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Abstract
Social media enables data-driven analysis of public opinion on contested issues. Target-Stance Extraction (TSE) is
the task of identifying the target discussed in a document and the document’s stance towards that target. Many
works classify stance towards a given target in a multilingual setting, but all prior work in TSE is English-only. This
work introduces the first multilingual TSE benchmark, spanning Catalan, Estonian, French, Italian, Mandarin, and
Spanish corpora. It manages to extend the original TSE pipeline to a multilingual setting without requiring separate
models for each language. Our model pipeline achieves a modest F1 score of 12.78, underscoring the increased
difficulty of the multilingual task relative to English-only setups and highlighting target prediction as the primary
bottleneck. We are also the first to demonstrate the sensitivity of TSE’s F1 score to different target verbalizations.
Together these serve as a much-needed baseline for resources, algorithms, and evaluation criteria in multilingual TSE.

Keywords: Stance Detection, Multilingual Adaptation, Opinion Mining

1. Introduction

Stance detection is the task of predicting an au-
thor’s opinion or stance towards a particular tar-
get. Potential targets can include political candi-
dates (Li et al., 2021), COVID-19 policies (Glandt
etal., 2021), and corporate mergers (Conforti et al.,
2020), among others studied in recent stance de-
tection work.

Most contemporary stance detection systems
rely on machine learning models. One can either
train a separate model for each possible target
(Zarrella and Marsh, 2016) or a general model that
takes a representation of the target as part of its
input (Augenstein et al., 2016; Xu et al., 2018). The
latter variant allows one to perform zero-shot stance
detection: detecting the stance towards targets not
seen during training (Allaway and McKeown, 2020).

In either case, one must already know the target
of the author’s writing prior to detecting the stance.
This generally requires either keyword-based re-
trieval of relevant social media posts (Conforti et al.,
2020) or explicit human annotation of the targets.
Li et al. (2023b) introduce Target-Stance Extraction
(TSE), the task of first predicting the target of the
document and then the document’s stance toward
that target. As illustrated in Figure 1, TSE is more
useful to stakeholders because it eliminates the
need to predefine relevant targets.

The primary contributions of this study are (1)
generalizing the original TSE algorithm to a mul-
tilingual setting and (2) introducing a benchmark
dataset to facilitate further progress in multilingual
TSE. While stance detection has been performed
for languages other than English, all existing TSE
works focus exclusively on English. A multilingual
TSE algorithm would allow decision makers to as-
certain public opinion across cultures. We adapt
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Smith wins the 2028
election instead of the
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Figure 1: Stance Detection versus Target-Stance
Extraction

Target-Stance Extraction to a multilingual scenario,
including Romance languages, Estonian, and Man-
darin. The accompanying multilingual TSE bench-
mark dataset combines existing stance detection
corpora for these languages. Our generalized al-
gorithm’ predicts both the target and stance for a
sample, without relying on the language itself to
determine the prediction.

2. Related Work

This section reviews stance detection in general
(§2.1), multilingual stance detection (§2.2), and the
more general TSE task (§2.3).

'Algorithm and data-download scripts available at
https://github.com/elmines/multiling_tse
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https://github.com/elmines/multiling_tse

2.1,

The first widely adopted stance detection bench-
mark is the SemEval2016 Task 6 stance dataset,
consisting of six targets relevant to U.S. politics
(Mohammad et al., 2016). Early studies train
separate classifiers for each target (Zarrella and
Marsh, 2016; Wei et al., 2016). Later work intro-
duces cross-target stance detection, where a model
trained on one target classifies stance toward a re-
lated target (Xu et al., 2018; Liang et al., 2021).
The next step beyond this is zero-shot stance de-
tection (ZSSD), which evaluates a model on tar-
gets unrelated to those seen in training. The VAST
dataset (Allaway and McKeown, 2020) is the stan-
dard benchmark for ZSSD, though the newer EZ-
Stance dataset is a viable alternative (Zhao and
Caragea, 2024). More recent has been the devel-
opment of multimodal stance corpora (Niu et al.,
2024; Liang et al., 2024).

Since the introduction of BERT (Devlin et al.,
2019), it is common practice to fine-tune a pre-
trained BERT model for stance classification (Liang
et al., 2022; Luo et al., 2022; Zhao and Caragea,
2025). The model typically takes a concatenation
of the target and the document:

Stance Detection

[CLS] target [SEP] document [SEP]

The final hidden state of the [C1.S] token is passed
to a classifier head that assigns the appropriate
stance label.

Beyond choice of model, many works introduce
adversarial learning objectives to improve the hid-
den representations for targets and/or documents
(Wei and Mao, 2019; Allaway et al., 2021; Liang
et al., 2022). Others retrieve supplementary back-
ground knowledge—typically Wikipedia descrip-
tions of the target—to enrich contextual understand-
ing (Zhu et al., 2022; He et al., 2022; Li et al.,
2023a). Still others use knowledge graphs like
ConceptNet to augment their models with symbolic
knowledge (Liu et al., 2021; Luo et al., 2022; Chen
et al., 2024).

As in these related studies, the stance classifi-
cation stage of our pipeline uses a BERT model
that predicts stance given the concatenation of the
target and document. In contrast, we also train
a separate model for predicting the target prior to
performing stance classification.

2.2. Multilingual Stance Detection

Non-English stance detection datasets vary widely
in scope, both regarding language and their targets.
Many resources are limited to a single issue in a sin-
gle language, such as immigration to Estonia (Mets
et al., 2024). Broader collections contain a small
set of targets relevant to a specific nation, such
as French electoral candidates (Lai et al., 2020),

but are still limited to one language. Truly multilin-
gual stance corpora—such as X-Stance (Vamvas
and Sennrich, 2020) and Stanceosaurus (Zheng
et al., 2022)—span multiple languages and target
domains, enabling cross-lingual transfer.

Regarding algorithms, the creators of X-Stance
show that a pretrained multilingual BERT model
(Devlin et al., 2019) can be fine-tuned to classify
multilingual stance samples (Vamvas and Sennrich,
2020). Lai et al. (2020) use a feature-based ap-
proach, studying the use of different machine learn-
ing features for stance detection in the political do-
main across five languages. Hardalov et al. (2022)
apply sentiment analysis to multilingual Wikipedia
articles to create silver training data for their stance
classifier. They create a multilingual stance bench-
mark by combining many existing stance datasets
and demonstrate the feasibility of few-shot train-
ing a stance classifier for a new language. Zhao
and Caragea (2025) similarly create a bilingual
benchmark by combining the Mandarin C-Stance
(Zhao et al., 2023) and English EZ-Stance (Zhao
and Caragea, 2024) datasets and evaluating cross-
lingual transfer.

Building on these multilingual corpora, we con-
struct a new TSE benchmark that extends prior
stance detection efforts. As in recent studies, our
approach relies on pretrained language models
such as BERT, but our focus is the more general
task of Target-Stance Extraction, not just stance
detection alone.

2.3. Target-Stance Extraction

Li et al. (2023b) introduce the task of Target-Stance
Extraction (TSE), predicting both the target of a doc-
ument and the document’s stance toward it. They
adopt two different approaches to predicting targets:
Target Classification (TC) and Target Generation
(TG). TC fine-tunes a pretrained BERT model with
a classifier head to predict among a fixed pool of
targets. TG uses a BART sequence transduction
model (Lewis et al., 2020) to generate a free-form
target. For evaluation purposes, the free-form tar-
gets are still mapped to a fixed pool of targets using
cosine embedding similarity. Regardless of how
targets are predicted, an additional BERT model
is fine-tuned to predict stance given a target and a
document. They form their benchmark dataset by
collating four existing English stance datasets.

Yan et al. (2025) simplify the TC approach by
using the same underlying BERT encoder for both
target prediction and stance prediction. They train
two different classifier heads for the model: one for
predicting the target when given only a document
and another for predicting the stance given both a
document and a target.

Akash et al. (2025) introduce Open-Target
Stance Detection (OTSD), a scenario similar to
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Target-Stance Extraction with Target Generation.
They validate the effectiveness of using large-
language models for target prediction and stance
classification without any pretraining. OTSD differs
from TSE: OTSD emphasizes open-target discov-
ery without a fixed mapping step, relying on human
evaluation to verify target quality. TSE on the other
hand requires mapping the predicted target to a
pool of predetermined targets during evaluation.
Our study follows the TSE setting.

Document:
"Quiero que nuestra en Keyphrase data

provincia escoja su
propio destino.”

Automated Target Evaluation

Target Pool

"Allowing second births"
"Catalonian Independence”
"Emmanuel Macron"
"Immigration"

"IphoneSE"

Unrelated

f ree-form Tayggti — Machine Translate
nuestra provincia

FastText Target
Mapping

——— BERTweet

|

Mapped Target:
Stance: FAVOR el

"Catalonian Independence"

Figure 2: Overview of Multilingual Target-Stance
Extraction. A machine-translated keyword corpus
is used to fine-tune an mT5 sequence model for
target prediction. A BERTweet model predicts the
stance given the original document and the target
prediction. Using FastText embedding similarity,
the free-form predicted target is mapped to a set of
fixed targets for evaluation purposes.

Mather et al. (2021) introduce a novel approach
to stance detection that requires no machine learn-
ing models but some semi-automated resource con-
struction. They provide a more explainable ground-
ing for stance as a belief regarding the target plus
a sentiment towards that belief. While this work
does not use such a notion of stance, both works
are able to predict targets in addition to stance.

Like Li et al. (2023b), we collate existing stance
corpora to form a benchmark TSE dataset. Dis-
tinct from prior multilingual stance work, our study
addresses TSE, which requires predicting both tar-
gets and stances. Extending earlier TSE studies,
the pipeline operates in a multilingual setting. Ad-

ditionally, the Target Generation mode is adopted
exclusively for predicting targets. The non-English
stance corpora used here each have very distinct
target sets. A simple classification head (i.e., the
task-specific output layer) can easily memorize the
mapping between each corpus and its targets—
even if all language cues are removed by translating
all texts into the same language.

Building on prior work in multilingual stance de-
tection and English-only TSE, the following section
describes our design for a multilingual TSE bench-
mark and pipeline.

3. Methodology

Described here are the problem definition for Target-
Stance Extraction (§3.1), the multilingual TSE al-
gorithm (§3.2), and the data used for training and
evaluation (§3.3).

3.1. Problem Definition

Consider an input document z, a groundtruth
(GT) target t, and a groundtruth stance y €
{Against, Favor, Neutral}. The goal of stance de-
tection is to predict a stance gy given (z,t). The
goal of target-stance extraction is to predict both
¢ and a target ¢ given only z. We impose the ad-
ditional constraint that the language of ¢ matches
that of z, to ensure the TSE system remains truly
multilingual.

3.2. TSE Pipeline

We operationalize multilingual TSE with a two-stage
pipeline (Figure 2). An mT5 sequence transduction
model (Xue et al., 2021) first generates a free-form
target for the input document, and a BERTweet
(Nguyen et al., 2020) stance classifier then pre-
dicts stance given the document and the generated
target. The mT5 model is fine-tuned on a machine-
translated keyphrase-generation corpus, and the
stance model is fine-tuned on labeled stance exam-
ples. Due to the keyphrase generation data used to
fine-tune the mT5 model, a single output sequence
can have multiple keyphrases. During postprocess-
ing, exact duplicates are removed to ensure unique
candidate targets.

To perform an automated evaluation of generated
targets, there needs to be a way to map them to
a set of known targets. Following Li et al. (2023b),
all possible targets from the stance corpora are
collated into a target pool. Because most targets
in the pool do not co-occur across languages, we
apply the mapping process using only English ver-
balizations to prevent the system from exploiting
language-specific cues.
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Target Verbalization Lang | Target Against | Favor | Neutral
catalonia Catalonian Independence ca catalonia 3988 | 3902 2158
immigration | Immigration Unrelated - - 2087
lepen Marine LePen es catalonia 4105 | 4104 1868
macron Emmanuel Macron Unrelated - - 2093
sardinia Sardinian Independence et immigration 1175 489 1597
firecracker | Setting off firecrackers during the Unrelated - - 677

Spring Festival 2 fr macron 308 91 131
iphone IphoneSE ° lepen 466 65 55
russia Russia’s counter-terrorism operations Unrelated - - 231

in Syria ° it sardinia 1770 785 687
secondbirth | Allowing second births Unrelated - - 673
shenzhen | Shenzhen bans motorcycles and im- zh firecracker 250 | 250 100

poses electricity restrictions ¢ iphone 209 245 146
& LLM: “Firecracker Spring Festival”; Manual: “Firecrackers” russia 250 250 100
® LLM: “iPhone SE” secondbirth 200 260 140
¢ LLM: “Russian counterterrorism in Syria”; Manual: “Russia” shenzhen 300 160 126
9 LLM: “Shenzhen motorcycle electricity”; Manual: “Shenzhen Laws” Unrelated _ _ 620

Table 1: Target labels and their verbalizations.
Same verbalization is used across all three pools
(Full, LLM, Manual) unless indicated otherwise.

The free-form target is translated by an MT model
into English. A set of pretrained FastText embed-
dings (Bojanowski et al., 2017) are used to map this
translated target to a pool entry. For each target
in the pool, the cosine similarity is computed be-
tween the prediction’s embedding and the target’s
embedding. If no cosine similarity exceeds a pre-
defined threshold 7, the prediction is mapped to a
special Unrelated target. Otherwise, the prediction
is mapped to the target with the highest cosine simi-
larity. In practice, the sequence transduction model
returns multiple predictions in its output sequence;
the single prediction with the highest similarity to
any pool entry is retained.

Note that while the mapped target is the target
used when evaluating model performance, an end
user of the system would only see the generated
free-form target. Additionally, it is the free-form
target that is provided to the BERTweet model for
stance classification.

3.3. Data

We construct a multilingual TSE benchmark
consisting of Spanish, Catalan, French, ltalian,
Estonian, and Mandarin samples. Samples
labeled Favor, Against, or Neutral are drawn
from the following existing stance corpora:
e Catalonian Independence Corpus (cic)
(Zotova et al., 2020)
e French Election Corpus (e-fra)
(Lai et al., 2020)
e SardiStance Corpus (sardi)
(Cignarella et al., 2020)

Table 2: Sample counts by language, target label,
and stance label (Against, Favor, Neutral). Unre-
lated samples may only be Neutral.

e Estonian Immigration Corpus (et-imm)
(Mets et al., 2024)

e NLPCC 2016 Stance Corpus (nlpcc)
(Xu et al., 2016)

For the mapping process, the available targets
from each stance corpus are combined to form
a pool. Table 1 lists each target label along with
its corresponding textual verbalization. Since the
verbalizations used for targets can greatly influ-
ence the outcome of the mapping, three target
pools are considered: Full, LLM, and Manual. Full
refers to the original, precise target names from
each dataset. LLM verbalizations are obtained
by prompting the 20b-parameter OSS ChatGPT
(OpenAl, 2025) to trim each target name to three
words or fewer. Manual verbalizations are created
by manually trimming the target names to shorter
phrases. For most targets, the verbalization is iden-
tical across all pools.

An additional Unrelated class is used to provide
true negatives for TSE evaluation and to avoid
forcing a spurious target match when a document
does not express stance toward any target. Un-
related samples are derived as follows: for Es-
tonian, additional non-target posts from et-imm
are used; for Mandarin, posts are drawn from C-
Stance (Zhao et al., 2023), with target annotations
ignored; and for Catalan, French, Italian, and Span-
ish, sentences are sampled from GlobalVoices
(Tiedemann, 2012). For each language, the Un-
related portion is set to approximately 17% of the
samples to align with prior TSE practice (Li et al.,
2023b). Table 2 provides the number of samples
for each language, target, and stance label.

Beyond the TSE benchmark data, 64,000 English
samples are drawn from GlobalVoices for training
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the FastText embeddings. This size is comparable
to the ~50,000 samples used by Li et al. (2023b) to
train their embeddings. The keyphrase generation
corpus KPTimes (Gallina et al., 2019) is used for
target-predictor training. All the development sam-
ples and 1,000,000 training samples are translated
into the six languages (1/6 of the corpus for each
language).

To comply with the licenses of the component
datasets, we do not directly distribute the bench-
mark; instead, our codebase provides scripts to
automatically retrieve the datasets from their origi-
nal repositories.

4. Experiments

Evaluation covers target prediction, stance detec-
tion, and overall performance. For target prediction,
we report per-class F1 along with the micro- and
macro-averages (Fmic, Fmac) across classes.

Following Li et al. (2023b), the macro average of
F1 score over the Favor and Against classes, as
shown in Eq. 1, is used to evaluate the stance clas-
sifier. This metric implicitly captures performance
on the Neutral class.

Fagainst + Ffavor
2

Any samples with the Unrelated target are ex-
cluded from this evaluation as their stance is ir-
relevant. Note there are still samples that have a
Neutral label but not the Unrelated target. Fuq is
reported for each (language, target) pair, as well
as a macro average Fmac stance-

To evaluate the TSE system as a whole, the TSE
F1 metric from Li et al. (2023b) is used. Any sam-
ple with the Unrelated target is defined to be a
negative sample; otherwise it has an actual target
and is considered a positive sample. The system
must predict the correct target and stance for a
positive sample to obtain a true positive. Predict-
ing any target but Unrelated for a negative sample
yields a false positive. Predicting the Unrelated
target for a positive sample yields a false negative.
Predicting the wrong target or wrong stance for
a positive sample counts both as a false positive
and a false negative. From these definitions preci-
sion, recall, and F1 score can be computed. We
report global, per-language, and macro-averaged
F1 scores (Fmactse)-

FastText embeddings (256-d) are trained for 500
epochs on the English GlobalVoices data. For
target generation, a pretrained mT5 model (Xue
et al., 2021) from HuggingFace? is fine-tuned on

(1)

P&@ =

2https://huggingface.co/google/
mt5-base

Target Full LLM | Manual
catalonia 17.96 | 17.97 17.99
immigration | 42.60 | 25.66 25.31
lepen 34.77 | 34.73 34.81
macron 17.96 | 17.97 17.99
sardinia 19.86 | 20.78 20.72
firecracker 4.25 2.47 2.87
iphone 42.60 | 25.66 25.31
russia 6.70 | 30.37 30.43
shenzhen 18.58 | 38.62 0.00
secondbirth 0.58 0.56 0.59
Unrelated 22.19 | 27.81 25.37
Fhic 20.94 | 24.19 22.75
Frac 22.14 | 27.82 21.24

Table 3: Target prediction F1 score using different
target pools. Results averaged across five folds.

the machine-translated keyphrase generation cor-
pus for 24 hours with a batch size of 32. Valida-
tion occurs every 500 batches, and the checkpoint
with the lowest validation cross-entropy is retained.
Based on preliminary experiments, we choose a
cosine similarity threshold of = = 0.35 for mapping
free-form targets to fixed ones.

For stance classification, a BERTweet model
(Nguyen et al., 2020) from HuggingFace?® is fine-
tuned for five epochs with a batch size of 32; train-
ing takes approximately 20 minutes. The check-
point with the highest validation Fyq is retained
and—following Li et al. (2023b)—Unrelated sam-
ples are excluded from stance training.

Five-fold cross-validation is performed, and re-
sults are averaged across folds. Splits are stratified
to preserve—within each fold—the proportions of
language, target, and stance labels observed in
the full dataset. Cross-validation applies only to
the stance data (not the keyphrase data), so the
same keyphrase model is used across all five folds.
All machine translation, both of the keyphrase cor-
pus and of the generated targets, is done with a
pretrained M2M100 model* (Fan et al., 2020).

One NVIDIA B200 GPU is used for keyphrase
model fine-tuning, target prediction, and target
translation; five NVIDIA L4 GPUs (one for each
fold) are used for the remainder of the pipeline.

5. Results and Analysis

The target prediction accuracy for individual parti-
tions of the dataset is shown in Table 3. Across
target pools, performance is lower for the targets
firecracker and secondbirth. Shorter verbalizations

3https://huggingface.co/vinai/
bertweet-base

*https://huggingface.co/facebook/
m2ml100_418M
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Full LLM Manual
Mapped | GT | Mapped | GT | Mapped | GT
ca 8.25 74.45 8.72 74.04 8.69 74.33
es 8.24 72.25 8.43 71.79 8.52 71.96
et 36.25 | 58.54 | 40.98 | 57.74 | 41.31 57.47
fr 19.56 | 7043 | 19.60 | 67.72 | 20.54 | 70.49
it 8.63 56.60 9.76 56.14 9.60 57.00
zh 16.80 | 4575 | 18.14 | 46.02 | 13.36 | 46.61
All 12.78 | 6722 | 13.85 | 66.73 | 13.43 | 67.11
Fracise | 1629 | 63.00 | 17.60 | 62.24 | 17.00 | 62.98

Table 4: TSE F1 scores for predictions by target pool (Full, LLM, Manual), comparing mapped and GT
targets. Results averaged across five folds. The best result for mapped targets is bold while that for GT

targets is underlined.

improve performance for the russia target, while
results for the shenzhen legislation target vary con-
siderably across pools. Performance varies even
for targets sharing identical verbalizations across
pools (e.g., immigration).

Language consistency between input documents
and generated targets is further verified using the
Lingua language detection library (Staab, 2025).
Table 5 shows the per-language match rate and its
macro average Avg,,,,. For completeness, every
target candidate in the model’s output sequence
is evaluated, not just the one that scores the high-
est embedding similarity with a fixed target. This
evaluation occurs before target mapping, so target
pools are not yet applied. Mandarin scores highest
because its distinct script provides a clear signal to
the language detector, while Catalan scores lowest
primarily due to the Lingua model classifying the
output as one of the other Romance languages.
Overall accuracy supports training the keyphrase
generator on machine-translated data.

Table 6 reports stance classifier performance
across different (language, target) pairs. Re-
sults are more consistent than for target predic-
tion since the classifier trains directly on stance
labels, whereas the target predictor learns from a
keyphrase-generation corpus, not GT targets.

Table 4 shows Target-Stance Extraction perfor-
mance by language. Under the TSE F1 scheme, a
sample counts as a true positive only when both
the target and stance are correctly predicted for a
non-Unrelated case. Following Li et al. (2023b), a
ceiling condition replaces predicted targets with GT
targets. Performance is lowest for Catalan, Span-
ish, and ltalian, reflecting poor recall on catalonia
and sardinia. The baseline achieves F1 scores
between 0.10 and 0.20, whereas models on the
original English TSE benchmark report F1 scores
between 0.30 and 0.40 (Li et al., 2023b). This gap
illustrates the challenge of multilingual TSE and
identifies target prediction as the bottleneck.

ca es et fr it zh
71.28| 78.59| 87.14| 77.76| 83.14| 91.90

AVglang
81.64

Table 5: Language match rate of generated targets.

Lang-Target Full LLM | Manual
ca-catalonia 75.50 | 75.08 75.73
es-catalonia 69.85 | 69.08 69.36
et-immigration | 27.25 | 28.64 26.83
fr-lepen 49.33 | 51.09 53.29
fr-macron 43.17 | 45.00 40.82
it-sardinia 50.98 | 50.81 51.97
zh-firecracker 40.25 | 4117 41.98
zh-iphone 42.01 | 40.76 34.53
zh-russia 40.55 | 44.98 40.62
zh-shenzhen 49.92 | 50.20 48.21
zh-secondbirth | 34.97 | 32.13 41.80
Fiac stance 47.62 | 48.09 47.74

Table 6: F,g scores for stance models across tar-
get pools (five-fold average).

Target predictions for randomly selected sam-
ples are shown in Table 7. None of the generated
targets for the Catalan nor the Spanish sample
explicitly mention Catalonia, making mapping to
Catalonian Independence difficult. The same holds
for the Italian sample and Sardinian Independence.
The single generated target for the Estonian sam-
ple explicitly mentions north African nations as well
as a migration crisis, easily mapping to Immigra-
tion. For the French sample, the model notes the
named entity Marine LePen and explicitly gener-
ates a corresponding target that is mapped cor-
rectly. One of the generated Mandarin candidates
explicitly mentions Russia, allowing it to map to the
Russian counterterrorism target.
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Lang Document Generated Targets Mapped Target Groundtruth Target

ca & Trapote insisteix en que era el cap de secci6  super bowl;trapote; Unrelated Catalonian Independence
qui decidia en quines localitats s’intervenia #Ju-  futbol;nfl;super bowl
diciProcés 2015

es  4.Y si Arrimadas no quiere ir de dos y aspiraal  politica y gobierno;rivera  Russia’s Catalonian Independence

1. Un discurso de la primera mujer presidenta de

Espafia. La ambicion de Rivera es desmesurada,

aunque quizas fuera el camino para tocar poder.

mariana;elecciones
presidenciales de 2008

counter-terrorism
operations in Syria

et

Tuneesia ja Liiblia on peamised punktid, kust mi-
grandid asutavad end ohtlikule mereretkele P&hja-

Aafrikast Euroopasse, eelkdige Itaaliasse.

tuneesia, liibla,
euroopa,
rahvusvahelised suhted,
rahvusvahelised suhted,
lahis-ida ja aafrika
réande kriis, euroopa

réande kriis, euroopa
rande kriis

Immigration

Immigration

screenshot exclusif provenant du téléphone de
Marine Le Pen

marine le pen;marine le
pen communications

inc;computer et internet

Marine LePen

Marine LePen

it Datemi un nome! Un solo nome di un leghista  scienza e tecnologia; Unrelated Sardinian Independence
che abbia fatto qualcosa di buono o intelligente  razza e etnia;nomi
riconosciuto dal mondo o dagli italiani. Non ce  geografici
ne. E quindi loro sono semplicemente uno scarto.
Una razza stupida. Gente che vale meno dello
sterco del mulo di mio nonno. Fanculo
zh  HREBEKERR . AR DEOTEHORF Russia’s Russia’s

N, DB FEREARE ST MEKE . 5
THBK, FTRER LR

PR K PR
[FERE

counter-terrorism
operations in Syria

counter-terrorism
operations in Syria

Table 7: Randomly selected target predictions using the Full pool for verbalizations. The chosen candidate

is underlined.

6. Conclusions and Future Directions

This work introduces the first multilingual TSE
benchmark and a baseline system spanning six
languages. The baseline serves as a reference
point for future TSE models. Although our approach
achieves lower metric values than English-only re-
sults (Li et al., 2023b), the resource establishes a
crucial starting point for multilingual TSE. We are
also the first to demonstrate the sensitivity of TSE’s
main metric to target verbalizations. Most errors
arise from incorrect target predictions; in contrast,
stance detection on these corpora is well studied.

Three complementary avenues for improvement
are identified: (a) Multilingual keyphrase corpora;
(o) Target mapping and embeddings; and (c)
Broader evaluation datasets.

(a) Multilingual keyphrase corpora. Fine-
tuning the keyphrase model on genuine multilingual
keyphrase data—rather than machine-translation
text—will likely improve performance. Available
resources exist, though they tend to be domain-
specific (e.g., law (Salaln et al., 2024); scientific
research (Piedboeuf and Langlais, 2022)). As a
complementary avenue, the generative target pre-
dictor could be replaced with an extractive span
model; however, span extraction cannot produce
targets that do not appear in the input.

(b) Target mapping and embeddings. There
are other means of strengthening the mapping step,
for example, by adopting higher-quality multilingual
contextual embeddings for similarity computation
(Akash et al., 2025). When translation remains in
the loop, using higher-quality MT can reduce drift.

Alternatively, during keyphrase generation train-

ing, the model could be fine-tuned to produce En-
glish keyphrases from multilingual input. Although
this reduces the multilinguality of the target predic-
tor, it removes the need for a translation step during
mapping. In terms of data preparation, this would
require keeping the KPTimes keyphrase labels in
English and translating only the corresponding in-
put documents.

Even under this setup, FastText embeddings
would still be required for target mapping. Future
work could also systematically examine target ver-
balizations, as automated evaluation is likely sensi-
tive to them—even in a monolingual setting.

(c) Broader evaluation datasets. Adapting
zero-shot stance resources to TSE (Allaway and
McKeown, 2020; Zhao and Caragea, 2024) would
provide broader coverage and stronger generaliza-
tion checks. To move beyond a small, fixed target
pool, evaluation could test growing pools, metrics
at multiple pool sizes, and open-world settings that
allow unseen targets.

Taken together, these directions provide a con-
crete path toward stronger multilingual TSE sys-
tems and more informative evaluations.

Limitations

While our benchmark does cover six different lan-
guages, four of them (Catalan, French, ltalian,
Spanish) are Romance languages, potentially limit-
ing the applicability of our results to other groups
of languages. Additionally, with the exception of
the Catalonian Independence target, no targets
are shared across languages. Even within a spe-
cific language, using a different set of targets than
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those in our study could lead to different levels of
performance, particularly during target mapping.
Annotating a new multilingual dataset specifically
designed for TSE, with a wider variety of languages
and targets, would address these issues inherent
in collating existing stance corpora.

Ethical Considerations

While our benchmark is formed from publicly avail-
able stance corpora, we do not redistribute the data
and thus adhere to copyright restrictions and social
network privacy policies.

Regarding application, target-stance extraction
is an excellent tool for good actors investigating
public opinion on relevant issues. Unfortunately,
this same tool could enable bad actors on social
media to find individuals expressing a particular
opinion and target them for harassment, or worse.
One future line of work to mitigate this is adversarial
Target-Stance Extraction: altering a document to
preserve its meaning while causing a misclassifi-
cation from the target predictor or stance classifier.
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Appendix A. LLM Prompt

When prompting GPT-OSS (OpenAl, 2025) to trim
the target verbalizations, we use the following
prompt:

I'm developing an algorithm to classify
a document’s stance (favor, against,
neutral) toward the following ten
targets. Can you reduce each of these
targets to 2-3 words (and leave them
completely unchanged if they’re already
in that range) while still capturing the
original intent?

Emmanuel Macron

Marine LePen

Immigration

IphoneSE

Russia’s counter-terrorism operations in
Syria

Allowing second births

Setting off firecrackers during the
Spring Festival

Shenzhen bans motorcycles and imposes
electricity restrictions

Sardinian Independence

Catalonian Independence
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