more confident for
prediction of the class given only rationales since it is less
distracted by the context.

Ablation and Robustness. To evaluate the robustness of
our method to the choice of rationale alignment hyperpa-
rameter, we conduct an ablation study by varying o from
0 (baseline without supervision) to 100. As illustrated in
Figure 1, increasing o improves explainability metrics: IoU
F1 improves from 0.019 (baseline) to 0.572 (o« = 100),
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Figure 1: Impact of the rationale alignment hyperparameter
« on test performance, explainability, and fairness metrics
for HateXplain dataset. Increasing « yields improvements

in rationale alignment (IoU F1, Token F1) while
maintaining stable classification performance (Test Macro
F1) and fairness (GMB-Subgroup AUC). The vertical line

indicates our chosen operating point (o = 10).

while Token F1 increases from 0.122 to 0.678. These gains
come with limited impact on classification performance.
Test Macro F1 remains relatively stable across all a val-
ues. Similarly, fairness remains relatively stable, with GMB-
Subgroup AUC ranging from 0.7112-0.7220. We use o =
10 as our primary configuration, achieving good explainabil-
ity (IoU F1: 0.537, Token F1: 0.648) while maintaining com-
parable performance (Test F1: 0.683) and fairness (GMB-
Sub: 0.7120). The range of effective o values suggests that
SRA can substantially improve interpretability with minimal
impact on performance and biases.

Results on HateBRXplain (Portuguese)

For HateBRXplain, we compare against the following base-
lines from (Salles, Vargas, and Benevenuto 2025): (1)
mBERT (Devlin et al. 2019), the multilingual BERT model;
(2) BERTimbau (Souza, Nogueira, and Lotufo 2020), a
Portuguese-specific BERT model; (3) DistilBERTim- bau
(Junior 2024), a distilled version of BERTimbau; and (4)
PTTS (Carmo et al. 2020), a Portuguese TS5 model. Since
these baselines were evaluated using post-hoc explanation
methods, we compare against both LIME (Ribeiro, Singh,
and Guestrin 2016) and SHAP (Lundberg and Lee 2017) ex-
planations for each model. The bracketed labels [LIME] and
[SHAP] indicate the post-hoc explanation method used for
each baseline model.

Comparison with Post-hoc Methods. We compare SRA
against LIME and SHAP explanations across multiple Por-
tuguese language models in Table 2. While post-hoc meth-
ods like PTTS [SHAP] achieve comparable IoU F1 scores,
SRA with BERTimbau (« 10) shows high token-level
precision (0.935) and improved overall token F1 (0.745).
SRA provides these explanations intrinsically during predic-
tion, unlike post-hoc methods that require additional com-
putation and may not reflect the model’s actual decision
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process. This intrinsic explainability makes SRA more ap-
pealing for real-time applications where computational effi-
ciency is important.

Classification Performance. On HateBRXplain, SRA
shows robust performance across varying rationale align-
ment hyperparameter values. Our ablation study reveals that
Test Macro F1 remains stable across all values of «, from
baseline 0.903 to a peak of 0.921 at o 0.5, with only
minor variations (+2%) even at « = 100. This stability,
mirroring the pattern observed in English, suggests that in-
corporating rationale supervision does not compromise the
model’s hate speech detection capabilities. At o = 10, SRA
achieves a Test F1 of 0.910 (£0.008) with an accuracy of
0.907 (£0.007) and AUROC of 0.966 (+0.004), demonstrat-
ing consistent performance.

Explainability Improvements. Similar to our English re-
sults, incorporating attention alignment loss yields mono-
tonic improvements in explainability metrics. IoU F1 in-
creases from 0.387 at &« = 0.05 to 0.751 at &« = 100, while
the baseline (no rationale alignment) achieves 0. Token F1
shows parallel gains, improving from 0.574 to 0.771. To-
ken Precision peaks at « = 1.0, maintaining values above
0.91 across all supervised settings. At our selected operating
point (@« = 10), SRA achieves IoU F1 of 0.716 (£0.025),
Token F1 of 0.745 (+0.010), with Token Precision of 0.935
(£0.005) and Token Recall of 0.668 (£0.014). These im-
provements suggest that SRA learns to focus on textual ev-
idence that human annotators identify as critical for hate
speech classification.

Fairness and Cross-lingual Validation. The ablation
analysis shows that fairness metrics remain relatively sta-
ble across different values of . GMB-Subgroup AUC varies
slightly from 0.7165 (baseline) to 0.7157 (« = 100), in-
dicating minimal trade-off between explainability and sub-
group fairness. At o = 10, GMB-Subgroup AUC is 0.7120
(20.003), GMB-BPSN AUC is 0.7211 (+0.002), and GMB-
BNSP AUC improves to 0.8186 (+0.004), representing
slight improvement over the baseline. These results suggest
that supervised rationale alignment preserves fairness while
improving explainability, with the strongest gains observed
in reducing false negatives on identity-targeted toxic con-
tent (GMB-BNSP). Similar patterns across HateXplain (En-
glish) and HateBRXplain (Portuguese) suggest SRA gener-
alizes across languages. Despite differences in dataset char-
acteristics, HateXplain with 20,148 multi-platform samples
versus HateBRXplain with 7,000 Instagram-focused sam-
ples, both exhibit similar behaviors with stable classification
performance across « values, substantial explainability im-
provements, and comparable fairness trade-offs. These re-
sults suggest SRA is applicable to interpretable hate speech
detection in different languages.

Qualitative Analysis

While quantitative metrics show SRA’s overall performance,
qualitative examination of attention patterns provides in-
sights into how rationale supervision influences model be-
havior in practice. Understanding these patterns is essential



Explainabilit Faithfulness

Model [XAT method] IoU F11  Token Prech Token }l;ecT Token F11 Comp.T Suff.|
mBERT [LIME] 0.5828 0.7458 0.6936 0.6701 0.8809 0.0134
mBERT [SHAP] 0.6628 0.7143 0.7520 0.6897 0.9324 0.0172
BERTimbau [LIME] 0.5857 0.7557 0.6848 0.6698 0.9094 0.0237
BERTimbau [SHAP] 0.6600 0.7489 0.7099 0.6831 0.8458 0.0215
DistilBERTimbau [LIME] 0.6457 0.7614 0.7276 0.7003 0.9407 0.0115
DistilBERTimbau [SHAP] | 0.6200 0.7543 0.6862 0.6720 0.9475 0.0114
PTTS [LIME] 0.6057 0.7487 0.6978 0.6776 0.5654 0.0016
PTTS [SHAP] 0.7400 0.7177 0.8378 0.7362 0.6160 0.0083
SRA, Ours (o = 10) 0.716 0.935 0.668 0.745 0.454 -0.036

(£0.025) (£0.005) (£0.014) (£0.010) (£0.114) (20.016)

Table 2: Comparison of explainability methods on the HateBRXplain (Portuguese) test set. We evaluate post-hoc explana-
tion methods (LIME, SHAP) against our intrinsic SRA approach across multiple Portuguese language models. Explainability
metrics (IoU F1, Token Precision/Recall/F1) measure alignment with human rationales, while faithfulness metrics (Compre-
hensiveness, Sufficiency) assess whether explanations reflect actual model reasoning. Higher values indicate better performance
for all metrics except Sufficiency (lower is better). SRA provides explanations intrinsically during prediction, while LIME and
SHAP require additional post-hoc computation. Our SRA method achieves superior token precision (0.935) and competitive
overall performance while providing real-time explanations. Best results are in bold. SRA results are averaged across 5 random

seeds with standard deviations shown in parentheses.

for hate speech detection systems, where explainability re-
quirements demand that models not only achieve high per-
formance, but also focus on linguistically meaningful fea-
tures that align with human reasoning. We examine specific
examples to illustrate how SRA addresses key challenges in
self-explaining hate speech detection.

Attention Alignment Patterns. Our systematic analysis
reveals consistent improvements in attention-rationale align-
ment across rationale alignment hyperparameters, with Pear-
son correlation coefficients increasing from -0.084 at base-
line with o = 0 to 0.649 at = 100 for English, and similar
patterns in Portuguese reaching 0.757. This suggests SRA
guides model attention toward human-identified rationales.

SRA demonstrates qualitative differences from unsuper-
vised approaches in attention distribution, as we see in
this example from the English dataset: “Go back to where
you came from — but I don’t hate all immigrants,”. Base-
line BERT distributes attention across structural elements
(highest attention on “you” = 0.286, “go” = 0.160, “back”
= 0.120), while SRA focuses on sentiment-critical terms
(“hate” = 0.394, “all” = 0.445) that human annotators identi-
fied as decisive for classification. This shift indicates SRA’s
capacity to learn linguistically meaningful patterns beyond
surface-level features.

Cross-linguistic consistency emerges in Portuguese ex-
amples. For “Sé podia ser mulher dirigindo desse jeito,”, (“It
could only be a woman driving like that”), SRA concentrates
attention on stereotype-indicating phrases (“jeito” = 0.277,
“desse” = 0.215, “mulher” = 0.113), while baseline models
show more dispersed attention patterns, focusing on special
tokens ([CLS] = 0.633). These improvements across lan-
guages indicate that SRA well aligns model attention with
human rationales rather than learning dataset-specific arti-
facts.
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Handling Identity Terms. SRA shows improved preci-
sion in aligning attention with human rationales for identity-
related terminology, with token precision improving from
0.265 for unsupervised attention to 0.938 with a = 10. This
means that when SRA highlights tokens as important, they
are much more likely to match the tokens that human an-
notators identified as rationales for their labeling decisions.
BERT’s WordPiece tokenization segments certain terms into
subword units, allowing examination of attention patterns
across these components. We analyzed attention distribu-
tions for examples containing reclaimed identity terms used
in non-offensive contexts. In one case containing “That’s my
nigga right there!” (labeled as non-offensive in the dataset),
BERT’s tokenizer produces subword pieces [“ni”, “##gga”].
SRA allocated attention weights of 0.665 and 0.328 to these
respective tokens while correctly maintaining non-offensive
classification, whereas the baseline model showed more dis-
persed attention across function words and sentence struc-
ture. This example illustrates how rationale supervision in-
fluences attention allocation at the subword level for identity
terms that undergo WordPiece segmentation. Such patterns
suggest that explicit attention supervision may help models
focus on relevant linguistic features when distinguishing be-
tween harmful targeting and in-group usage contexts.

Implicit Hate Speech. SRA shows improved performance
in detecting subtle offensive content where harmful intent is
expressed indirectly. In the Portuguese example “Esses es-
trangeiros vém aqui s para atrapalhar, deveriam voltar para
o pais deles” (“These foreigners come here just to cause
trouble, they should go back to their country”), the model
identifies xenophobic sentiment by focusing on key argu-
mentative elements (“Esses” = 0.126, “deveriam” = 0.112,
“s6” = 0.111) that construct exclusionary narratives rather
than explicit slurs. As illustrated in Table 3, SRA’s attention
patterns reveal sensitivity to rhetorical structures common



Baseline BERT (o = 0)

| SRA (a = 10)

Refugee Example
Label: Hate speech

tion

Hate speech: 7.24%

refugees into your - is like al-
lowing rabid foxes into your chicken coop it does not

make you caring it makes you an asshole

Human rationale: allowing, refugees, rabid, foxes, na-

Probabilities: Normal: 2.59%, Offensive: 90.17%,

allowing refugees into your nation is like allowing

- - into your chicken coop it does not

make you caring it makes you an asshole

Human rationale: allowing, refugees, rabid, foxes, na-
tion

Probabilities: Normal: 1.70%, Offensive: 59.56%,
Hate speech: 38.74%

Table 3: Attention heatmap visualization comparing baseline BERT (o = 0) and SRA (o = 10) on a test example involving
implicit bias through metaphorical dehumanization. Color intensity represents attention weights from layer 8, head 7 (darker
= higher attention). Baseline attention scatters across neutral framing terms, while SRA focuses on the problematic metaphor
elements that human annotators identified as rationales for hate speech classification. This demonstrates SRA’s effectiveness in
learning to attend to subtle bias indicators beyond explicit hate terms.

in implicit offensive/hate speech. While the baseline model
scatters attention across neutral framing terms, SRA focuses
on problematic elements that human annotators identified as
rationales. This suggests SRA learns to recognize argumen-
tative patterns beyond lexical hate indicators, attending to
subtle bias indicators such as categorical judgment terms,
modal expressions of obligation, and restrictive qualifiers.

Performance Implications. Analysis of model predic-
tions revealed potential labeling inconsistencies in the Ha-
teXplain dataset (see Supplementary for details). These dis-
crepancies potentially impact fair model evaluation, as stan-
dard metrics may underestimate performance when models
correctly identify harmful content that contradicts ground
truth labels. To quantify this effect, we evaluated SRA on
a filtered test set excluding those 335 identified problematic
cases. We noticed that Test F1 of SRA improved from 0.682
to 0.796 (+16.7%), accuracy from 0.696 to 0.814 (+17.0%),
and IoU F1 from 0.539 to 0.561. Fairness metrics also im-
proved, with subgroup bias reduction showing a 9.9% rela-
tive gain compared to baseline. While these filtered results
are not directly comparable to baseline methods evaluated
on the full dataset, they suggest that actual model perfor-
mance may be higher than what standard benchmarks in-
dicate, especially for fairness-critical applications. The im-
proved performance on the filtered dataset indicates that
SRA’s attention supervision helps the model learn patterns
that sometimes conflict with the original ground truth labels.
However, we acknowledge the inherent subjectivity in hate
speech annotation and the possibility that some discrepan-
cies reflect legitimate disagreements rather than clear errors.

Discussion

Key Findings and Implications. The observed improve-
ments in attention alignment metrics, from negative cor-
relations at baseline to significantly positive correlations
under a range of alignment hyperparameters, indicate that
explicit rationale supervision steers models toward more
human-interpretable decisions. Our findings show that mod-
els trained with SRA focus on meaningful content words,
understanding identity terms in context, and recognizing

37375

subtle hate speech patterns beyond explicit slurs, while
maintaining cross-linguistic applicability between English
and Portuguese datasets. These improvements suggest that
human reasoning can be integrated into neural architectures
for sensitive classification tasks.

A limitation of our approach is that improvements in ex-
plainability come with trade-offs in fairness metrics. While
SRA achieves second-best GMB-BNSP, it shows lower
GMB-Subgroup AUC compared to BERT-based baselines.
This suggests that rationale supervision may improve some
aspects of fairness while affecting others, requiring careful
evaluation in deployment scenarios. Additionally, SRA re-
quires rationale-annotated training data, which is more ex-
pensive to obtain than standard classification labels, poten-
tially limiting scalability to new domains or languages.

Conclusion

This work suggests that explicit rationale supervision offers
a potentially viable path toward self-explaining hate speech
detection without compromising classification performance.
The SRA framework demonstrates improvements in atten-
tion alignment across languages while maintaining compet-
itive accuracy, contributing to a broader movement toward
explainable Al in sensitive domains. However, broader im-
plications extend beyond technical metrics to fundamental
questions about automated systems moderating human com-
munication. While improved interpretability facilitates re-
sponsible Al systems that meet desired transparency require-
ments, it cannot resolve the underlying tensions between
protecting individuals from harm and preserving open dia-
logue in societies.

The systematic evaluation approach presented here pro-
vides a methodological foundation for future research at the
intersection of interpretability, fairness, and performance in
socially sensitive applications. As Al systems increasingly
influence consequential decisions about human communica-
tion and beyond, the development of self-explaining models
that better align with human rationales is an important step
toward responsible Al.
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