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Abstract
Optimization of offensive content moderation models for different types of hateful messages is typically achieved
through continued pre-training or fine-tuning on new hate speech benchmarks. However, existing benchmarks
mainly address explicit hate toward protected groups and often overlook implicit or indirect hate, such as demeaning
comparisons, calls for exclusion or violence, and subtle discriminatory language that still causes harm. While explicit
hate can often be captured through surface features, implicit hate requires deeper, full-model semantic processing. In
this work, we question the need for repeated fine-tuning and analyze the role of HatePrototypes, class-level vector
representations derived from language models optimized for hate speech detection and safety moderation. We find
that these prototypes, built from as few as 50 examples per class, enable cross-task transfer between explicit and
implicit hate, with interchangeable prototypes across benchmarks. Moreover, we show that parameter-free early
exiting with prototypes is effective for both hate types. We release the code, prototype resources, and evaluation
scripts to support future research on efficient and transferable hate speech detection.

Keywords: hate speech, efficiency, transfer, prototypes, early exiting

1. Introduction

The impact of online hate comments and their
harmful consequences spans a wide range of ef-
fects, from individual hate crimes and psychological
trauma to the disruption of group discussions, dis-
tortion of community norms, distraction from the
main post content, and discouragement of user par-
ticipation (Müller and Schwarz, 2020; Lees et al.,
2022), with teenagers being particularly at risk1.
Existing hate detection benchmarks include mes-
sages and moderated content describing attacks on
individuals or groups based on protected character-
istics such as race, religion, or gender (Pachinger
et al., 2023; Albanyan et al., 2023). Language mod-
els (LMs) are widely used for online platform moder-
ation and for providing rewriting suggestions for po-
tentially hateful content (Waseem and Hovy, 2016;
Dale et al., 2021).

Although LMs fine-tuned to classify text as hateful
perform well on in-domain hate messages, they
exhibit two main limitations in (1) real-world social
media moderation (Tonneau et al., 2025) and (2)
real-time settings (Oikawa et al., 2022).

Research on the real-world application of LM-
based hate speech detectors shows that current
systems focus primarily on explicit hate, often re-
lying on slur-based features, either rule-based or
model-driven (Schmidt and Wiegand, 2017). This

1microsoft.com/en-us/digitalsafety

causes specific limitations in (i) out-of-domain mul-
tilingual settings (Tonneau et al., 2025), (ii) implicit
hate detection without explicit lexical cues (Sap
et al., 2020; ElSherief et al., 2021; Sridhar and
Yang, 2022), and (iii) misclassification of neutral
examples as hateful (Díaz and Hecht-Felella, 2021;
Hartvigsen et al., 2022). Wiegand et al. (2019)
highlight the problem of poor out-of-domain perfor-
mance, that is, low transferability caused by training
data biases in hate and abusive text detection. To
improve out-of-domain performance, existing meth-
ods propose training data augmentation (Kim et al.,
2022; Jin et al., 2024) and contrastive learning ap-
proaches that leverage shared hate implications or
group representations across datasets (Kim et al.,
2022; Ocampo et al., 2023; Ahn et al., 2024).

Research on real-time hate detection focuses on
the out-of-domain live performance of models on
streaming platforms and user platform interactional
dialogues (Inan et al., 2023; Yang et al., 2023). To
reduce the latency of classification models, vari-
ous acceleration techniques have been proposed
(Treviso et al., 2023). Recent works discuss early
exiting techniques designed to classify shorter and
simpler instances faster by performing classifica-
tion at earlier LM layers (Rahmath P et al., 2024).
Early exiting has also been applied to accelerate
other classification tasks such as sentiment anal-
ysis (Xin et al., 2020; Liu et al., 2022; Elhoushi
et al., 2024). Motivated by the limitations high-
lighted in both research directions, this work studies

https://www.microsoft.com/en-us/digitalsafety/research/global-online-safety-survey
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out-of-domain transfer in LMs without the need for
fine-tuning, using HatePrototypes, vector repre-
sentations of hate classes, evaluated across cross-
domain benchmarks. While prior studies have ex-
amined cross-task and cross-domain transfer and
questioned the extent to which language models
encode shared representations of hate-related se-
mantics, to the best of our knowledge, no prior work
(1) employs prototype-based classification to ana-
lyze the transferability of LMs fine-tuned on implicit
versus explicit hate benchmarks, or (2) explores
how such transfer can be achieved without fine-
tuning between implicit and explicit hate speech
tasks. We further analyze prototypes constructed
layer-wise to guide early exiting in models for im-
plicit and explicit hate detection.

Overall, our contributions are as follows: (1) We
analyze the role of HatePrototypes in the transfer-
ability of LMs optimized for implicit hate detection,
explicit hate detection, or general safety moder-
ation, and find significant performance improve-
ments in prototype-based transfer between mod-
els. (2) We show that HatePrototypes are transfer-
able between implicit and explicit hate messages,
with consistent findings across two model families.
(3) We further explore early exiting in models fine-
tuned on implicit and explicit hate speech tasks,
demonstrating how layer wise prototype construc-
tion can enhance efficiency and performance.
Content warning: This article contains illustrative
examples of hateful content.

2. Related Work

Transferability in Hate Speech Detection De-
spite strong in-domain performance, language mod-
els for hate speech detection often fail to trans-
fer across datasets, platforms, or categories of
abuse (Pachinger et al., 2023; Khurana et al.,
2022). Early studies demonstrate that differences
in dataset design and annotation practices out-
weigh architectural choices in determining gener-
alization performance (Arango et al., 2019; Vid-
gen and Derczynski, 2020). Subsequent cross-
corpus and functional evaluations confirm these
limitations, revealing persistent errors on simple lin-
guistic variations such as negation, euphemisms,
and counter-speech (Röttger et al., 2021; Tonneau
et al., 2025). Later work aims to improve transfer-
ability through dataset-centered techniques, includ-
ing data augmentation, multi-dataset training, and
granular multi-label or facet-based hate type clas-
sification (Mathew et al., 2021; Inan et al., 2023;
Leite et al., 2023), as well as training-centered en-
hancements such as contrastive learning to align
latent representations (MacAvaney et al., 2019; Kim
et al., 2022; Jafari et al., 2023). However, perfor-
mance gains remain inconsistent, particularly when

transferring between explicit and implicit hate do-
mains (Ocampo et al., 2023). At the same time,
findings from research on implicit social bias in-
dicate that pre-trained LMs systematically assign
higher likelihood to stereotypical associations than
to anti-stereotypical alternatives, demonstrating the
encoding of implicit biases in the model represen-
tations (Nangia et al., 2020; Nadeem et al., 2021;
Zhao et al., 2025). Recently, Ahn et al. (2024) intro-
duced SharedCon, a clustering-based contrastive
learning framework for implicit hate speech classifi-
cation that leverages shared semantic structures
to enhance generalization.

Early Exiting Early exiting, or anytime prediction,
is an acceleration technique in which an input sam-
ple x can be classified at intermediate layers of a
language model, producing a prediction y(x) with-
out processing the entire model. Early works on ex-
iting propose adding additional classification heads
at intermediate layers, which are used at inference
time in a gated manner based on prediction confi-
dence (DeeBERT; Xin et al. 2020), and with confi-
dence stabilization constraints (PABEE; Zhou et al.
2020). Later works adopt a teacher-student frame-
work for gated exits (FastBERT; Liu et al. 2020)
and extend multi-layer exiting during pre-training
(ElasticBERT; Liu et al. 2022). Originally proposed
for classification tasks, ongoing work adapts early
exiting to generative applications at the token level
(Tang et al., 2024; Bae et al., 2023). Recent studies
explore representation-driven or prototype-based
distance-aware early exiting for language and vi-
sion models (He et al., 2024; Görmez et al., 2022;
Snell et al., 2017; Xie et al., 2023). To the best
of our knowledge, no prior work has focused on
prototype-based early exiting for hate speech de-
tection or on studying its effect on transferability.

3. Methodology

We use training subsets of multiple hate speech
benchmarks to construct HatePrototypes, class
centroids representing the mean embedding of
each of the hate and non-hate classes. These
prototypes are further used for cross-task trans-
fer analysis and layer-wise classification for model
early exiting.

Let D = {(xi, yi)}Ni=1 be the training corpus with
labels non-hate and hate yi ∈ C = {0, 1}. For each
class c ∈ C, let Dc denote the class-specific subset.

Let the model consist of L transformer layers with
hidden size d. For an input sequence x, we denote
by h(ℓ)(x) ∈ Rd the sequence-level representation
extracted at layer ℓ. For encoder models such as
BERT, we use the hidden state of the [CLS] token
at layer ℓ. For decoder-based models such as OPT
and LLaMA, we use the hidden state of the last
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non-padding token. For each class c ∈ {0, 1} and
layer ℓ, we construct a class prototype by averaging
the training representations of that class:

µ(ℓ)
c =

1

|Dc|
∑

(x,y)∈Dc

h(ℓ)(x), µ(ℓ)
c ∈ Rd. (1)

At inference time, for a new input x, we measure
its similarity s(ℓ)(x) to both class prototypes at layer
ℓ as:

s(ℓ)c (x) = h̃(ℓ)(x)⊤µ̃(ℓ)
c , (2)

where both representations are ℓ2 normalized:

h̃(ℓ)(x) =
h(ℓ)(x)

∥h(ℓ)(x)∥2
, µ̃(ℓ)

c =
µ
(ℓ)
c

∥µ(ℓ)
c ∥2

.

Let s(ℓ)(1) ≥ s
(ℓ)
(2) be the largest and second-largest

values among {s(ℓ)c (x) : c ∈ {0, 1}}. To enable
early exiting during inference, we compute the mar-
gin (the per-sample confidence gap) at each layer
and stop the forward pass at the first layer where the
difference between the largest and second-largest
similarity scores satisfies:

m(ℓ̂)(x) ≥ δ, (3)

where δ > 0 is a fixed margin threshold controlling
the efficiency-accuracy trade-off. If no layer meets
this condition, inference proceeds through all L
layers and the prediction from the final layer L is
used as a model’s output.

4. Experimental Setup

Models To compare how different architectures
encode hate speech, we use two models of compa-
rable size: the encoder BERT-base2 (Devlin et al.,
2019) with 109M parameters and the decoder OPT-
125M3 (Zhang et al., 2022) with 125M parameters.
OPT is pre-trained for causal language modeling
with a 50k-token vocabulary, while BERT is pre-
trained for masked language modeling with a 29k-
token vocabulary. Despite architectural differences,
both are case-sensitive, have 12 layers and 12
attention heads, and share a hidden size of 768,
making them directly comparable. For experiments
involving guardrail models designed for safety mod-
eration in model generations, we use Llama-Guard-
3-1B4 and BLOOMZ-Guardrail-3B5.

Benchmarks For implicit hate detection, we use
the Implicit Hate Corpus (IHC; ElSherief et al.

2hf.co/bert-base-cased
3hf.co/facebook/opt-125m
4hf.co/meta-llama/Llama-Guard-3-1B
5hf.co/cmarkea/bloomz-3b-guardrail

Benchmark T̄ Hate % N Sent. (Train./Test)
SBIC 28.10 68.32% 35,424/4,691
IHC 20.41 34.82% 14,273/3,059

OLID 32.10 31.21% 9,268/860
HateXplain 27.81 59.36% 15,379/1,924

Table 1: Overview of benchmarks for hate speech
classification. T̄ denotes the average length of
tokenized texts; Hate % indicates the proportion of
hate-class examples. SBIC and IHC are implicit
hate benchmarks, while OLID and HateXplain are
explicit hate.

(2021)), which contains social media posts express-
ing prejudice or hostility toward protected groups
through indirect or coded language, such as sar-
casm, euphemism, or insinuation, and the Social
Bias Inference Corpus (SBIC; Sap et al. (2020)),
which captures non-explicit statements that imply
social stereotypes or biased assumptions about de-
mographic groups. For explicit hate detection, we
use the Offensive Language Identification Dataset
(OLID; Zampieri et al. (2019)), designed for classi-
fying group-targeted offense and insults, and Hat-
eXplain (Mathew et al. (2021)), which contains ex-
plicitly hateful and offensive posts annotated with
targeted groups and rationales. All datasets are
primarily sourced from Twitter, with HateXplain and
SBIC additionally incorporating posts from Gab.
Dataset statistics are presented in Table 1.

We fine-tune BERT and OPT models on the train-
ing splits of the benchmarks for 3 epochs, with a
learning rate of 1× 10−5 and a batch size of 64. To
address class imbalance, we use weighted cross-
entropy loss with class-specific ratios computed
from the training data of each benchmark. Unless
otherwise specified, all experiments are run with
10 random seeds on a single NVIDIA A100 GPU
(80 GB).

5. Prototypes for Task Transfer

In this section, we present the results of using proto-
types to transfer knowledge between different tasks.
Our experiments involve three datasets: one for
fine-tuning the model, one for creating the proto-
types, and one for testing performance. We inves-
tigate two types of transfer.

In the first case, referred to as cross-domain
transfer, the prototypes and evaluation samples
come from the same dataset, while the evaluated
models have been fine-tuned on different datasets.
This setup examines how well prototypes from a
given domain can be used across models trained
on other domains.

In the second case, referred to as prototype-
based transfer, the model is fine-tuned and evalu-
ated on the same dataset, but the prototypes are

https://huggingface.co/google-bert/bert-base-cased
https://huggingface.co/facebook/opt-125m
https://huggingface.co/meta-llama/Llama-Guard-3-1B
https://huggingface.co/cmarkea/bloomz-3b-guardrail


4390

FT-Eval. Acc. ∆ Acc. F1 ∆ F1

BERT-base

HX-HX 77.39 -1.10 77.12 -0.83
HX-OLID 75.58∗ +2.62 67.39 +20.42
HX-IHC 63.57∗ -4.37 61.48 +3.32
HX-SBIC 76.61∗ +32.38 71.38 +28.02

OLID-HX 61.84∗ -2.11 61.37 +3.39
OLID-OLID 83.51 +0.45 79.91 +0.16
OLID-IHC 59.06∗ +0.39 57.18 +0.85
OLID-SBIC 67.16 -0.60 65.15 -0.47

IHC-HX 62.98∗ +1.12 62.51 +3.71
IHC-OLID 68.10∗ +15.39 60.77 +9.75
IHC-IHC 75.45 +0.60 73.78 +0.26
IHC-SBIC 75.98 +2.08 68.61 +4.04

SBIC-HX 68.02∗ +5.34 67.31 +16.75
SBIC-OLID 78.60∗ +6.01 72.78 +3.32
SBIC-IHC 61.61∗ +7.38 60.66 +6.53
SBIC-SBIC 85.63∗ +0.90 82.37 +0.20

OPT-125M

HX-HX 78.27 -0.73 77.86 -0.60
HX-OLID 75.62∗ +1.78 67.51 +15.48
HX-IHC 68.62∗ -0.29 66.89 +6.34
HX-SBIC 77.49∗ +30.04 66.78 +19.87

OLID-HX 63.50∗ -0.99 63.00 +3.99
OLID-OLID 84.68 +0.52 81.19 +0.65
OLID-IHC 63.35 +3.81 61.91 +4.23
OLID-SBIC 73.39∗ +7.90 70.05 +6.11

IHC-HX 67.46∗ +5.72 67.04 +8.22
IHC-OLID 70.62∗ +23.89 64.61 +18.16
IHC-IHC 78.02∗ +0.44 75.91 -0.00
IHC-SBIC 76.62 +3.64 65.15 +3.78

SBIC-HX 69.33∗ +5.31 68.71 +16.76
SBIC-OLID 77.91∗ +7.83 74.47 +6.09
SBIC-IHC 67.87∗ +15.78 66.91 +15.38
SBIC-SBIC 85.82∗ -0.38 81.22 -2.44

Table 2: Accuracy and macro-F1 (%) on evaluation
benchmarks for cross-domain transfer with proto-
types. Prototypes for classification are derived from
fine-tuned (FT) models using the training data of
the corresponding Eval dataset. ∆ indicates the
difference relative to the fine-tuned Eval baseline
without prototypes. Statistically significant differ-
ences (p < 0.01, paired t-test) are marked with ∗.

built from a different dataset. This setup tests how
well the learned representations generalize across
domains when the prototype source differs from
the target data. In all experiments, prototypes are
extracted from the final encoder layer of the model,
and each sample is assigned the class label corre-
sponding to the highest similarity score, as defined
in Eq. (2). We use the training subsets to construct
the prototypes and the test data for evaluation.

5.1. Cross-domain prototype transfer
We evaluate cross-domain classification perfor-
mance with prototypes compared to fine-tuned

baselines. Prototype centroids are computed from
the last-layer hidden states of the models using the
training set of the target classification benchmark
Eq.(1) with 500 examples per class. To evaluate
the effect of prototype size, we additionally examine
smaller subsets (5–200 examples per class) in §5.3.
We report fine-tuning domain (FT) - evaluation do-
main (Eval.) results in Table 2. Overall, proto-
types significantly boost the performance of BERT-
and OPT-based fine-tuned models across all cross-
domain settings. The largest gains, relative to the
FT baseline, for BERT occur when transferring from
a HateXplain-tuned model to OLID (+20.42 F1) and
to SBIC (+28.02 F1). For OPT, the biggest im-
provements are observed when transferring from a
HateXplain-tuned model to SBIC (+19.87 F1) and
from an IHC-tuned model to OLID (+18.16 F1) rel-
ative to the classification-head baseline. In all four
cases, prototype-based performance approaches
that of the classification-head baseline on FT data,
with no statistically significant differences across
seeds, except for OPT fine-tuned on both implicit
benchmarks and BERT fine-tuned on SBIC (SBIC-
SBIC and IHC-IHC rows marked with ∗ in Table 2).

Regarding in-domain performance versus trans-
fer performance, fine-tuned BERT and OPT
achieve the highest scores on OLID and SBIC
(F1≈80-82); however, prototypes from these mod-
els do not yield the largest cross-domain F1-score
gains. We further discuss whether this perfor-
mance can be improved with prototype selection.

Training size impact We study the impact of fine-
tuning data size and class imbalance on prototype
performance by fine-tuning models under two con-
ditions: (1) equal-size datasets, subsampled to
2×min(|Dc|) examples (4,000 for OLID), and (2)
proportionally stratified datasets with 8,000 exam-
ples, preserving the original class imbalance. We
test for significant differences in model predictions
relative to prototype-based classification on the fine-
tuned test data for each seed using a two-sided
paired t-test (α = 0.01).

Under balanced sampling, no statistically signifi-
cant effects are observed across seeds. This result
is expected, as we use weighted cross-entropy with
class-balance ratios when fine-tuning on the full
training sets. We do not report these results, as
they are equivalent to those obtained from mod-
els trained on the full data. Under reduced train-
ing size, stratified sampling yields significant differ-
ences compared to the prototype-based in-domain
performance in two FT-Eval. pairs, when using
prototypes from models fine-tuned on HateXplain
and OLID to classify SBIC. For BERT fine-tuned
on HateXplain and evaluated on SBIC, accuracy
decreases to 74.00 (-2.60) and macro-F1 to 67.91
(-3.47) compared to the prototype-based in-domain
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Figure 1: Accuracy on IHC implicit hate types and
neutral class obtained with IHC prototypes from
models fine-tuned on 4 considered benchmarks.

performance. For OPT fine-tuned on OLID and
evaluated on SBIC, accuracy increases to 74.95
(+1.56) and macro-F1 to 70.89 (+0.84) relative to
the same baseline.

Fine-grained performance analysis To better
understand the transfer performance, we ana-
lyze results across different hate types using fine-
grained annotations from the IHC dataset. We fo-
cus on four frequent categories of implicit hate and
the neutral class in IHC: white grievance, incite-
ment, group stereotypes, and irony. The evaluation
setting follows the previous setup: prototypes are
extracted from the IHC training set using models
fine-tuned on HX, OLID, SBIC, or IHC, and then
used to classify IHC instances. We report accuracy
scores averaged across runs in Figure 1. Overall,
OPT and BERT exhibit similar performance across
categories, with SBIC-tuned models performing on
par with IHC-tuned models. The lowest accuracy is
observed for the incitement category, where accu-
racy for models fine-tuned on datasets other than
IHC ranges between 40% and 58%.

To better understand these results, we conduct
a qualitative analysis of examples that are consis-
tently misclassified by BERT models fine-tuned on
HateXplain and OLID across all seeds. For the
irony category, misclassifications most often occur
in examples featuring question-answer construc-
tions or ironic framing, where the derogatory mean-
ing is implied rather than expressed through overtly
negative lexical cues. Representative cases in-
clude “How do you call a Black man? You call his
cell number.”, “What do you get when you add 1
+ 1? The average Ethiopian lifespan.”. For incite-
ment category, we observe two main patterns. The
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Figure 2: F1-scores for BERT and OPT models
across four dataset pairs (tuned source-evaluation
target) with varying numbers of prototypes per
class.

first pattern involves imperative or exhortative con-
structions, such as “Time to stop white flight & start
the white fight!”. The second pattern encodes hos-
tility or a call to action framed as neutral or even
positive. These indirect expressions often rely on
presupposed threats or appeals to group solidarity,
as in “White Alabama is counting on you.”, “Finns
protest against increasing numbers of non-white
invaders.”, and “If other races can have self-care,
whites can too.”

5.2. Prototype Transfer

Since in-domain training data may be unavailable
in practice, we further test whether prototypes con-
structed from other datasets can be used to classify
the target domain. In this setting, we evaluate clas-
sification performance on the same benchmarks
used to fine-tune the encoders, while constructing
prototypes from the training data of other bench-
marks. To quantify the proportion of in-domain
performance that transfers, we report the relative
macro-F1 with respect to the fine-tuned (FT) perfor-
mance on the same data: F1(X|proto(Y ))

F1(X|proto(X)) , where X

denotes the encoder/evaluation domain and Y the
prototype domain. Results across encoders and
prototype domains are presented in Figure 2.

Overall, prototypes constructed from other
datasets achieve performance close to the fine-
tuned (FT) baselines on their respective evalua-
tion domains. The highest relative transfer is ob-
served for the OLID-tuned model, which retains
95-100% of its in-domain FT macro-F1 when clas-
sifying data using prototypes derived from other
benchmarks. The lowest relative performance is
obtained when prototypes constructed from the im-
plicit SBIC dataset are applied to the explicit Hat-
eXplain domain.

We also observe notable differences between
OPT and BERT models. BERT maintains substan-
tially higher relative macro-F1 scores compared to
OPT on the implicit pair IHC-SBIC (96.7 vs. 64.0)
and on the explicit pair HX-OLID (90.1 vs. 72.4).



4392

40

50

60

70

80
F1

 (m
ac

ro
, %

)

BERT

SBIC-OLID IHC-SBIC OLID-HX OLID-IHC40

50

60

70

80

F1
 (m

ac
ro

, %
)

OPT

Prototype size per class
5 10 50 200 500

Figure 3: Prototype selection results: relative cross-
dataset transfer F1-scores for BERT and OPT
(right). Values show how much of each model’s in-
domain performance carries over to other datasets.

On average, prototypes derived from the implicit
IHC training set yield the highest relative macro-F1
across evaluation domains, while prototypes from
the explicit HateXplain dataset consistently rank
second across encoders. These results indicate
that, despite domain differences, implicit bench-
marks such as IHC can be used to construct proto-
types for the classification of explicit domains.

5.3. Prototype Selection
Since the performance of classification can de-
pend on the size and selection of instances used
to construct prototypes, we next experiment with
several prototype configurations. We select four
dataset pairs that do not achieve the highest score
increase with prototypes in Table 2 and evaluate
performance using randomly sampled prototypes
per model, repeating the process 100 times for
each sample size. The resulting changes in F1-
score across the selected pairs are illustrated in
Figure 3. Overall, the F1-score obtained using clas-
sification based on only 50 prototypes is close to
that achieved with 500 per-class prototype sam-
ples. For both OPT and BERT models, transfer
performance from models tuned on implicit bench-
marks improves with the number of prototypes per
class. For the SBIC-OLID and IHC-SBIC pairs, the
F1-score increases from 55% to 70-75% for 5-type
prototype settings and stabilizes at around 50-200

Benchmark Acc. Base Acc. P. F1 Base F1 P.

LLaMA-1B-Guard

HX 66.74 67.95 64.03 67.59
OLID 46.86 71.26 46.36 60.96
IHC 52.76 64.28 52.66 62.27
SBIC 52.31 74.07 52.14 70.33

BLOOMZ-3B-Guard

HX 59.30 61.75 59.29 61.43
OLID 80.35 77.49 68.53 73.50
IHC 65.64 63.36 49.49 60.92
SBIC 44.43 55.01 44.16 54.45

Table 3: Accuracy and macro-F1 for prototype-
based classification with Guard models compared
to the baseline performance of the models by
benchmark.

examples per class.

5.4. Prototype Classification for Guard
Models

We also experiment with guard models designed for
the safety evaluation of generated text. While these
models are primarily intended to detect general
unsafe content rather than hate speech specifically,
we aim to test whether prototypes can be effectively
used to enhance their performance in classifying
both implicit and explicit hate.

We use two models for these experiments:
LLaMA-Guard-1B and BLOOMz-Guard-3B (see
§4). LLaMA-Guard is released for general con-
tent safety moderation, with hate being one of the
covered categories. BLOOMz-Guard is designed
to classify content into categories such as obscene,
sexually explicit, identity attack, insult, and threat.
For baseline evaluation, we follow the evaluation
protocols published with the respective models. For
LLaMA-Guard, we use the model’s unsafe content
predictions to classify texts as hateful or not. For
BLOOMz-Guard, we classify a text as hateful if the
probability for any hate-related category exceeds
0.5.

We report results in Table 3 for both models. In-
terestingly, we find that the use of prototypes sig-
nificantly enhances performance across all tested
settings, with the largest macro F1-score improve-
ments observed for SBIC with LLaMA-Guard (70.33
vs. 52.14) and for IHC with BLOOMz-Guard (60.92
vs. 49.49). Despite having more parameters,
BLOOMz-Guard achieves lower scores on SBIC
(54.45), suggesting that the model is more biased
toward explicit hate categories, such as those rep-
resented in OLID.

Overall, we show that the prototypes can be suc-
cessfully used to enhance performance on out-of-
domain data for classifiers and guardrail content
moderation language models without fine-tuning.
We also find that prototype transfer is interchange-
able, indicating that out-of-domain data can be
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used to construct prototypes for in-domain clas-
sification, and vice versa.

6. Early-Exiting with Prototypes

Next, we analyze the applicability of constructed
prototypes for early exiting. For these experiments,
we use the exiting rule defined in Eq. (3), where
an exit at layer ℓ is performed if the difference be-
tween the similarities of the input and the two class
prototypes exceeds a threshold δ.

6.1. Early-exiting with Prototypes
We experiment with the fine-tuned models from
§5.1, trained on separate datasets, four BERT and
four OPT models.

Baselines As the primary baseline, we use stan-
dard full-model inference, where predictions are
generated after the final transformer layer. We
then compare our prototype-based approach with
two early-exiting methods: the entropy-based Dee-
BERT (Xin et al., 2020), which exits once the predic-
tion entropy falls below a predefined threshold at a
given layer, and the patience-based PABEE (Zhou
et al., 2020), which exits when several consecutive
layers produce consistent predictions. In both meth-
ods, a classification gate is added to each layer and
fine-tuned with OPT and BERT after model train-
ing. Since these methods were originally designed
for encoder-based architectures, we adapt them
for decoder-based models by similarly adding a
classification gate at each layer.

Although these methods rely on additional tuned
parameters in their classification heads, we in-
clude them to evaluate how our parameter-free,
fine-tuning-free prototype-based exiting compares
to parameter-dependent exiting performance. The
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Figure 4: Layer-wise proportion of samples exiting
under the prototype-based early-exit criterion for
the explicit HX and implicit SBIC benchmarks using
the OPT model.

total number of trained parameters increases by
approximately 38k per model when using these
methods, whereas the prototype-based approach
requires no trained parameters and only a single
threshold hyperparameter. We use 500 examples
per class to construct prototypes and employ proto-
types derived from the fine-tuned objective to clas-
sify the test data from the same objective, without
transfer.

Early Exiting for Implicit vs. Explicit Hate
Table 4 reports macro-F1 and average exit
layers under the prototype similarity-gap cri-
terion. We tune δ via a grid search over
{0, 0.01, 0.025, 0.05, 0.075, 0.1} and select the small-
est value achieving approximately 20% layer re-
duction while keeping macro-F1 within 1 absolute
point of the full-model baseline. Results are av-
eraged over 10 seeds. Overall, prototype-based
early exiting reduces computation by about 20%
with minimal performance degradation. On OLID,
it outperforms the entropy-based DeeOPT, improv-
ing macro-F1 from 72.44% to 81.11%. On Hat-
eXplain, performance remains on par with both
entropy-based (DeeBERT) and patience-based
(PaBEE) baselines, while patience-based methods
degrade notably on OLID and IHC under similar
efficiency settings. Across architectures, trends are
consistent, though implicit hate detection shows a
stronger delay in exiting: BERT requires an aver-
age of 10.5 layers to match OPT’s 8.5 on SBIC.
For SBIC, where examples tend to exit later, we
compare gap thresholds yielding approximately the
same ∼20% computational reduction as in HateX-
plain (see Figure 4). We find that most SBIC sam-
ples exit around the 9th-12th layers, whereas for
HateXplain, a substantial portion still exits earlier
even under comparable savings.

Inference Speed-ups with Prototypes We com-
pare speedup and F1-score to complement the
∼20% computational savings, where speedup is
computed as L/l̄, with L denoting the total and l̄ the
average exit layer, and plot the results in Figure 5.

Prototype-based early exiting achieves speedups
comparable to entropy-based baselines while con-
sistently outperforming the patience-based ap-
proach. The most reliable gains, with no significant
drop in F1-score, are observed for speedups below
1.5× across both benchmarks.

Similarity gap impact The prototype-based exit-
ing method requires a predefined gap parameter,
δ, which regulates the similarity margin. We ob-
serve that the similarity gap threshold is low (below
0.1) for exits around the 9th-10th average layers in
Figure 4.



4394

Method HateXplain OLID IHC SBIC
AvgExit F1 AvgExit F1 AvgExit F1 AvgExit F1

BERT
Full model 12 77.70 12 79.97 12 73.82 12 82.26
Prototype-based@L12 12 77.12 12 79.91 12 73.78 12 82.37
Prototype-based@L1 1 60.67 1 48.98 1 52.37 1 55.50
Entropy-based 8.50 76.48 10.81 79.57 10.44 75.01 10.10 82.39
Patience-based 9.15 77.14 8.62 51.21 9.03 48.74 10.18 87.15
Prototype-based 9.75 76.64 10.71 79.89 10.50 73.87 10.48 82.14

OPT
Full model 12 78.62 12 80.77 12 75.75 12 83.84
Prototype-based@L12 12 77.86 12 81.19 12 75.91 12 81.22
Prototype-based@L1 1 53.26 1 54.55 1 56.52 1 45.87
Entropy-based 10.25 77.68 8.83 72.44 8.73 70.81 10.18 83.09
Patience-based 9.34 78.55 9.02 46.34 8.21 59.32 9.44 86.53
Prototype-based 9.47 77.56 8.85 81.11 8.53 74.24 10.15 81.43

Table 4: Early-exit performance of BERT and OPT models on four hate-speech benchmarks. We report
macro-F1 scores and average exit layers. Prototype@L denotes ℓ-layer prototype classification shared
across all samples (no per-sample exiting). Entropy-based corresponds to DeeBERT/DeeOPT exiting,
and Patience-based to PABEE exiting. Results are shown at comparable average exit layers across
baselines for fair comparison.
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Figure 5: F1-scores vs. speed-up on HateXplain
and SBIC for the OPT model, compared to entropy-
based (DEEOPT) and patience-based (PABEE)
baselines.

We further analyze the impact of the δ param-
eter on performance and illustrate the F1-scores
per gap value for the OPT model on HateXplain
and SBIC in Figure 6. We find that for HateXplain,
the macro F1 stabilizes with a gap of 0.05 and an
average exit around the 10th layer, whereas for
SBIC, stabilization occurs at a gap of 0.125 with
a similar average exit layer. These observations
are consistent with the layer-wise exiting analysis
and show that, for implied hate texts from SBIC that
focus on implicit hate expression features, a larger
gap is needed to effectively distinguish between
neutral and hateful messages on the implicit SBIC
benchmark.
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Figure 6: Macro-F1 score (%) and average exit
layer across similarity gaps for the explicit HX and
implicit SBIC benchmarks. Model=OPT.

The relatively small similarity margin (<0.2) may
stem from the substantial overlap between non-
hateful and hateful texts used to construct proto-
types: both categories share linguistic features,
including references to group hate targets and the
use of African American English expressions that
occur in both hateful and non-hateful contexts. Con-
sequently, only minor semantic differences beyond
lexical cues determine the perceived hatefulness
of a message.

Overall, we find that a simple parameter-free
exiting strategy based on the similarity between
class prototypes can approach the performance of
entropy-based baselines. We also observe that the
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exit depth required for classification is greater for
implicit messages, which is consistent with the exit-
ing behavior of baseline methods. For such subtle
forms of hate speech, a higher gap threshold may
be necessary to avoid performance degradation.
The gap threshold could be further explored and
calibrated on a per-layer basis.

7. Conclusion

In this work, we present HatePrototypes, a
parameter-free approach for classifying implicit and
explicit hate speech using class prototypes de-
rived from fine-tuned language models. We an-
alyzed two applications: (1) prototype-based cross-
domain classification and (2) prototype-guided
early exiting.

Our results show that prototype representations
substantially improve out-of-domain performance
without degrading in-domain accuracy, with proto-
types constructed from as few as 50 examples per
class. We also find that prototype-based classifica-
tion enhances the performance of open safety mod-
eration models on both implicit and explicit bench-
marks. Next, we find that prototype similarity can
be effectively used to support anytime prediction
at different layers in LMs, with differences varying
depending on the level of explicitness of the text.

To facilitate further research, we will release
the HatePrototypes framework and prototype re-
sources to support cross-model and cross-dataset
analysis. This contribution will enable a system-
atic examination of how hate-related representa-
tions differ across model architectures, layers, and
benchmarks, helping to identify the limitations of
current systems in real-world moderation. By an-
alyzing examples with low prototype similarity or
inconsistent predictions, researchers can detect
ambiguous or underrepresented cases of hate and
use these findings to guide the development of
more comprehensive and balanced hate speech
datasets.

Limitations

While efficient, HatePrototypes, like other early-
exiting techniques and methods for model acceler-
ation, can lead to lower scores on out-of-domain
test data compared to full-model baselines. How-
ever, the exiting threshold can be further calibrated
at the layer-wise level to significantly reduce the
performance gap introduced by early exiting.

Similarly, HatePrototypes transfer relies on the
hidden states of fine-tuned LMs, which may be
insufficient to achieve the same performance as
baselines whose parameters are directly optimized
on the target benchmark. In this work, we focus
on hidden representations of texts derived from

LMs. Future research could extend the proposed
prototype-based framework to multiview represen-
tations within multimodal architectures, where pro-
totypes are jointly constructed from text and addi-
tional modalities.

Another limitation lies in the need for reliable
annotations in implicit-hate benchmarks. We ex-
periment with widely used corpora for hate-speech
classification; however, the subtle nature of implicit
hate often results in low annotation reproducibility,
as judgments can vary considerably across anno-
tators and cultural contexts. Overall, the develop-
ment of new resources remains complex and may
require fine-grained annotation schemes. The re-
leased prototype-based framework could be used
to pre-annotate implicit-hate data and highlight the
most ambiguous cases for human review.

Finally, prototype-based early exiting could also
be leveraged for interpretability to explore how
model depth reflects the subtlety of a classified
instance and to understand the processing depth
required for a correct prediction.

Ethical Considerations

This study investigates the use of prototype-based
methods for hate speech detection in cross-task
transfer and early-exiting settings. We rely on
four publicly available benchmarks, including fine-
grained annotations from the IHC dataset, and use
them in accordance with their respective licenses.

We evaluate performance using classification
and efficiency metrics; however, we do not exam-
ine the potential effects of early exiting on biases
in texts targeting different minorities or protected
groups. Such aspects remain outside the scope of
this study.

Future research could extend this analysis to
identity- and group-directed hate targets, with par-
ticular attention to ensuring comparable perfor-
mance across groups or by constructing group-
specific prototypes, for instance, using hateful texts
targeting a given group and neutral texts mention-
ing the same group.

We release the code to support the following
intended uses: (1) studying transferability in hate
speech models, and (2) enabling early exiting for
model acceleration in hate speech detection and
related research.6
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