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Abstract

Attention regularisation aims to supervise the
attention patterns in language models like
BERT. Various studies have shown that us-
ing human-annotated rationales, in the form of
highlights that explain why a text has a specific
label, can have positive effects on model gener-
alisability. In this work, we ask to what extent
attention regularisation with human-annotated
rationales improve model performance and
model robustness, as well as susceptibility to
spurious correlations. We compare regulari-
sation on human rationales with randomly se-
lected tokens, a baseline which has hitherto
remained unexplored. Our results suggest that
often, attention regularisation with randomly
selected tokens yields similar improvements to
attention regularisation with human-annotated
rationales. Nevertheless, we find that human-
annotated rationales surpass randomly selected
tokens when it comes to reducing model sensi-
tivity to strong spurious correlations.

1 Introduction

The attention mechanism, as introduced by
Vaswani et al. (2017), has become a key concept
in NLP (Zhang and Kim, 2023). Attention regu-
larisation aims to supervise the learned attention
patterns in machine learning models equipped with
the attention mechanism. Previous studies have
shown that regularizing the attention patterns in
Transformer models like BERT (Devlin et al., 2019)
can accelerate convergence using less data (Desh-
pande and Narasimhan, 2020; Xia et al., 2021),
improve downstream task performance and robust-
ness (Joshi et al., 2022; Pruthi et al., 2022; Stacey
et al., 2022), and reduce model bias (Mathew et al.,
2021; Attanasio et al., 2022).

One way to regularise attention patterns is using
human-annotated rationales (Zaidan et al., 2007,
Herrewijnen et al., 2024). Human-annotated ratio-
nales are natural language explanations that explain
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Figure 1: An image of attention regularisation using
human-annotated rationales. Boxes with a red border
represent human-annotated rationales and labels. The
regularisation loss function (£,) measures the align-
ment between the attention pattern extracted from the
model (a?) and the reference attention pattern (a™). The
classification loss function (£.) measures the difference
between the predicted (c?) and the human (c”) labels.

why a human annotator labelled an instance with a
label. For instance, a movie review can be labelled
positive or negative, and specific words in the text
may explain the chosen label (see Figure 1). The
goal of using human-annotated rationales in atten-
tion regularisation is to encourage the model to rely
on input cues that resemble the cues that humans
would use to perform the task, thereby hoping to
improve generalisability (Stacey et al., 2022) and
reducing reliance on spurious correlations (Mathew
et al., 2021).

While human-annotated rationales are a promis-
ing resource for improving NLP models, it remains
unclear whether above performance improvements
are caused by human-annotated rationales, as some
related work has also reported improvements in
downstream task performance when regularizing
the model to distribute attention across all tokens
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(Attanasio et al., 2022), or to disregard tokens
that should be informative for performing the task
(Pruthi et al., 2020; Pieke, 2023). Moreover, recent
work has disputed whether attention regularisation
truly changes the decision-making process of a
trained model (Ferreira et al., 2025).

In this work, we aim to better understand
the effects on the decision-making process of a
model when applying attention regularisation us-
ing human-annotated rationales. To this end, we
perform various experiments: '

* We compare attention regularisation using
human-annotated rationales with multiple
baselines (Section 3.1), finding that attention
regularisation using randomly selected tokens
can also improve downstream task perfor-
mance. We hypothesise that this is due to the
additional noise introduced during attention
regularisation.

* We apply SHAP (Lundberg and Lee, 2017)
to generate post-hoc explanations for models
trained in different setups (Section 3.4). Our
results show that changes in attention patterns
are not echoed by generated SHAP explana-
tions, further suggesting that attention regular-
isation does not (directly) change the model’s
decision process.

* To further understand our findings, we ap-
ply our analyses to a synthetically modified
dataset containing spurious correlations (Sec-
tion 3.2.2). Our findings indicate that using
human-annotated rationales in attention reg-
ularisation can reduce the model’s sensitivity
to spurious correlations.

2 Preliminaries

In the following, we will discuss methods and pa-
rameters used in attention regularisation. We specif-
ically focus on BERT (Devlin et al., 2019), as this
model is often used in attention regularisation stud-
ies. Following Stacey et al. (2022), we also apply
our methods to DeBERTa (He et al., 2021).
Attention regularisation consists of two objec-
tives; first, the model learns to perform a down-
stream task, like sentiment analysis. The model
learns to predict the most likely C' label(s), thus
outputting a C-dimensional vector. The goal is
'The code for our experiments is available

at https://github.com/UtrechtUniversity/
attention-regularisation-with-rationales

minimizing the loss L. (e.g., cross-entropy loss)
between predicted labels ¢” and (human) reference
labels c”. The second objective is attention regular-
isation. Here, the goal is to align a”, which are the
attention patterns extracted from the model, with
some reference attention pattern a”, by minimiz-
ing the regularisation loss £,.. Then, L. and L, are
combined using regularisation weight \.

2.1 Extracting attention patterns from BERT

Let n be the number of tokens in an input text. The
raw attention weights extracted from BERT consist
of the attention values of every token in the input
to all tokens, per layer and head. To construct at-
tention pattern a”, the raw attention weights are
aggregated to a sequence of n values, where every
value represents the attention weight to a token in
the input text (a? = [ag, aj..., an—1, ay)) (see Fig-
ure 1). For downstream classification tasks, BERT
uses the special classification token ([CLS]) to
construct a sequence representation (Devlin et al.,
2019). Therefore, related work usually regularises
the attention patterns of the [CLS] token (Ferreira
et al., 2025; Pruthi et al., 2022; Stacey et al., 2022),
as the expectation is that the weights for this to-
ken change most after the model is fine-tuned on
a downstream task. There is less consensus about
which heads and layers to regularise; some related
work regularises all attention heads and layers (Ja-
yaram and Allaway, 2021), a fraction of heads in
every layer (Deshpande and Narasimhan, 2020;
Stacey et al., 2022), or only the final layer of the
BERT model (Mathew et al., 2021; Jayaram and
Allaway, 2021; Joshi et al., 2022; Ferreira et al.,
2025). Moreover, Stacey et al. (2022) experiment
with regularizing various subsets of attention heads,
and find that regularizing the top 3 heads yields the
greatest improvements on classification accuracy.

2.2 Reference attention patterns

Related work has used various types of reference
attention patterns in attention regularisation. Some
work employs attention regularisation to prevent
the attention mechanism from paying attention to
specific tokens (Attanasio et al., 2022). Alterna-
tively, attention patterns extracted from large pre-
trained models (e.g., attend to the next or previous
token) (Deshpande and Narasimhan, 2020), word
similarity scores (Xia et al., 2021), and human-
annotated word importance scores (Jayaram and
Allaway, 2021; Pruthi et al., 2022; Mathew et al.,
2021) are used as reference attention patterns.
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Human-annotated rationales as reference atten-
tion pattern. In this work, we focus on using
human-annotated rationales as a reference atten-
tion pattern. Specifically, we use highlighted words
in a text, that explain why a human annotator la-
belled an instance with a label. Human-annotated
rationales have been successfully used for attention
regularisation; Stacey et al. (2022) apply attention
regularisation using human-annotated rationales to
improve the robustness of their natural language
inference models. Mathew et al. (2021) apply atten-
tion regularisation with human rationales to reduce
unintended bias for models trained on the HateX-
plain dataset. Pruthi et al. (2022) use attention regu-
larisation to improve performance on classification
and question answering tasks. Lastly, Jayaram and
Allaway (2021) use attention regularisation to im-
prove few-shot classification performance.

Representing human-annotated rationales.
Human-annotated rationales are often collected as
binary values (e.g., a token is part of a rationale
or not) (Herrewijnen et al., 2024). As attention
patterns follow a probabilistic distribution,
human-annotated rationales cannot be directly
used as a reference attention pattern. To convert
human-annotated rationales to a reference attention
pattern a”, related work often normalises binary
rationale values to continuous values that sum to 1
(Jayaram and Allaway, 2021; Stacey et al., 2022;
Pruthi et al., 2022) or take the softmax (Mathew
et al., 2021; Joshi et al., 2022; Ferreira et al., 2025)
of binary rationale values. Note that for long input
texts, the values per token may become very small.

2.3 Regularisation loss functions

To encourage a® to align with a”, the loss term £,
is introduced during training. Various loss func-
tions have been defined and are reviewed below.

Squared and Absolute Error. Various versions
of error measures have been applied to calculate
L., including Mean Squared Error (£,755) (Desh-
pande and Narasimhan, 2020; Joshi et al., 2022;
Jayaram and Allaway, 2021), Summed Squared Er-
ror (Stacey et al., 2022), and Mean Absolute Error
(Larag) (Joshi et al., 2022).

Kullback-Leibler Divergence. Pruthi et al.
(2022) and Joshi et al. (2022) use the Kull-
back-Leibler divergence (L k1 p) to calculate L.,
which measures how different two probability dis-
tributions are.

Order Loss. Joshi et al. (2022) introduce Order
Loss (Lor,), which aims to enforce that the weights
for all rationale tokens are higher than the weights
of all non-rationale tokens.

Attention Mass. We adapt the attention mass
(L anr) loss function proposed by Pruthi et al.
(2020) to sum the attention weights of all tokens
that are not part of a rationale (eq. 1). This should
ensure that the model pays the most attention to
tokens that are part of a rationale.

1 n
La=— > af (1)
t=1
a?;él
2.4 Regularisation weight

To apply attention regularisation, £, and £, need
to be combined. For losses with very different
magnitudes, simply summing the two losses may
cause the optimiser to only focus on one of the two.
To balance the two losses, an additional weight
A is added, such that the final loss function is
L = L.+ AL,. Some related work determines
the best A through hyperparameter tuning (Jayaram
and Allaway, 2021; Deshpande and Narasimhan,
2020; Stacey et al., 2022; Pruthi et al., 2020). Al-
ternatively, the regularisation weight remains unad-
justed (A = 1) (Stacey et al., 2022; Ferreira et al.,
2025; Joshi et al., 2022).

Only a few studies have focused on compar-
ing attention regularisation approaches; Joshi et al.
(2022) explore various forms of explanation reg-
ularisation, where a model is regularised to yield
explanations that align with human-annotated ra-
tionales. Next to gradient-based and perturbation-
based explanation methods, they also include at-
tention patterns as explanations. Moreover, they
compare various regularisation loss functions (with
A = 1), and only report significant performance
gains on OOD data for Ly;4r. Ferreira et al.
(2025) compare attention regularisation for atten-
tion patterns extracted from the final layer, and pat-
terns extracted using attention rollout (Abnar and
Zuidema, 2020). Furthermore, they apply post-hoc
explainability techniques to show that regularised
models do not rely more on human-annotated ratio-
nale tokens than models without regularisation.

Complementary to existing work, we take a more
systematic approach to determine the effects of at-
tention regularisation; we apply our analysis to
various baselines and datasets, including a novel
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synthetic dataset. Moreover, we perform more elab-
orate hyper-parameter tuning of the X value.

3 Methods

Determining which tokens a model used to perform
a task is non-trivial. Therefore, we perform multi-
ple experiments to measure the effects of attention
regularisation using human-annotated rationales on
the model’s decision-making process. We train
various models using three different types of refer-
ence attention patterns (Section 3.1) and a baseline
model trained without any attention regularisation
(None). For regularisation, we use the the regulari-
sation loss functions discussed in Section 2.3.

We compare downstream task performance of
our models on in-domain (ID) and out-of-domain
(OOD) datasets (Section 3.2). Moreover, we apply
our analysis to a dataset with synthetically intro-
duced spurious correlations (Section 3.2.2). Finally,
we analyse how well post-hoc explanations using
SHAP (Lundberg and Lee, 2017) align with human-
annotated rationales (Section 3.4).

Following related work (Pruthi et al., 2022; Ja-
yaram and Allaway, 2021), we train our models
on subsets of the data to determine the effect of
attention regularisation in scarce data settings. See
Appendix A and B for further training details.

3.1 Reference attention patterns

To compare our attention regularisation approaches,
we use various reference attention patterns to regu-
larise our models. Firstly, we use softmaxed binary
human-annotated rationales (Section 2.2) as a ref-
erence attention pattern. As a second reference
pattern, we use randomly selected tokens. For ev-
ery instance in the training set, we note the number
of human-annotated rationale tokens as . Then,
we randomly select r tokens from the input text
as a reference attention pattern. If possible,> we
only select tokens that are not human-annotated
rationale tokens. We hypothesise that attention reg-
ularisation using human-annotated rationale tokens
will outperform models trained with other types of
reference attention patterns, as the latter should be
less informative for models in performing the task.

Lastly, we apply Entropy-based Attention Regu-
larisation (L 4R) by Attanasio et al. (2022), which

2For HateXplain and SST, texts may contain a majority of
human-annotated rationale tokens. If this is the case, we take
all non-rationale tokens as the randomly selected reference
attention pattern. If all tokens in the text are part of a human-
annotated rationale, we randomly select max(%, 1) tokens.

regularises the attention mechanism to distribute
attention across all tokens in the input. More specif-
ically, Lrpar calculates the entropy of the soft-
maxed attention weights (aP) as a loss function:

1 n
LEAR = —ﬁZaflog(af) )
=1

3.2 Tasks and Datasets

We train our models on three tasks using four em-
pirical datasets, and on a dataset with synthetic
spurious correlations.

3.2.1 Empirical datasets

For three tasks with various degrees of complexity,
we train our models on in-domain (ID) data, and
evaluate on a ID test set and multiple out-of-domain
(OOD) test sets. By evaluating on OOD data, we
aim to determine how well the model generalises
to unseen domains. If a model performs well on
both ID and OOD data, this suggests that the model
learned to solve the task without relying on dataset-
specific artifacts.

Our first task is sentiment analysis, for which
we use two datasets for training. The first is the
IMDb dataset (Zaidan et al., 2007), which con-
tains movie reviews enriched with rationales. The
second is the SST (Socher et al., 2013), which con-
tains much shorter snippets from movie reviews.
For OOD evaluation, we use DynaSent (Potts et al.,
2021), Yelp (Zhang et al., 2015) and SFU reviews
(Taboada and Grieve, 2004). The second task is
hate speech detection, using HateXplain (Mathew
et al., 2021) as an ID dataset. Hate speech detection
is considered a complex task that is sensitive to bias
(Mathew et al., 2021). As OOD datasets, we use
Dynahate (Vidgen et al., 2021), Ethos (Mollas et al.,
2022), and the White Supremacist Forum (WSF)
(de Gibert et al., 2018) datasets. The third task is
stance detection. Here, the task is to determine
whether the text is in favour or against a specific
topic. The stance of the text may be different per
topic (e.g., in favour of Trump and against Biden),
making the task non-trivial. We use the VAST (All-
away and McKeown, 2020) dataset for ID training,
and the SemEval-2016 Stance (Mohammad et al.,
2016) and PStance (Li et al., 2021) datasets for
OOD evaluation.

To limit computational costs, we take a random
subset of 1000 examples for our OOD evaluation.
We further describe all tasks and datasets in Ap-
pendix D.1. See Table 4 (Appendix) for example
annotations for every ID dataset.
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3.2.2 Synthetic spurious correlations

For the above empirical datasets, there may be mul-
tiple (sets of) tokens on which the model can rely
to perform the task. To guide the model to rely on
specific tokens to perform the task, we modify the
IMDb dataset by adding spurious correlations. We
expect the model to rely on these spurious correla-
tions when performing the task.

First, we sample 500 examples from the dataset,
of which we modify a percentage (25%, 50%, or
75%) by replacing all dots and question marks (.
and ?) with an exclamation point (!) in positive
examples, and replace all dots and exclamation
points (. and !) with a question mark (?) in nega-
tive examples. This approach introduces spurious
correlations to the training dataset, without (likely)
changing the actual sentiment of the texts.

We then test the model on three test sets: the first
contains instances with spurious correlations, for
which we expect the model to reach near-perfect
performance. The second test contains flipped spu-
rious correlations, meaning that they are opposite
to the spurious correlations (e.g., replacing dots
and exclamation marks with a question mark point
in positive examples), on which models that rely on
the spurious correlations during training should fail.
The third test set contains unmodified examples, on
which such models should perform worse than on
the spurious correlations test set, but better than on
the flipped spurious correlations test set.

By applying attention regularisation, we aim to
prevent the model from relying on spurious corre-
lations. When this is the case, this should be vis-
ible in improved performance on the test set with
flipped spurious correlations and the unmodified
test set. Note that we exclude spurious correlation
tokens (i.e., ! and ?) from the randomly selected
tokens baseline (see Section 3.1).

3.3 Evaluation metrics

To evaluate the effectiveness of attention regular-
isation using human-annotated rationales, we ap-
ply two evaluation metrics. Firstly, to determine
how well the model can perform the classification
task, we report the macro average F1-score for the
model’s classification output. Secondly, to mea-
sure the intended change in attention patterns, i.e.,
pay more attention to human-annotated rationale
tokens, we calculate the alignment between a” and
al. Following Ferreira et al. (2025) and Fomicheva
et al. (2021), we use the area under the receiver

operating characteristic curve (AUC) to calculate
alignment. AUC measures how likely a model is to
rank a randomly selected rationale token above a
randomly selected non-rationale token.

3.4 SHAP explanations

To estimate whether the model relies on human-
annotated rationale tokens, we generate explana-
tions using SHAP? (Lundberg and Lee, 2017). We
chose SHAP as it allows for efficient generation
of post-hoc and model-agnostic explanations that
align well with human intuition (Retzlaff et al.,
2024). Moreover, compared to LIME (Ribeiro
et al., 2016), SHAP offers more robust and global
insights (Roshinta and Gébor, 2024). For 100 ran-
domly selected instances* from the test set, we use
SHAP to calculate importance values for every to-
ken in every instance for the predicted label. We
apply softmax to map the calculated importance
values to a probability distribution s”. We further
apply AUC (Section 3.3) to calculate the alignment
between (binary) human-annotated rationales al
and sP. Here, we expect that explanations for mod-
els regularised using human-annotated rationale
tokens will align better with human-annotated ra-
tionales than models regularised using randomly
selected tokens.

4 Results

We now analyse how attention regularisation using
human-annotated rationales affects classification
performance. Similarly to Stacey et al. (2022),
improvement gains are more visible in BERT than
in DeBERTa models. Nevertheless, our results
suggest that attention regularisation can improve
classification performance in both models.

In general, there is no regularisation loss func-
tion (L) that outperforms all other £, functions. In
Figure 4 (Appendix), we show the Spearman rank
correlations between various metrics and hyper-
parameters. The size of the training dataset (DS)
correlates positively with Fl-scores for ID and
OQOD, showing that the models generalise better
when more data is available during training.

Attention regularisation improves ID and OOD
performance. Similarly to related work (e.g.,
Pruthi et al. (2022)) attention regularisation im-
proves ID and OOD classification performance
most when the training dataset is small (e.g., 100

3See Appendix C for more details.
“Due to the small test set, this number is 21 for VAST.
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Figure 2: Training loss for BERT and DeBERTa models trained on randomly shuffled labels. We train without
attention regularisation (None), and using £;sg (BERT) and £ 4 (DeBERTa) with human-annotated rationales
(h) and randomly selected tokens (r). We show the training (solid lines), and validation (dashed lines) loss. Models
trained without attention regularisation (None) begin to overfit around step 100 (BERT) and 70 (DeBERTa), showing

that attention regularisation hinders overfitting.

or 200 examples). Regularisation using Lo, nega-
tively impacts performance for DeBERTa, where
the model does not converge (Table 11-14, Ap-
pendix). Moreover, for all datasets except HateX-
plain, attention regularisation yields improvements
in OOD performance.> See Appendices E and G
for ID and OOD performance of all setups.

Attention regularisation does not change SHAP
explanations. For the datasets used in this work,
attention regularisation appears to have little effect
on generated SHAP explanations. AUC scores for
attention patterns (A 4y¢) do not correlate with
AUC scores for SHAP values (Say¢) (Figure 4,
Appendix), indicating that SHAP explanations do
not echo changes in attention patterns. Neverthe-
less, we observe that scores for IDp1, OODgq,
and S4yc correlate positively, suggesting that
when models perform the task accurately, the gen-
erated SHAP explanations align better with human-
annotated rationales.

Random tokens can be useful reference atten-
tion patterns. Surprisingly, the above perfor-
mance improvements can be achieved by regularis-
ing using either human-annotated rationale tokens,
or randomly selected tokens. Regularising using
a uniformly distributed attention pattern (LgAR)
performs similarly to the model without attention

>Note that for DeBERTa trained on all examples from the
IMDb set, attention regularisation negatively impacts OOD
performance (Table 21).

regularisation (Appendices E and G). We surmise
that attention regularisation might introduce addi-
tional noise during training, thus helping to prevent
the model from overfitting on the ID data. To test
this hypothesis, we train our models on a dataset
with shuffled labels, and compare training losses
over training steps. Our expectation is that the
model trained with attention regularisation will be
slower to converge due to the additional noise. In
Figure 2, we show the training loss over training
steps for models trained without attention regulari-
sation, and using L;sg for BERT and L4 g for
DeBERTa.% As expected, the model trained with-
out attention regularisation (None) begins to overfit
after a number of steps, but the regularised mod-
els do not converge. Moreover, the loss patterns
for models regularised with human-annotated ratio-
nale tokens (human) and randomly selected tokens
(random) are quite alike.

Attention regularisation with human-annotated
rationales lowers sensitivity to spurious cor-
relations. Applying attention regularisation on
the dataset with synthetically introduced spuri-
ous correlations (Section 3.2.2) shows that human-
annotated rationale tokens yield greater benefits
than randomly selected tokens in attention regulari-
sation (Table 1). As expected, the model without
attention regularisation performs well on a dataset

®We choose these attention regularisation methods because

of the performance improvements on the IMDB dataset, see
Appendices E and G.
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BERT with random rationales

BERT with human rationales
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(b) DeBERTa regularised using LasAE.

Figure 3: Performance and A of models trained on 500 examples with 50% spurious correlations. The BERT and
DeBERTa models are trained with attention regularisation using Lyssg and Ly 4 g, respectively. Spp, denotes the
macro average F1-score for the test set with spurious correlations. A 47¢ denotes the AUC for attention patterns
and human-annotated rationale tokens, and S 4y for SHAP scores. N1 denotes the Fl-score for the test set
without synthetically introduced spurious correlations. Finally, F'r; denotes the F1-score for the test set with flipped
spurious correlations. Higher A values clearly improve Fr; when the model is regularised using human-annotated
rationale tokens.
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SCy, 25% 50% 75%

Ly a" | Spp1 Fr1 Npy | Spri Fpi Npy | Sprr Fri Np
None 1.00 .07 .89 |1.00 .00 .83 |1.00 .00 .55
LEAR .00 .05 .78 |1.00 .00 .78 [1.00 .00 .57
r h 99 23 88 |1.00 .00 .79 |1.00 .00 .64
AM- 1100 .11 .91 |1.00 .00 .71 |1.00 .00 .59
r R 100 11 91 |1.00 .06 .88 |1.00 .00 .82
KLD . 1100 .08 .89 |1.00 .00 .73 |1.00 .00 .62
r R |100 .10 .90 |100 .05 .87 |1.00 .00 .78
MAE . 1100 .08 .90 |1.00 .00 .8 |1.00 .00 .43
r R |100 .27 90 |100 .07 .8 |1.00 .01 .83
MSE 1100 .09 .8 |1.00 .00 .80 |1.00 .00 .57
r R |100 .07 87 |100 .01 .75 |1.00 .00 .76
OL ' 100 .07 .84 |1.00 .02 .8 |1.00 .00 .77

(a) Averaged results for BERT models trained on examples containing spurious correlations.

SCy 25% 50% 75%
L, a" | Spri Fr1 Np1 | Spri Fri Npp | Sper Fp1 Npg
None .95 Rl .89 | 1.00 .16 90 | 1.00 .05 .88
LEAR .95 il .89 | 1.00 .16 .90 | 1.00 .05 .88
Lay h .99 A7 94 .99 .34 94 | 1.00 .08 .93
r .99 43 .94 .99 31 .93 | 1.00 .08 .93
Lrxip h 97 .65 94 | 1.00 A7 .93 | 1.00 .06 .93
r .99 .56 94 | 1.00 13 94 | 1.00 .06 .93
Lyae h .98 73 .89 | 1.00 30 .95 .99 37 .94
r .98 .52 94 | 1.00 21 94 | 1.00 .20 .93
Lyse h .98 .55 94 | 1.00 A7 .85 | 1.00 .06 .86
r .98 .55 94 | 1.00 17 .85 | 1.00 .06 .86
Lor h 97 71 94 .99 45 .92 .85 45 .69
r 97 .74 .93 .99 45 .90 N 31 73

(b) Averaged results for DeBERTa models trained on examples containing spurious correlations.

Table 1: Averaged results (3 random seeds) for BERT and DeBERTa models trained on 500 examples from the
IMDb dataset with spurious correlations. SCoy denotes the percentage of synthetic spurious correlations in the
training set. a” refers to human-annotated rationale tokens (k) or randomly selected tokens (r). Spp; refers to the
F1-score on the dataset with spurious correlations, F'r; to the Fl-score on the dataset with flipped correlations,
and Ng; to the Fl-score on the dataset without spurious correlations. Bold values denote setups where attention
regularisation using human-annotated rationale tokens outperform randomly selected tokens. We report the standard

deviation values in Appendix F.

with spurious correlations, but less well on the
dataset without spurious correlations, and poorly
on a dataset with flipped correlations (Table 1).
This indicates that these models rely heavily on
spurious correlations, especially when a greater
percentage of training examples contains spuri-

ous signal. Applying attention regularisation im-
proves performance on the test set with flipped spu-
rious correlations (F'»1) and the unmodified test
set (INr1), especially when using human-annotated
rationales. We note that DeBERTa is less suscep-
tible to learning spurious correlations (Table 3b).
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Moreover, we find further evidence that human-
annotated rationales are more useful in reducing
sensitivity to spurious correlations than randomly
selected tokens; for higher values of A, models reg-
ularised using human-annotated rationales perform
better on the test set with flipped spurious correla-
tions (F'r1). This is shown in Figure 3, where we
show performance of models trained on 500 exam-
ples from IMDb with 50% spurious correlations
for various values of A.

The regularisation weight should be finetuned
per task and dataset. The regularisation loss L,
often has a different scale than the classification
loss L., due to the output dimensionality (C' or
n). Moreover, the number of tokens and rationale
tokens in the training dataset influence the scale
of L,. Table 6b (Appendix) shows the L. across
different loss functions and datasets extracted from
an untrained BERT model. We note that some loss
functions are affected by the token and rationale
length of training examples. The optimal hyper-
parameters found through hyper-parameter tuning
(Table 2 and 3, Appendix) underline this. The reg-
ularisation weight (\) differs greatly across func-
tions for £, and dataset sizes. Finally, though it is
dependent on both loss function and data size, our
results suggest that increasing the value for A\ can
render human-annotated rationales more effective.

5 Conclusion and Discussion

In this work, we systematically investigate how at-
tention regularisation using human-annotated ra-
tionales impacts classification models. Our re-
sults suggest that attention regularisation can im-
prove classification performance on both in-domain
and out-of-domain settings, especially for scarce
datasets. However, to our surprise, regularisation
using randomly selected token often yielded similar
performance improvements.

Post-hoc explanations generated using SHAP
do not resemble human-annotated rationales more
after applying attention regularisation with human-
annotated rationale tokens. This suggests that
attention regularisation only subtly changes the
trained model’s decision-making process, and/or
that SHAP is unable to detect nuanced changes in
the decision-making process of the model. Ferreira
et al. (2025) report similar results for other types
of post-hoc explanations, further indicating that it
may be difficult to detect changes in the decision-
making process of regularised models.

Taken together, our results suggest that perfor-
mance improvements of attention regularisation are
mostly due to the additional noise introduced dur-
ing training, thus hindering the model from overfit-
ting (Bishop, 1995).

Nevertheless, we show that attention regularisa-
tion using human-annotated rationale tokens can
reduce sensitivity to spurious correlations. More
specifically, a higher A\ value reduces the model’s
reliance on spurious correlations. While this is
clearly visible in classification performance, the ex-
planations generated using SHAP do not reflect this.
Future work should further explore explainability
methods and shifts in decision-making processes
of machine learning models.

6 Limitations

A limitation of this work is that datasets used in
attention regularisation experiments (Section 3.2)
often consist of short texts with a relatively high
number of rationale tokens (see Appendix D.4).
For datasets with short texts, attention regularisa-
tion may have a limited effect on performance, as
the model does not have to divide attention across
many tokens. To test this hypothesis, we invite
future work to explore attention regularisation for
datasets with longer texts.

Using human-annotated rationales as a refer-
ence attention pattern has limitations (Tan, 2022);
such rationales may not be exhaustive (Herrewijnen
et al., 2024), meaning that other tokens in the text
can also form part of plausible rationales. Further-
more, human annotators may disagree on which
tokens should be annotated as rationales. Finally,
tokens that are informative for a human may not be
informative for a ML model, or vice versa.
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A Training details

Following previous work (Section 2), we extract
a® by taking the attention weights for the [CLS] to-
ken of the last layer of the model, averaged across
heads.” We fine-tune the bert-base-uncased® model
for 5 epochs and a batch size of 16. For every task,
we train our models on 100, 200, and 500 randomly
sampled examples, and on the full dataset. To miti-
gate the effect of randomness (Dror et al., 2019), we
train our models using the found hyper-parameters
on three random seeds, and report results averaged
over these three models.

Hyper-parameters. To find the optimal hyper-
parameters for model training, we first perform
hyper-parameter tuning using the transformers li-
brary.” We use Optuna (Akiba et al., 2019) to
search for the optimal learning rate and A by max-
imizing the macro average F1-score for the clas-
sification task on the development set, across 20
trials. The search space for the learning rate lies
between le-8 and le-4, and for A between 0.1 and
100. We present hyper-parameters found through
hyper-parameter search in Table 2 and 3.

Carbon footprint. We train our models using a
system with two NVIDIA RTX A6000 cards for
2522 cumulative hours. Using the CodeCarbon
library (Courty et al., 2024), we estimate the carbon
emissions of this work to be 3.08 kgCOqeq.

B Regularisation weight

We expect that there is a difference in scale between
functions for £, (which we confirm in Section 4).
To understand the effect of A on training results,
e.g., should the optimiser prioritise £, over L., we
first balance L. and £,.. To do this, we calculate the
initial loss for £, and L. for an untrained model.
By dividing L. by £,, we find the balance modifier
b. Using b, the final loss function used for training
is as follows:

Using this approach, A accurately represents the
weight of L, relative to L., while limiting the
hyper-parameter search space for \.

"We also use attention rollout and the average of the top
3 heads in BERT, but find this does not significantly change
results.

8https://huggingface.co/google-bert/bert-base-uncased

*https://github.com/huggingface/transformers

C SHAP explanations

We use the python SHAP library!?, version 0.47.2,
to generate SHAP explanations. Moreover, we use
the ‘partition’ algorithm to estimate the Shapley
values.

D Datasets

In the following, we describe the datasets used in
this study. See Table 5 for the number of instances
per dataset.

D.1 Description of tasks and datasets

Sentiment Analysis (IMDb and SST). For senti-
ment analysis, we use two datasets. The first is the
Internet Movie Database (IMDb) dataset enriched
with rationales (Zaidan et al., 2007), which con-
tains English movie reviews with positive or nega-
tive sentiment labels and human-annotated snippet
rationales explaining the labels. Human-annotated
rationales are collected by instructing annotators
to justify their decision by highlighting the most
important words and phrases in the review.

The second dataset is the Stanford Sentiment
Treebank (SST) (Socher et al., 2013), which con-
tains snippets from movie reviews with positive
or negative sentiment labels at every syntactic tree
node. We use the heuristic algorithm by Carton
et al. (2020) to construct human-annotated ratio-
nales. Compared to the IMDb dataset, the SST
dataset contains rather short texts with a high per-
centage of rationales per text (Table 6a).

As OOD datasets, we use the DynaSent (Potts
et al., 2021), Yelp (Zhang et al., 2015) and SFU
review (Taboada and Grieve, 2004) datasets. Dy-
naSent is a challenge dataset for sentiment classi-
fication and contains two rounds of challenge sen-
tences. The first round contains naturally occurring
sentences that are challenging for machine learning
models to classify. The second round contains sen-
tences crafted by humans to ‘fool’ machine learn-
ing models. The Yelp dataset contains user reviews
for local businesses annotated with positive or neg-
ative sentiment labels. The SFU review dataset
consists of consumer reviews for products from
Epinions.com, labelled as recommended (positive)
or not recommended (negative).

Hate speech detection (HateXplain). The Ha-
teXplain dataset (Mathew et al., 2021) contains
Twitter and Gap posts, annotated with hate speech,

https://pypi.org/project/shap/
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DS 100 200 500 1472
b Ir A Ir A Ir A Ir A
None 3x107° 6 x 107° 10 x 107° 5x107°
LEAr —0.05 | 2x107% 2279 | 7x107° 1.03 | 7x107° 466 | 2x107°  3.06
Lan 0.42 | 3x107° 1.75 | 5x 107 1.95 | 7x107° 1.42 | 9x 1075 1.65
LxLD 748.82 | 3x107° 756 | 6x107°  1.01 | 7x107® 028 | 4x107° 11.20
LMAE 6332.53 | 6 x 107° 1.13 | 7x107% 0.13 | 2x107° 2551 | 2x107° 0.61
Luse |54185485.09 |10 x 107° 6140 | 1 x107° 860 | 8 x107° 0.34 | 9x107°  0.10
Lor 1659 | 1x107° 0.85 | 7x107° 038 | 4x107° 3.84 | 5x107° 0.20
(a) IMDb
DS 100 200 500 6541
b Ir A Ir A Ir A Ir A
None 1x 1077 10 x 1075 4%x107° 4%x107°
LEAR 0.00 | 3x107® 011 |9x10™° 067 |3x107° 023 |5x107% 831
Lam 1.82 | 4x107° 1222 | 6x107° 11.95 [10x107® 37.92 | 7x107°  7.53
LxLD 74740 | 4 x107° 1277 | 1x 107 012 | 7x107° 1.29 | 3x107° 0.94
LrAE 31829 | 2x107° 0.13 | 9x107® 037 |3x107° 048 | 5x107° 4.21
Luse 147445216 | 6 x 107° 840 | 6 x 107°  1.04 [10x107° 451 | 4x10™°  0.15
Lor 010 | 3x107% 023 |5x107° 042 | 9x107° 0.15 | 5x107° 63.41
(b) SST
DS 100 200 500 14102
b Ir A Ir A Ir A Ir A
None 2x1078 1x1078 3x107° 1x107°
LEAR —0.05 | 1x107® 288 | 9x107° 6.32 | 6x107® 137 |3x107° 0.34
Lan 1.22 | 3x107% 044 | 2x107% 1372 | 3x107% 464 | 2x107° 20.33
LxiD 265.02 | 5x107®% 1555 | 9x107° 0.82 | 4x107° 1064 | 2x10™°  2.16
LMAE 28098.90 | 5x 1077 76.17 | 1x107®% 0.10 | 7x107° 0.75 | 1x107°  2.30
Luse | 635007765 | 5x 1078 39.73 | 9x107® 234 [10x107° 0.11 | 2x107°  0.98
Lor 4870 | 5x 107 2723 | 5x 1077 93.88 | 2x107® 139 | 3x107® 0.88
(c) HateXplain
DS 100 200 519
b Ir A Ir A Ir A
None 9x 1075 6 x 1076 6x 1077
LEAR —0.05 | 9x107° 1.05 | 7x107% 2205 | 2x107°  0.27
Lan 914 | 5x107° 258 | 5x107% 9559 | 4x107°  3.26
LKxLp 17.20 | 3x107° 1.02 | 6 x 1075 1.00 | 2 x 107 1.14
Liap 651.34 | 3x107° 439 | 1x107°> 168 | 1x107°  0.61
Lase | 3004167 | 9x 107  0.26 | 7x107% 046 | 2x10™® 0.30
Lor 4.00 | 4x107%  6.08 | 4x 1075 42,01 | 2x107° 1.96
(d) VAST

Table 2: Balance modifier (b), learning rate (Ir), and X found through hyper-parameter search for BERT.
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DS 100 200 500 1472
b Ir A Ir A Ir A Ir A
None 4x107° 8 x 107° 4x107° 2x107°
LEAR 000 | 8x107° 295 | 9x107° 16.59 | 4x107% 0.11 | 2x107°  0.10
Lam 795.39 | 3x10°° 108.69 | 7x107° 124.73 | 3x10™°> 0.59 | 3x 10~° 27.11
LxrLp 18.88 | 6x107° 2982 | 7x107° 061 | 4x107° 1.75 | 7x107% 127.85
Lrae 345 | 7x107° 018 | 5x107°  6.79 | 2x107° 10.40 | 8 x107%  4.88
Luse | 531440858 | 4x107° 18.07 | 6 x107° 092 | 1x107° 10.90 | 8 x107¢ 72.78
Lor 2529.40 | 4 x107° 132.35 | 1x107° 1370 | 4x 107> 020 | 6 x107% 0.13
(a) IMDb
DS 100 200 500 6541
b Ir A Ir A Ir A Ir A
None 3x107¢ 10 x 1077 8 x 1075 3x107°
LEAR —0.13 |10 x10™® 7.66 | 6 x10™°> 0.26 |[10x10™° 0.11 | 4x107° 0.35
Lanm 122 | 8x10~° 035 | 8x107° 0.83 ] 2x10° 1459 [ 1x10~° 0.12
LxLD 49526 | 5x107%  8.14 [10x107° 0.60 | 3x107° 1.18 | 3x107° 1.15
LriaE 86.70 | 1x107% 0.11 | 9x107° 257 | 1x107° 039 | 2x10"° 0.81
Lyse 114939521 (10 x 1075 4.09 [10x 1075 052 | 2x107° 0.26 | 3x107°  0.51
Lor 25287.37 | 4x107% 4007 | 3x1077 391 | 7x107° 049 | 4x107° 15.32
(b) SST
DS 100 200 500 14102
b Ir A Ir A Ir A Ir A
None 10 x 1077 7x107° 4x107° 2x107°
LEar —0.02 {10 x 107 0.86 | 7x10™°> 3.76 | 4x107° 3.26 | 9x107°  0.10
Lan 12.28 | 7x107° 1.39 [ 1x 1077 24.07 | 2x107° 21.57 | 8 x10°% 0.21
LKxLD 3137.00 | 3x107% 4432 | 4x107% 3228 | 2x10™° 070 | 1x107% 0.70
LMAE 44354 | 9x 1075 067 | 9x107° 0.12 | 6 x 1075 1.09 | 1x107% 0.71
Luse 13408231 | 1x107%  6.28 | 8 x107° 139.73 | 8 x 107> 0.23 | 2x107%  0.70
Lor, 1269.52 | 4x 1077 210 | 2x107° 1215 | 5x107° 0.14 | 4x107° 45.53
(c) HateXplain
DS 100 200 519
b Ir A Ir A Ir A
None 7x107° 8 x 107° 4x107°
LEAR —0.15 | 4x107° 7485 | 2x107° 11.32 | 6 x107° 11.14
Lanm 1.68 | 3x107° 1928 | 2x10°° 1.19 | 4x10~° 12.74
LxLD 022 | 5x107% 048 | 1x107° 1.27 | 2x107° 1.20
LyaE 55949 | 6x107° 085 | 4x107° 283 | 2x107°  0.42
Lase (170666043 | 9x 1075 478 | 4x 107> 0.95 | 8x107°  0.12
Lor 96.73 | 1x 1077 19.06 | 4x107% 14230 | 6 x 10°°  0.73
(d) VAST

Table 3: Balance modifier (b), learning rate (Ir), and A found through hyper-parameter search for DeBERTa.
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abusive, or normal language. If the post contains
hate speech or abusive language, the target commu-
nity is also annotated. Every post is annotated by
three annotators, and we combine the labels to con-
struct a multi-label task. This means that posts can
be both hate speech or abusive language, neither,
or both. When a post is annotated as hate speech
or abusive language, annotators are asked to select
that words or phrases could be a potential reason
for the given annotation.

Moreover, we combine all words annotated as ra-
tionales as our rationale mask. Note that neutral ex-
amples do not contain rationales. As OOD datasets,
we use multiple hate speech datasets; the Dynahate
dataset (Vidgen et al., 2021) contains hate speech
texts created by annotators, which are perturbed
by human annotators to ‘flip the label’ in three
rounds. The Ethos dataset (Mollas et al., 2022),
which contains posts from Reddit and YouTube an-
notated with hate speech labels. Lastly, the White
Supremacist Forum dataset (de Gibert et al., 2018)
consists of posts from the Stormfront forum, and is
annotated with hate speech labels.

Stance detection (VAST). The VAried Stance
Topics (VAST) dataset by Allaway and McKeown
(2020) contains comments collected from The New
York Times ‘Room for Debate’ section. For a given
topic (e.g., marijuana), every instance is annotated
pro, con, or neutral towards the topic. Jayaram and
Allaway (2021) augment a non-neutral subset of
VAST with human-annotated rationales. Annota-
tors are asked to select the words that were most
important to determine the stance towards the given
topic. In this work, we only use the instances with
human-annotated rationales, thus removing neu-
tral instances. Note that this simplifies the task to
binary classification (pro or con).

As OOD datasets, we use two stance detec-
tion datasets consisting of tweets. The first is the
SemEval-2016 Stance dataset (Mohammad et al.,
2016). This dataset consists of stances towards
various topics, like presidential candidates and so-
cietal issues. Every instance is labelled in favour
or against the topic. We remove neutral instances.
The second dataset is the PStance dataset (Li et al.,
2021), which contains tweets targeting presidential
candidates. Every instance is labelled in favour
or against the candidate. Following Jayaram and
Allaway (2021), we modify the input text in all
datasets to ‘[CLS] text [SEP] topic [SEP]’.

D.2 Preprocessing

We train our models on instances that include
human-annotated rationales after tokenisation. We
remove instances where all rationale tokens are
truncated during tokenisation. Moreover, we re-
move instances where all tokens in the instance are
rationales. For SST, this applies to 379 instances.

D.3 Examples of human-annotated rationales

See Table 4 for examples of rationales in the
datasets used in this work.

D.4 Dataset statistics

In Table 6a we present the average number of to-
kens and rationale tokens per dataset used in this
study. In Table 6b we present values for various £,
for an untrained BERT model.

E In-domain performance

In Tables 7-14, we present F1-scores on in-domain
datasets, alignment of attention patterns with
human-annotated rationale tokens (A4 ¢), and
alignment of extracted SHAP explanations with
human-annotated rationale tokens (S 4y7¢) for our
setups.

E.1 BERT

See Tables 7-10 for in domain performance for
BERT models.

E.2 DeBERTa

See Tables 11-14 for in domain performance for
DeBERTa models.

F Performance for dataset with spurious
correlations

In Tables 15 and 16 we show the performance for
BERT and DeBERTa models trained on various
percentages (25%, 50% and 75%) of spurious cor-
relations. All results are averaged over 3 random
seeds.

G Out-of-domain performance

In Tables 17-24 we present F1-scores on out-of-
domain datasets for our setups.
G.1 BERT

See Tables 17-20 for the OOD performance for
BERT models.
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IMDb

Claire Danes, Giovanni Ribisi, and Omar Epps make a likable trio of protagonists, but they’re just | Negative
about the only palatable element of the mod squad, a lame-brained big-screen version of the 70s tv
show. the story has all the originality of a block of wood (well, it would if you could decipher it), the
characters are all blank slates. Scott silver’s perfunctory action sequences are as cliched as they come.
by sheer force of talent, the three actors wring marginal enjoyment from the proceedings whenever
they’re on screen. Still, the mod squad is just a second-rate action picture with a first-rate cast.

Hilarious, ultra-low budget comedy from film school dropout Kevin Smith chronicles a day in the life | Positive
of two convenience store slackers (Brian o’Halloran and Jeff Anderson). they spend most of their day
ignoring customers while discussing everything from fellatio to self-fulfillment. the premise is strictly
sitcom and the photography is grainy as all get-out, but you could spend ten times the film’s budget (a
reported $ 27, 000) and still not get dialogue half as good as this. originally rated nc-17 for language.
not recommended for viewers with sensitive ears.

SST
I hate this movie | Negative
scores a few points for doing what it does with a dedicated and good-hearted professionalism. | Positive
HateXplain

We cannot continue calling ourselves feminists if the rights of all womxn arent addressed yes to a | Neutral
sexual offences public list but will a trans lesbian bisexual and queer womxn be able to enter their
information on the reporting sheet gender forum

First wave feminists were largely thoughtful women advocating for voting rights legal financial rights | Hate speech
access to opportunity subsequent feminist movements have been ridiculou by equating feminism with
abortion sexuality etc burning ones bra never accomplished anything except sagging

VAST

The era when there were no public schools was not a good socio-economic time in the life of our nation. | Pro
Anything which weakens public schools and their funding will result in the most vulnerable youth of
America being left out of the chance to get an education. [SEP] home schoolers

Our school district is terrrible, and the results even worse. Last year a child was T-Bagged and beaten | Con
because he was white by a group of black football players. No one was punished...b/c they were afraid
of the moron parents. We send all 3 kids to private school at a considerable expense to ourselves yet
the money we pay in taxes goes to the school we had to pull our kids from. Is that fair? [SEP] home
schoolers

Table 4: Examples for the IMDb, SST, HateXplain, and VAST datasets. The right column shows the labels.
Human-annotated rationales are underlined.

G.2 DeBERTa

See Tables 21-24 for the OOD performance for
DeBERTa models.

H Spearman rank correlation between
metrics

In Figure 4 we show the Spearman rank correlation
between metrics for BERT across datasets.
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| train | dev | test

pos 702 89 93
neg 770 93 96

total | 1472 | 182 | 189

| train | dev | test

pos | 3440 | 423 | 875
neg | 3101 | 411 848

total | 6541 | 834 | 1723

(a) IMDb (b) SST

| train | dev | test | train | dev | test

abusive | 6429 ‘ 1640 ‘ 1105 pro ‘ 249 ‘ 11 ‘ 10

hate 7489 1880 | 1314 con 270 11 11

total | 14102 | 3627 | 2418 total | 519 | 22 | 21
(c) HateXplain (d) VAST

Table 5: Number of instances per dataset after preprocessing.

| IMDb | SST | HX | VAST

489 22 27 128
33 10 11 32

| 046 | 0.43 | 0.25

tokens
rationales

rationale ratio ‘ 0.06

(a) Average number of tokens, average number of rationale tokens, and token-rationale ratio across datasets.

Table 6: Rationale-token ratio and £,.. HX refers to the HateXplain dataset. Ly;s5, Larag, and Log, are sensitive

to token length.

| IMDb | SST | HX | VAST
Lrxrp | 84x1072 | 9.8x1072 | 85x1072 | 1.2x 107!
Layv 199%x1071 | 54%x1071 ] 9.7x1071 | 9.9 x 107!
Lyvse | 80x1077 | 2.0x107° | 7.0x 107 | 5.0 x 1076
Loaap | 72x107% | 7.5 x107% | 2.6 x 1072 | 8.0 x 1074
Lor 1.0x107% | 59%x1072 | 20x107* | 7.0 x 107°

(b) L, calculated on the test set using different loss functions on an untrained model.
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ID - IMDb - BERT

DS 100 200 500 1472

- 0 &) 0 0 0 0 0 0

L, s | Fl 2 2 | F1 2 2 |1 2 2 | F1 2 2

< 195) < %) < %) < %)
None 57 + .04 48 33 | 48 +.09 48 A48 | 74 + 16 .53 .53 | 92+ .03 .64 .61
LEAR .58 + .03 .48 49 | 49+ 48 A7 | 73+ 16 .51 .53 | 93+ 01 .63 .60
Lan h .61 + .01 48 49 | .46 + .09 .48 49 | 91+ .01 .59 61 | 94+ .01 .64 .62
r 59+ 0 .49 b3 | Sd4+0 A7 .50 | .88 £+ .05 .61 .59 | .88 £+ .01 .62 .61
Lxrp h .62 + .07 .54 b5l | 75 £.05 .58 54 | .92 + .02 .62 62 | 91 +.02 .70 .60
r 51+ .01 .48 b5 | 74 + .05 .5l .55 | .92 4+ 04 .61 .60 | .94 + 04 .55 .61
Lyaeg h .67 + .02 .48 49 | 73+ .04 .53 52 | 81+ .07 .62 .53 | .95+ 01 .63 .58
r .63 + 01 .50 54 | 63 +.13 .50 .52 | .92+ 01 .56 .55 | 94+ .03 .65 .60
Lyvse h | 71+.06 .68 b1 | .58 +.09 .53 49 | 92 4+ .02 .62 .61 | 92 4+ .03 .63 .61
r A1 + .14 .50 .50 | .61 £.03 AT bl | .8 +£.07 .61 57 | .89+ .02 .62 .62
Lor h | .51 +.03 51 50 | 78 + .03 .60 .55 | .89 + .03 .62 .59 | 924+ .01 .65 .62
r .6+ .01 .50 bl | 67+2 .54 .55 | 85+ .02 .58 b8 | 9+0 .61 .62

Table 7: In-domain performance for IMDb with BERT. a” refers to the attention pattern type as human-annotated
rationale tokens (k) or randomly selected tokens (7). F'1 denotes the F1-score on the ID test set. & denotes the
standard deviation. A oy ¢ denotes the AUC for extracted attention patterns. Sy ¢ denotes the AUC for SHAP
explanations.

ID - SST - BERT

DS 100 200 500 6541

- 0 0 0 0 0 0 0 0

L s | Fl 2 2 | F1 2 2 |1 2 2 | F1 2 2

< <) < ) < 0" < %)
None 55+ .14 .36 b2 | 37 +.07 .36 .54 | .85+ .01 42 .60 | .89+ .0 .49 .64
LEAR A48 + 21 .36 50 | 37 +.07 .36 .54 | .86 + .01 .44 61 | 9+0 .46 .60
Lanm h | 72+0 .80 .50 | .86+ .0 .79 61 | 87+.0 .79 62 | 91+.0 .74 .62
r T3+ 0 .53 B0 | .89 +.0 .53 .60 | 88+ .0 .52 62 | 89+0 .53 .62
Lxrp h | 45+0 .83 A7 | 46+0 .36 A48 | 89+ 0 .80 62 | 92+0 .83 .61
r 44 + 1 .59 A8 | 47T+ 0 .59 A48 | .86 4+ .02 .59 .60 | 9+.02 .59 .61
Lyag h | 62+0 .67 47 | 87+.0 .59 62 | 87+ 0 .54 b8 | 92+ 0 .83 .61
r 62+ 0 .54 48 | .84 + o1 .54 61 | 87+0 .54 62 | 9+.2 .54 .61
Lyvse h | 57+0 .82 49 | 87+.0 .75 59 | 87+ 0 .82 63 | 91+0 7 .60
r 43 + .09 .53 51 | .86 +£.01 .53 b8 | .86 + .02 .53 .61 | 9+ .01 .53 .61
Lor h | .62+0 .75 A7 | 86+ .0 .74 .60 | 88+ .0 72 61 | 91+0 7 .61
r TJ+0 .53 49 | 86 +.0 .53 .61 | 86+.0 .53 .61 | 91+ .01 .53 .62

Table 8: In-domain performance for SST with BERT. a” refers to the attention pattern type as human-annotated
rationale tokens (k) or randomly selected tokens (7). F'1 denotes F1-score on the ID test set. & denotes the standard
deviation. A 47¢ denotes the AUC for extracted attention patterns. Sy denotes the AUC for SHAP explanations.
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ID - HateXplain - BERT

DS 100 200 500 14102

- 0 0 0 0 0 0 0 0

L, s | Fl 2 2 | F1 2 2 |1 2 2 | F1 2 2

< 0 < ) < %) < %)
None 55+ .14 .36 b2 | 37 +.07 .36 .54 | .85+ .01 42 .60 | .89+ .0 .49 .64
LEAR A48 + 21 .36 50 | 37 +.07 .36 .54 | .86 + .01 .44 61| 9+0 .46 .60
Lanm h | .72+0 .80 b0 | .86 +.0 .79 61 | 87+ 0 .79 62 | 91+0 .74 .62
r T3+ 0 .53 50 | .89 +.0 .53 .60 | 88+ .0 .52 62 | 89+0 .53 .62
Lxrp h | 45+0 .83 A7 | 46+ 0 .36 48 | 89+ 0 .80 62 | 92+0 .83 .61
r 44 + 1 .59 A48 | 4T+ 0 .59 A48 | .86 4+ .02 .59 .60 | 9+.02 .59 .61
Lyag h | 62+0 .67 A7 | 87+.0 .59 62 | 87+ 0 .54 b8 | 92+ 0 .83 .61
r 62+ 0 .54 48 | .84 + o1 .54 61 | 87+0 .54 62 | 9+.02 .54 .61
Lyse h | S7T+0 .82 49 | 87+.0 .75 59 | 87+ 0 .82 63 | 91+0 7 .60
r 43 + .09 .53 51 | .86 £ .01 .53 b8 | .86 +.02 .53 .61 | 9+ .01 .53 .61
Lor h | .62+0 .75 A7 | 86+ .0 .74 .60 | 88+ .0 72 61 | 91+0 7 .61
r TJ+0 .53 49 | 86+ .0 .53 .61 | 86+.0 .53 .61 | 91+ .01 .53 .62

Table 9: In-domain performance for HateXplain with BERT. a” refers to the attention pattern type as human-
annotated rationale tokens (h) or randomly selected tokens (). F'1 denotes F1-score on the ID test set. &= denotes
the standard deviation. A 47 denotes the AUC for extracted attention patterns. S 4y denotes the AUC for SHAP
explanations.

ID - VAST - BERT

DS 100 200 519

) QO Q QO O O

L, a" | F1 2 2 | F1 2 2 | F1 2 2

< o« < 0 < @0
None 39+.05 54 51|47+£0 56 51| 4240 .55 55
LEAR 39+.05 54 51|.38+.0 56 51| .424+.0 .55 .54
Lavy h | 4540 55 49| .434+.0 54 53| 424+4.0 54 .51
r | 4540 55 50| .494+.05 54 54| .424+.0 54 51
Lxrp h | 42+0 54 51|47+0 55 57].38+.0 .54 .51
r | .42+0 54 50| .444+.03 55 55| .424+.0 54 .51
Lyap h | 464+.0 64 49| 46+0 56 57[.39+.0 .56 .55
r | .44+£.02 54 50| .484+.03 54 54| 444+.05 55 .53
Lyse h | .53+£.0 64 48] .46+.0 55 52].5+.0 55 .51
ro| 434+£.02 55 50| .464+.0 .55 .52 |.54.0 54 51
Lo h |.57+0 65 50|.34+.0 59 52| .57+.0 64 .53
r | .56+.13 .53 .53 | 484+.16 .55 .52 | .534+.18 .55 .56

Table 10: In-domain performance for VAST with BERT. a” refers to the attention pattern type as human-annotated
rationale tokens (k) or randomly selected tokens (7). F'1 denotes F1-score on the ID test set. & denotes the standard
deviation. A 47¢ denotes the AUC for extracted attention patterns. S y ¢ denotes the AUC for SHAP explanations.
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ID - IMDb - DeBERTa

DS 100 200 500 1472

< O 0 S 0 0 O O O

L, s | Fl 2 2 | F1 2 2 |1 2 2 | F1 2 2

< ) < 0 < n < 0
None 91 + .01 .08 .54 | 95+ .01 .55 .58 | 94 + .01 .55 .61 | 96+ .0 .65 .61
LEAR 92 £ .01 .53 .54 | 95+ .01 .55 58 | 93 +.03 .58 .61 | 95 .01 .57 .61
Lam h 91 + .01 .06 b4 | 924 .03 .63 A7 | 95+ .01 .55 .60 | .96 £ .01 .59 .62
r 91 + .01 .50 D4 94 +0 .50 A7 | 95 +.02 .50 .61 | .96 £ .01 .50 .61
Lxkp h | 9+.01 .61 .56 | .94 £ .03 .58 B8 | 95 +.m .61 56 | 93 +0 .61 .59
r 91 + .01 .50 .56 | .93 + .01 49 58 | 94 £+ .02 49 D7 97+0 .01 .58
Lyae h | 87+.02 .54 b6 | 94+0 .61 BT | .95 £ .01 .62 .61 | .95 £ .01 .58 .61
T .89 + .04 .00 .56 | 95+ .01 .50 D7 | 92+ .02 .50 .61 | .95+ .01 .50 .61
Lyse h | 93 +.01 .62 D2 | 95+0 .58 .59 | 95+ .01 .63 .55 | .95 £ .01 .61 .59
r 9+ .02 .50 52 | 94 +.01 .50 59 | .95+ .02 .50 B8 | 96 +.0 .50 .61
Lor h | 34+0 .56 B4 | 4+ .53 58 | 94+ .04 .57 .61 | 96 +.0 .55 .59
T 35+ .01 .50 b7 | 44+ a7 .50 58 | 9+.03 .50 .60 | 96 +.0 .50 .58

Table 11: In-domain performance for IMDb with DeBERTa. a” refers to the attention pattern type as human-

annotated rationale tokens (h) or randomly selected tokens (). F'1 denotes the F1-score on the ID test set. +
denotes the standard deviation. A 47 denotes the AUC for extracted attention patterns. S,y ¢ denotes the AUC
for SHAP explanations.

ID - SST - DeBERTa

DS 100 200 500 6541

- 0 0 0 0 0 0 0 0

L s | Fl 2 2 | F1 2 2 |1 2 2 | F1 2 2

< n <t n < n < n
None 34+0 .59 b2 | 58 +.06 .54 .56 | .92 £ 01 .55 .61 | .94+ 01 .53 BT
LEAR S+ 28 .52 .55 | .65 £ .09 .52 b6 | 91 +0 .48 61 | 95+ .01 .49 .57
Lam h 68 +£3 .60 54 | 91 + .02 .64 .54 | .86 £ .01 72 b5 | .95+ 01 .56 .60
T .65 + 27 .50 .54 | .92 + .01 .50 .54 | .92 + .01 .50 .55 | .95 + .01 .50 .60
Lxrp h 34 + 01 .63 .54 | .88 £.02 71 .54 | .92+ .01 72 B9 | 95+0 .74 .56
r .37 £+ .06 .53 b4 | 92+0 .58 b4 | 93+ 0 .59 .59 | .95+ 01 .60 .56
Lyaeg h 33+0 .55 .52 | .88 + .01 72 b4 | 92+ 0 .64 b8 | 95+ 0 .73 .58
r 33+0 51 52 | 9+ .0 .51 b4 | 9240 .50 B8 | 95+ 0 .52 .58
Lyvse h 46 + .1 71 .54 | 91 + .01 .71 b4 9240 .68 .56 | 96+ .0 72 5T
r 34+0 .50 54 | .89 + .02 .50 b4 | 92+0 .51 56 | 95+ 0 51 .57
Lor h 33+0 .55 b3 | 330 .56 .53 | .88 &+ .04 .62 .58 | .94 £ 01 .63 .59
r 33+0 .50 b3 | 33+0 .50 .53 | 93+ 01 .50 .58 | 95+ 01 .50 .59

Table 12: In-domain performance for SST with DeBERTa. a” refers to the attention pattern type as human-annotated
rationale tokens (k) or randomly selected tokens (7). F'1 denotes F1-score on the ID test set. & denotes the standard
deviation. A 47¢ denotes the AUC for extracted attention patterns. Sy denotes the AUC for SHAP explanations.
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ID - HateXplain - DeBERTa

DS 100 200 500 14102

< §) &) 0 o) 0 Q 8] 0

L, s | F1 2 2 | F1 2 2 | F1 2 2 | F1 2 2

< %) < %) < %) < %)
None 35+0 .51 BT | 35+0 .52 .58 | .39 + .03 .59 .58 | .68 + 01 .58 Ry
LEAR 35+0 .53 BT | 35+0 .54 b8 | 47+ 1 .55 b8 | T4+ 0 .49 BT
Lanm h 46 + .18 .59 BT | 35+ 32 .5l b8 | 7T+.0 .79 .64 | 73 + .01 .80 .75
r 46 + .18 .50 BT | 35+32 .50 b8 | 45+ .17 .50 BT | T3+0 .50 .74
Lxrp h | 34+33 .55 BT | 36 + 31 .5l 62 | 71 +0 .80 72| 72+0 .82 .68
r 34+ 33 51 57 | 36 +£.31 .51 .64 | 45+ .16 .56 70 | 71+ .01 .56 .65
Lyag h | 46+ .18 .65 B5T | 45+ .07 .64 59 | 71+ 01 .78 .69 | 73+ 01 .81 73
r 46 + .18 .50 57 | 46 £.19 .50 .63 | .57 +.19 .50 70 | 73+ .01 .51 72
Lvse h | 36+£3 .51 BT | 46+ .14 .79 .66 | .69 + .02 .79 71| 72+ 01 .82 72
r 36+ 3 .50 BT | 35+0 .50 .68 | .64 £ 05 .50 71| 71+ 01 .50 .70
Lor h 35+ 32 51 B8 | 35+0 .66 .65 | 43 +.13 78 .66 | .73+ .01 .66 71
r 35+ 32 .50 b8 | 3540 .50 .68 | 44 4+ .14 .50 70 | 74+ 01 .50 .69

Table 13: In-domain performance for HateXplain with DeBERTa. a” refers to the attention pattern type as human-
annotated rationale tokens (h) or randomly selected tokens (). F'1 denotes F1-score on the ID test set. & denotes
the standard deviation. A 4y denotes the AUC for extracted attention patterns. S 4y ¢ denotes the AUC for SHAP
explanations.

ID - VAST - DeBERTa

DS 100 200 519

@) ) Q @) O @)

L, a" | F1 2 2 | F1 2 2 | F1 2 2

< @0 < =@ < ©
None 44+.16 58 48| .61+.04 58 50 |.74+.03 58 .44
LEAR A474+.13 54 48 | 64+.07 55 50| .69+.08 .55 .45
Lay h | .58+.07 65 49|.56+.13 56 .56 |.69+.11 .65 .52
ro|.58+.21 51 49| .56+.13 .50 .56 | .594+.12 .51 .52
Lxrp h | .68+.11 60 45| .61+.04 .63 .53|.71+£.09 .65 .45
r | .67+.08 49 45| 484+ .11 .49 53| .6+.24 50 .45
Lyag h | 63+£.1 60 51].644+.04 .64 .53].754+4.03 .58 .49
r | .69+.06 .50 51|.664+.06 .50 .53 |.61+.25 .50 .49
Lyse h | .55+4.09 64 46| .56+.01 .63 43| .54+.11 .56 .44
r | .64+.09 50 46| .64+.03 .49 43| .55+ .2 50 .44
Lo, h |33+.01 54 51|37+.05 54 51].324+£.0 .56 .51
r | .33+£.001 50 .51|.324+.01 .51 51| 484+.17 .51 .51

Table 14: In-domain performance for VAST with DeBERTa. a” refers to the attention pattern type as human-
annotated rationale tokens (h) or randomly selected tokens (). F'1 denotes F1-score on the ID test set. £ denotes
the standard deviation. A 4y¢ denotes the AUC for extracted attention patterns. S 4y ¢ denotes the AUC for SHAP
explanations.
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Spurious correlations - IMDb - BERT

SCy, 25% 50% 75%

roSlE &2 & 2 8 JE & & S5 § |& &z =& &8 g

) R - R e - R . e

None |10 07 8 61 59 [10 0 8 .58 55 [10 0 55 49 .54
+.0 + .04 +.0 + .01 +.0 +.0 +.0 +.0 + .03 + .01 +.0 +.0 +.0 + .02 + .02

Lear |10 05 78 54 55 |10 O 78 55 55 |10 0 57 49 52
+.0 + .08 +.0 + .06 + .02 +.0 +.0 +.0 + .07 + .02 +.0 +.0 +.0 + .03 + .03

h |9 23 8 66 57 |10 0 79 56 56 |10 0 64 54 53
5: +.0 +.0 +.0 + .04 + .04 +.0 +.0 +.0 + .04 + .04 +.0 +.0 +.0 + .04 + .04

S r |10 a1 91 61 57 |10 0 71 54 54 |10 0 59 48 49
+.0 + .08 +.0 + .02 + .01 +.0 +.0 +.0 + .03 + .02 +.0 +.0 +.0 + .02 + .02

L h |10 a1 91 6 59 [10 06 88 66 58 [10 0 82 6 54
N +.0 +.0 +.0 +.0 + .01 +.0 +.0 +.0 +.0 + .01 +.0 +.0 +.0 +.0 + .01

S r |10 08 8 59 59 |10 0 73 5 53 |10 0 62 48 5l
+.0 + .07 +.0 + .03 + .01 +.0 +.0 +.0 + .01 + .01 +.0 +.0 +.0 + .01 + .01

o h[10 0 9 6 58 |10 05 8 65 56 |10 0 78 61 .54
< +.0 +.0 +.0 + .03 + .03 +.0 +.0 +.0 + .03 + .03 +.0 +.0 +.0 + .03 + .03

S r |10 08 9 57 56 |10 0 8 56 55 |10 0 43 47 51
+.0 + .07 +.0 + .02 + .01 +.0 +.0 +.0 + .03 + .03 +.0 +.0 +.0 + .01 + .02

. h |10 27 9 6 58 [10 07 8 7 57 [10 01 83 69 .55
2] +.0 +.0 +.0 +.0 + .02 +.0 +.0 +.0 +.0 + .02 +.0 +.0 +.0 +.0 + .02

S r |10 0 8 54 56 [10 0 8 52 53 |10 0 57 47 .5
+.0 + .02 +.0 + .03 + .01 + .0 +.0 +.0 + .02 + .01 +.0 +.0 + .0 + .01 + .01

h |10 07 8 6 57 |10 0 75 61 56 |10 0 76 63 .55
8 +.0 +.0 +.0 + .01 + .03 +.0 +.0 +.0 + .01 + .03 +.0 +.0 +.0 + .01 + .03

J r |10 07 84 61 58 [10 02 8 57 57 |10 0 77 58 .55
+.0 + .06 +.0 + .01 + .01 +.0 + .03 +.0 + .02 + .03 +.0 +.0 +.0 + .01 + .03

Table 15: Averaged results for BERT trained on 500 examples from the IMDb dataset with spurious correlations.
SOy, denotes the percentage of synthetic spurious correlations in the training set. a” refers to human-annotated
rationale tokens (h) or randomly selected tokens (7). + denotes the standard deviation. Spp; refers to the F1-score
on the dataset with spurious correlations, F'r1 to the dataset with flipped correlations, and Ng; to the dataset without

spurious correlations.
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Table 16: Averaged results for DeBERTa trained on 500 examples from the IMDb dataset with spurious correlations.

SCq, denotes the percentage of synthetic spurious correlations in the training set. a” refers to human-annotated

rationale tokens (h) or randomly selected tokens (7). + denotes the standard deviation. Spp refers to the F1-score

on the dataset with spurious correlations, F'r; to the dataset with flipped correlations, and Ny to the dataset without

spurious correlations.
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Table 17: Out-of-domain performance for models trained on IMDb with BERT. We report macro average F1-scores
for Dynasent 1 (Ds1), Dynasent 2 (Ds2), Yelp (Y), and SFU review (SFU). DS denotes the number of instances

in the IMDb training set. & denotes the standard deviation. a” refers to human-annotated rationale tokens (h) or

randomly selected tokens (7).
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Table 18: Out-of-domain performance for models trained on SST with BERT. We report macro average F1-scores

for Dynasent 1 (Ds1), Dynasent 2 (Ds2), Yelp (Y), and SFU review (SFU). DS denotes the number of instances
in the SST training set. & denotes the standard deviation. a” refers to human-annotated rationale tokens (h) or

randomly selected tokens (7).
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OOD - HateXplain - BERT

DS 100 200 500 14102
s S T = & o = 8 0 = S u“ =
Q@ 3 < « < » R < < «

5 2 ~f1l5 = Rl = =218 = -~
None 21 .18 .37 .16 .14 .35 .32 .35 43 .57 .66 .57
+ .06 + .07 + .03 + .03 + .03 + .04 + .12 + .18 + .03 +.02 + .03 + .02
LEAR 21 18 .37 17 .16 .35 .32 .36 .44 .55 .65 .56
+ .06 + .07 + .03 + .04 + .05 + .03 + .14 +.2 + .03 +.0 + .01 + .02
h .15 11 .35 .15 11 .35 .15 .10 .35 .62 .68 .60
= +.0 +.0 + .04 +.0 +.0 + .04 +.0 +.0 + .04 +.0 +.0 + .01
J r .15 11 .35 .15 11 .35 .15 .10 .35 .59 .67 .58
+.0 +.0 + .04 +.0 +.0 + .04 +.0 +.0 + .04 +.0 +.0 + .02
h .15 .10 .35 .14 .10 .35 17 .18 .36 .61 .69 .60
S +.0 +.0 + .04 +.0 +.0 + .04 +.0 +.0 + .05 +.0 +.0 + .02
5 r .15 .10 .35 .19 .15 .38 .24 .20 41 .58 .67 o7
+.0 +.0 + .04 + .03 + .03 + .06 + .05 + .03 + .04 +.0 +.0 + .03
h .15 .10 .35 .15 .10 .35 .15 11 .35 .55 .67 b7
E% +.0 +.0 + .04 + .0 +.0 + .04 +.0 +.0 + .04 +.0 +.0 + .03
5 r .15 .10 .35 .15 .10 .35 .22 .20 .38 .57 .67 .56
+.0 +.0 + .04 +.0 +.0 + .04 + .07 + .08 + .05 + .01 + .01 + .02
h .15 .10 .35 .15 .10 .35 .30 .30 43 .58 .67 .59
a +.0 +.0 + .04 +.0 +.0 + .04 +.0 +.0 + .09 +.0 +.0 + .02
5 r .15 .10 .35 15 .10 .35 .23 .20 .38 .56 .64 .56
+.0 +.0 + .04 +.0 +.0 + .04 + .04 + .04 + .06 + .02 + .01 + .02
h .15 .10 .35 .15 .10 .35 .15 .10 .35 .61 .67 .58
8 +.0 +.0 + .04 +.0 +.0 + .04 +.0 +.0 + .04 +.0 +.0 + .02
q T .15 .10 .35 .15 .10 .35 .15 .10 .35 .60 .68 .58
+.0 +.0 + .04 +.0 +.0 + .04 +.0 +.0 + .04 +.0 +.0 + .02

Table 19: Out-of-domain performance for models trained on HateXplain with BERT. We report macro average
F1-scores for Ethos, White Supremacist Forum (WSF), and Dynahate (Dh). DS denotes the number of instances in
the HateXplain training set. & denotes the standard deviation. a” refers to human-annotated rationale tokens (k) or
randomly selected tokens (7).
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OOD - VAST - BERT

DS 100 200 519
L, a" | PStance SemEval6 | PStance SemEval6 | PStance SemEval6
None 39 25 5 28 49 28
+.07 +.0 +.0 +.0 +.0 +.0
LEAR 39 25 46 24 49 28
+ .08 +.0 +.0 +.0 +.0 +.0
h | .37 25 49 25 44 25
s +.0 +.0 +.0 +.0 +.0 +.0
g |37 25 51 26 A4 25
+.0 +.0 +.02 + .01 +.0 +.0
h | .35 25 45 25 44 25
. +.0 +.0 +.0 +.0 +.0 +.0
S r |3 25 46 25 44 25
+.0 +.0 +.0 +.0 +.0 +.0
h | .52 29 53 28 55 36
G +0 +.0 +.0 +.0 +.0 +.0
5 r 35 25 46 24 33 3
+.0 +.0 +.04 +.0 + .03 + .06
h | .46 23 52 3 52 31
) +.0 +.0 +.0 +.0 +.0 +.0
5 r 36 25 52 3 53 31
+.0 +.0 +.0 +.0 +.0 +.0
h | .44 45 54 44 53 39
3 +.0 +.0 +.0 +.0 +.0 +.0
g r | 46 46 53 32 54 48
+ .01 + .01 +.02 + .05 +.02 + .01

Table 20: Out-of-domain performance for models trained on VAST with BERT. We report macro average F1-scores
for PStance and SemEval6. DS denotes the number of instances in the VAST training set. + denotes the standard
deviation. a” refers to human-annotated rationale tokens (h) or randomly selected tokens (7).
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Table 21: Out-of-domain performance for models trained on IMDb with DeBERTa. We report macro average

F1-scores for Dynasent 1 (Ds1), Dynasent 2 (Ds2), Yelp (Y), and SFU review (SFU). DS denotes the number of

instances in the IMDb training set. & denotes the standard deviation. a” refers to human-annotated rationale tokens

(h) or randomly selected tokens (7).
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Table 22: Out-of-domain performance for models trained on SST with DeBERTa. We report macro average
F1-scores for Dynasent 1 (Ds1), Dynasent 2 (Ds2), Yelp (Y), and SFU review (SFU). DS denotes the number of

instances in the SST training set. & denotes the standard deviation. a” refers to human-annotated rationale tokens

(h) or randomly selected tokens (7).
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0OOD - HateXplain - DeBERTa

DS 100 200 500 14102
L= & o = E =9 = 8 =9 = 4 s =
Q 3 = < = 1< < ©n < n

5 = 2|15 = 2|53 = =2|3 &z -~
None 14 .10 .34 14 .10 .34 .39 A7 A48 .33 .36 43
+.0 +.0 + .04 +.0 +.0 + .04 =+ .08 + .13 + .04 + .16 + .22 + .01
LEAR 14 .10 .34 14 .10 .34 .39 A7 A48 .33 .36 43
+.0 +.0 + .04 +.0 + .0 + .04 =+ .08 + .13 + .04 + .16 + .22 + .01
h .14 .10 .34 .16 12 .35 .34 .36 44 37 .39 .46
= + .0 +.0 + .04 + .04 + .03 + .04 +.1 + .16 + .05 + .22 + .3 + .02
J r .14 .10 .34 A7 .13 .35 27 .26 .40 .22 .19 .38
+ .0 +.0 + .04 + .03 + .03 + .04 + .07 + .09 + .05 + .12 + .16 + .03
h .14 .10 .34 14 .10 .34 .30 .33 42 .38 48 48
S + .0 +.0 + .04 +.0 +.0 + .04 + .13 + .13 + .03 + .19 + .22 + .02
s r 14 .10 .34 .15 11 .35 .34 .35 43 .38 .49 48
+ .0 +.0 + .04 + .01 =+ .01 + .04 =+ .08 +.1 + .03 + .19 + .23 + .01
h 14 .10 .34 .15 11 .34 31 .30 42 .39 .50 .50
ﬁ +.0 +.0 + .04 + .02 + .02 + .04 + .06 + .07 + .04 + .21 + .23 + .02
5 r 14 .10 .34 .16 12 .35 31 .30 42 37 48 48
+.0 +.0 + .04 + .02 + .01 + .04 + .06 + .08 + .05 + .17 + .2 + .02
h 14 .10 .34 14 .10 .34 27 .29 .40 .36 45 A48
531 +.0 +.0 + .04 +.0 +.0 + .04 +.1 + .11 + .05 + 2 +3 + .01
5 r 14 .10 .34 .15 11 .34 28 28 41 .36 40 42
+.0 +.0 + .04 + .02 + .02 + .04 + .09 + .12 + .04 + .19 + .24 + .01
h 14 .10 .34 14 .10 .34 .33 .36 44 .39 44 A48
é +.0 +.0 + .04 +.0 +.0 + .04 + .17 + .25 + .02 + .18 + .29 + .03
Q T 14 .10 .34 .15 11 .34 .38 41 .46 40 45 44
+.0 +.0 + .04 + .02 + .01 + .04 + .1 + .17 + .03 + 2 + .29 + .01

Table 23: Out-of-domain performance for models trained on HateXplain with DeBERTa. We report macro average
F1-scores for Ethos, White Supremacist Forum (WSF), and Dynahate (Dh). DS denotes the number of instances in
the HateXplain training set. & denotes the standard deviation. a” refers to human-annotated rationale tokens (k) or
randomly selected tokens (7).
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OOD - VAST - DeBERTa

DS 100 200 519
L, a" | PStance SemEval6 | PStance SemEval6 | PStance SemEval6
None 45 52 53 .63 .36 51
+ .17 + .16 + .02 +.0 + .12 + .13
LEAR 45 52 53 .63 .36 51
+ .17 + .16 + .02 +.0 + .12 + .13
h 48 58 54 .6 47 .65
= +.1 + .05 + .02 + .02 + .02 + .02
A ' 58 54 6 46 63
+.1 + .05 + .02 + .02 + .02 + .02
h 52 .6 53 .62 43 .63
S + .05 + .03 + .02 + .01 + .03 + .01
5 r 52 .6 53 .62 43 .63
+ .05 + .03 + .02 + .01 + .03 + .01
h .56 .61 46 57 46 .64
G + .01 + .01 +.08 + .05 + .01 + .01
5 r .56 61 46 57 46 .64
+ .01 + .01 +.08 +.05 + .01 + .01
h 47 .56 52 .63 46 .64
a +.12 + .06 £ 01 + 01 + 01 + 01
5 r 47 56 52 63 46 64
+.12 + .06 + .01 + .01 + .01 + .01
h .55 .6 47 58 43 .61
3 + .01 +.03 + .09 + .06 +.02 +.02
Q r .55 .6 47 58 43 .61
+ .01 +.03 + .09 + .06 +.02 +.02

Table 24: Out-of-domain performance for models trained on VAST with DeBERTa. We report macro average
F1-scores for PStance and SemEval6. DS denotes the number of instances in the VAST training set. & denotes the
standard deviation. a” refers to human-annotated rationale tokens (h) or randomly selected tokens (7).
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Spearman rank correlation (IMDB)

Human-annotated rationales

Randomly selected tokens

DS
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OODg;
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Spearman rank correlation (SST)
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DS 0.1 DS
IDfy 0.2 IDfy
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Aauc -0.2 Aauc
Savc 0.2 0.8 0.8 BEUEREXI
A DS IDp OODf Aauc A DS IDp OODg Aauc
Spearman rank correlation (HateXplain)
Human-annotated rationales Randomly selected tokens
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Figure 4: Spearman rank correlation between metrics
for BERT models regularised with human-annotated
rationale tokens (left) and randomly selected tokens
(right). We combine results for Lans, Lxrp, LraE,
ACMSE, and L:OL‘
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