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Abstract

Effective detection of hate content is essential
for maintaining healthy online communities,
yet performance can vary substantially across
languages. This work investigates a core prac-
tical question: Can training data from one lan-
guage support hate-speech detection in another
language with comparable performance? To
answer this question, we conduct a large-scale
study across 14 languages. We observe con-
sistent patterns in which certain language pairs
transfer more effectively than others. Among
the factors we measure, linguistic similarity is
the strongest predictor of these patterns, with
temporal overlap and dataset-size difference
playing smaller roles. These measurable fac-
tors do not fully explain the observed patterns;
a complementary qualitative analysis suggests
that shared cultural cues and communicative
norms may be associated with some of the re-
maining cases, particularly within several clus-
ters. We present this cultural interpretation as
a hypothesis from qualitative inspection rather
than a measured cause. Our analysis includes
low-resource languages, offering practical in-
sights into when cross-lingual transfer can sup-
port them and where its limitations emerge.
These findings inform the design of more reli-
able multilingual hate-detection systems.

Warning: This paper includes examples of
hate-speech for research purposes.

1 Introduction

Hate speech detection aims to identify harmful
expressions in online text, such as hate-speech, ha-
rassment, and threats (Hoang et al., 2024). As
digital communication expands globally, exposure
to such content has increased, motivating efforts
to build automated systems capable of supporting
safer online communities. However, what counts
as hate-speech is context-dependent, and even hu-
man annotators vary in how they perceive it across
settings (Sap et al., 2022a). These differences pose
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a challenge for developing models that generalize
reliably across languages.

Large Language Models (LLMs) provide strong
multilingual representations and are increasingly
used for hate detection (Khondaker et al., 2023; Ku-
mar et al., 2024; Abaskohi et al., 2024). However,
cross-lingual performance remains uneven, and the
factors shaping transfer effectiveness are under-
explored (Meyer and Buys, 2024; Bokaei et al.,
2026a). This motivates a practical question: under
what conditions can training data from one lan-
guage support hate-speech detection in another?
Potential factors include dataset size, label defini-
tions, temporal alignment, and linguistic similarity,
while prior work suggests that social or regional
context may also shape how hate expressions are
formed and recognized (Bokaei et al., 2025; Pawar
et al., 2024). We treat this last factor as a hypoth-
esis to be explored qualitatively. In this study, we
analyse hate-speech transfer across 14 languages
from diverse regions and domains. We construct
a cross-lingual transfer matrix by training classi-
fiers on each language and evaluating them on all
others. We then run two multilingual experiments:
(1) integrating all languages into one training set,
and (2) constructing a balanced set with equal rep-
resentation per language. These setups allow us to
examine how data volume and language balance
affect cross-lingual generalisation.

The current study addresses the following re-
search questions (RQs):

RQI1. How does the performance of cross-lingual

training compare to in-language training for
hate-speech detection?

RQ2. Would using training data from multiple lan-

guages improve performance compared to re-
lying on a single source language?

RQ3. What could be the potential reasons for the

success or failure of transfer learning in hate-
speech detection?
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These questions clarify when cross-lingual trans-
fer is effective for hate-speech detection and iden-
tify the conditions under which it succeeds or fails.
Motivated by previous work (Bokaei et al., 2025),
we conduct our main experiments with LLaMA-3-
8B and additionally replicate them with Gemma-
3-4B and Gemma-4-4B to verify that our findings
generalize across model families. Our study cov-
ers 14 languages: Turkish, Urdu, Persian, Arabic,
Hindi, Bengali, Indonesian, Malay, English, Span-
ish, French, German, Korean, and Chinese.

2 Related Work

Hate-Speech Detection. Early work on hate
detection focused primarily on English, applying
machine learning and deep learning approaches
(Asogwa et al., 2022; Davidson et al., 2017; Mul-
lah and Zainon, 2021; Malik et al., 2024; Zimmer-
man et al., 2018; Zhou et al., 2020; Roy et al., 2020;
Zhang et al., 2018; Bade et al., 2024; Aiyanyo et al.,
2020; Cao et al., 2020; Risch et al., 2020; Wang
et al., 2020; Pamungkas and Patti, 2019; Van Hee
et al., 2015; Guo and Gauch, 2024; Cano Basave
et al., 2013). Later work extended to other lan-
guages, including Indonesian (Ibrohim and Budi,
2019), Danish (Sigurbergsson and Derczynski,
2020), Arabic (Mubarak et al., 2021; Bensalem
et al., 2023), Korean (Jeong et al., 2022), Chinese
(Deng et al., 2022), Greek (Pitenis et al., 2020),
Persian (Delbari et al., 2024), and Hindi (Gupta
et al., 2022; Kapoor et al., 2019).

Recent work highlights key challenges in mul-
tilingual hate detection, including comparisons of
translation-based and multilingual pipelines (Bell
et al., 2025), limitations in zero-shot transfer for
taboo expressions (Nozza, 2021), and the influ-
ence of annotator identity and beliefs on hate judg-
ments (Sap et al., 2022b). Multimodal datasets
such as Multi3Hate reveal substantial cross-cultural
variation in hate-speech perception (Bui et al.,
2025), while surveys document strong geographic
and cultural imbalances in existing hate-speech re-
sources (Tonneau et al., 2024). Additional stud-
ies explore the feasibility of parallel multilingual
hate-speech data via machine translation (Korre
et al., 2024). Shared workshops such as OffensE-
val, HASOC, OSACTS5, and GermEval continue to
support benchmarking across languages (Zampieri
et al., 2019; Mandl et al., 2019; Mubarak et al.,
2022; Wiegand et al., 2018).

Cross-lingual Transfer Learning for Hate-
Speech. Transfer learning has been widely ap-

plied across NLP tasks, including sentiment anal-
ysis (Fsih et al., 2022; Husain et al., 2022), irony
detection (Golazizian et al., 2020), machine trans-
lation (Zoph et al., 2016; Kim et al., 2019; Ade-
bara and Abdul-Mageed, 2021), fake news detec-
tion (Cruz et al., 2020), and offensive language
classification (Zhou et al., 2023). In multilin-
gual hate detection, prior work studies English-
to-low-resource transfer using contextual embed-
dings (Ranasinghe and Zampieri, 2021), compares
multilingual and translation-based Arabic—English
pipelines (El-Alami et al., 2022), and improves low-
resource performance through nearest-neighbor re-
trieval (Ghorbanpour et al., 2025). A recent survey
of 67 studies provides a broader overview of cross-
lingual offensive language detection methods and
datasets (Jiang and Zubiaga, 2024).

Work on cultural or social influences on trans-
fer remains limited, though related studies provide
evidence. Zero-shot results show that language-
specific taboo or colloquial expressions often fail
to transfer (Nozza, 2021). Cross-lingual analyses
of English, Chinese, and Korean reveal culture-
specific biases affecting transfer, partly mitigated
by few-shot adaptation (Zhou et al., 2023). Mul-
timodal work also highlights cross-cultural varia-
tion in hate-speech judgments (Bui et al., 2025).
For example, Zhou et al. (2023) find that Korean-
to-Chinese transfer can outperform English-to-
Chinese, suggesting that contextual or social align-
ment may support generalisation. Similarly, Bokaei
et al. (2025) report stronger transfer into Persian
from Arabic and Indonesian than from English.
Our study extends this work by analysing transfer
across 14 languages and quantifying how dataset,
temporal, and typological factors relate to cross-
lingual transfer effectiveness.

3 Dataset

We use publicly available datasets from peer-
reviewed publications and shared tasks to ensure
quality and comparability. The study covers 14 lan-
guages from diverse linguistic families and regions.
Most datasets come from Twitter (X), with some
including Facebook or YouTube, and collection pe-
riods span roughly 2016-2023. Table 1 summarises
dataset sizes, training splits, hate-sample counts,
sources, and collection periods.

All datasets are class-imbalanced, with varying
hate/non-hate proportions. For controlled cross-
language comparisons, we standardise training size
where possible. Among sufficiently large datasets,
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Language Data Size Train Test Traing,te Testpate Source Period Ref.

Bengali (BN) 30000 9007 1002 4504 501 YT, FB 2017-2020 (Romim et al., 2020)
Urdu (UR) 10041 9000 1000 4500 300 X - (Rizwan et al., 2020)
Hindi (HI) 8192 4171 467 2222 241 X, FB, WA - (Bhardwaj et al., 2020)
Persian (FA) 7000 2060 230 1002 117 X 2020-2022 (Delbari et al., 2024)
Indonesian (IN) 13169 9005 1003 4502 502 X 2018 (Ibrohim and Budi, 2019)
Malay (MS) 5014 3403 378 1701 189 X 2022-2023 (Maity et al., 2023)
Arabic (AR) 15014 9005 1002 4503 502 X 2016-2018 (Albadi et al., 2018)
Turkish (TR) 52672 9010 1003 4505 502 X, 1G 2016-2023 (Toraman et al., 2022)
Korean (KO) 9341 3065 300 1520 142 X 2018-2020 (Moon et al., 2020; Lee et al., 2022)
Chinese (ZH) 8065 4950 318 2470 151 Web - (Moosa and Najiba, 2022)
Spanish (ES) 29856 9000 1000 4731 625 X 2016-2023 (Tonneau et al., 2024)
German (DE) 58025 9008 1003 4503 502 X, FB 2016-2023 (Tonneau et al., 2024)
French (FR) 18072 7483 829 3739 413 X 2016-2023 (Tonneau et al., 2024)
English (EN) 360494 9000 1038 4500 502 FB, YT,RD, X  2016-2023 (Tonneau et al., 2024)

Table 1: Hate language detection datasets. FB = Facebook, YT = YouTube, X = Twitter, WA: WhatsApp, IG =
Instagram, RD = Reddit. The definition of Hate and more details for each dataset are shown in Table 4

we use the smallest available hate count, approx-
imately 4,500, and sample an equal number of
non-hate instances, yielding balanced datasets of
about 10,000 examples per language. We use an
80/10/10 train, validation, and test split. This iso-
lates language effects from dataset volume, pre-
venting high-resource languages such as English
or German from appearing stronger due to larger
training sets, while keeping computation tractable
across 14 models. Balancing was applied only
where enough hate examples were available; Hindi,
Malay, Korean, Chinese, and Persian fell below
this threshold.

To enable consistent evaluation across datasets
with fine-grained annotation schemes (e.g., hos-
tile, hate, offensive, abusive), we retain only hate-
speech labels and treat all other categories as non-
hate. The original label schemes and hate-speech
definitions are summarized in Appendix Table 4.
Most datasets adopt a broadly consistent definition
of hate-speech as language attacking individuals or
groups based on protected identity attributes.

4 Experimental Setup

We investigate cross-lingual transfer in hate de-
tection using the datasets summarized in Table
1. Our experimental design includes (1) single-
language fine-tuning with cross-lingual evaluation,
(2) zero-shot baselines, and (3) two complemen-
tary multilingual fine-tuning setups to investigate
alternative explanations for transfer behavior.

Model Selection and Baselines: We evalu-
ate two types of baselines: (i) zero-shot base-
lines, including GPT-40, Gemma-3-4B-Instruct,
and LLaMA-3-8B-Instruct; and (ii) fine-tuning
baselines, including LLaMA-3-8B, Gemma-3-4B,
and Gemma-4-4B. We select LLaMA-3 and the

Gemma family because recent benchmarks iden-
tify them as strong open-weight choices for multi-
lingual harmful-content detection ((Rathore and
Chaurasia, 2025; Bokaei et al., 2026b; Raquib
et al., 2025)), and because they are released un-
der open licenses that permit fine-tuning across
all 14 languages on our available hardware. We
include two Gemma generations (Gemma-3 and
Gemma-4) to test whether transfer structure is sta-
ble across model versions as well as across the
LLaMA/Gemma architecture divide. The fine-
tuned baselines outperform all zero-shot baselines
across the 14 languages, with LLaMA-3-8B and
Gemma-4-4B yielding almost identical average
macro-F1 scores, both higher than Gemma-3-4B.
We therefore adopt LLLaMA-3-8B as our primary
model and replicate all main experiments (Solo-
Source TL, Global-Imbalanced, Global-Balanced,
and Observed Cluster) with Gemma-3-4B, and
Gemma-4-4B to verify that our findings are not
specific to one model family. Baseline results are
in Table 5; full strategy comparisons are in Ta-
bles 8, and 9 (Gemma-3 and Gemma-4); full trans-
fer matrices are in Tables 10, and 11 (all in the
Appendix). As discussed in Section 5, the same
qualitative patterns hold across all models, sug-
gesting that the observed transfer structure is not
model-specific. A leave-one-language-out analysis
on the three largest clusters further confirms the
robustness of these gains (Appendix 10).

Fine-tuning Configuration: All fine-tuning
uses the official LLaMA-3-8B pretrained check-
point. We apply AdamW with a learning rate of le-
5, batch size 8, and a maximum sequence length of
512 tokens. Training proceeds for up to 10 epochs
with early stopping (patience = 3) based on vali-
dation F1 score. All experiments are run with five
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Train-Test Cross-Lingual Transfer Performance Matrix (Reordered)
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Figure 1: Cross-lingual F1 scores across 14 languages.

random seeds, and we report the mean and stan-
dard deviation of F1 across runs to assess result
stability. All experiments are conducted on a single
NVIDIA Quadro RTX 8000 (48 GB). Performance
is reported using macro-F1.

Single-Language Fine-Tuning: For each lan-
guage, we fine-tune a separate LLaMA-3-8B model
on its own training set and evaluate it on all 14 test
sets. For example, a model fine-tuned on English
is evaluated on English and on the remaining 13
languages. This procedure produces a 14 x 14
cross-lingual transfer matrix, allowing us to exam-
ine empirical transfer patterns. Because LLaMA
is a multilingual pretrained model, fine-tuning on
one language does not erase its multilingual knowl-
edge; rather, it specializes the model toward the
hate-speech patterns of the target language.

The 14x 14 single-language fine-tuning exper-
iment directly addresses RQ1, revealing which
language pairs transfer well or poorly. To ad-
dress RQ2, we design two complementary mul-
tilingual experiments: Global Integration (Im-
balanced), which tests whether greater data vol-
ume and multilingual diversity improve generaliza-
tion, and Global Integration (Balanced), which
removes dataset-size differences as a confounding
variable. Together, these setups isolate the effects
of data size, multilingual exposure, and the struc-
tural similarities surfaced by the 14 x 14 matrix.

Global Integration (Imbalanced) Experi-
ment: We merge the full training sets from all
14 languages into one multilingual dataset and fine-
tune a single LLaMA-3-8B model. The model is
then evaluated separately on each language’s test
set. This experiment tests whether greater data
volume and diversity produce better generalization.

Global Integration (Balanced) Experiment:

To control for dataset-size differences, we sample
an equal number of hate (n = 1000) and non-hate (n
= 1000) instances from each language and merge
them into a balanced multilingual dataset. A sin-
gle model is fine-tuned and evaluated on each lan-
guage’s test set, isolating the effect of balanced
representation by controlling for dataset size.

Cluster Tuning: From the 14 x 14 transfer ma-
trix, we identify language clusters by inspection,
using the criterion that off-diagonal F1 scores are
consistently higher within clusters than between
cluster members and non-members. The full ma-
trix is reported in Figure 1 for verification. For each
cluster, we merge the training sets and fine-tune one
model, then evaluate it separately on each language.
To ensure the gains are not driven by a single lan-
guage, we also conduct leave-one-language-out
(LOLO) analysis for the three largest clusters, with
full results in Appendix 10. This experiment fol-
lows an analyze-then-validate pipeline: empirical
structure is first identified from the transfer matrix,
then tested through a separate training and eval-
uation procedure. We note that because the clus-
ters are derived from the same transfer matrix, the
cluster-tuning result is confirmatory rather than a
prediction on independent data; it tests whether the
observed structure is strong enough to yield gains
under a distinct training setup, not whether clus-
ters generalize to unseen languages. The LOLO
analysis Appendix 10) partially addresses this by
showing that each held-out language benefits from
a cluster it did not help define. The resulting gains
show that observed transfer patterns can inform
actionable training strategies, supporting cluster-
aware training as a practical approach for multilin-
gual hate-speech detection.

5 Results

Figure 1 presents the 14 x 14 cross-lingual trans-
fer matrix for hate content detection. Each cell
reports the F1 score obtained when a model is fine-
tuned on the language shown on the x-axis and
evaluated on the test language on the y-axis. The
matrix contains 196 train—test combinations, pro-
viding a comprehensive view of both in-language
and cross-lingual performance. Across languages,
the highest F1 scores mostly occur on the diagonal,
where the model is fine-tuned and tested on the
same language. These in-language results are con-
sistently strong: Turkish (90), Arabic (91), English
(96), French (94), Spanish (90), and German (90)
achieve F1 scores at or above 90. In a few cases,
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TR UR FA AR HI BN IN MS EN ES FR DE KO 7ZH
Solo-Source T 90 +o06 85 +06 80 +08 91 +06 85 +07 79 07 82 +06 78 +07 96 +05 90 +06 94 +05 90 +06 75 +07 75 +07
Global-Imb 92 103 88 103 64 104 87 03 73 04 66 04 84 103 62 104 98 02 95 +03 96 03 94 103 Tl +04 T2 o4
[+2] [+3] [-16] [-4] [-12] [-13] [+2] [-16] [+2] [+5] [+2] [+4] [-4] [-3]
Global-bal 91 +05 87 +05 67 06 89 +05 81 +06 69 +06 83 +05 63 06 96 +04 92 +05 94 +04 93 o5 73 o6 76 +06
[+1] [+2] [-13] [-2] [-4] [-10] [+1] [-15] [0] [+2] [0] [+3] [-2] [+1]
Observed Cluster 90 +04 90 +04 83 £05 93 104 90 105 83 +05 85 o4 80 tos5 97 +03 96 104 96 +04 95 +04 75 o5 78 +os
[0] [+5] [+3] [+2] [+5] [+4] [+3] [+2] [+1] [+6] [+2] [+5] [0] [+2]

Table 2: Performance comparison across different fine-tuning strategies. Results are reported as mean + standard
deviation over five random seeds. Bracketed numbers indicate improvement or decline relative to Solo-Source TL.

cross-lingual models outperform the in-language
baseline; for example, models fine-tuned on Arabic
or Indonesian outperform the Persian in-language
model on Persian.

Off-diagonal values show substantial variation in
the quality of cross-lingual transfer. Based on these
off-diagonal patterns, several clusters of languages
emerge in which transfer performance is consis-
tently higher within the cluster than across it. These
include: (1) Persian—Arabic—Urdu—Indonesian,
2) Urdu-Hindi-Bengali, 3) Indone-
sian—Malay, (4) Korean—Chinese, and (5)
French—Spanish—English—-German. ~ As shown
in Figure 1, models fine-tuned on Urdu perform
strongly on Hindi (85), and English-trained
models yield relatively high scores on French
(78), Spanish (74), and German (69). There
are also cases of strong mutual transfer, such as
French < English (78) and Bengali <» Urdu
(BN—UR: 70; UR—BN: 79). Lower scores
appear for languages like Bengali, whose models
perform less well on European test sets (BN—FR:
51; BN—DE: 42), and Chinese models show
weaker transfer to several languages (ZH—ES:
42; ZH—AR: 38). Languages such as Korean,
Chinese, and Malay generally show lower transfer
performance both as train and test languages.

Table 2 summarizes results from the three com-
plementary experiments. In the Global-Imbalanced
setup, combining the full training data from all lan-
guages leads to performance gains for several high-
resource languages, including English, French, and
Spanish (average gain: +2.86), as well as improve-
ments for languages such as Urdu. In contrast,
most lower-resource languages—such as Bengali,
Persian, and Malay—show declines relative to their
single-language baselines (average: -5.43).

In the observed cluster tuning experiment, fine-
tuning in language-selective clusters from the
14x 14 matrix yields consistent performance im-

provements for nearly all cluster members (average
gain: +5.62). Gains appear across groups such as
Hindi-Bengali-Urdu, Arabic-Persian-Indonesian,
and English-French-Spanish-German, with varying
magnitudes. In the Global-Balanced setup, equal
sampling from all languages reduces the effect of
data imbalance. High-resource languages still im-
prove over their single-language baselines, though
gains are smaller than in the imbalanced condition
(average: +1.57). For lower-resource languages,
the balanced dataset mitigates the declines seen un-
der Global-Imbalanced training, producing small
gains for most and roughly baseline performance
for the remainder.

Robustness Across Model Families. To verify
that the observed transfer patterns are not specific
to LLaMA-3, we replicate all experimental setups
using Gemma-3-4B, and Gemma-4-4B. Although
absolute scores differ across models, the same qual-
itative structure holds for both Gemma-3-4B and
Gemma-4-4B. (i) The same five clusters emerge
from each model’s transfer matrix(Appendix Ta-
bles 10-11): for example, Urdu—Hindi, Indone-
sian—Malay, and the Romance/Germanic group
remain among the strongest off-diagonal cells in
every model. (ii) Observed Cluster tuning again
produces the largest and most consistent gains
— average cluster-member gains of +2.4 F1 for
Gemma-3-4B (Table 8) and +2.1 for Gemma-4-4B
(Table 9), with the same low-resource languages
(Persian, Bengali, Malay) benefiting most, mirror-
ing LLaMA-3. (iii) Global-Imbalanced training
again favors high-resource languages while harm-
ing low-resource ones: Persian, Hindi, Bengali, and
Malay drop by 9-14 F1 in both Gemma models,
and Global-Balanced training again narrows this
gap. The consistency of these three effects across
two families and three model generations indicates
the transfer structure is a property of the data, not
of any single model. Full results are reported in
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Appendix Tables 8, 9, 10, and 11.

6 Analysis

The 14 x 14 transfer matrix in Figure 1 reveals
several structural patterns, including the five clus-
ters of languages with strong mutual transfer noted
earlier. While most languages achieve their highest
performance through in-language learning, certain
language pairs also show comparable or better re-
sults via transfer. Table 6 in the Appendix presents
hate samples correctly predicted only via transfer
learning. We next evaluate each cluster along three
dataset-level properties (size, source platform, and
temporal overlap) to assess whether these factors
account for the observed patterns.

Dataset Size: Across the clusters, dataset size
shows partial but inconsistent alignment. The
French-Spanish-English-German group comprises
datasets with relatively similar hate-sample counts
(3.7k-4.7k), which may support more stable within-
group transfer. The Urdu—Hindi-Bengali cluster
also falls within a relatively similar medium range
(3k—5k hate samples), which may support some in-
ternal consistency. In contrast, the Persian-Arabic-
Urdu-Indonesian cluster spans markedly different
dataset sizes: Persian (~1k hate) is much smaller
than Arabic, Urdu, or Indonesian (~4.5k each), yet
clusters with them. Similarly, Indonesian—Malay
shows large variation, as Malay contains substan-
tially fewer hate examples.

The Korean—Chinese group also exhibits differ-
ent dataset scales, with Chinese containing roughly
twice as many hate examples as Korean. Overall,
dataset size aligns with some cluster boundaries
(notably the English-French-Spanish-German) but
not with clusters involving Persian, Malay, Korean,
or Chinese, indicating that size alone cannot ex-
plain the structure.

Dataset Resource: Several clusters, includ-
ing Urdu-Hindi-Bengali, Persian-Arabic-Urdu-
Indonesian, and Indonesian-Malay, consist entirely
of Twitter-based datasets. However, this does not
distinguish them, since most languages in our study,
including those outside these clusters, are also
Twitter-sourced. Conversely, the Korean-Chinese
cluster does not share a single source: Korean is
from Twitter, while Chinese comes from general
web data. Thus, data source alignment does not
systematically explain the cluster structure.

Temporal Overlap: A similar mixed pat-
tern appears when comparing collection peri-
ods: the English-French-Spanish—German datasets

share nearly identical time spans (2016-2023),
which could support more consistent transfer.
The Urdu-Hindi—Bengali datasets likewise cover
broadly similar years. However, the Per-
sian—Arabic—Urdu—Indonesian cluster shows sub-
stantial variation: Persian (2020-22) does not over-
lap with Arabic (2016-18) or Indonesian (<2018),
yet all appear in the same cluster. Similarly, the
Indonesian-Malay pair has almost no temporal
overlap (<2018 vs. 2022-23), yet forms a clear
transfer cluster. We cannot evaluate the Korean-
Chinese cluster on this dimension, as the collection
period for the Chinese dataset is unspecified. These
comparisons suggest that temporal alignment may
support transfer in some clusters but does not con-
sistently predict cluster structure overall. Table 12
in Appendix summarizes these dataset-level factors
across the five observed clusters.

6.1 Quantitative Analysis

We examine three measurable dataset properties:
dataset size difference, temporal overlap, and lin-
guistic similarity to assess whether they explain
the transfer structure in the matrix. For each of
the 182 source—target pairs, we compute size differ-
ence as the absolute log-ratio of the hate training
sizes, temporal overlap as the intersection-over-
union of the datasets’ collection-year ranges, and
linguistic similarity as the cosine similarity of ty-
pological feature vectors from URIEL/lang2vec
(Bjerva et al., 2019); pairs with missing collec-
tion dates are excluded from the temporal mea-
sure. We then compute Spearman correlations
(Spearman, 1961) between each factor and the
off-diagonal F1 scores. As shown in Table 3, lin-
guistic similarity has the strongest association with
transfer performance (p = 0.46), followed by tem-
poral overlap (p = 0.35), while dataset size dif-
ference shows only a weak effect (p = —0.19).
This trend is visible in several typologically close
pairs: Urdu—Hindi attains the highest score in
the matrix, and Urdu—Bengali, English—German,
Spanish—French, and Indonesian—Malay are like-
wise strong. However, these factors alone cannot
fully account for the observed patterns: transfer
succeeds from Indonesian to Persian (F1=79) and
Arabic to Urdu (F1=70) across different language
families, while some closely related or temporally
overlapping pairs transfer only moderately (e.g.,
Turkish to Arabic, F1=58). Full derivations and
per-pair values are in Appendix 9 and Table 16.
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Factor Spearman p  p-value
Dataset size difference -0.19 0.011
Temporal overlap 0.35 1.6 x 107*
Linguistic similarity 0.46 <107?

Table 3: Spearman correlations between transfer perfor-
mance and dataset properties.

6.2 Qualitative Analysis

To better understand when transfer occurs, we con-
duct a cross-lingual qualitative error analysis by
inspecting examples correctly classified only after
transfer learning and comparing them with those
correctly predicted by the in-language model. The
patterns we describe below are interpretive obser-
vations drawn from manual inspection of repre-
sentative examples; they are intended to generate
hypotheses about why certain clusters transfer well,
not to establish cultural similarity as a measured
cause.

In the Arabic-Indonesian-Urdu-Persian cluster,
Arabic and Urdu particularly support detection of
religious and political hate, especially sociopolit-
ical hate in Middle Eastern contexts. Arabic pro-
vides cues aligned with Persian discourse, while
Urdu contributes strongly to political hate detec-
tion, often more than Arabic. Indonesian con-
tributes more to role-based hate, such as profession-
targeted hate, and performs well on longer tweets
mixing neutral and hateful content.

Table 6 presents Persian examples correctly pre-
dicted only after transfer learning, alongside those
captured only by the Persian fine-tuned model.
We also observe strong transfer between Indone-
sian and Malay. Both datasets contain compara-
ble expressions of political frustration, religious
commentary, and identity-based accusations. Re-
ligious references are frequently used to judge or
shame others, including accusations related to re-
ligious observance. Similar metaphorical and id-
iomatic expressions also appear in both languages,
including insults referencing moral faults or en-
tities, allowing Indonesian fine-tuned models to
generalize well to Malay. Both languages also em-
ploy similar proverbs, insults, and metaphorical
language, particularly the use of animals such as
"dog" and "devil" as slurs. Social issues such as
traffic caused by bazaars, public frustration over
commodity scarcity, and emotional sharing on so-
cial media are likewise reflected in both contexts.
However, the reverse transfer direction is weaker,

likely due to the limited amount of hate data in the
Malay dataset, which restricts its effectiveness as
a source language. A similar pattern appears for
Persian, where limited hate training data reduces its
effectiveness as a target language. Another cluster
where transfer learning outperforms in-language
learning includes Urdu, Hindi, and Bengali. Mod-
els fine-tuned on Urdu often perform better on Ben-
gali and Hindi than the respective in-language mod-
els. Transfer from Urdu is particularly effective for
highly polarized, overt hate expressions involving
explicit slurs, religious antagonism, or politicized
attacks.

In contrast, in-language models more accurately
classify tweets containing idiomatic expressions
or contextually grounded criticism. For instance,
socially embedded sarcasm in Bengali was fre-
quently missed by the Urdu-fine-tuned model but
correctly identified by the Bengali-fine-tuned coun-
terpart. This difference appears related to dataset
composition: the Urdu dataset contains a high
density of explicit hate markers—religious slurs,
profane language, and direct references to identifi-
able targets—which exhibit lexical consistency and
limited idiomatic variation, enabling reliable pat-
tern learning. By comparison, Bengali and Hindi
datasets contain more ambiguous, sarcastic, or cul-
turally embedded forms of expression; specifically,
the Hindi dataset includes implicit hate, which is
harder to generalize across languages. We also
observe that transfer strength is not driven by topi-
cal similarity alone. Although English and French
contain religious or political hate, Arabic or Urdu
transfer yields larger gains for detecting such hate
in Persian. A similar pattern appears for Arabic-to-
English or Arabic-to-French transfer.

To broaden the analysis, we also inspected ex-
amples from language pairs outside the same em-
pirical cluster, examining transfer when alignment
is weaker. Our results show that even when lan-
guages do not belong to the same cluster (e.g.,
Spanish—Chinese, Persian—French), transfer learn-
ing can still detect certain types of hate-speech,
though less consistently. In particular, explicit,
emotionally extreme, or lexically offensive expres-
sions tend to transfer well across languages. For ex-
ample, in our experiments, the Spanish—Chinese
transfer achieved moderate performance in detect-
ing overtly hateful Chinese instances such as You 're
a brainless feminist bitch or (So many feminist
bitches on Weibo!). However, the Spanish-trained
model struggled with more context-dependent ex-
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pressions, such as: Emperor Tang Minghuang’s life-
time reputation was ruined at the hands of the Yang
family, A historical reference used to delegitimize
women, or I also saw someone called ’Pepsi256’
who claims to be a feminist. Lately, she’s been
supporting the Sichuan Fine Arts Institute’s pro-
invasion-of-Taiwan military otakus and happily in-
teracting with the nationalists (a.k.a. little pinks).

In contrast, training the model on Korean re-
sulted in significantly better performance not only
on overt hate expressions but also on more subtle,
context-dependent instances like those discussed
above. In other cases, experiments with French and
Persian show that a Persian fine-tuned model can
still correctly identify highly explicit hate content
in French. For example: “Vous pouvez crever sale
race” (You can die, filthy race). This phrase com-
bines an aggressive death wish with a racial slur,
making it emotionally extreme and lexically ex-
plicit, which enables the Persian fine-tuned model
to detect it despite belonging to a different cluster.
These results suggest that even across dissimilar
clusters, transfer learning succeeds when hate con-
tent is lexically explicit or emotionally extreme, but
consistently struggles with expressions relying on
background social or historical context.

Taken together, these qualitative observations
point to a consistent theme: transfer is strongest
for explicit, lexically overt hate and weakest for
implicit, culturally or historically grounded ex-
pression. We verified these patterns by inspecting
the same examples for fine-tuned Gemma-3 and
Gemma-4; cases misclassified by LLaMA-3 were
typically also misclassified by both Gemma vari-
ants, and correctly classified cases showed similar
patterns across models, indicating the patterns are
not specific to a single model family.

7 Discussion

For RQ1, whether cross-lingual training can
match in-language hate-speech detection—our re-
sults show that cross-lingual models can achieve
comparable or superior performance to in-language
fine-tuning in several cases. Across the 14 lan-
guages studied, this effect is most evident within
the observed clusters, where languages such as
Persian, Indonesian, Urdu, Malay, Hindi, and
Bengali benefit substantially from training on re-
lated languages. For RQ2, whether multilin-
gual training improves performance beyond single-
source transfer—only specific setups yield consis-
tent gains. Globally imbalanced training primar-

ily benefits high-resource languages while weaken-
ing the language-specific signals needed for low-
resource ones. In contrast, cluster-based training
provides the most reliable improvements across
languages.

RQ3 examines potential reasons behind suc-
cessful or failed transfer. Our quantitative anal-
ysis (Table 3) identifies linguistic similarity as
the strongest measurable predictor of cross-lingual
transfer (p = 0.46), followed by temporal overlap
(p = 0.35), while dataset size difference shows
only a weak association. These results suggest that
transfer patterns in the 14x 14 matrix are partly
explained by typological and temporal proximity.
However, linguistic similarity does not fully ac-
count for all patterns: some high-performing pairs,
such as Arabic—Urdu, Indonesian— Persian, and
Turkish—English, involve typologically different
languages, while some closely related pairs show
only moderate transfer. The qualitative findings
in Section 6.2 suggest that some pairs left un-
explained by these measurable factors coincide
with shared discourse and communicative patterns
within clusters. Because this observation comes
from manual inspection, we treat it as a comple-
mentary hypothesis alongside linguistic similarity,
not as an independently measured factor.

Together, these observations suggest that some
of the empirically observed clusters may reflect
overlapping cultural cues or communicative pat-
terns (Zhou et al., 2023), rather than transfer aris-
ing from any single language-pair property. We
caution, however, that this cultural interpretation
is complementary to—not a replacement for—the
role of linguistic similarity, and that confounds
such as topic distribution, annotation scheme, and
annotator demographics remain only partly con-
trolled (see Limitations).

Our observations align with prior work on cul-
tural context in hate-speech detection. Lee et al.
(2023) show that models trained in one cultural con-
text often perform poorly across cultures because
they miss culturally specific targets and discourse
norms. Similarly, Lee et al. (2024) show that an-
notations can vary across countries even within the
same language due to cultural and social differ-
ences. Our findings extend this work by showing
that such differences also affect cross-lingual trans-
fer: shared cultural context may strengthen transfer,
while culturally specific expressions can weaken it.
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8 Conclusion

This study analyzes cross-lingual transfer learn-
ing for hate-speech detection across fourteen lan-
guages. While in-language fine-tuning remains
the most robust baseline, cross-lingual models can
match or surpass it by leveraging clusters of lan-
guages with similar hate-discourse patterns. Multi-
lingual training is most effective when restricted to
these empirical clusters; globally imbalanced inte-
gration provides limited support for low-resource
languages.Crucially, successful transfer is not fully
explained by dataset size, resource availability, or
temporal overlap. Among the factors we quantify,
linguistic similarity is the strongest predictor; our
qualitative analysis additionally points to shared
cultural and communicative patterns as a possible
but unmeasured contributor within several clusters.
These patterns are consistent across examined mod-
els (LLaMA and Gemma), suggesting that the ob-
served transfer structure reflects properties of the
data and task. Explicit or highly polarized hate
transfers well across distant languages, but cultur-
ally embedded and context-dependent forms re-
main challenging. Overall, effective cross-lingual
hate-speech detection benefits from both typologi-
cal proximity and attention to the social dynamics
of online hate. Direct measurement of cross-lingual
social alignment, ideally with datasets that hold lin-
guistic similarity constant, is a promising direction
for future work.

Limitations

This study has several limitations. First, the
datasets used across the fourteen languages vary
in source platforms, annotation practices, and topi-
cal distributions. Although we standardize dataset
size where possible and map labels to a binary
hate/non-hate scheme, differences in domain, ex-
plicitness, and annotation criteria may still influ-
ence transfer behavior. In particular, implicit hate
is annotated only in a subset of languages, which
limits direct evaluation of how implicit expressions
transfer. Second, while our quantitative analysis
considers dataset size, collection period, and lin-
guistic similarity, several factors that may shape
transfer performance remain only partly controlled.
These include topic distribution, platform com-
position, the scope and granularity of annotation
schemes, and the demographic characteristics of an-
notators, which prior work has shown to influence
hate-speech judgments (Sap et al., 2022b). Because
these factors may co-vary with the regional or cul-

tural groupings we identify, the empirical clusters
we report should be interpreted as observed transfer
patterns.

Third, the thematic observations from our quali-
tative error analysis rely on manual inspection of
representative examples and may not capture the
full variability of hate discourse across languages;
a more extensive evaluation with multiple anno-
tators would offer a stronger foundation for inter-
preting transferable expressions. Fourth, while our
quantitative analysis establishes linguistic similar-
ity as the strongest empirically supported predictor
of cross-lingual transfer, the shared cultural and
discourse-level patterns identified through quali-
tative analysis serve as a complementary factor.
Direct measurement of cross-lingual sociopoliti-
cal alignment was beyond the scope of this work
and represents a promising direction for future
research, ideally supported by parallel datasets
that hold linguistic similarity constant. Fifth, our
cross-model validation spans two families (LLaMA
and Gemma) but both models (Gemma-3-4B and
Gemma-4-4B) belong to the Gemma line and are
smaller than our primary LLaMA-3-8B. The con-
sistency of the transfer structure across LLaMA
and Gemma, across two Gemma generations, and
across this scale gap is evidence that the patterns
are not model-specific, but we cannot rule out that
a more distant architecture or a substantially larger
model would behave differently. Replication across
additional model families and scales is an impor-
tant direction for future work.

Ethics Statement

This study analyzes publicly available hate
datasets and does not involve collecting new user
data. All datasets were obtained from prior peer-
reviewed work or shared tasks that follow estab-
lished ethical guidelines. Because hate datasets
may contain harmful or offensive language, exam-
ples shown in this paper are minimized and pre-
sented only when necessary for scientific trans-
parency. No personally identifiable information is
included in our datasets or model outputs. All ex-
periments were conducted using anonymized text.
Models trained in this work are not intended for
deployment without further evaluation, fairness au-
diting, and context-specific calibration.
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Lang Reference

Labels

Hate definition as stated in reference

BN

UR

HI

FA

IN

MS

AR

TR

KO

ES

DE

FR

EN

(Romim et al., 2020)

(Rizwan et al., 2020)

(Bhardwaj et al., 2020)

(Delbari et al., 2024)

(Ibrohim and Budi, 2019)

(Maity et al., 2023)

(Mubarak et al., 2022)

(Toraman et al., 2022)

(Moon et al., 2020)

(Tonneau, 2024)

(Tonneau et al., 2024)

(Tonneau et al., 2024)

(Tonneau et al., 2024)

Hate, Not hate

Hate-Offensive, Normal, Abu-
sive, Offensive, Sexism, Reli-
gious Hate, Profane

Hostile, Non-hostile, Fake
News, Hate, Offensive,
Defamation, Normal

Normal, Violence, Hate, Vul-
gar

Hate, Not hate

Hate, Not hate

Normal, Abusive, Hate

Hate, Offensive, Normal

Hate, Offensive, None

Hate, Not hate

Hate, Not hate, Offensive, Pro-
fanity

Abusive, Hate, Offensive, Dis-
respectful, Fearful, Normal
Abusive, Hate, Offensive, Dis-
respectful, Fearful, Normal

A sentence that dehumanizes one or multiple persons or a community
(e.g., comparing them to insects, objects, criminals, or targeting race,
gender, disability).

Language that expresses hatred, abuse, or offensive content such as
profanity, vulgar or insulting language targeting individuals or groups;
includes gender-based hatred and religion-based hatred.

A post targeting a specific group of people based on ethnicity, religious
beliefs, geographical belonging, race, etc., with malicious intentions of
spreading hate or encouraging violence.

Communication targeting individuals or groups with the intention of
attacking, dehumanizing, inciting violence, promoting discrimination, or
fostering hostility based on characteristics such as race, ethnicity, reli-
gion, gender, sexual orientation, political beliefs, social class, disability,
or appearance.

Communication that disparages a person or a group based on charac-
teristics such as race, ethnicity, gender, sexual orientation, nationality,
religion, or other attributes.

Communication intended to attack the dignity of a group on the basis
of characteristics such as race, gender, ethnicity, sexual orientation,
nationality, religion, or other characteristics.

Any communication that disparages a person or a group based on char-
acteristics such as race, color, ethnicity, gender, sexual orientation, na-
tionality, religion, or other characteristic.

Tweets that target, incite violence against, threaten, or call for physical
damage toward an individual or a group because of some identifying
trait or characteristic.

Comments that explicitly express hatred against an individual or group
based on attributes such as sex, gender, sexual orientation, gender iden-
tity, age, appearance, social status, religion, disability, ethnicity, or
national origin, or that severely insult or attack them.

Speech that denigrates a person or multiple persons based on their mem-
bership to a group, usually defined by race, ethnicity, sexual orientation,
gender identity, disability, religion, political affiliation, or views.
Describing dehumanization or deficiencies to groups or individuals be-
cause of being members of a group (e.g., race, political opinion, sexual
orientation, gender, social status, health condition).

Speech promotes the dehumanization of people who are typically from
minority groups and may incite hate crimes.

Speech promotes the dehumanization of people who are typically from
minority groups and may incite hate crimes.

Table 4: Comparison of hate-speech definitions and annotation schemes across languages.

Method Model TR UR FA AR HI BN IN MS EN ES FR DE KO ZH
GPT-40 71 45 55 64 67 53 65 56 8 75 71 75 60 67

Zero-shot LLaMA-3-8B-Instruct 70 52 45 72 70 58 64 51 82 79 76 74 49 66
- Gemma-3-4B-Instruct 46 38 58 59 56 54 40 51 8 67 69 70 43 52
Gemma-4-4B-Instruct 58 50 64 67 64 60 55 58 87 76 78 78 55 64

LLaMA-3-8B 90 8 80 91 8 79 82 78 96 90 94 90 715 75

Fine-tunin Gemma-3-4B 88 8 75 90 75 70 75 71 94 8 90 94 76 82
€ Gemma-4-4B 92 88 82 93 84 78 84 79 97 92 95 96 81 86

Table 5: F1 scores of different models for multilingual hate-speech detection.
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Lang TL From Tweet Explanation
Gl 40 g5 ) G 45 i 4l S ala Ul s gy a5 905 e plal lanlan 1) el G a shu) el mse4s s, Long  tweet  containing  a
(s Omn Gl A e Osdhaans Caul ) A Cllae ) CulSa Ve 003 55 GRS S pskea s s 3s sh B a3 i€ 4@ s S mixture of neutral and toxic
alae QLA ) aillac# a8 ane 0 0353 ) S a2 a0 5 OsiaS S Hsded e sentiments,  with  shared
A trickster went to a cleric and performed dance moves separately, asking if they were forbidden. The cleric said  religious content.
no. Then the trickster started dancing, and the cleric said, 'Breaking it down was fine, but damn the combination!"
FA IN This is exactly the case with these so-called justice-seckers—some of them are actually good kids, but damn
their combination! Anyway, I’ll get back to my own business. Goodbye. #JusticeSeekers #ParliamentElection
e 35 A8 A Jilise oy g 4y 4y pladiul Mase Sy a4 B Religious  hypocrisy framed
A G 11 Dl o8I 5 s ) 8 5 Gl R L3Sl W with moral outrage, a sentiment
FA AR ‘When a poor young man wants to get hired, they dig up every root of his family issues, but Zibakalam, with his  common to both Persian and
womanizing and wine-drinking, is still teaching at an Islamic university! Arabic contexts.
Oh dan kereta mmg suka menghimpit ke motor walaupun jelas2 ade moto kt situ smpi terpaksa mengelak n Everyday  frustration  or
kereta tu buat bodoh je. Ramai ye perangai mem ni. complaint expressed in the
MS IN Oh and cars really like to squeeze in on motorcycles even when it’s obvious there's a bike there, to the point form of Malay-language hate.
the rider has to avoid them, and the car just acts clueless. There are many people with this kind of attitude.
FAMER AG] (FAE TFE F7 Ifq TEF 57 TG F@ 07 oI & Fa7 77067 (7fee Accusing a group of hackers
BN UR s =f{er of lewd behaviour and
Impudent child's impudent hacker group description hacker group will be kicked out, what lewdness are you threatening expulsion.
doing, looking at the body, look at your own picture.
A N Y 0 a8 & FFa T awd. N g 3l ik AR 3k Al saEh 20 Politicians prioritize religious
3 . ,
HI UR We can't do anything for you my friend... We still have to build more temples and mosques... P"DJ(;:C‘S over people’s  real
needas.
ERE—HEZRBENRAFELT subtle, context-dependent
ZH KO Emperor Tang Minghuang's lifetime reputation was ruined at the hands of the Yang family - A historical reference used to Instances.
delegitimize women
ZABI— T EEBMHESREN, REENEIXREEE, MNIENBTNT R, subtle, context-dependent
ZH KO 1 also saw someone called 'Pepsi256' who claims to be a feminist. Lately, she’s been enthusiastically supporting the Sichuan Instances

Fine Arts Institute's pro-invasion-of-Taiwan military otakus and happily interacting with the nationalists (a.k.a. little pinks

Table 6: Hate samples correctly predicted via transfer learning across languages.

tweet Ar Ind Type
LB oS () 5 saee J) AS ) S 4 48 S 55 s
Shame on a country where Elnaz Rekabi's blood money is worth less than Mehdi Torabi's...! & &
1 0 Politics
508 N O A i 4 Suul ol ja Ll dp sy (on 5 203 (o gl lanlan 1) () S ja sy e unna 4 53
Osdipany Gl 53 e (o) CulSa Vs 20 55 GhaS i s 0238 (g 250 s OB 49 5a0 i€ 43 S (el ) 4
e LTI ) Aot LA a2 0358 1S 430 0 Ge 032 90 028 5 5 03 5e (s Ond Gl A e
A trickster went to a cleric and performed dance moves separately, asking if they were forbidden. The
cleric said no. Then the trickster started dancing, and the cleric said, 'Breaking it down was fine, but Mi
PR R Do ix of
damn the combination!' This is exactly the case with these so-called justice-seekers—some of them are 0 1
. X S N . Neutral and
actually good kids, but damn their combination! Anyway, I’ll get back to my own business. Goodbye.
. . . Hate (bold)
#JusticeSeekers #ParliamentElections
02 Yla &3 (S ase 5y S A ¢yl ale 4800 oK (S jua Lad (3lala i 5 8 aKG 40 K0 S Jae satle 2 )
a8kee Sl 1Al (555 a5 4ol 3 sdeal 5 (aia dea) 5 5 5 Kalen (o O siase 0 K S ClB 48 (e Lo S
S8l st el Lagatt (B2, A (LS 0 1 Mix of
I went to get my nose done, and the doctor took one look at me and said, 'Bro, just wait a little longer Neutral and
until science advances enough to replace your whole head. &' That’s exactly our situation—when the Hate (bold)
competition for the most handsome official in the country is between Jahangiri, Ahmad Khatami, and
Ahmadinejad, you know it's doomed. And in terms of their performance and dignity, well, it's even
worse. #Mahsa_Amini #Biological Assassination
Al a5 8 e il sl lsa gle s S ol s s ol A Bl pascl ) ) idiomatic

It is up to us to believe in this religion and beliefs of the desert, the locust-eating locusts, the same
soup and the same bowl.

Table 7: Case study of Persian hate-speech instances correctly predicted through transfer learning from cluster

languages, or misclassified in all experimental settings.

Strategy TR UR FA AR HI BN IN MS EN ES FR DE KO
Solo-Source TL 88 85 75 90 75 70 75 71 94 88 90 94 76
Global-Imb 89 1+11 87 +21 62131 8641 65100 60 101 77 +21 ST 141 95 +11 92 1+41 92 21 96 1421 73 [-3]
Global-Bal 88101 86 +11 64111 88121 714 6218 76 (+11 58131 9400 9021 9070 95+ 7412
Observed Cluster 88 (07 89 (+4) 78 (+31 92 +21 79 (+41 73 1+31 T8 +31 73 1+21 95 +11 93 (451 92 (+21 96 (+21 76 (0]

Table 8: Performance comparison across fine-tuning strategies using Gemma-3. Bracketed numbers indicate change

relative to Solo-Source TL.
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Strategy TR UR FA AR HI BN IN MS EN ES FR DE KO ZH

Solo-Source TL 92 88 82 93 84 78 84 79 97 92 95 96 81 86

Global-Imb 94 1421 90 +21 70121 9031 75191 69 (91 86 (+21 67 1121 98 [+11 95 +31 96 (+11 97 +11 79121 84 21
Global-Bal 93 +11 891y 73191 9211 813 717 851 681y 9700 94 (+21 9510 97 +11 8011 86 [0
Observed Cluster 92107 92 +41 85131 95+21 87 1+31 81 431 86 +21 81 (+21 98 (+1] 96 [+41 96 [+11 98 +21 81 (0] 88 [+2

Table 9: Performance comparison across fine-tuning strategies using Gemma-4. Bracketed numbers indicate change
relative to Solo-Source TL.

TestJ,/Train—>‘TR UR FA AR HI BN IN MS EN ES FR DE KO ZH

TR 88 64 65 56 56 47 39 36 64 55 61 68 49 53
UR 63 8 66 65 67 69 41 35 53 49 49 41 39 38
FA 63 65 75 73 50 47 73 53 55 41 43 41 51 51
AR 54 67 67 90 51 47 49 45 55 47 43 49 53 47
HI 57 82 65 51 75 58 53 41 60 54 43 39 43 41
BN 45 76 39 31 65 70 53 47 55 49 39 31 35 33
IN 41 65 60 79 50 47 75 65 51 33 43 33 51 48
MS 35 51 53 60 39 39 75 71 47 41 51 47 47 51
EN 64 49 47 53 47 47 49 41 94 80 80 65 51 53
ES 55 39 39 51 39 41 41 41 79 88 79 65 41 41
FR 61 47 45 43 45 31 43 41 77 76 90 70 53 53
DE 67 38 41 47 41 39 43 37 69 67 69 94 41 45
KO 55 41 39 43 41 39 51 49 53 41 38 41 76 71
ZH 53 38 37 38 41 38 49 47 55 38 37 41 68 82

Table 10: Cross-lingual F1 scores across 14 languages using Gemma-3. Rows: test language. Columns: train
language. Diagonal (matched train/test) in bold.

Test |/ Train — | TR UR FA AR HI BN IN MS EN ES FR DE KO ZH

TR 92 68 69 60 59 51 41 41 67 59 64 70 53 57
UR 67 8 70 69 71 73 45 39 56 53 53 45 43 41
FA 69 70 8 75 55 51 75 56 60 47 47 47 55 55
AR 59 71 70 93 55 51 53 49 60 51 47 53 57 5l
HI 62 84 69 55 84 71 57 45 64 58 47 43 47 45
BN 47 80 43 35 71 178 57 51 60 53 43 35 39 37
IN 45 69 71 81 53 51 84 69 55 37 47 37 55 51
MS 39 55 57 65 43 43 79 79 51 45 55 51 51 55
EN 67 53 51 57 51 51 53 45 97 83 83 69 55 57
ES 59 43 43 55 43 45 45 45 83 92 83 69 45 45
FR 65 51 49 47 49 35 47 45 81 80 95 73 57 57
DE 71 41 45 51 45 43 47 41 73 71 73 96 45 49
KO 59 45 43 47 45 43 55 53 57 45 43 45 81 75
ZH 57 41 41 43 45 41 53 51 59 41 41 45 71 86

Table 11: Cross-lingual F1 scores across 14 languages using Gemma-4. Rows: test language. Columns: train
language. Diagonal (matched train/test) in bold.

Cluster Hate Train Size (per language) Platform Time Period
EN-FR-ES-DE EN: 4500, FR: 3739, ES: 4731, X 2016-2023
DE: 4503
UR-HI-BN UR: 4500, HI: 2222, BN: 4504 X, FB, WA, BN: 2017-2020; UR, HI: unspecified
YT
FA-AR-UR-IN FA: 1002, AR: 4503, UR: 4500, X FA: 2020-2022; AR: 2016-2018; IN: 2018;
IN: 4502 UR: unspecified
IN-MS IN: 4502, MS: 1701 X IN: 2018; MS: 2022-2023
KO-ZH KO: 1520, ZH: 2470 X / Web KO: 2018-2020; ZH: unspecified

Table 12: Summary of dataset characteristics across the five empirically observed transfer clusters.
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9 Quantitative Analysis of Transfer
Factors

To better understand the factors influencing
cross-lingual transfer performance, we conducted a
quantitative analysis examining the relationship be-
tween several dataset properties and transfer perfor-
mance. For each pair of languages, the transfer per-
formance was defined as the off-diagonal F1 score
from the 14 x 14 transfer matrix presented in Fig-
ure 1. This results in 182 source—target language
pairs. For each pair we computed three measurable
factors: dataset size difference, temporal overlap,
and linguistic similarity. The resulting dataset con-
sists of one row per source—target pair containing
the transfer F1 score and the corresponding factor
values (Table 16).

9.1 Dataset Size Difference

Dataset size difference measures the disparity be-
tween the number of hate instances used for train-
ing in the source and target datasets. For each
language pair we computed the absolute log-ratio
of the hate training sizes:

Size—diff = ’ log(Nsource) - log(Ntarget)’

where Nyource and Nigpger denote the number
of hate training instances reported in Table 1. This
produced 182 values corresponding to the off-
diagonal entries of the transfer matrix.

9.2 Temporal Overlap

Temporal overlap measures how much the data
collection periods of two datasets intersect. For
languages where collection periods were available,
we computed the overlap between the time ranges
using intersection over union:

’Tsource N ,Ttm”get‘

temporal_overlap =
b N P |Tsou7’ce U CZjtarget|

where Tsource and Tiqrger represent the years
covered by each dataset. Language pairs with miss-
ing collection dates were excluded from this calcu-
lation.

9.3 Linguistic Similarity

To measure linguistic proximity between lan-
guages, we used typological feature vectors derived
from the URIEL/lang2vec database (Bjerva et al.,
2019). Each language is represented by a vector
of typological and phylogenetic features. Pairwise

similarity between languages was computed using
cosine similarity between these vectors:

ling_similarity = cosine(Vsource, Vtarget)

where Vsource and viqrger denote the feature vec-
tors for the source and target languages.

9.4 Correlation Analysis

To assess the relationship between these factors
and transfer performance, we computed Spearman
rank correlations (Spearman, 1961) between each
factor and the transfer F1 scores across all language
pairs. The correlation results reported in Table 3
indicate that linguistic similarity has the strongest
association with transfer performance, followed
by temporal overlap, while dataset size difference
shows only a weak relationship. This trend is also
visible in several high-performing language pairs
with strong typological proximity. For example,
transfer from Urdu to Hindi achieves the highest
score in the matrix with very high linguistic similar-
ity, while Urdu to Bengali and English to German
show similarly strong performance. High transfer
is also observed among closely related Romance
languages, such as Spanish to French. Likewise,
Indonesian transfers effectively to Malay, reflect-
ing their near-identical linguistic structure. How-
ever, not all strong transfers align perfectly with
linguistic proximity. For instance, Turkish transfers
relatively well to English and German. Similarly,
Arabic transfers effectively to Urdu, Indonesian
to Persian despite belonging to different language
families. These cases suggest that while typologi-
cal similarity contributes to transfer effectiveness,
it does not fully account for the patterns observed
in the transfer matrix, and that broader discourse or
sociocultural similarities may also facilitate cross-
lingual transfer.

10 Leave-One-Language-Out Analysis

To verify that the gains observed in the Observed
Cluster experiment are not driven by any single
language within a cluster, we conduct a leave-one-
language-out (LOLO) analysis on the three largest
clusters. For each language ¢ in a cluster C, we
remove ¢ from the training set, fine-tune a model on
the remaining |C'| — 1 languages, and evaluate it on
£. The resulting F1 score is compared against the
Solo-Source TL baseline for ¢ and against the gain
reported in the main Observed Cluster experiment
(Table 2). If the LOLO gains are comparable to the
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original cluster gains, this indicates that the held-
out language genuinely benefits from the cluster
rather than serving as a critical contributor to it.
Tables 13, 14, and 15 present LOLO results for
the Persian-Arabic-Urdu-Indonesian, Urdu-Hindi-
Bengali, and English-Spanish-French-German clus-
ters, respectively. Across all three clusters, the
LOLO gains closely match the original gains re-
ported in Table 2, with most differences within one
F1 point. This confirms that the cluster benefit is a
property of the cluster as a whole, and supports the
robustness of the empirically identified groupings.

Held-out Solo F1 LOLO Cluster F1 A vs Solo Original A

FA 80+0.8 83 +0.5 +3 +3
AR 91+ 0.6 93+04 +2 +2
UR 85+ 0.6 90+ 0.4 +5 +5
IN 82+ 0.6 85+ 04 +3 +3

Table 13: LOLO results for Cluster 1: Persian-Arabic-
Urdu-Indonesian. “Original A” refers to the gain re-
ported in Table 2

Held-out Solo F1 LOLO Cluster F1 A vs Solo Original A

UR 85+ 0.6 88 £ 0.5 +3 +5
HI 80 +£0.7 83 +0.5 +3 +5
BN 70 £ 0.7 73+£0.5 +3 +4

Table 14: LOLO results for Cluster 2: Urdu—Hindi—
Bengali.

Held-out Solo F1 LOLO Cluster F1 A vs Solo Original A

EN 96 £ 0.5 96 + 0.4 0 +1
ES 90 + 0.6 94+ 04 +4 +6
FR 94 +£0.5 95+04 +1 +2
DE 90 £ 0.6 93+ 0.4 +3 +5

Table 15: LOLO results for Cluster 3: English—-Spanish—
French—-German.
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source  target  Fl size_diff  ling_similarity = temporal_overlap

TR FA 66 15 0.7 0.29
TR MS 39 097 0.46 0.14
TR ES 57 0.05 0.47 1
TR FR 62 0.19 0.48 1
FA TR 48 15 0.7 0.29
FA AR 63 15 0.78 0
FA BN 43 15 0.7 0
FA IN 67 15 0.58 0
FA KO 40 042 0.4 0
AR FA 80 15 0.78 0
AR MS 53 097 0.56 0
AR ES 55 0.05 0.58 0.29
AR KO 4 1.09 0.38 0
BN MS 43 097 0.61 0
BN ES 61  0.05 0.61 0.43
IN MS 78 097 0.92 0
IN ES 57 0.05 0.63 0.29
IN FR 57 0.19 0.64 0.29
IN KO 62 1.09 0.42 0
MS IN 63 097 0.92 0
MS EN 50 097 0.66 0.14
MS ES 47 1.02 0.63 0.14
MS FR 55 079 0.64 0.14
EN FA 56 15 0.63 0.29
EN FR 78 0.19 0.88 1
EN KO 73 1.09 0.45 0.29
ES TR 65  0.05 0.47 1
ES FA 50 155 0.61 0.29
ES BN 54 0.05 0.61 0.43
ES IN 47 0.05 0.63 0.29
FR TR 54019 0.48 1
FR BN 58 0.19 0.62 0.43
FR IN 40 0.19 0.64 0.29
FR MS 49 079 0.64 0.14
DE FA 45 15 0.64 0.29
DE ES 68  0.05 0.88 1
KO TR 58 0.1 0.43 0
KO IN 44 1.09 0.42 0
KO MS 58 0.1 0.43 0
KO ES 43 114 0.44 0.29

Table 16: Cross-lingual transfer cases with corresponding dataset properties for a representative sample.
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