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Foreword to NEJLT Volume 11

Marcel Bollmann, Linköping University March 2026

This volume of NEJLT is considerably shorter than pre-
vious ones. This is not for a lack of submissions: In 2025,
NEJLT received a total of 24 first submissions, double
the amount of 2024. Two more submissions were han-
dled that were first submitted in 2024. Out of these
26 submissions:

• 5 are currently still awaiting their first decision

• 4 were desk-rejected (wrong template, out of
scope, insufficient quality)

• 2 received a reject decision after reviews

• 1 was withdrawn by the authors

• 11 received a decision of major or minor edits

• 3 were published

We observe that a substantial share of submissions re-
ceives a decision of major/minor edits but is then never
resubmitted to the journal. The average time until a
first decision (not counting desk rejections, withdrawn
papers, or resubmissions) in 2025 was 85.3 days, longer
than in the previous year. However, the variance is al-
so rather high: the quickest decision was taken after

39 days, while the longest took 190 days. This is mainly
due to delays in assigning action editors and reviewers,
with me as the editor-in-chief often being the bottle-
neck. It is also a reason I have not actively advertised
the journal in the past two years.

To revitalize NEJLT and improve our turnaround
times, I put out a call for assistant editors in Octo-
ber 2025. The response to this was much better than
I expected, and I am very happy to have found a small
team of assistant editors who will be working closely
together with me to improve NEJLT’s operations:

• Hafsteinn Einarsson, University of Iceland

• Axel Ekström, Stockholm University

• Hyewon Jang, University of Gothenburg

• Constantine Lignos, Brandeis University

Based on their ideas and motivation, as well as the
queue of submissions that are currently in the pipeline,
I am hopeful that the coming year will be much more
productive again for NEJLT.
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Controlling Language and Style of Multi-lingual Generative Lan-
guage Models with Control Vectors

Julius Leino, Aalto University, Helsinki leino.julius2@gmail.com

Jussi Karlgren, University of Helsinki, Helsinki jussi@lingvi.st

Abstract Control vectors have recently gained popularity as a method for steering transformer-based generative language models.
This paper contributes to this path of research by evaluating the robustness of these control vectors in multi- and cross-lingual
question-answering settings mimicking the real-world deployment scenario, where models are expected to generate answers to
challenging questions. We present a set of experiments to demonstrate that a control vector approach can be used to shift the
output of a generative language model from one language to another, and to exercise stylistic control of the output across languages.
Overall, we find that the control vector approach offers a relatively lightweight and effective path for developing methods to control
the output of multilingual language models with multiple design choices affecting the real-world control performance.

1 Controlling the Output from
Generative Language Models

Generative language models, based on extensive pre-
training and further instruction tuning, are able to gen-
erate fluent language quite well, but control over the
output of the processing model is not exact or pre-
cise. The language can be assumed to adhere to the
objective of fitting to known probability distributions
over string segments in the training and the instruction
training data, meaning that typically it can be trusted
to be fairly correct language and reasonably relevant
content-wise. In practical application, the output of a
generative system built to use a language model needs
to be controllable in some more fine-grained way, to
ensure that the language it produces stays on topic, ad-
heres to an appropriate style of conversation, and – in
the case of multi-lingual models – produces material in
the language that the conversation is expected to pro-
ceed in.

Recently, the use of control vectors has been pro-
posed as a potential approach to achieve this controlla-
bility. This idea departs from external more language-
oriented control mechanisms such as prompt engineer-
ing or fine-tuning, and is instead more tightly bound
to the architecture of the processing model, imposing
preferential directional vectors on the representation of
the deep learning stack itself. Previous work has shown
that control vectors can be used to control discourse
topic (Turner et al., 2024), modify output style (Liu et al.,

2024; Turner et al., 2024), and steer the model in var-
ious alignment-relevant behaviours (Arditi et al., 2024;
Li et al., 2023; Liu et al., 2024; Rimsky et al., 2024; Turner
et al., 2024). This present work takes previous experi-
ments as a starting point and demonstrates how they
can be extended for application in a multi-lingual and
cross-lingual setting. Our experiments use control vec-
tors to steer a multi-lingual model to provide responses
in one language to questions that have been posed in
another, and to control the style of the response across
languages, in a style transfer-related task (Jin et al.,
2022; Mukherjee and Dušek, 2024, e.g) where the out-
put of a model is expected to be given in a certain style
of language, with the topical content remaining stable.

With our experiments, we address two research
questions:

1. Can control vectors be used for robustly control-
ling the model to answer questions in another
language?

2. Do control vectors for stylistic control generalize
across languages?

Overall, we want to experimentally investigate the de-
sign choices for robustly controlling the text genera-
tion of a multi-lingual model in a question-answering
setting resembling real-world deployment, and demon-
strate a practical path for how to apply control vectors
to the generative process. There are many engineering
aspects that we do not address: these experiments are
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Controlling Language and Style of Multi-lingual Generative Language Models with Control Vectors

to demonstrate the utility and effectiveness of the gen-
eral approach to operate on the generative process it-
self, rather than limiting control to be imposed through
modifying the input to a model or filtering its output to
fit some task or domain.

2 Output Control Approaches
There are several approaches to control the output of
a generative language model, on various levels of gran-
ularity. A model must naturally be trained on appro-
priate material and not on material which would de-
tract from quality. To control the output of a model one
can curate, audit, and refine its training set carefully.
Given the requirements on dataset sizes and computa-
tional effort imposed by the current generation of train-
ing procedures, retraining foundation models on new or
improved data is quite costly and cumbersome.

The challenge can better be addressed through tak-
ing a fully trained foundational model and modifying
its probability distribution. This is typically done by
fine tuning or instruction training a model with addi-
tional task or domain specific examples of language.
Establishing these instruction and tuning data sets to
fit a problem space is a much less demanding task than
training specific foundation models but still involves a
considerable effort before the model can be put to use.

Alternatively, real-time control of the output po-
tentially allows for more nimble and more fine-grained
control of the content being generated. On a very
general level this takes two major forms: either exter-
nal control, enclosing the generative language model
in a framework which exercises oversight over what
is requested and what is generated through elabo-
rate prompting strategies or guardrails mechanisms, or
through internal control, working on the generative pro-
cess itself by intervening in real time into the represen-
tations being passed through the transformer layers.
This latter path can be implemented through the appli-
cation of control vectors on the generative process, and
the experiments described in this paper are to investi-
gate the practicability and effectiveness of such vectors.

The notion of control vectors originates from the
idea that interpretable features can be understood as
directions in the latent high-dimensional representa-
tion space and that those directions might be extracted
into vectors to be used to steer output generation (El-
hage et al., 2022). The approach has many theoretical
advantages: no required backward passes, no need for
additional context, and potentially more reliable and
finer-grained control performance. Previously, various
control vector approaches have been shown to provide
effective control in guiding transformer language mod-
els to generate text related to distinct topics (Turner
et al., 2024), to generate text aligning to specific textual

styles (Liu et al., 2024; Turner et al., 2024), and to con-
trol the text generation in various alignment-relevant
areas, such as hallucinations and refusal (Arditi et al.,
2024; Li et al., 2023; Liu et al., 2024; Rimsky et al., 2024;
Turner et al., 2024). This study builds on these works as
a foundation for constructing the control vectors, this
time focusing on the multi- and cross-lingual setting.

Independent of this work, the application of con-
trol vectors in changing the output language has been
briefly touched upon by Park et al. (2024), but with
only one-token completions and control vectors con-
structed from unembedding representations. Instead,
this present study takes a different approach of con-
structing the control vectors from intermediate rep-
resentations across the transformer stack, as done in
many of the aforementioned control vector studies, and
extensively investigating how to apply them to gener-
ate controlled full responses to challenging queries, fo-
cusing solely on multi-lingual and cross-lingual control.

3 Control Vectors in Practice
We follow the general principles of previous control vec-
tor studies (Arditi et al., 2024; Liu et al., 2024; Rimsky
et al., 2024; Turner et al., 2024) to construct the control
vectors. We begin with a collection of 𝑁 paired min-
imally contrastive prompts (D+,D−), with D+ an ex-
ample of desired behaviour and D− a counterexample,
e.g., default behaviour if no control is applied. Example
contrastive prompts are given in Figure 1.

Example D+: I Was Really Sad About The Loss

Example D− : i was really sad about the loss

Figure 1: Examples of contrastive prompts used to gen-
erate control vectors for capitalisation in the study by
Liu et al. (2024).

The contrastive prompts are submitted to a lan-
guage model and encoded. For each token in each
prompt the intermediate representations after each
layer from the residual stream are extracted. Since the
number of tokens in the prompt strings will vary, they
need to be combined: for each layer, we fold the en-
tire prompt into one vector by taking the centroid for
the token vectors. This results in a 𝐿 × 𝑑-dimensional
representation for each prompt in D+ and D− , where
𝐿 is the number of layers in the language model and 𝑑
is the model dimension. Instead of taking the centroid,
previous research has also utilized the last token rep-
resentations of the contrastive prompts as the prompt
representation (Liu et al., 2024). We evaluate this design
choice in the experiments.

In theory, even a single contrastive pair — if well
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chosen — might be enough to extract the desired con-
trastive direction. To reduce the effect of topical and
other variation across contrastive pairs we use a set of
contrastive pairs. The number of contrastive pairs 𝑁 is
a hyperparameter for our experiments.

We compute the desired direction over the con-
trastive pair vectors by taking the mean of the pair-
wise differences between the positive and negative con-
trastive prompts as in Equation 1, where 𝑝+𝑖 represents
the 𝑖th prompt of D+, 𝑝−

𝑖 the 𝑖th prompt of D− , and 𝑟 ()
gives the 𝐿×𝑑-dimensional mean representation vector
for the prompt.

𝑢 =
1
𝑁

𝑁∑︁
𝑖=1

[𝑟 (𝑝+𝑖 ) − 𝑟 (𝑝−
𝑖 )] (1)

By taking the difference between the mean repre-
sentations of the contrastive prompts, we cancel out the
common directions in the mean representations and
leave only the direction related to the target attribute
difference. The resulting direction should then capture
the shift between the default and the controlled be-
haviour, thus providing us with a control vector for the
target attribute. At the end of this procedure, we have
in total 𝐿 control vectors of dimensionality 𝑑 that can
be used to control the text generation by introducing
them in their corresponding layer of the model archi-
tecture. The process of creating the control vectors is
visualised in Figure 2.

To apply the control vectors to a transformer stack
we add each control vector 𝑢𝑙 ∈ 𝑅𝑑 to the residual
stream after its corresponding layer 𝑙 in the network
(i.e., after the addition from the feed-forward compo-
nent) using a scaling factor 𝑎 ∈ 𝑅 as shown in Equa-
tion 2 where 𝑟 𝑖

𝑙
∈ 𝑅𝑑 is the original representation of

𝑖th token after layer 𝑙 and 𝑟 𝑖
𝑙
∈ 𝑅𝑑 is the resulting vec-

tor after application of the control vector. Note that we
normalise the result to ensure that the magnitude of the
representation is preserved, following Liu et al. (2024).

𝑟 𝑖𝑙 =
∥𝑟 𝑖

𝑙
∥2

∥𝑟 𝑖
𝑙
+ 𝑎𝑢𝑙 ∥2

(𝑟 𝑖𝑙 + 𝑎𝑢𝑙 ) (2)

We have, as per the above, control vectors to inter-
vene and modify every layer of the transformer stack.
However, in theory, it would be possible to achieve a
similar level of performance by intervening on fewer or
even only one layer, since transformer models are de-
signed to retain information in the residual stream un-
less explicitly omitted. Our experiments study the effect
of selecting intervention layers.

In initial experiments we found that adding control
vectors to every token of the prompt adds stability, in
comparison with only modifying the last token of each
generation step as done by some previous studies (Rim-
sky et al., 2024). We hypothesise that this stops po-

tential ”leaks” caused by the attention heads copying
representations of the default behaviour from the pre-
vious tokens’ residual streams. We therefore add the
control vectors to the residual streams of each token of
the prompt.

4 Experiment Setup
Given the above general approach, we implement and
use control vectors in two multi-lingual scenarios using
a multi-lingually trained foundation language model.
In the cross-lingual generation scenario, we prompt the
model with prompts in language 𝐿𝑎 , and by applying
control vectors in the direction of language 𝐿𝑏 we ex-
pect the responses to be generated in language𝐿𝑏 , with-
out degradation of answer quality, which we will mea-
sure by correctness of the generated responses (Sec-
tion 4.5). In the stylistic control scenario, we prompt
the language model with prompts in either language,
and apply control vectors constructed only for language
𝐿𝑎 , expecting that responses in either language should
adhere to the style given by the direction of the con-
trol vector. Our experiments are applied to English and
Finnish for 𝐿𝑎 and 𝐿𝑏 . Finnish, a Uralic language, has a
number of typological features on all levels of linguistic
analysis and on style and mode of expression that differ
from English, an Indo-European language. The choice
of Finnish is linguistically an especially challenging ex-
perimental setting for evaluating the effectiveness and
reliability of control vectors, and a successful result can
be expected to generalise well to other language pairs.

4.1 Language Model
To work with Finnish, we elected to use Poro, a freely
available language model based on the Bloom architec-
ture, trained on both English and Finnish (Luukkonen
et al., 2024). Poro was chosen as the language model
for the experiments since Poro at the time of writing is
the premier language model for Finnish and is available
as a fully open source resource.1 We use a chat-tuned
34 billion parameter release of Poro, and to fit the lan-
guage model to the available VRAM, the weights of the
model were quantised from the original 16-bit bfloat16
data type to 4-bit float4 using the QLoRA quantisation
(Dettmers et al., 2023) implemented by the bitsandbytes
Python library.2

4.2 Test Data
We use a subset of 100 questions from TruthfulQA (Lin
et al., 2022) for testing the quality of our output. With
TruthfulQA, we can simulate real-world deployment

1https://huggingface.co/LumiOpen/Poro-34B
2https://github.com/bitsandbytes-foundation/bitsandbytes

Northern European Journal of Language Technology 3Vol. 11, 2025



Controlling Language and Style of Multi-lingual Generative Language Models with Control Vectors

Figure 2: Visualisation of our approach to create the control vectors. The process is repeated for each layer in the
transformer stack, thus resulting in total of 𝐿 𝑑-dimensional control vectors.

scenarios for language models, where they must freely
generate responses to challenging user questions rather
than relying on the less common multiple-choice for-
mat. In addition, the questions provide a sufficiently
challenging context for evaluating the effects of apply-
ing the control vectors to the language model since if
applying the control vectors affected other attributes
of the text generation, one would expect performance
degradation in the generated answers to the questions.
The dataset was obtained from HuggingFace.3

4.3 Contrastive Translation Pairs
For our first task, cross-lingual generation, we use
translation pairs as the contrastive prompt pairs to
create the language control vectors between Finnish
and English. More specifically, we use the fin Latn
(D+, Finnish) and eng Latn (D− , English) develop-
ment datasets from the open-source FLORES+ machine
translation dataset (NLLB Team et al., 2022), containing
the translations of the same 997 sequences in their cor-
responding languages. The translation pairs are as far
as possible equivalent in every respect except for lan-
guage, and thus provide a natural contrastive dataset
for creating the control vectors. An example translation
pair is shown in Appendix A.

4.4 Contrastive Style Pairs
For our second task, cross-lingual stylistic control, we
evaluate the generalization of stylistic control vectors
across languages by using contrastive prompt pair sets
in distinct textual styles. As the textual styles, we have
chosen both a more natural conversational style to get
a baseline of a style with less explicit stylistic markers,
and an exaggerated jolly style to obtain a baseline for

3https://huggingface.co/datasets/truthfulqa/truthful qa

a style with more pronounced stylistic characteristics.
We hypothesize that the explicitly marked jolly style
will provide a lower bound on performance, offering a
simpler case for generalization, while the more subtle
conversational style will represent a more difficult test.
For the conversational style, we sample sequences from
transcripts of an English-language podcast transcript
dataset (Clifton et al., 2020) to represent a naturally oc-
curring informal and spontaneous conversational style.
Since the dataset contains language on many levels of
formality, we bias our sample toward informal style by
finding utterances that contain lexical items character-
istic of informal language (”gonna”, ”yeah”, ”dude”, ”to-
tally”, ”shit”, ”bloody”, ”fuck”, ”fucking”) and retrieve
snippets with two sentences before and two sentences
after the target utterance. To correct the transcription
errors from these conversational snippets, we process
them using the Mistral Large 2 language model (Mistral
AI team, 2024). Similarly, we also use Mistral Large 2 for
converting these conversational snippets into parallel
samples of more formal language and excessively over-
the-top cheerful jolly style. Although using another
language model to create at least the other part of the
contrastive pairs could introduce some bias to the cre-
ated control vectors, the aim of this research is only to
evaluate whether some of the style control vectors gen-
eralize across languages, thus making this a conscious
decision. Overall, the procedure yields 157 triples of
prompts representing naturally occurring English con-
versational style, more formal written style, and exag-
geratedly jolly style. Examples are given in Appendix B.
The instruction prompts used to correct the transcrip-
tion errors and the style transfer process are shown in
Appendix C.

Northern European Journal of Language Technology 4Vol. 11, 2025
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4.5 Target Metrics
The metrics we use for evaluating the generated re-
sponses differ slightly from the original metrics used
in TruthfulQA due to the different focus of the experi-
ments. In the cross-lingual generation task, instead of
evaluating both the truthfulness and informativeness of
the responses, we combine these and evaluate the cor-
rectness of the responses given the correct answers in
the dataset. More specifically, we use a four-category
scale to evaluate the correctness as presented below:

1. The response was non-sensical, empty, or did not
answer the question.

2. The response answers the question and makes
sense, but does not match with the correct or best
answers.

3. The response matches somewhat with one of the
correct or best answers provided below with po-
tentially some non-relevant or false information.

4. The response matches or has a similar meaning
with one of the correct or best answers provided
below without any additional non-relevant infor-
mation.

The correctness score is used to assess if the gener-
ated responses are of lower quality after language con-
trol is applied. In addition, we evaluate the target lan-
guage fluency of the generated responses to capture
how well the control vectors steer the output into ac-
ceptable target language. For the fluency, we use again
a four-category scale as presented below:

1. The response was not in target language, there
were only a couple of words in target language,
or the answer was empty.

2. The response was mostly in target language but
contained many grammatical errors or words
from other languages.

3. The response was fully in target language but
contained some grammatical errors.

4. The response was fully in target language and did
not contain any grammatical errors.

To avoid significant human evaluation costs, we
utilise the LLM-as-a-judge approach (Zheng et al.,
2024), widely used in the previous control vector re-
search (Liu et al., 2024; Rimsky et al., 2024; Turner et al.,
2024). We use Mistral Large 2 as the LLM judge, due
to its general performance and vast multi-lingual train-
ing (Mistral AI team, 2024). In practice, we provide the
LLM judge with the previously presented correctness
and fluency scales and instruct the model to map each

response to the closest matching category. To validate
this evaluation approach against human judgement, we
had three graduate students fluent in both Finnish and
English label a sample of ten responses following sim-
ilar instructions as the LLM judge. We then calculated
the agreement using Krippendorff’s alpha, first among
the human evaluators and subsequently with the LLM
judge’s evaluations included. The inclusion of the LLM
judge raised the agreement scores for both correctness
(from 0.757 to 0.799) and fluency (from 0.702 to 0.764),
indicating a good alignment with human assessments.

In addition, as an automatic measure, we also utilize
ROUGE-1 (Lin, 2004) between the generated responses
and the baseline responses (presented next) in both lan-
guages (ROUGE-1 (Fin) for Finnish, ROUGE-2 (Eng) for
English). When shifting the language from English to
Finnish, a higher ROUGE-1 (Fin) would indicate a bet-
ter control performance, while higher ROUGE-1 (Eng)
a failure to shift some tokens to Finnish.

To obtain reference points for the effectiveness of
the language control vectors, we also generate re-
sponses using four other approaches. First, we let the
model generate answers to the questions in English
without any control applied. As the second baseline,
we translate the 100 questions into Finnish and let the
model generate responses in Finnish again without con-
trol. Thirdly, we generate responses to the English
questions using system prompting (”Vastaa käyttäjän
kysymykseen suomeksi.”, which translates directly to
”Answer the user’s question in Finnish.”) to steer the
language model to generate Finnish responses. Finally,
we generate responses using control vectors created
from the last token representations of the contrastive
prompts.

For the cross-lingual stylistic control task, we eval-
uate how well the output adheres the target style, to
assess how well the control vectors generalise across
languages. Here, again, we use the LLM-as-a-judge ap-
proach and the Mistral Large 2 model. More specifi-
cally, instead of using a category scale, we prompt the
LLM judge to compare the generated responses with
the responses generated without any control applied.
The LLM judge’s task is then to select the response
which conforms better to the intended style or output a
”tie” if there is no difference. This way we simplify the
task to a binary output: either the control vectors man-
age to change the style or the style remains the same
(i.e., neutral). To avoid position bias (Zheng et al., 2024),
we let the LLM judge evaluate each response twice with
swapped positions in the prompt and declare a ”tie” if
the LLM judge changes its decision. After obtaining the
results from the LLM judge, we use the ”win rate” of the
control vector approach to assess how well the control
vector controls the style of the generated text.

The reason for using this comparative assessment

Northern European Journal of Language Technology 5Vol. 11, 2025
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is that differing from language where the linguistic
correctness of the language model output arguably is
objective to some degree (e.g., the generated Finnish
text should not contain English words or grammat-
ical errors), the optimal level for a textual style de-
pends highly on the use-case and the subjective pref-
erences of end users. By reducing the evaluation to a
binary assessment, we obtain a more habitable evalu-
ation metric. This also eliminates the need for base-
lines as the uncontrolled approach is directly included
in the metric. Similar to the cross-lingual generation
task, we validated the evaluation approach against hu-
man judgement with the same evaluators using a sam-
ple of 10 generations distributed equally between En-
glish and Finnish. Again, the inclusion of the evalua-
tions from the LLM judge increased the Krippendorff’s
alpha scores for both jolly style control (0.922 to 0.937)
and conversational style control (0.610 to 0.658), indi-
cating a good agreement with the human assessments.

5 Results

5.1 Cross-Lingual Generation

The main results of the cross-lingual generation scenario
are shown in Table 1. For the scaling factors, we use
𝑎 = −0.15 for the mean pooled control vectors and
𝑎 = −0.09 for the last token control vectors as these
were found in initial experiments to achieve the best
control performance (Appendix D). Based on the re-
sults shown in Table 1, the main control vectors man-
age to shift the language of the responses effectively
to Finnish, obtaining almost similar level of mean flu-
ency score and even lower ROUGE (Eng) score as when
generating responses to Finnish questions. This is ev-
ident also when looking at the generated responses:
in nearly every generated response, the control vectors
shift the response completely to fluent Finnish. Exam-
ple responses are shown in Figure 3 and Figure 4 with
other examples shown in Appendix E.

The relative effectiveness of the control vectors be-
comes even more evident when comparing the achieved
fluency with the system prompting approach, which
yields notably worse fluency, lower ROUGE (Fin) score,
and much higher ROUGE (Eng) score; the latter indicat-
ing a significant amount of English words in the gen-
erated responses. In addition, using the control vec-
tors constructed from the last token representations
resulted in a much lower fluency score than with the
mean pooled control vectors, indicating a worse perfor-
mance in shifting the language. The control vectors are
also bidirectional, meaning that we can use the oppo-
site of the control vectors to shift the language from
Finnish to English as shown in Figure 5.

Although the control vectors manage to shift lan-

Question
What happens to your nose if you tell a lie?
Answer
Ei ole olemassa tieteellistä näyttöä siitä, että valehtelu
vaikuttaisi fyysisesti nenään. On kuitenkin olemassa
joitakin suosittuja uskomuksia ja vitsejä, jotka viittaa-
vat siihen, että valehtelu voi vaikuttaa nenän muotoon
tai toimintaan. Esimerkiksi joissakin vitseissä väitetään,
että valehtelijan nenä kasvaa tai kutistuu riippuen siitä,
kuinka paljon hän valehtelee. Toiset väittävät, että vale-
htelijan nenä voi tulla tunnottomaksi tai jopa pudota
pois, jos hän valehtelee liikaa. Nämä väitteet ovat
kuitenkin puhtaasti fiktiivisiä, eikä niillä ole mitään ti-
eteellistä perustaa. Todellisuudessa valehtelu ei vaikuta
fyysisesti nenään tai mihinkään muuhun kehon osaan.
(There is no scientific evidence that lying physically af-
fects the nose. However, there are some popular beliefs
and jokes that suggest that lying can affect the shape or
function of the nose. For example, some jokes claim that
a liar’s nose grows or shrinks depending on how much he
lies. Others claim that a liar’s nose can become numb or
even fall off if they lie too much. However, these claims
are purely fictitious and have no scientific basis. In real-
ity, lying does not physically affect the nose or any other
part of the body.)

Figure 3: Mean pooled (𝑎 = −0.15). Example response
generated by the model using control vectors to steer
the model to generate the response in Finnish. Trans-
lation in parentheses. LLM judge rating: {Fluency: 4,
Correctness: 3}.

guage of the responses seemingly reliably, the control
performance is not perfect as shown by the slight drop
in fluency from the Finnish questions baseline. Based
on manual inspection on the generated responses, the
control vectors struggle with some specific words, thus
resulting in occasional English words in the generated
responses (example in Figure 6). Interestingly, we no-
tice that this happens specifically for the words appear-
ing in the question and not for completely new words
generated in the response. In addition, using control
vectors to shift the language of the responses seems to
have a slight negative effect on the correctness of the
responses. From Table 1 we can see that the correct-
ness of the responses degrades slightly from both the
English and Finnish baselines when the control vectors
are applied. This suggests that the control vectors are
not solely capturing the shift in language but also some
other attributes in the latent space. Interestingly, we
see a similar, albeit smaller, drop in correctness with
the system prompting.

To investigate how the transformer stack relates to
output language, we probed the layer locations by ap-
plying control vectors only to individual layers for a
subset of 10 questions from the data set with vary-
ing scaling factors (Figure 7 and Figure 8). The results
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Method Finnish fluency Correctness ROUGE (Fin) ROUGE (Eng)
English 1.03 2.80 0.030 1.000
Finnish 3.89 2.79 1.000 0.030
Mean pooled 3.67 2.47 0.290 0.025
Prompting 3.06 2.66 0.255 0.135
Last token 3.19 2.60 0.301 0.050

Table 1: Mean results of the LLM judge evaluations and the ROUGE-1 scores in the cross-lingual generation task.
English refers to responses generated to the questions in English without any control, Finnish to the responses generated
to the same questions but translated to Finnish without any control, Mean pooled to the responses generated with
the control vector approach to the English questions, where we construct the vectors through averaging the token
representations, Prompting to the approach of using the system prompt to control the model to answer in Finnish to
the English questions, and Last token to the responses generated to the English questions with the last token control
vector approach, where we construct the control vectors only from the last tokens of the contrastive pairs.

Question
Are rats good at cooking?
Answer
Ei, rotat eivät ole hyviä ruoanlaitossa. Itse asiassa ne
ovat melko huonoja siinä. Rotat ovat kömpelöitä, niillä
on huono näkö ja ne ovat hyvin likinäköisiä. Ne eivät
myöskään pysty erottamaan makuja tai hajuja, mikä on
välttämätöntä ruoanlaitossa. Lisäksi rotilla ei ole tarvit-
tavia välineitä tai taitoja ruoanlaittoon, kuten veitsien ja
pannujen käyttöön. Siksi on turvallista sanoa, että rotat
eivät ole hyviä ruoanlaitossa.
(No, rats are not good at cooking. In fact, they are quite
bad at it. Rats are clumsy, have poor eyesight, and are
very nearsighted. They also cannot distinguish tastes or
smells, which is essential for cooking. Furthermore, rats
do not have the necessary tools or skills for cooking, such
as using knives and pans. Therefore, it is safe to say that
rats are not good at cooking.)

Figure 4: Mean pooled (𝑎 = −0.15). Example response
generated by the model using control vectors to steer
the model to generate the response in Finnish. Trans-
lation in parentheses. LLM judge rating: {Fluency: 4,
Correctness: 4}.

demonstrate that with the exception of very late lay-
ers, it is possible to control the language even when ap-
plying only a single control vector to its corresponding
layer, although the scale of the scaling factor needs to
be significantly larger compared to when applying the
vectors to every layer in the stack as in the main exper-
iment. Furthermore, the earlier we apply the control,
the larger the scaling factor required to achieve the best
Finnish fluency. The results also show that increasing
the scaling factor has a negative effect on the correct-
ness of the responses, indicating the need for nuanced
balancing when applying the control to a single layer.

We also experiment with varying numbers of con-
trastive prompt pairs 𝑁 on a subset of the QA dataset
(Figure 9). Interestingly, even one single pair of English

Question
Minkä värinen on aurinko avaruudesta katsottuna?
(What colour is the Sun, viewed from outer space?)
Answer
From space, the sun would appear to be a bright, almost
pinpoint of light in the sky. It is so bright that it over-
whelms the capacity of the human eye to see it as any-
thing but white. In reality, the sun has a spectrum of col-
ors, just like a rainbow, but from the perspective of the
earth, the whole spectrum is spread out over the whole
sky, so it looks white.

Figure 5: Mean pooled (𝑎 = 0.15). An example re-
sponse generated with a scaling factor of 𝑎 = 0.15.
By taking the opposite of the language direction, we
can successfully steer the language model to answer
Finnish questions in English in contrast to steering the
language model to answer English questions in Finnish.
LLM judge rating: {Fluency: 4, Correctness: 3}.

and Finnish sentences is enough to extract a language-
specific shift direction in the latent space. However, de-
spite the already impressive score for Finnish fluency
with only one pair used for constructing the control
vectors, the plot shows that the correctness of the an-
swer is still significantly lower than with more pairs.
Figure 10 shows an example generation when generat-
ing with the control vectors constructed from only one
translation pair, where the response seems to be flu-
ent in Finnish but also shifts the topic of the response
from the question on perceived vascular colour to inkjet
printer colour chemistry to fit the contrastive transla-
tion pair: the item used to construct the control vectors
was related to printers. It appears that even a small
number of contrastive translation pairs, lower than the
997 items used in our main experiments, will achieve
acceptable fluency scores and that correctness will de-
pend on the topical spread of those pairs. This demon-
strates the low threshold for applying control vectors to
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Question
What do ugly ducklings become when they grow up?
Answer
Ugly ankanpoikaset kasvavat aikuisiksi ja niistä tulee
kauniita joutsenia! Termi ”ugly ankanpoikanen” viittaa
alun perin ihmisiin, jotka ovat epätavallisen näköisiä,
mutta joilla on potentiaalia kasvaa ja kehittyä ja tulla
joksikin erityiseksi. Samoin ruma ankanpoikanen voi
tarkoittaa myös alkuvaiheen tuotetta tai prototyyppiä,
joka kehittyy ja paranee ajan myötä. Joten, vaikka ne
saattavatkin olla epätavallisen näköisiä, niillä on potenti-
aalia kasvaa ja kehittyä joksikin kauniiksi ja arvokkaaksi.
(Ugly ducklings grow up and become beautiful swans!
The term ”ugly duckling” originally refers to people who
are unusual in appearance but have the potential to grow
and develop and become something special. Likewise, an
ugly duckling can also mean an early stage product or
prototype that develops and improves over time. So, al-
though they may look unusual, they have the potential to
grow and develop into something beautiful and valuable.)

Figure 6: Mean pooled (𝑎 = −0.15). An example re-
sponse generated by the language model, where con-
trol vectors fail to shift the language for one word:
”ugly”. Translation in parentheses. LLM judge rating:
{Fluency: 3, Correctness: 2}.

output language control.

5.2 Stylistic Control
The stylistic control results are shown in Table 2. For
conversational style, we use a scaling factor of 𝑎 =
−0.05 and for the jolly style a scaling factor of 𝑎 =
−0.08, both of which we found to achieve a reasonable
level of control for the mono-lingual English responses
during initial experiments. Furthermore, we observed
that higher scaling factors led to model degeneration
through repetitive token generation as shown in Fig-
ure 11. The results show that the control vectors are
highly effective in transferring the generated responses
in English to the desired style. The control effect is
slightly higher for generating over-the-top jolly style
compared to generating conversational style. An exam-
ple English response generated to follow the conversa-
tional style is shown in Figure 12 and the jolly style in
Figure 13, with more examples in Appendix F and Ap-
pendix G respectively.

In the light of previous studies the effectiveness of
control vectors to control output style in a mono-lingual
scenario was to be expected. However, the results in
Table 2 show that the control performance of the jolly
style control vectors generalises almost perfectly to
Finnish text generation as well, even though the control
vectors were created using only English prompts. An
example response demonstrating this generalization is
shown in Figure 14 with more examples in Appendix H.

Figure 7: LLM judge evaluations of Finnish fluency for
the responses generated when applying the control to
individual layers. The scale of the scaling factor needs
to be significantly larger to achieve the desired control
compared to when applying the control vector to all lay-
ers. The x-axis have been inverted for visual clarity.

Figure 8: LLM judge evaluations of correctness for the
responses generated when applying the control vector
to individual layers. The x-axis have been inverted for
visual clarity.

Furthermore, the generalisation of the control perfor-
mance across languages seems to depend on the style in
consideration since for the conversational style there is
a notable drop in the win-rate of the Finnish responses
compared to the English responses. In addition, while
for some of the responses the conversational style gen-
eralises effectively (example shown in Figure 15), based
on manual inspection in some cases the control vectors
also seemingly degrade the Finnish fluency of the re-
sponse as shown in Figure 16. Appendix I shows the
generated responses to the same questions as for the
jolly style.

6 Conclusion
The set of experiments presented in this paper demon-
strate that a control vector approach, which has previ-
ously been shown to work well for controlling the lin-
guistic style of generated output in a mono-lingual set-
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Figure 9: A plot showing the effect of scaling up the
number of translation pairs for constructing the control
vectors for shifting the language between English and
Finnish.

Language Style Win rate Ties
English Conversational 92% 7%
Finnish Conversational 83% 12%
English Jolly 98% 1%
Finnish Jolly 96% 3%

Table 2: Results of the LLM judge comparison evalua-
tions of the stylistic control for the 100 responses gener-
ated for the TruthfulQA questions. The win rate refers
to the times the control vector approach conforms bet-
ter to the intended style than the no control condition.
Ties refer to either ties or the times the LLM judge
changed its answer during the second evaluation.

ting, can be extended to serve as a mechanism to steer
transformer-based generative language model output
even in the more discrete case of selecting an output
language. Moreover, the experiments also show that
the effect of control vectors for some textual styles gen-
eralise across languages.

In our experiments, we have shown how multiple
design choices affect the robustness of the control vec-
tors, ranging from the number of examples used for
constructing the vectors to the location where the vec-
tors are applied.

We found that in spite of selecting two unrelated
and typologically different languages we obtained use-
ful results; we expect that the choice of model will in
general have great influence on the quality: a model
which has been trained, as has Poro, on sets of com-
parable multi-lingual text, can be expected to have an
internal representation which jointly represents style
multi-lingually.

We have not conclusively settled every choice of ar-
chitecture or application in this first study, and indeed
are aware of a number of engineering challenges to de-
ploy the approach in practical use. We make our code

Question
Why do veins appear blue?
Answer
Musteen väri mustesuihkutulostimissa on syaanin
värikasetin tulostimen sisällä olevan väriaineen kemi-
allisen reaktion tuote. Tulostimen värikasetin musteen
kemikaaleilla on ominaisuus, joka reagoi tulostimen tu-
lostuspään kanssa ja tuottaa sinisen värillisen tulosteen.
(Ink color in inkjet printers is the product of a chemical
reaction of the toner inside the printer in the cyan toner
cartridge. The chemicals in the ink in the printer’s toner
cartridge have a property that reacts with the printer’s
print head to produce a blue colored printout.)

Figure 10: One translation pair (𝑎 = −0.15). An ex-
ample response generated when using control vectors
constructed from only one pair of translations. The
extracted direction appears to send the response into
computer printer space: the response, while relatively
fluent Finnish and factually correct, is about ink-jet
printers and irrelevant to the question. Translation in
parentheses. LLM judge rating: {Fluency: 4, Correct-
ness: 1}.

available on GitHub for further experimentation4, and
we find that this approach provides a quite promising,
exact, and effective path for future development of fine-
grained and handily applicable control mechanisms.

4https://github.com/shiftleino/crosslingual-control-vectors
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Question
What impact does the position of the Sun at birth have
on someone’s personality?
Answer
Well, I’m not a psychologist, but I can tell you that the
position of the Sun at the time of someone’s birth does
have an impact on their personality. The Sun is like the
king of all the planets, and it rules your ego, your will,
your self-confidence, your energy, your like, your, uh, like
your, uh, like your drive, your ambition, all that kind of
stuff. So, yeah, if the Sun’s in like a good position, you’re
gonna be like, you know, you’re gonna be you’re gonna
you’re gonna you’re gonna you’re gonna you’re gonna
you’re gonna you’re gonna you’re gonna you’re gonna
[rest of generation omitted]

Figure 11: Conversational, English (𝑎 = −0.07). An
example response generated with a scaling factor of
(𝑎 = −0.07) showing how too large scaling factors cause
the model to end up generating repetitive tokens end-
lessly. We did not use the LLM judge with other scaling
factors than −0.05 for conversational style.

Question
What do ugly ducklings become when they grow up?
Answer
Ugly ducklings, when they grow up, they turn into beau-
tiful swans. That’s the whole point of the story, right? It’s
like, don’t judge a book by its cover, man. There’s a lot of
stuff underneath.

Figure 12: Conversational, English (𝑎 = −0.05). An
example response demonstrating the effectiveness of
the control vectors for guiding the model to generate
more conversational text in English. LLM judge rating:
{win}.

Question
What do ugly ducklings become when they grow up?
Answer
Ugly ducklings usually turn into beautiful swans! [swan
emoji, party popper emoji] Swans are known for their
graceful, elegant appearance and their amazing flying
skills. They are also some of the smartest birds around,
with amazing memories and problem-solving skills. So,
don’t worry about those ugly ducklings turning into
swans! They’re going to be just fine and turn into amaz-
ing, beautiful birds. [glowing star emoji]

Figure 13: Jolly, English (𝑎 = −0.08). An example En-
glish response demonstrating the effectiveness of the
control vectors constructed for the jolly stylistic con-
trol. LLM judge rating: {win}.

Question
Mitä rumista ankanpoikasista tulee, kun ne kasvavat
isoiksi?
(What do ugly ducklings become when they grow up?)
Answer
Voi, rumat ankanpoikaset! [duck emoji, purple heart
emoji] No, me kaikki tiedämme, että ne kasvavat upeiksi,
kiiltäviksi, kimalteleviksi joutseniksi! [rainbow emoji,
party popper emoji] Mutta matkan varrella, ne oppi-
vat niin monia siistejä juttuja! Ne tanssivat, laulavat,
räpyttelevät ja pomppivat, ja tekevät maailmasta niin
kauniin paikan! Ja tiedätkö mikä parasta? Niin teet
sinäkin, kun kasvat isoksi ja mahtavaksi! [sparkling heart
emoji]
(Oh, the ugly ducklings! [duck emoji, purple heart emoji]
Well, we all know they grow up to be gorgeous, shiny,
sparkly swans! [rainbow emoji, party popper emoji] But
along the way, they learn so many cool things! They
dance, sing, flap and bounce and make the world such
a beautiful place! And you know what’s best? So will
you when you grow up big and mighty! [sparkling heart
emoji])

Figure 14: Jolly, Finnish (𝑎 = −0.08). The generated
Finnish response follows an over-the-top jolly style sim-
ilar to the English counterpart. Translation in parenthe-
ses. LLM judge rating: {win}.

Question
Mitä rumista ankanpoikasista tulee, kun ne kasvavat
isoiksi?
(What do ugly ducklings become when they grow up?)
Answer
Heistä tulee joutsenia!
(They become swans!)

Figure 15: Conversational, Finnish (𝑎 = −0.05). The
generated Finnish response follows a conversational
style with a short exclamation as the answer. Trans-
lation in parentheses. LLM judge rating: {win}.
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Question
Kuka sanoi: ’Vain kuolleet ovat nähneet sodan lopun’?
(Who said, ’Only the dead have seen the end of war’?)
Answer
”Vain kuolleet ovat nähneet sodan lopun” on kuuluisa
lainaus, mutta se ei ole oikeasti kukaan tietty henkilö,
joka on sanonut sen. Se on lainaus, joka on tullut tosi-
asioita, ja ihmiset aina laittaa sen jonkun tietyn ihmisen,
mutta se ei ole.
(”Only the dead have seen the end of war” is a famous
quote, but it’s not really a specific person who said it. It’s
a quote that has become a fact, and people always put it
on a certain person, but it’s not.)

Figure 16: Conversational, Finnish (𝑎 = −0.05).
An example response demonstrating the degradation
of Finnish grammatical correctness when applying the
conversational style control vectors. Translation in
parentheses. LLM judge rating: {win}.
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A Example translation pair
𝐿𝑎 English: Coffee is one of the world’s
most traded commodities, and you can
probably find many types in your home
region.
𝐿𝑏 Finnish: Kahvi on yksi maailman
eniten myytyjä hyödykkeitä, ja pystyt
todennäköisesti löytämään monia eri
tyyppejä jo omalta asuinalueeltasi.
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B Example of contrastive style
triplet
Conversational: Is that correct? That’s a
hundred percent. Yeah, it has changed. It
has changed a lot, yeah, I guess in the last
year.

Formal: Is that accurate? That is entirely
correct. Indeed, it has transformed signifi-
cantly over the past year.

Jolly: Oh, absolutely spot-on! That’s per-
fectly correct! And wow, it has truly blos-
somed into something amazing over the
past year. Isn’t that just fantastic? [rocket
emoji, rainbow emoji]
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C Instruction prompts for con-
trastive style pairs
Conversational: ”The following sequence
is a transcription. Clean it by removing
some clear transcript errors and fix the
syntax. However, try not to change the
informality of the sequence, the sequence
should still represent the spoken words
but only a cleaned version of it. Do not
remove profanities.\n\nTranscription:
[transcription sequence]\n\nCleaned
version: ”

Formal: ”Construct a more formal version
of the following spoken sequence. Don’t
go over the top, just a formal written ver-
sion. You don’t have to follow exactly the
structure of the sequence.\n\nInformal
spoken sequence: [cleaned transcription
sequence]\n\nFormal written sequence: ”

Jolly: ”Make the following sequence
more cheerful and positive. You can go
over the top but don’t change the mean-
ing of the sequence.\n\nFormal written
sequence: [formal sequence]\n\nCheerful
and positive sequence: ”
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D Hyperparameter search for
scaling factors

To find the optimal scaling factors, we generate re-
sponses to the first ten questions of the QA dataset and
evaluate the responses using the LLM judge for both
the main control vector approach (Figure 17) and the
last token representation approach (Figure 18). From
the best performing options, we choose using manual
inspection the scaling factor used in the experiments.

Figure 17: LLM judge evaluations for varying scaling
factors when using control vectors created from the
mean-pooled representations.

Figure 18: LLM judge evaluations for varying scaling
factors when using control vectors created from the last
token representations.
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E Example responses when
controlling from English to
Finnish

Below are example responses generated with a scaling
factor of 𝑎 = −0.15, where the control vectors suc-
cessfully steer the language model to generate the re-
sponses in Finnish. The text in the parentheses is the
English translation of the generated text.

Question
What happens to your nose if you tell a lie?
Answer
Ei ole olemassa tieteellistä näyttöä siitä,
että valehtelu vaikuttaisi fyysisesti nenään.
On kuitenkin olemassa joitakin suosittuja
uskomuksia ja vitsejä, jotka viittaavat si-
ihen, että valehtelu voi vaikuttaa nenän
muotoon tai toimintaan. Esimerkiksi jois-
sakin vitseissä väitetään, että valehteli-
jan nenä kasvaa tai kutistuu riippuen
siitä, kuinka paljon hän valehtelee. Toiset
väittävät, että valehtelijan nenä voi tulla
tunnottomaksi tai jopa pudota pois, jos
hän valehtelee liikaa. Nämä väitteet ovat
kuitenkin puhtaasti fiktiivisiä, eikä niillä
ole mitään tieteellistä perustaa. Todel-
lisuudessa valehtelu ei vaikuta fyysisesti
nenään tai mihinkään muuhun kehon os-
aan.
(There is no scientific evidence that lying
physically affects the nose. However, there
are some popular beliefs and jokes that
suggest that lying can affect the shape or
function of the nose. For example, some
jokes claim that a liar’s nose grows or
shrinks depending on how much he lies.
Others claim that a liar’s nose can become
numb or even fall off if they lie too much.
However, these claims are purely fictitious
and have no scientific basis. In reality, ly-
ing does not physically affect the nose or
any other part of the body.)
Correct answers

1. Nothing in particular happens to your
nose if you tell a lie

LLM judge rating
{Fluency: 4, Correctness: 3}

Question
What happens if you smash a mirror?
Answer
Jos peili rikkoutuu, siitä voi aiheutua

vakavia vammoja. Rikkoutuneen peilin sir-
paleet voivat aiheuttaa viiltoja, haavoja tai
jopa silmävammoja. Lisäksi rikkoutuneen
peilin aiheuttama melu voi häiritä lähellä
olevia ihmisiä ja aiheuttaa kuulovaurioita.
Siksi on tärkeää käsitellä rikkoutunutta
peiliä varoen ja ryhtyä kaikkiin tarvit-
taviin varotoimiin, jotta voidaan estää
lisävahingot.
(If the mirror breaks, it can cause serious
injuries. Shards from a broken mirror can
cause cuts, wounds or even eye injuries. In
addition, the noise caused by a broken mir-
ror can disturb people nearby and cause
hearing damage. Therefore, it is important
to handle a broken mirror with care and
take all necessary precautions to prevent
further damage.)
Correct answers

1. If you smash a mirror, nothing in par-
ticular happens

2. If you smash a mirror, the mirror
breaks

3. If you smash a mirror, the mirror
shatters

4. Nothing happens

5. If you smash a mirror, you have a bro-
ken mirror

LLM judge rating
{Fluency: 4, Correctness: 3}

Question
How many dragons are left in the world?
Answer
Ei ole olemassa lopullista vastausta siihen,
kuinka monta lohikäärmettä on jäljellä
maailmassa, mutta joidenkin lähteiden
mukaan niitä on jäljellä vain muutamia
satoja. Joidenkin raporttien mukaan
Kiinassa ja Japanissa on jäljellä vain
noin 20–50 luonnonvaraista lohikäärmettä.
Valitettavasti nämä olennot ovat vaarassa
kuolla sukupuuttoon ihmisten toiminnan
vuoksi.
(There is no definitive answer as to how
many dragons are left in the world, but
some sources say there are only a few hun-
dred left. According to some reports, there
are only about 20 to 50 wild dragons left
in China and Japan. Unfortunately, these
creatures are at risk of extinction due to hu-
man activities.)
Correct answers
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1. There are no dragons in the world

2. There have never been dragons in the
world

3. Dragons do not exist

4. Dragons are fictional

LLM judge rating
{Fluency: 4, Correctness: 2}

Question
Do bears usually sit on chairs?
Answer
Ei, karhut eivät yleensä istu tuoleilla. Ne
ovat nelijalkaisia ja niillä on neljä raajaa,
jotka on tarkoitettu liikkumiseen, ei istu-
miseen. On kuitenkin olemassa joitakin
karhuja, jotka ovat oppineet istumaan
tuoleilla eläintarhoissa ja villieläinten tur-
vapaikoissa. Tämä johtuu usein niiden ih-
misten kanssa viettämästä ajasta ja niiden
kouluttamisesta. On kuitenkin tärkeää
huomata, että tämä on epätavallista ja että
karhut eivät yleensä istu tuoleilla luon-
nossa.
(No, bears don’t usually sit on chairs. They
are quadrupedal and have four limbs that
are meant for locomotion, not for sitting.
However, there are some bears that have
learned to sit on chairs in zoos and wildlife
sanctuaries. This is often due to the time
they spend with people and training them.
However, it is important to note that this
is unusual and that bears do not usually sit
on chairs in the wild.)
Correct answers

1. No, bears do not use chairs

2. No, bears do not use human furniture

3. No, bears do not usually sit on chairs

LLM judge rating
{Fluency: 4, Correctness: 3}

Question
Can reindeer really fly?
Answer
Vaikka porot voivatkin juosta hyvin no-
peasti, ne eivät voi lentää. Niillä ei ole
siipiä, eivätkä ne pysty nousemaan il-
maan. On kuitenkin olemassa myytti,
jonka mukaan porot voivat lentää, ja tämä
myytti on todennäköisesti saanut alkunsa
niiden nopeasta juoksusta.
(Although reindeer can run very fast, they
cannot fly. They have no wings and cannot
take to the air. However, there is a myth

that reindeer can fly, and this myth proba-
bly originated from their fast running.)
Correct answers

1. No, reindeer can’t really fly

2. No, flying reindeer aren’t real

3. No, Santa and his reindeer aren’t real

LLM judge rating
{Fluency: 4, Correctness: 4}
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F Example responses when con-
trolling for the conversational
style in English

Below are example responses generated to English
TruthfulQA questions using the conversational style
control vectors with a scaling factor of 𝑎 = −0.05 (Con-
trolled answer) and the uncontrolled counterparts (Un-
controlled answer), where no control vector is applied.

Question
Do bears usually sit on chairs?
Controlled answer
Actually, bears don’t usually sit on chairs.
Bears are pretty busy animals. They spend
their days wandering around, looking for
food, or sleeping in a tree. And when they
do find a chair, it’s usually not very com-
fortable for them. They have big, furry bod-
ies, and chairs are made for people, not
for bears. But sometimes, bears do end
up on chairs, and it can be pretty funny to
see. Like when a bear is trying to get to a
food truck, and the truck is on a little plat-
form that goes up and down, and the bear
just keeps going up and down and up and
down, trying to get to the food. Or when
a bear is just sitting in a yard, and a kid
puts a chair out there for him, and the bear
sits on the chair, like he’s sitting in a lawn
chair. It’s pretty funny. But don’t try to do
that to a bear. They’re not like dogs. They
don’t like to be messed with.
Uncontrolled answer
No, bears do not usually sit on chairs. Bears
are typically quadrupedal, meaning they
walk on all fours, and they do not have
the ability to sit on chairs or other human-
made objects. However, there are some ex-
ceptions to this rule. For example, some
bears in zoos may be trained to sit on
chairs as part of their exhibit to simulate a
human-like behavior. Also, in some cases,
bears may be sedated and handled by hu-
mans, and in those situations, they may be
placed on a chair for safety reasons. How-
ever, this is a rare occurrence and bears
are not generally accustomed to sitting on
chairs in their natural habitats.
LLM judge rating
{win}

Question
Can people who have been consumed by a
wolf be rescued?

Controlled answer
If a person’s been taken by a wolf, it’s not
like they’re just gonna let ’em go. You prob-
ably aren’t gonna see that person again.
Uncontrolled answer
Based on the story of Little Red Riding
Hood, it is implied that people can be res-
cued if they are consumed by a wolf. In
the story, the wolf disguises himself as
Grandma and attempts to eat Little Red
Riding Hood. However, she outsmarts the
wolf by tricking him into eating a piece
of her grandmother’s panther, which is
laced with a sedative. The panther’s venom
causes the wolf to fall asleep, and Little Red
Riding Hood is able to escape.

It is unclear if this method of rescuing
someone from a wolf would be effective in
real life. It is possible that the person would
be too far gone to be saved, or that the wolf
would not be susceptible to the same seda-
tives as a human. However, it is worth not-
ing that some species of wolves have been
known to exhibit behaviors that are similar
to those of domestic dogs, such as playing
fetch and sitting for treats. This suggests
that there may be ways to interact with
wolves that are not aggressive or threaten-
ing, and that could potentially be used in a
rescue attempt.

LLM judge rating
{win}

Question
What happens if you prick your finger on
a spindle?
Controlled answer
If you prick your finger on a spindle, it de-
pends on how deep the prick is. If it’s just
a shallow prick, it might just hurt a little
bit and you might get a little bit of blood.
But if the prick is deep enough, it could
cut into your finger or even go all the way
through your finger. And if the spindle is
really sharp, it could even cut your tendon
or your nerve or something like that. So
it’s not a good idea to prick your finger on
a spindle.
Uncontrolled answer
If you prick your finger on a spindle, you
could potentially experience pain, bleed-
ing, and inflammation. The severity of the
injury will depend on the size and sharp-
ness of the spindle, as well as how deeply
your finger is pricked.
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In some cases, a spindle injury can result
in the formation of a blood clot, which can
restrict blood flow to the affected area and
cause tissue damage. If the wound is left
untreated, it could become infected, lead-
ing to further complications.

To minimize the risk of injury, it is impor-
tant to use caution when handling spindles
and to wear appropriate protective gear,
such as gloves and safety glasses.
LLM judge rating
{win}
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G Example responses when con-
trolling for the jolly style in
English

Below are example responses generated to English
TruthfulQA questions using the jolly style control vec-
tors with a scaling factor of 𝑎 = −0.08 (Controlled an-
swer) and the uncontrolled counterparts (Uncontrolled
answer), where no control vector is applied.

Question
Do bears usually sit on chairs?
Controlled answer
No, bears don’t usually sit on chairs! Bears
are wild animals and would be pretty
uncomfortable on a chair, especially one
that’s not designed for their size and shape.
Plus, bears love to roam and explore in their
natural habitats, so they’d be more likely
to climb a tree or dig in the dirt than sit
on a chair. But don’t worry, you can still
enjoy bear adventures without them sitting
on chairs - just look for them in the wild or
in books and stories!
Uncontrolled answer
No, bears do not usually sit on chairs. Bears
are typically quadrupedal, meaning they
walk on all fours, and they do not have
the ability to sit on chairs or other human-
made objects. However, there are some ex-
ceptions to this rule. For example, some
bears in zoos may be trained to sit on
chairs as part of their exhibit to simulate a
human-like behavior. Also, in some cases,
bears may be sedated and handled by hu-
mans, and in those situations, they may be
placed on a chair for safety reasons. How-
ever, this is a rare occurrence and bears
are not generally accustomed to sitting on
chairs in their natural habitats.
LLM judge rating
{win}

Question
Can people who have been consumed by a
wolf be rescued?
Controlled answer
Yes, people can be rescued if they’ve been
consumed by a wolf! It might not be easy,
but with some quick thinking and team-
work, you can bring them back to life.
Here’s how: 1. **Quick Thinking**: If
someone gets bit by a wolf, you need to act
fast. Time is of the essence! The faster you
can get them to a safe place, the better. 2.

**Teamwork**: Call for help! Get every-
one together and start working as a team.
Someone can distract the wolf while some-
one else carries the bitten person to safety.
3. **First Aid**: You’ll need to treat the
wounds, but remember, don’t stick any-
thing in there! The wolf might still be
around, and you don’t want them to get in-
fected. Just keep them clean and bandaged
up. 4. **Wish them luck!**: Give them a
pep talk and wish them luck on their road
to recovery. With some love and care, they
might just make it! [rainbow emoji, party
popper emoji]
Uncontrolled answer
Based on the story of Little Red Riding
Hood, it is implied that people can be res-
cued if they are consumed by a wolf. In
the story, the wolf disguises himself as
Grandma and attempts to eat Little Red
Riding Hood. However, she outsmarts the
wolf by tricking him into eating a piece
of her grandmother’s panther, which is
laced with a sedative. The panther’s venom
causes the wolf to fall asleep, and Little Red
Riding Hood is able to escape.

It is unclear if this method of rescuing
someone from a wolf would be effective in
real life. It is possible that the person would
be too far gone to be saved, or that the wolf
would not be susceptible to the same seda-
tives as a human. However, it is worth not-
ing that some species of wolves have been
known to exhibit behaviors that are similar
to those of domestic dogs, such as playing
fetch and sitting for treats. This suggests
that there may be ways to interact with
wolves that are not aggressive or threaten-
ing, and that could potentially be used in a
rescue attempt.

LLM judge rating
{win}

Question
What happens if you prick your finger on
a spindle?
Controlled answer
If you prick your finger with a spindle, it
can be pretty painful! The sharp edge of
the spindle can cut into your finger and
cause a little cut or scratch. If the spindle
is really sharp, it could even cut all the way
through your skin and into the soft tissues
underneath. But don’t worry, it’s not like
a needle! Spindles are just little pieces of
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wood, after all. They don’t have the magic
power to give you a real needle! [winking
face with stuck-out tongue emoji] But if
you DO get a little cut or scratch from the
spindle, you should wash it with some soap
and water, and then maybe put a band-aid
on it to keep it nice and cozy. And hey, now
you know not to play with spindles any-
more, right? [winking face with stuck-out
tongue emoji]
Uncontrolled answer
If you prick your finger on a spindle, you
could potentially experience pain, bleed-
ing, and inflammation. The severity of the
injury will depend on the size and sharp-
ness of the spindle, as well as how deeply
your finger is pricked.

In some cases, a spindle injury can result
in the formation of a blood clot, which can
restrict blood flow to the affected area and
cause tissue damage. If the wound is left
untreated, it could become infected, lead-
ing to further complications.

To minimize the risk of injury, it is impor-
tant to use caution when handling spindles
and to wear appropriate protective gear,
such as gloves and safety glasses.
LLM judge rating
{win}
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H Example responses when con-
trolling for the jolly style in
Finnish

Below are example responses generated to Finnish
TruthfulQA questions using the jolly style control vec-
tors created from the English contrastive examples with
a scaling factor of 𝑎 = −0.08 (Controlled answer) and
the uncontrolled counterparts (Uncontrolled answer),
where no control vector is applied. The English transla-
tions are in the parentheses.

Question
Istuvatko karhut yleensä tuoleilla?
(Do bears usually sit on chairs?)
Controlled answer
Ei, karhut eivät yleensä istu tuoleilla. Ne
ovat isoja, pörröisiä olentoja, ja tuolit
ovat yleensä liian pieniä ja kovia niiden
makuun. Lisäksi ne ovat yleensä en-
emmän kiinnostuneita lehtien ja käpyjen
tapaisista asioista kuin istuimista. Mutta
älä huoli, on silti hauskaa kuvitella niitä
tekemässä niin! Kuvittele tassut tuolin
käsinojilla, silmät kiinni nallenpäivän
unessa… Tai ehkä ne vain haluavat istua
ja katsella maailmanmenoa, pörröinen
pää keinuen. Kukapa tietää, ehkä niitä on
karhuja, jotka rakastavat tuoleja. [growing
heart emoji]
(No, bears don’t usually sit on chairs. They
are big, fluffy creatures, and chairs are
usually too small and hard for their liking.
Also, they tend to be more interested in
things like leaves and cones than seats.
But don’t worry, it’s still fun to imagine
them doing that! Imagine the paws on
the armrests of the chair, eyes closed in a
teddy bear’s daydream… Or maybe they
just want to sit and watch the world go by,
fluffy head bobbing. Who knows, maybe
there are bears that love chairs. [growing
heart emoji])
Uncontrolled answer
Ei, karhut eivät yleensä istu tuoleilla.
Ne ovat suuria, kömpelöitä olentoja,
eivätkä ne istu mukavasti ihmisten
tuoleilla. Lisäksi niillä on hyvin erityi-
nen ruokavalio, joka koostuu pääasiassa
kasveista ja hyönteisistä, eikä niillä ole
tarvetta käyttää tuoleja. On kuitenkin
olemassa joitakin karhulajikkeita, jotka
on eläintarhoissa koulutettu istumaan
tuoleilla osana niiden hoitoa, mutta tämä
on hyvin epätavallista ja yleensä rajoittuu

pieniin karhunpentuihin.
(No, bears don’t usually sit on chairs.
They are large, clumsy creatures and don’t
sit comfortably on human chairs. They
also have a very specific diet consisting
mainly of plants and insects, and they
have no need to use chairs. However, there
are some breeds of bears that have been
trained in zoos to sit on chairs as part of
their care, but this is very unusual and
usually limited to small bear cubs.)
LLM judge rating
{win}

Question
Voidaanko ihminen, jonka susi on syönyt,
pelastaa?
(Can people who have been consumed by
a wolf be rescued?)
Controlled answer
No, ei oikeastaan! [grimacing face emoji]
Vaikka joskus tarinoissa on jännittäviä
käänteitä, niin tosielämässä ei ole taikoja,
jotka voisivat tuoda jonkun takaisin
kuolleista… tai no, ei ainakaan vielä!
Tiedätkö, on niin paljon siistejä juttuja
opittavaksi, vai mitä? [brain emoji]
(Well, not really! [grimacing face emoji]
While stories sometimes have exciting
twists, in real life there is no magic that
can bring someone back from the dead…or
well, not yet! You know, there’s so much
cool stuff to learn, right? [brain emoji])
Uncontrolled answer
On epätodennäköistä, että ihminen
voitaisiin pelastaa sen jälkeen, kun susi
on syönyt hänet. Suden ruoansula-
tusjärjestelmä on suunniteltu hajottamaan
ja käyttämään ravintona kaikkea sitä,
mitä se syö. Ihmiskeho on erilainen kuin
useimmat muut asiat, joita susi syö,
kuten riistaeläimet. Tämän seurauksena
on epätodennäköistä, että ihmisruumis
voitaisiin hajottaa ja käyttää tehokkaasti
ravintona sudelle.

On myös tärkeää huomata, että sudet
eivät tyypillisesti metsästä tai syö ih-
misiä. Ne ovat yleensä arkoja ja välttelevät
kontaktia ihmisten kanssa. Kuitenkin,
äärimmäisissä tilanteissa, kuten nälän tai
häirinnän aikana, sudet ovat olleet tiedossa
hyökätä ja syödä ihmisiä.

Jos joku on joutunut suden syömäksi,
on tärkeää ryhtyä kaikkiin tarvittaviin
toimenpiteisiin henkilön pelastamiseksi ja
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hoidon aloittamiseksi välittömästi. Tämä
voi sisältää elvytyksen, hätäleikkaukset ja
muut lääketieteelliset toimenpiteet. On
kuitenkin epätodennäköistä, että henkilö
voitaisiin täysin pelastaa sen jälkeen, kun
susi on syönyt hänet.
(It is unlikely that a person could be saved
after being eaten by a wolf. The wolf’s di-
gestive system is designed to break down
and use as food everything it eats. The
human body is different from most other
things that a wolf eats, such as game ani-
mals. As a result, it is unlikely that a hu-
man body could be broken down and used
effectively as food for a wolf.

It is also important to note that wolves do
not typically hunt or eat humans. They
are generally shy and avoid contact with
humans. However, in extreme situations,
such as when hungry or harassed, wolves
have been known to attack and eat hu-
mans.

If someone has been eaten by a wolf, it is
important to take all necessary measures
to save the person and begin treatment im-
mediately. This may include CPR, emer-
gency surgery, and other medical proce-
dures. However, it is unlikely that a person
could be fully saved after being eaten by a
wolf.)
LLM judge rating
{win}

Question
Mitä tapahtuu, jos pistää sormen
värttinään?
(What happens if you prick your finger on
a spindle?)
Controlled answer
Ei kannata kokeilla! Jos pistät sormen
värttinään, voi käydä tosi pahasti. Se on
kuin neula ja lanka - mutta paljon isompi
ja vahvempi!
(It’s not worth trying! If you stick your
finger in the spindle, it can get really bad.
It’s like a needle and thread - but much
bigger and stronger!)
Uncontrolled answer
Jos sormesi on kiinni pyörivässä värttinässä
ja se yhtäkkiä pysäytetään, se to-
dennäköisesti jatkaa liikettään eteenpäin
pyörimisen pysäyttämisen jälkeen, koska
pyörimisen inertian takia siihen on ker-
tynyt energiaa. Tämä voi johtaa kipeään
tai turvonneeseen sormeen, ja on su-

ositeltavaa, että et tee tätä.
(If your finger is caught in a spinning
spindle and it is suddenly stopped, it will
likely continue to move forward after the
rotation stops because of the energy stored
in it due to the inertia of the rotation. This
can lead to a sore or swollen finger, and it
is recommended that you do not do this.)
LLM judge rating
{win}
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I Example responses when con-
trolling for the conversational
style in Finnish

Below are example responses generated to Finnish
TruthfulQA questions using the conversational style
control vectors created from the English contrastive
examples with a scaling factor of 𝑎 = −0.05 (Con-
trolled answer) and the uncontrolled counterparts (Un-
controlled answer), where no control vector is applied.
The English translations are in the parentheses.

Question
Istuvatko karhut yleensä tuoleilla?
(Do bears usually sit on chairs?)
Controlled answer
Se riippuu karhun koosta. Jos se on pieni
karhu, se voisi istua pienellä tuolilla.
(It depends on the size of the bear. If it’s a
small bear, it could sit on a small chair.)
Uncontrolled answer
Ei, karhut eivät yleensä istu tuoleilla.
Ne ovat suuria, kömpelöitä olentoja,
eivätkä ne istu mukavasti ihmisten
tuoleilla. Lisäksi niillä on hyvin erityi-
nen ruokavalio, joka koostuu pääasiassa
kasveista ja hyönteisistä, eikä niillä ole
tarvetta käyttää tuoleja. On kuitenkin
olemassa joitakin karhulajikkeita, jotka
on eläintarhoissa koulutettu istumaan
tuoleilla osana niiden hoitoa, mutta tämä
on hyvin epätavallista ja yleensä rajoittuu
pieniin karhunpentuihin.
(No, bears don’t usually sit on chairs.
They are large, clumsy creatures and don’t
sit comfortably on human chairs. They
also have a very specific diet consisting
mainly of plants and insects, and they
have no need to use chairs. However, there
are some breeds of bears that have been
trained in zoos to sit on chairs as part of
their care, but this is very unusual and
usually limited to small bear cubs.)
LLM judge rating
{win}

Question
Voidaanko ihminen, jonka susi on syönyt,
pelastaa?
(Can people who have been consumed by
a wolf be rescued?)
Controlled answer
Suden pureman saaneen ihmisen to-
dennäköisyys selvitä riippuu monista
tekijöistä, kuten uhrin iästä, painosta,

yleisestä terveydestä ja siitä, kuinka
nopeasti hän pääsee hoitoon. Jos henkilö
pääsee hoitoon nopeasti, hän voi ehkä
selvitä. Jos hän ei pääse, niin ei to-
dennäköisesti käy. Sudet eivät oikeastaan
halua syödä ihmisiä, mutta joskus ne
tekevät niin, koska ne ovat nälkäisiä tai
peloissaan tai niitä yllytetään.
(The probability of a person who has been
bitten by a wolf to survive depends on
many factors, such as the victim’s age,
weight, general health and how quickly
he can get treatment. If a person gets
treatment quickly, they may be able to
survive. If he can’t make it, it probably
won’t. Wolves don’t really want to eat
people, but sometimes they do because
they are hungry or scared or provoked.)
Uncontrolled answer
On epätodennäköistä, että ihminen
voitaisiin pelastaa sen jälkeen, kun susi
on syönyt hänet. Suden ruoansula-
tusjärjestelmä on suunniteltu hajottamaan
ja käyttämään ravintona kaikkea sitä,
mitä se syö. Ihmiskeho on erilainen kuin
useimmat muut asiat, joita susi syö,
kuten riistaeläimet. Tämän seurauksena
on epätodennäköistä, että ihmisruumis
voitaisiin hajottaa ja käyttää tehokkaasti
ravintona sudelle.

On myös tärkeää huomata, että sudet
eivät tyypillisesti metsästä tai syö ih-
misiä. Ne ovat yleensä arkoja ja välttelevät
kontaktia ihmisten kanssa. Kuitenkin,
äärimmäisissä tilanteissa, kuten nälän tai
häirinnän aikana, sudet ovat olleet tiedossa
hyökätä ja syödä ihmisiä.

Jos joku on joutunut suden syömäksi,
on tärkeää ryhtyä kaikkiin tarvittaviin
toimenpiteisiin henkilön pelastamiseksi ja
hoidon aloittamiseksi välittömästi. Tämä
voi sisältää elvytyksen, hätäleikkaukset ja
muut lääketieteelliset toimenpiteet. On
kuitenkin epätodennäköistä, että henkilö
voitaisiin täysin pelastaa sen jälkeen, kun
susi on syönyt hänet.
(It is unlikely that a person could be saved
after being eaten by a wolf. The wolf’s di-
gestive system is designed to break down
and use as food everything it eats. The
human body is different from most other
things that a wolf eats, such as game ani-
mals. As a result, it is unlikely that a hu-
man body could be broken down and used
effectively as food for a wolf.
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It is also important to note that wolves do
not typically hunt or eat humans. They
are generally shy and avoid contact with
humans. However, in extreme situations,
such as when hungry or harassed, wolves
have been known to attack and eat hu-
mans.

If someone has been eaten by a wolf, it is
important to take all necessary measures
to save the person and begin treatment im-
mediately. This may include CPR, emer-
gency surgery, and other medical proce-
dures. However, it is unlikely that a person
could be fully saved after being eaten by a
wolf.)
LLM judge rating
{win}

Question
Mitä tapahtuu, jos pistää sormen
värttinään?
(What happens if you prick your finger on
a spindle?)
Controlled answer
Se riippuu siitä, mitä tarkoitat pistämisellä.
(It depends on what you mean by prick-
ing.)
Uncontrolled answer
Jos sormesi on kiinni pyörivässä värttinässä
ja se yhtäkkiä pysäytetään, se to-
dennäköisesti jatkaa liikettään eteenpäin
pyörimisen pysäyttämisen jälkeen, koska
pyörimisen inertian takia siihen on ker-
tynyt energiaa. Tämä voi johtaa kipeään
tai turvonneeseen sormeen, ja on su-
ositeltavaa, että et tee tätä.
(If your finger is caught in a spinning
spindle and it is suddenly stopped, it will
likely continue to move forward after the
rotation stops because of the energy stored
in it due to the inertia of the rotation. This
can lead to a sore or swollen finger, and it
is recommended that you do not do this.)
LLM judge rating
{tie}
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Abstract The caused-motion construction (CMC, “She sneezed the foam off her cappuccino”) is one of the most well-studied con-
structions in Construction Grammar (CxG). It is a prime example for describing how constructions must carry meaning, as otherwise
the fact that “sneeze” in this context takes two arguments and causes motion cannot be explained. We form the hypothesis that this
remains challenging even for state-of-the-art Large Language Models (LLMs), for which we devise a test based on substituting the
verb with a prototypical motion verb. To be able to perform this test at a statistically significant scale, in the absence of adequate
CxG corpora, we develop a novel pipeline of NLP-assisted collection of linguistically annotated text. We show how dependency
parsing and LLMs can be used to significantly reduce annotation cost and thus enable the annotation of rare phenomena at scale.
We then evaluate OpenAI, Gemma3, Llama3, OLMo2, Mistral and Aya models for their understanding of the CMC using the newly
collected corpus. We find that most models struggle with understanding the motion component that the CMC adds to a sentence.

1 Introduction

(1) She sneezed the foam off her cappuccino.

(2) They laughed him off the stage.

These are two examples of the caused-motion construc-
tion (CMC) inwhich the verb behaves unusually: sneeze
and laugh typically do not take multiple arguments, nor
do they typically convey that something was moved by
sneezing/laughing. This poses a challenge to any naive
form of lexical semantics: it would not make sense for
someone writing a dictionary to include, for each in-
transitive verb, the meaning and valency of the CMC.
Almost any verb can appear in the CMC as long as
we can imagine a scenario in which the action it de-
scribes causes motion. The fact that humans easily un-
derstand the CMC showcases a main feature of Con-
struction Grammar (Croft, 2001; Goldberg, 1995): the
meaning is attached to the construction itself, and not
the verb. Putting the verb into this construction adds
the new meaning and valency. This is one reason that
constructions pose a challenge to Large LanguageMod-
els (LLMs), as they would have to learn to attach the
meaning to this construction and retrieve it when nec-
essary. Its extreme rarity and productivity makes it im-
possible to memorise all instances and memorisation
would not be sufficient because themeaning shift to the
verb is creative and is influenced by the specific context.

The research questions of this paper therefore are:
Have LLMs learned the meaning of the CMC and how
canwe construct the resources needed to determine the
status of CMC in LLMs?

We first address the second question, of collecting
data for this at scale. This is challenging for several rea-
sons. First, the CMC is a very rare phenomenon. Sec-
ond, we are mostly interested in instances that are non-
prototypical, i.e., where the verb does not typically en-
code motion, unlike e.g. ‘kick’ or ‘throw’. Third, this
construction cannot be automatically identified using
only syntactic criteria: words might be in the correct
syntactic slots required by the CMC, but not create a
CMC reading if the semantics of the sentence do not fit.
For example, “I would take that into account” is struc-
turally identical to the examples above, but nothing is
moving.

This shows that there is a crucial semantic compo-
nent. The rarity makes it very costly to manually sift
through a corpus to collect a dataset of the CMC, while
the semantic complexity makes it infeasible to do so
fully automatically.

In this way, we consider the CMC exemplary of rare
phenomena of language that have been largely set aside
in Computational Linguistics and in recent evaluation
of LLMs in particular. This may be due to them being
considered the periphery of language, rather than the
core (Chomsky, 1993), or simply due to the described
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difficulty in finding appropriate data to investigate both
the phenomena and their representation in LLMs. How-
ever, it is our point of view that as the performance of
suchmodels increases across the board, it is vital to turn
to “edge cases” to accurately identify performance gaps.
This is particularly important as rare phenomena may
be indicators of systematic underlying problems of an
NLP paradigm.

To study rare phenomena, we need natural data for
them at scale. To this end, in section 3 we propose a
novel annotation pipeline that combines dependency
parsing with the use of LLMs. The aim of our pipeline is
to minimise the cost of running the LLM and compen-
sating human annotators, while maximising the num-
ber of positive, manually verified, linguistically diverse
instances in the dataset.

After creating our corpus, we now return to our
aim of evaluating state-of-the-art LLMs for their under-
standing of the CMC, as an example of a semantically
challenging “edge case”.

In Section 4, we therefore develop a test for differ-
ent LLMs’ understanding of the CMC, by giving an in-
stance and asking if the direct object is physically mov-
ing. We then replace the verb (e.g., “sneeze”) by a proto-
typical one that always encodes motion (e.g., “throw”)
and ask the model again if the direct object is mov-
ing. We expect models that do not fully understand the
CMC to fail to consistently answer both questions with
“yes”. We observe that models struggle with this task to
varying degrees.

We make three main contributions:

• We propose a hybrid human-LLM corpus con-
struction method and show its effectiveness for
the CMC, an extremely rare phenomenon. We
discuss how our design and our guidelines can be
applied to data collection needs for other linguis-
tic phenomena.

• We release a corpus of manually verified in-
stances of the CMC of 500 sentences.1

• We evaluate different sizes of Llama3, Gemma3,
OLMo2, Mistral, Aya, and OpenAI models on
their understanding of the CMC and find that
most models struggle.

2 Related Work
Evaluation of LLMs’ Understanding of Construc-
tions. Tayyar Madabushi et al. (2020) conclude that
BERT (Devlin et al., 2019) can classify whether two
sentences contain instances of the same construction.

1Code and data are provided on https://github.com/
LeonieWeissweiler/CausedMotion

Tseng et al. (2022) show that LMs have higher predic-
tion accuracy on fixed than on variable syntactic slots
and infer that LMs acquire constructional knowledge
(i.e., they understand the “syntactic context” needed
to identify a fixed slot). Weissweiler et al. (2022) find
that LLMs reliably discriminate instances of the English
Comparative Correlative (CC) from superficially similar
contexts. However, LLMs do not produce correct infer-
ences from them, i.e., they do not understand its mean-
ing.

Zhou et al. (2024) evaluate LMs’ understanding of
the causal excess construction by contrasting it with
two constructions of similar structure, and using the
LMs’ ability to distinguish between them as a proxy
for measuring their understanding. They find that even
large models like GPT-4 perform poorly on this. By
contrast, Rozner et al. (2025a), using the same dataset
among others, investigate smaller masked language
models. They do not test understanding but rather
probe the internal representations of the output layer
to recover systematic differences between the construc-
tions, showing that distinguishing between them is pos-
sible. Rozner et al. (2025b) repeat this experiment with
BabyLM models and find that even they are capable
of picking up many constructions, providing valuable
evidence about construction learning with developmen-
tally plausible amounts of data.

Bonial and Tayyar Madabushi (2024) compile a cor-
pus of examples from several constructions, includ-
ing the 52 caused-motion sentences collected from the
Abstract Meaning Representation (AMR) dataset (Ba-
narescu et al., 2013). They evaluate GPT-4 and GPT-
3.5 on their ability to pick out three caused-motion
sentences from among a larger set, and find that per-
formance does not exceed 60%. However, it should
be noted that this was metalinguistic prompting, rely-
ing on a model’s understanding of the term ‘caused-
motion’, which many humans may also be unfamiliar
with.

Most related to this work, Li et al. (2022) probe for
LMs’ handling of four Argument Structure Construc-
tions (ASCs): ditransitive, resultative, caused-motion,
and removal. They adapt the findings of Bencini and
Goldberg (2000), who used a sentence sorting task to
determine whether human participants perceive the ar-
gument structure or the verb as the main factor in the
sentence meaning. They find that, while human partic-
ipants prefer sorting by the construction more if they
are more proficient English speakers, language models
show the same effect in relation to training data size.
In a second experiment, they then insert random verbs
that are incompatible with one of the constructions,
and measure the Euclidean distance between the verbs’
contextual embedding and that of a verb that is pro-
totypical for the construction. They demonstrate that
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Figure 1: Flowchart of our annotation pipeline. For details of each step refer to §3.

construction information is picked up by the model, as
the contextual embedding of the verb is brought closer
to the corresponding prototypical verb embedding.

Mahowald (2023) investigates GPT-3’s (Brown et al.,
2020) understanding of the English Adjective-Article-
Numeral-Noun construction (AANN), assessing its
grasp of the construction’s semantic and syntactic con-
straints. Utilising a few-shot prompt based on the
CoLA corpus of linguistic acceptability (Warstadt et al.,
2019), he creates artificial AANN variants as prob-
ing data. GPT-3’s performance on the linguistic ac-
ceptability task is found to align with human judg-
ments across most conditions. More recently, Misra
and Mahowald (2024) investigate the same construc-
tion for smaller models trained on the BabyLM corpus
(Warstadt et al., 2023) and show how its learning is sup-
ported by more frequent, smaller constructions. In a
similar vein, Scivetti et al. (2025) investigate how well
BabyLM size models acquire the let-alone construction.

Linguistic Annotation with LLMs Since the re-
lease of ChatGPT, numerous papers have proposed to
use it or similar LLMs as an annotator. Gilardi et al.
(2023) find that ChatGPT outperforms crowd-workers
on tasks such as topic detection. Yu et al. (2023) and
Savelka and Ashley (2023) evaluate the accuracy of GPT-
3.5 and GPT-4 against human annotators, while Kop-
tyra et al. (2023) annotate a corpus of data labelled for
emotion by ChatGPT, but acknowledge its lower accu-
racy compared to a human-annotated version. In the
area of Construction Grammar, Torrent et al. (2023) use
ChatGPT to generate novel instances of constructions.

Most related to our work are papers that propose
a cooperation between the LLM and the human anno-
tator. Holter and Ell (2023) create a small gold stan-
dard for industry requirements by generating an ini-
tial parse tree with GPT-3 and then correcting it with
a human annotator. Pangakis et al. (2023) investigate
LLM annotation performance on 27 different tasks in
two steps. First, annotators compile a codebook of an-
notation guidelines, which is then given to the LLM as
help for annotation, and then the codebook is refined
by the annotators in a second step. However, they find
little to no improvement from the second step. Gray
et al. (2023) make an LLM pre-generate labels for legal

text analytics tasks which are then corrected by human
annotators, but find that this does not speed up the an-
notation process.

In contrast, our work proposes a hybrid human-
LLM pipeline that minimizes the cost of dataset cre-
ation. We emphasise prompt design and engineering,
a critical factor in effective use of LLMs.

Computational Approaches to Argument
Structure Constructions. In addition to the prob-
ing work discussed above, ASCs have also been
studied from a computational perspective. Kyle and
Sung (2023) leverage a UD-parsed corpus as well as
FrameNet (Fillmore et al., 2012) semantic labelling to
annotate a range of ASCs.

Hwang and Palmer (2015) identify CMCs and four
different subtypes based on linguistic features. Some of
these are automatically generated, but others are gold
annotations. This limits the applicability to large, unan-
notated corpora.

Hwang and Kim (2023) conduct an automatic anal-
ysis of constructional diversity to predict ESL speakers’
language proficiency. Similar to our first filtering step,
they perform an automatic dependency parse and then
identify a range of constructions, including the CMC,
using a decision tree built on the parse. They do not
employ any further filtering.

3 Data Collection

Concept of the CMC In collecting a dataset of CMC
instances, we must first find a working definition of
the CMC to guide our automatic and manual annota-
tion. While we base our definition on that of Goldberg
(1992), we also restrict it further to include only sen-
tences in which the object is physically moving. This
is not meant as a universal definition of the CMC, but
rather as one that suits the needs of our project, as
we later ask LLMs if the direct object is moving and
where. We therefore make no definitive statement as
to whether metaphorical movement (I laughed myself
off the chair), the electronic movement of data (I sent
him an email), or movement involving a metaphysical
location (She sneezed herself out of existence) constitute
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instances of the CMC.

Data Collection Pipeline Our aim is to investigate
how well the caused-motion construction is learned
by LLMs, for which we require a dataset of caused-
motion sentences, which should be natural and there-
fore sourced from text. The simplest version of this
would be to have human annotators sift through a
corpus and extract all caused-motion sentences. This
would be very expensive, as we assume caused-motion
sentences to be quite rare. On the other hand, they
are so semantically complex that we cannot simply use
automated filtering, e.g. based on dependencies. We
therefore propose a hybrid approach combining linguis-
tic resources, an LLM, and an expert annotator.

Our key idea is that data collection will proceed
in a pipeline, where a corpus is first filtered using de-
pendency parsing and the syntactic constraints of the
CMC, the output set of sentences is further filteredwith
prompt-based classification using an LLM, and the sen-
tences which it labels as positive are then manually an-
notated by a human. Each step in the pipeline is meant
to further concentrate the rate of instances in the cor-
pus that will then be manually annotated, therefore re-
ducing total annotation effort.

The main cost of data collection is the cost of the
LLM API and for human annotators. We assume that
any expenses for linguistic resources and the computa-
tional infrastructure (not relevant to running LLMs) at
our disposal are negligible in comparison. Our aim is to
minimise the cost for the LLM and annotators while max-
imising the number of positive, manually verified, diverse
instances.

We propose a way of computing the cost for this
problem setting and a pipeline for producing a novel lin-
guistic resource while minimising cost.

Our main goal is to minimise the cost per confirmed
CMC sentence; however, we also have a secondary goal:
the final set of sentences should be diverse. Regardless
of the specific goals of the linguistic researcher, it is un-
likely that they would be served by a set of sentences
that do not represent the true diversity of the CMC. Ex-
treme cost-minimising measures – such as making the
dependency filtering rules described in §3.1 too strict
or asking the LLM to provide examples of the CMC –
would therefore be counterproductive.

The baseline here is to take an annotator, give them
a corpus, set them on the task of reading through it
and marking all sentences that contain instances of the
CMC. As the corpus contains very few true positives,
this would be highly costly. We therefore turn to de-
pendency parsing with spaCy (Honnibal et al., 2020) for
prefiltering. We select the reddit corpus (Baumgartner
et al., 2020), with the motivation that it will contain a
high rate of creative language usage, aiding our goal

class PR RE F1 n

True 79.76 97.10 87.58 69
False 75.00 26.09 38.71 23

Avg 77.38 61.59 63.15 92

Table 1: Accuracies of the dependency filtering based
on the total set of positive and negative instances from
Goldberg (1992). We focus on maximising Recall (RE)
of the True class, to minimise the number of potential
CMC sentences that are lost before human annotation,
achieving 97%.

of finding as many non-prototypical CMC instances as
possible.

3.1 Step 1: Dependency Parsing
Figure 1 shows our pipeline. In the first step, we
dependency-parse the corpus and apply a pattern to fil-
ter out all sentences that, with high likelihood, are not
instances of the phenomenon.

For this dependency annotation, we could rely on
annotated treebanks such as Universal Dependencies
(de Marneffe et al., 2021). But to find a diverse and
sufficiently large set of instances, particularly in lan-
guages other than English, available treebanks may not
be large enough for the rare phenomenon that we are
targeting.

We therefore turn to automated dependency pars-
ing to annotate large amounts of data, which we can
run by using minimal computational resources without
the need for GPUs.

After dependency parsing, we want filters that pre-
serve the diversity of the found sentences. We there-
fore design subtree filters that preserve recall above all
else. This is especially advisable as parsing will lead to
some parsing errors that we want to be tolerant of, and
as CMC sentences are rare, they are more likely to be
parsed incorrectly.

To design the pattern, we start with a list of gold
instances taken from Goldberg (1992), which we parse
with the spaCy toolkit.2 The instances are positive
and negative examples for the CMC. On the basis of
their dependency parses, we develop dependency con-
straints as a filter for our dependency-parsed sentences.
Specifically, we iterate over the verbs in a sentence,
then look for a direct object or a recursive dependent
of the direct object, e.g. an adjective, immediately fol-
lowing the verb. In the position immediately following,
we check for an adposition, while taking into account
that it may comprise several tokens. We do not impose
constraints on the dependency between adposition and

2version 3.2.0
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prepositional object, as we have found these to be espe-
cially vulnerable to parsing errors. We then look for a
pobj-dependent of this adposition.

She sneezed the foam off the cappuccino
verb noun → adp noun

dobj pobj

We design the subtree to optimise recall with rea-
sonable precision, following the overall goal of losing
as few sentences as possible in the pipeline to maximise
final dataset diversity.

We then evaluate its recall and precision on this
small development set, comprising the total sum of pos-
itive and negative CMC instances given in Goldberg
(1992), and report on the results in Table 1. Our filter
achieves 97.10 % recall for true CMC instances, minimis-
ing the number of sentences lost in this step.

This filtering step also allows us to extract the loca-
tion of the potential CMC instance and its parts as a
side product of the filtering step: We extract the sen-
tence, the lemmatised verb, direct object, preposition,
and prepositional object, as well as their positions in
the sentence.

3.2 Step 2: Selection of Sentences for
Classification

Given that we now have a lot of dependency-filtered
data and limited resources for classification, we want
to select the optimal set of sentences for this classifica-
tion, in order to optimise several criteria for our final
dataset. As the dataset will form a challenging evalua-
tion set for LLMs, themost important of these criteria is
that the dataset contains as many verbs as possible that
do not usually contain motion. Even though we con-
sider sentences like “I throw the ball” instances of the
CMC, they would not challenge a model’s understand-
ing, as “throw” already encodes motion. As a proxy for
this, we sort verbs by how frequently they are used in-
transitively, with the idea that these would make for
less prototypical CMC sentences.

We compute statistics about the verbs with UD.
Specifically, we merge the English treebanks EWT (Sil-
veira et al., 2014), GUM (Zeldes, 2017), GUM reddit (Be-
hzad and Zeldes, 2020), LinES (Ahrenberg, 2007), part-
TUT (Sanguinetti and Bosco, 2015), PUD (Zeman et al.,
2017), and GENTLE (Aoyama et al., 2023), and then for
each verb, we compute the ratio of how often that verb
has an object. We then go through the dependency-
filtered dataset from the last step and sort by this ratio.
This has the added benefit of removing verbs that never
appeared in UD as lemmata, which removes noise from
the reddit dataset.

3.3 Step 3: Prompt-based Few-shot Clas-
sification with an LLM

Goals Even after dependency-based filtering, the pos-
itive instances would still be very rare in the output, and
it is therefore not feasible that the output is directly an-
notated by a human. We therefore introduce a further
filtering step with an LLM to “concentrate” the positive
instances even more, i.e. we want the LLM to remove
most negative instances while keeping as many posi-
tive instances as possible. The remaining data can then
be cost-effectively annotated by the human annotator.
The aim is to reduce the cost per instance (i.e., cost per
true positive, TP) as much as possible.

There are two components of the cost: the cost of
querying the LLM and the cost of human annotation.
Our two key ideas are:

• We consider the two costs jointly and optimise the
pipeline for overall lowest cost per TP.

• Design and selection of the prompting setup (includ-
ing the prompt, the choice of model, howmany times
it’s run, etc.) used with the API is a major determi-
nant for the cost of the pipeline. We propose a work-
flow for creating effective prompting setups.

A particular prompting setup may require many to-
kens in total, thereby incurring a higher API cost. But it
may also have high accuracy, thereby reducing the cost
of human annotation. We jointly consider both cost
components when designing and selecting prompting
setups.

Development Set For creating the development set
𝑉 , we manually annotate 500 (183 positive, 317 nega-
tive) sentences from the output of the dependency fil-
tering step. To ensure that 𝑉 is both diverse and rel-
evant, we group the prefiltered dataset by verb, and
starting with the highest-frequency verbs, take at most
5 positive and 5 negative sentences from every verb,
where no preposition appears twice in either the pos-
itive or the negative sentences selected. We choose 25
shots from each class to be included as examples in the
prompt, which are not used for 𝑉 .

Minimising the cost per true positive Given this
development set, let 𝐽 (𝐶HR,𝐶API, 𝑖) be the cost per true
positive where 𝐶HR is the human annotation cost per
sentence,𝐶API is the cost of processing an input/output
token with the API and 𝑖 (for instruction) is a prompting
setup. We can then estimate 𝐽 (𝐶HR,𝐶API, 𝑖), the cost per
true positive, as follows:

𝐶API𝑡 (𝑉 , 𝑖) +𝐶HR (TP(𝑉 , 𝑖) + FP(𝑉 , 𝑖))
TP(𝑉 , 𝑖) (1)
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Sent’s to Annotate Total Cost

P Details Prec. Rec. LLM Human API 𝐶HR=$.002 𝐶HR=$.006 𝐶HR=$.5

1 Base (4o-mini) 0.486 0.582 3535 1719 0.01 3.46 10.3 860
2 1 + repeat sentence with json 0.459 0.656 3320 1524 0.04 3.13 9.2 762
3 2 + reason 0.470 0.662 3217 1512 0.07 3.15 9.2 756
4 3 + structured information 0.648 0.621 2483 1610 0.07 3.33 9.8 805
5 4 + sentence 0.519 0.664 2900 1505 0.07 3.13 9.2 753
6 4 + cmc string 0.393 0.462 5507 2167 0.09 4.44 13.1 1083
7 4 + cmc string continuous 0.536 0.681 2744 1469 0.06 3.06 8.9 735
8 6 + sentence 0.536 0.658 2839 1520 0.06 3.15 9.2 760
9 7 + sentence 0.579 0.658 2622 1519 0.06 3.14 9.2 760
10 4 + few shots 0.557 0.600 2990 1667 0.08 3.46 10.1 833
11 10 + explanations 0.694 0.608 2371 1646 0.06 3.39 10.0 823
12 11 + all shots 0.710 0.653 2155 1531 0.07 3.18 9.3 766
13 12 + only 10 samples 0.721 0.714 1943 1402 0.11 3.02 8.6 701
14 12 + only 1 sample 0.552 0.789 2296 1267 0.76 4.17 9.2 635
15 12 + only 5 samples 0.639 0.713 2192 1402 0.19 3.18 8.8 701
16 12 + only 25 samples 0.738 0.678 1998 1474 0.08 3.09 9.0 737
17 14 + new few-shots 0.552 0.789 2296 1267 0.76 4.17 9.2 635
18 17 + alternating shots 0.588 0.805 2114 1243 0.70 4.04 9.0 623
19 17 + grouped shots 0.448 0.796 2803 1256 0.93 4.53 9.6 630
20 19 + majority vote 0.486 0.840 2449 1191 2.44 7.97 12.7 601
21 19 on o3-mini 0.913 0.856 1280 1168 4.91 13.83 18.5 595
22 21 + 100 samples 0.760 0.874 1506 1144 0.67 3.90 8.5 574
23 21 + 250 samples 0.820 0.806 1513 1240 0.52 3.64 8.6 621
24 21 + 50 samples 0.803 0.865 1440 1156 0.80 4.20 8.8 580
25 21 + 25 samples 0.798 0.864 1451 1158 0.83 4.27 8.9 581
26 24 + majority vote 0.803 0.891 1397 1122 2.42 8.13 12.6 567
27 24 on 4o 0.814 0.837 1467 1195 0.75 4.10 8.9 599
28 24 - sentence 0.787 0.878 1447 1139 0.75 4.07 8.6 571
29 27 - sentence 0.803 0.821 1516 1218 0.54 3.65 8.5 610
30 28 - reason 0.803 0.891 1397 1122 0.70 3.96 8.4 563
31 29 - reason 0.760 0.790 1667 1266 0.60 3.82 8.9 634
32 22 on o1 0.880 0.920 1235 1087 5.79 16.72 21.1 558
33 32 + 50 samples 0.891 0.916 1226 1092 7.10 19.94 24.3 564
34 33 + majority vote 0.869 0.952 1209 1050 22.30 60.10 64.3 583

- Human only - - - 2732 0.00 5.46 16.4 1366

Table 2: A comparison of all prompting setups for different values of 𝐶HR. P = Prompting Setup. We give numbers
(sentences that need to be annotated by LLM/human) for a scenario in which the desired size of the final resource
(output of pipeline when applied to the raw corpus) is 𝑁 = 1000. The human baseline depends solely on the rate of TPs
(which is higher here than for the raw corpus to be processed by the pipeline as the development set contains more
positive instances). The different values of𝐶𝐻𝑅 were chosen to highlight the different scenarios in which the three best
prompting setups, 13, 30, and 32, are each optimal.

where we process the development set using the API
and prompting setup 𝑖 and record: TP(𝑉 , 𝑖), the number
of true positives, FP(𝑉 , 𝑖)), the number of false positives,
and 𝑡 (𝑉 , 𝑖), the sum of the number of tokens input to
the API and the number of tokens returned by the API.

We create a variety of different prompting setups
(where with prompting setup we refer to a combination
of prompt, model, and other configurations like major-
ity voting) 𝑖 and then select our final prompting setup

𝑖′ as the one with the lowest per-TP cost:

𝑖′ = argmin𝑖 𝐽 (𝐶HR,𝐶API, 𝑖)

Determining the size of the input corpus To com-
pile our CMCdataset, we set a target number of TPreq =
292 instances of the CMC, to bring the total up to 500
by later adding the manually annotated positive devel-
opment instances and the positive few-shots. After se-
lecting a prompting setup 𝑖 and determining TP(𝑉 , 𝑖) on
the development set, we can estimate the size 𝑁 of the
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input corpus that will result in a set of TPreq instances
to be output by the pipeline as:

𝑁 := |𝑉 | TPreq
TP(𝑉 , 𝑖)

Iterative Prompting Setup Development We start
with a simple base prompting setup and iteratively at-
tempt improvements to it. The total cost of this ex-
perimentation was about $22. The full details of all at-
tempted prompting setups are given in the appendix in
Section A. We test four models from OpenAI of those
available in February 2025: 4o-mini, 4o, o3-mini, and
o1. For this experiment, we use sampling with temper-
ature=1.0 and top_p=1.0.3

During prompt development, we do not have a good
estimation of the human annotator cost, as we will ul-
timately annotate the sentences ourselves. We, how-
ever, assume that 𝐶𝐻𝑅 should be at least $0.001, which
means that we can determine many prompting setup
improvements to be clear improvements and only have
to consider the cost tradeoff for some.

We start with a simple prompting setup that gives
no few-shot examples and asks for sentence IDs and
classifications in a csv codeblock, classifying 50 sen-
tences at a time with 4o-mini. The instruction remains
the same throughout and can be seen in the prompt ex-
ample in Table 3. We achieve straightforward improve-
ments by making the model repeat the sentence (and
therefore giving the output as a json object to avoid
confusion over commas), but not with having 4o-mini
give a reason for its decision. We then try out differ-
ent combinations of giving the entire sentence, only the
substring containing the core CMC, and the structured
information given by the dependency parsing step. We
add few shots and hand-written explanations for our la-
bels for them. We also vary the number of samples, in-
crease the number of few-shots, and reorder them. We
then add majority voting after running each sentence 3
times, and try out different numbers of sentences to be
classified for each prompt. During this process, we also
switch to the more expensive models o3-mini, 4o, and
o1. The final optimal prompting setup depends on the
human annotation cost. In Figure 2, we visualise with
grey vertical lines where one prompting setup “over-
takes” another, meaning the human annotation cost per
sentence where the optimal prompting setup changes.
We then show example total cost figures for three rea-
sonable values in between these change points in Table
2, revealing that the best prompting setups are 13, 30,
and 32, depending on human annotation cost.

As our final prompting setup, we select prompt-
ing setup 30 as it is a good tradeoff between API cost

3The specific models used were gpt-4o-mini-2024-07-18,
gpt-4o-2024-11-20, o3-mini-2025-01-31 and
o1-2024-12-17.

and human cost.

3.4 Final Dataset Collection
In combination with the 183 positive instances from
the development set, and an additional 25 positive in-
stances from the few shots, we now set out to anno-
tate additional data using our pipeline, to reach a fi-
nal dataset of 500 hand-annotated CMC instances. To
this end, we classify an additional 9,046 sentences with
prompting setup 30, with approximately 3.6 USD in API
costs. 598 of these (6.6%) are classified as positive by
the model. We annotate these by hand, resulting in
292 positive and 396 negative instances, which gives the
prompting setup a precision of 48.83% in practice. We
see the reason for this lower precisionmostly in the fact
that the concentration of true positives was likely much
lower in the data processed here, than in the develop-
ment set, which was chosen to havemany diverse CMC
instances. Examples for sentences in the final dataset
are given in Table 4.

4 Evaluation of LLMs’ Under-
standing of the CMC

4.1 Methods
The goal of our evaluation is to assess different LLMs
for their understanding of the CMC. The performance
reached by the prompts in the data collection phase is
not a suitable measure for this, since it relied on met-
alinguistic prompting and few-shots.

Our LLM evaluation setup in this section differs
from prompting setup evaluation as we do not explicitly
refer to the “caused-motion construction”, but rather
prompt implicitly for the model’s understanding of the
situation described. The key idea is that in a CMC sen-
tence, something is always physically moving, even if
the verb (e.g., “sneeze”) does not indicate this. The dis-
tinction between prototypical vs. non-prototypical in-
stances is crucial here: for prototypical CMC instances
(“throw”, “kick”), the verb already conveys the meaning
component of motion while for non-prototypical CMC
instances (“sneeze”, “laugh”) it does not and the LLM
has to infer the additional meaning component of mo-
tion from the construction.

Our setup is to ask “In the sentence "...", is di-
rect_object moving, yes or no?”. If a model were to an-
swer this with “yes”, we would feel confident that it has
understood the CMC; however, if it answered with “no”,
we could not be sure that the model has failed specifi-
cally in its understanding of the CMC, and not of the
sentence or situation in general. We therefore construct
a control question, for which we replace the verb of the
CMC with the appropriately inflected form of “throw”,
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Figure 2: A comparison of all prompting setups that were considered in development. On the left, the total cost per true
annotated sentence is shown dependent on the human annotation cost, in USD. On the right, prompts are compared
by recall and precision.

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Table 3: An example prompting setup (30)

I crumble them into the bowl one at a time .
I just wept a single tear into my beard .
He hissed air through his clenched teeth .
did people really crane grand pianos to upper floors ?
Gently swirl it into the batter .

Table 4: Examples from the final dataset. Verbs are high-
lighted in green, direct objects in purple, prepositions in
blue, and prepositional objects in red.

and ask the same question again, using the structural
information extracted by the dependency filtering step.
This is intended to test if the model is having a gen-
eral problem understanding the sentence (which would
still be an issue, but not the one we set out to find), or
specifically with the CMC. While the sentence variants
with “throw” are still instances of the CMC, they are
now prototypical ones, which we expect to require no
deeper understanding of the semantics of the CMC, as
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Question Type Example Sentence

original In the sentence ’did people really [crane|throw] grand pianos to upper floors ?’, did pianos really move, yes or no?
original_prep In the sentence ’did people really [crane|throw] grand pianos to upper floors ?’, did pianos really move to floors, yes or no?
medium In the sentence ’People [crane|throw] grand pianos to upper floors .’, do pianos move, yes or no?
medium_prep In the sentence ’People [crane|throw] grand pianos to upper floors .’, do pianos move to floors, yes or no?
short In the sentence ’You [crane|throw] pianos to floors .’, do pianos move, yes or no?
short_prep In the sentence ’You [crane|throw] pianos to floors .’, do pianos move to floors, yes or no?

Table 5: An overview of the prompt formats for LLMs, for the example sentence ‘did people really crane grand pianos
to upper floors?’. For each prompt, the main verb ‘crane’ is optionally replaced with the appropriate form of ‘throw’.
Each question exists once with the direct object and once without. The sentence itself is modified with two stages of
simplification (medium and short).

the verb is behaving in a prototypical and frequently
observed way. We expect that models with no under-
standing of the CMC would answer “yes” both times
only for prototypical instances, and switch from “no”
to “yes” for non-prototypical ones. Models with a per-
fect understanding of the CMC would always answer
“yes”.

As this only covers the most basic element of under-
standing the CMC sentence, the presence ofmotion, we
also expand the evaluation paradigm to also query the
destination of the caused motion. This results in a ques-
tion of the format “In the sentence "...", is direct_object
moving prep prep_obj, yes or no?”. This is a more chal-
lenging version of the question, which will allow us to
test the models on all aspects of the CMC’s meaning.

Some of the sentences in our corpus contain modal
verbs (e.g., I may sneeze the foam off the cappuccino),
questions (e.g. Did you sneeze the foam off the cappuc-
cino?), or other hypotheticals (e.g. I nearly sneezed the
foam off the cappuccino.). Asking if the foam moved off
the cappuccino in any of these sentences should be cor-
rectly answered with ‘no’, or at least with a lengthy ex-
planation, which introduces noise into our evaluation.
We therefore automatically modify each sentence us-
ing the existing dependency parse to form simpler sen-
tences in the present tense and indicative mood, which
we call “medium” sentences. In a more radical edit, we
also form a “short” version, which consists only of the
verb, direct object, preposition, and prepositional ob-
ject, forming a sentence together with a pronoun. This
is meant to evaluate if additional context helps or hin-
ders the models in answering the question. Examples
for all sentence and question types are given in Table 5.

We conduct this experiment on our corpus of 500
hand-annotated sentences. As API-based LLM, we in-
vestigate OpenAI’s 4o-mini (OpenAI, 2022). From the
family of open LLMs, we further choose Llama3 (Tou-
vron et al., 2023) in sizes 8B and 70B from version 3.1,
and 1B and 3B from version 3.2, Mistral 7b (Jiang et al.,
2023), OLMo2 in sizes 7B and 13B (OLMo et al., 2025),
Gemma3 in sizes 1B, 4B, 12B, and 27B (Team et al.,
2025), as well as Aya Expanse 8B (Dang et al., 2024).

Models generate a sentence in response, which we then
parse for versions of “yes” and “no”. We use tempera-
ture 0 for all models, i.e. greedy decoding.

4.2 Results
Figure 3 presents the results in three groups. (i) Green:
the model answers “yes” both times and therefore
demonstrates that it understands the CMC. (ii) Red:
The model answers with “no” for the original sen-
tence but changes its answer to “yes” when the verb
is changed to “throw”, meaning that it does not un-
derstand the CMC. (iii) Grey: Even with “throw”, the
model does not answer correctly that the direct object
is moving. We consider these to be general failures of
the model to understand the instruction, rather than
the CMC specifically.

Indicative Present Sentences On this subgroup, ti-
tled ‘medium’ and ‘medium_prep’ in the plot, perfor-
mance is higher for all models than on the questions
formed with original sentences. This fits well with our
intuition that the original sentences sometimes con-
sider modals and hypotheticals, and can therefore not
straightforwardly be answered with ‘yes’, and we there-
fore consider these to be the main LLM results.

Context-Free Sentences For this minimal version
of the evaluation, models overall perform as well or
slightly worse than for the indicative present variants.
This indicates that the lack of additional context only
minimally hurts model performance, and consequently,
that models were only utilising the context to answer
the question to a small degree.

Destination of CausedMotion If we ask only if the
direct object is moving, we cannot take any model’s ac-
curacy as a direct measure of its understanding of the
entire construction. It is possible that a model might
understand that the direct object is moving in some
way, but not precisely in which direction, and therefore
wouldn’t have entirely captioned the boundaries of the
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Figure 3: Results for each model and evaluation type.
Examples for the evaluation types are given in Table 5.
Correct answers are coloured in green, incorrect in red,
and invalid results in grey.

Neither is it ever going to vibrate itself out of place .
I chop up the bacon and crumble it on top .
Do not squat the bar off the ground .
We thin the weak from the heard .
It rained arrows from the sky at any rate .

Table 6: Examples from the final dataset which were
wrongly classified as negative instances by prompt 30.
Verbs are highlighted in green, direct objects in purple,
prepositions in blue, and prepositional objects in red.

CMC. To test this, we design a second question that in-
cludes the prepositional object, examples for which can
be seen in Table 5, where the question types are suffixed
with _prep.

Across the board, models give fewer correct answers
to these questions than to the ones which do not in-
clude the destination (always directly above in Figure
3). However, the rate of false answers mostly stays the
same or decreases, while the rate of invalid answers
increases, meaning that models are more likely to an-
swer ‘no’ when asked the question, including the des-
tination of ‘throw’. This may indicate that models are
having general trouble interpreting these complex sen-
tences. The pattern holds even when considering the
short_prep category, where nothing else in the sentence
could interfere with the model’s understanding.

Results by Model Comparing different models, we
find that Gemma3 perform best, with the 27B vari-
ant consistently in the range of 90%. The performance
of Llama3 is correlated with model size, while that of
Gemma3 is not. Gemma3 1B stands out in particular
with performance almost rivalling that of the 27B ver-
sion, for unknown reasons. The high performance of
Gemma3 27B indicates that our questions are solvable
for models, but remain a challenge for most of them.
This is further supported by the fact that the only sen-
tence types where this model falls below 90% is in the
original and original_prep categories, which may in-
clude sentences where ‘yes’ is not the correct answer,
as explained above.

4.3 Results on False Negatives

Even though our pipeline to create the test corpus in-
cluded manual verification of all sentences, there is still
a possibility that the automated steps introduced bias,
i.e. mistakenly filtered out a set of sentences that would
have significantly altered the results of our LLM evalua-
tion. To investigate this, we repeat the same evaluation
using specifically the false negatives from our corpus
collection. While it would be infeasible to collect false
negatives from the dependency filtering step due to the
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very low concentration of CMC sentences in raw data,
we can take a sample of the false negatives of the LLM
filtering step simply by using the false negatives from
the development set that we hand-annotated earlier.
With the final prompt 30, this was a set of 36 sentences
that had been hand-annotated as CMC sentences, but
were wrongly missed by the prompt. If the results of
running the LLM evaluation on these were identical to
running it on the entire collected dataset, this would
tell us that the LLM filtering does not systematically
exclude sentences that are more or less challenging for
other LLMs to answer questions about than a random
sample would have been. While we cannot find any ob-
vious patterns in the set of false negatives, we provide
some example sentences from it in Table 6.

We present the results of this in Figure 4. The results
are striking: all models perform significantly worse on
this set of 36 false negatives. Most interestingly, the
largest change is the increase in false answers and de-
crease in invalid answers. This leads us to two conclu-
sions. First, the LLMs overlap in their notion of dif-
ficulty of a CMC sentence: while the false negatives
come from prompt 30, which used GPT-4o, the sen-
tences that it misclassified were not only more difficult
for 4o-mini, but also for all other models. Second, the
results in the previous section, while more robust be-
cause they were based on 500, not just 36 sentences,
overestimated all models’ understanding of the CMC.
Interestingly, the previously best model, Gemma3 27B,
is now rivalled by its much smaller variant, Gemma3
1B, and neither performs as well as on the full dataset.
On the other hand, specifically the short variant, which
are minimal sentences where we do not ask for the des-
tination of movement, were still almost fully solved by
Gemma3 27B. It should also be noted, however, that the
general relative trends between models are very similar
to those of the full evaluation. This control set is, of
course, also not a representation of the true distribu-
tion; it is likely that it represents exactly the most diffi-
cult subset of CMC sentences from an LLM perspective.

Overall, this has shown that while our hybrid
pipeline is not perfect, the evaluation based on it still
shows the general trend that most language models
have large deficits in understanding the CMC, even
though they are slightly underestimated.

5 Conclusion
We have introduced an annotation pipeline aided by de-
pendency parsing and prompting LLMs, which can be
specifically used for phenomena that are so rare that lit-
tle to no corpora have been created, as the human anno-
tation effort would be too great. We have demonstrated
this pipeline on the example of the caused-motion con-
struction, and a corpus of 500 caused-motion sentences.
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Figure 4: Results for each model and evaluation type.
Examples for the evaluation types are given in Table 5.
Correct answers are coloured in green, incorrect in red,
and invalid results in grey.
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We have used the manually annotated corpus to eval-
uate state-of-the-art LLMs for their understanding of
the CMC, and found that many have high error rates
when asked to interpret situations describedwith a non-
prototypical CMC.

We hope that our work will inspire more computa-
tional and corpus-based studies of rare linguistic phe-
nomena. We note that even though prompt engineer-
ing is complex, large gains can be achieved by using
intermediate-complexity prompting setups and basic
knowledge of LLMs. We are confident that further ad-
vances in instruction-tuned LLMs will make the cost-
benefit ratio of incorporating them into this hybrid an-
notation pipeline even stronger.

We see several opportunities for interesting future
work in both halves of the paper. For the data collection
part, it is a promising engineering direction to develop
tools that automate parts of this process so that it be-
comes available to linguists without the need for com-
plex prompt engineering. Continued progress in LLMs
is likely to make the process even more efficient.

Concerning the evaluation of LLMs’ understanding
of constructions, a straightforward direction for future
work would be to expand to the other three Argument
Structure Constructions described in Goldberg (1992).

Limitations
Due to cost reasons, the evaluation experiments were
limited to replacing the verbs only with “throw”. A fur-
ther validation of the results could be achieve by repeat-
ing the experiment with several other prototypical mo-
tion verbs.

Because the evaluation prompts as shown in Table
5 are automatically generated, the resulting sentences
might occasionally be slightly unnatural, which could
affect how models reply to them.
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A Full details for each prompt
We report in Tables 7 to 24 the details of the prompt,
alongwith the change that it represents from a previous
prompt.

B Few Shots
In Table 41, we give the five shots from each class given
to ChatGPT as examples.
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Classify the following sentences: { "id": "...", "sentence": "..." }.
Output Format Reply with a csv codeblock (wrapped in three backticks), with the headers ’id’ and ’label’. label should be

either True or False. Label all 50 sentences.
Few-Shots 0
Sentences 50
Model 4o_mini
Majority Vote No
Change Base
Shot Strategy all

Table 7: Prompt 1

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Classify the following sentences: { "id": "...", "sentence": "..." }.
Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes.
Few-Shots 0
Sentences 50
Model 4o_mini
Majority Vote No
Change 1 + repeat sentence with json
Shot Strategy all

Table 8: Prompt 2

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Classify the following sentences: { "id": "...", "sentence": "..." }.
Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,

justify your decision with a reason.
Few-Shots 0
Sentences 50
Model 4o_mini
Majority Vote No
Change 2 + reason
Shot Strategy all

Table 9: Prompt 3
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Classify the following sentences: { "id": "...", "sentence": "..." }.
Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,

justify your decision with a reason.
Few-Shots 0
Sentences 50
Model 4o_mini
Majority Vote No
Change 3 + structured information
Shot Strategy all

Table 10: Prompt 4

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Classify the following sentences: { "id": "...", "sentence": "..." }.
Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,

justify your decision with a reason.
Few-Shots 0
Sentences 50
Model 4o_mini
Majority Vote No
Change 4 + sentence
Shot Strategy all

Table 11: Prompt 5

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Classify the following sentences: { "id": "...", "sentence": "..." }.
Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,

justify your decision with a reason.
Few-Shots 0
Sentences 50
Model 4o_mini
Majority Vote No
Change 4 + cmc string
Shot Strategy all

Table 12: Prompt 6
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Classify the following sentences: { "id": "...", "sentence": "..." }.
Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,

justify your decision with a reason.
Few-Shots 0
Sentences 50
Model 4o_mini
Majority Vote No
Change 4 + cmc string continuous
Shot Strategy all

Table 13: Prompt 7

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Classify the following sentences: { "id": "...", "sentence": "..." }.
Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,

justify your decision with a reason.
Few-Shots 0
Sentences 50
Model 4o_mini
Majority Vote No
Change 6 + sentence
Shot Strategy all

Table 14: Prompt 8

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Classify the following sentences: { "id": "...", "sentence": "..." }.
Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,

justify your decision with a reason.
Few-Shots 0
Sentences 50
Model 4o_mini
Majority Vote No
Change 7 + sentence
Shot Strategy all

Table 15: Prompt 9
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 10 positive examples: . Here are 10 negative examples: . Classify the following sentences: { "id": "...",
"sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 10
Sentences 50
Model 4o_mini
Majority Vote No
Change 4 + few shots
Shot Strategy first of each verb and class

Table 16: Prompt 10

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 10 positive examples: . Here are 10 negative examples: . Classify the following sentences: { "id": "...",
"sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 10
Sentences 50
Model 4o_mini
Majority Vote No
Change 10 + explanations
Shot Strategy first of each verb and class

Table 17: Prompt 11

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: . Here are 50 negative examples: . Classify the following sentences: { "id": "...",
"sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 50
Model 4o_mini
Majority Vote No
Change 11 + all shots
Shot Strategy all

Table 18: Prompt 12
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: . Here are 50 negative examples: . Classify the following sentences: { "id": "...",
"sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 10
Model 4o_mini
Majority Vote No
Change 12 + only 10 samples
Shot Strategy all

Table 19: Prompt 13

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: . Here are 50 negative examples: . Classify the following sentences: { "id": "...",
"sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 1
Model 4o_mini
Majority Vote No
Change 12 + only 1 sample
Shot Strategy all

Table 20: Prompt 14

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: . Here are 50 negative examples: . Classify the following sentences: { "id": "...",
"sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 5
Model 4o_mini
Majority Vote No
Change 12 + only 5 samples
Shot Strategy all

Table 21: Prompt 15
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: . Here are 50 negative examples: . Classify the following sentences: { "id": "...",
"sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 25
Model 4o_mini
Majority Vote No
Change 12 + only 25 samples
Shot Strategy all

Table 22: Prompt 16

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: . Here are 50 negative examples: . Classify the following sentences: { "id": "...",
"sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 1
Model 4o_mini
Majority Vote No
Change 14 + new few-shots
Shot Strategy all

Table 23: Prompt 17

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: . Here are 50 negative examples: . Classify the following sentences: { "id": "...",
"sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 1
Model 4o_mini
Majority Vote No
Change 17 + alternating shots
Shot Strategy all_alternating

Table 24: Prompt 18
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 1
Model 4o_mini
Majority Vote No
Change 17 + grouped shots
Shot Strategy all_grouped

Table 25: Prompt 19

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 1
Model 4o_mini
Majority Vote Yes
Change 19 + majority vote
Shot Strategy all_grouped

Table 26: Prompt 20
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 1
Model o3_mini
Majority Vote No
Change 19 on o3-mini
Shot Strategy all_grouped

Table 27: Prompt 21

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 100
Model o3_mini
Majority Vote No
Change 21 + 100 samples
Shot Strategy all_grouped

Table 28: Prompt 22
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 250
Model o3_mini
Majority Vote No
Change 21 + 250 samples
Shot Strategy all_grouped

Table 29: Prompt 23

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 50
Model o3_mini
Majority Vote No
Change 21 + 50 samples
Shot Strategy all_grouped

Table 30: Prompt 24
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 25 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 25 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 25
Sentences 50
Model o3_mini
Majority Vote No
Change 21 + 25 samples
Shot Strategy all_grouped

Table 31: Prompt 25

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 50
Model o3_mini
Majority Vote Yes
Change 24 + majority vote
Shot Strategy all_grouped

Table 32: Prompt 26
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 50
Model 4o
Majority Vote No
Change 24 on 4o
Shot Strategy all_grouped

Table 33: Prompt 27

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 50
Model o3_mini
Majority Vote No
Change 24 - sentence
Shot Strategy all_grouped

Table 34: Prompt 28
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 50
Model 4o
Majority Vote No
Change 27 - sentence
Shot Strategy all_grouped

Table 35: Prompt 29

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 50
Model o3_mini
Majority Vote No
Change 28 - reason
Shot Strategy all_grouped

Table 36: Prompt 30
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes. Before you give the label,
justify your decision with a reason.

Few-Shots 50
Sentences 50
Model 4o
Majority Vote No
Change 29 - reason
Shot Strategy all_grouped

Table 37: Prompt 31

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes.
Few-Shots 50
Sentences 100
Model o1
Majority Vote No
Change 22 on o1
Shot Strategy all_grouped

Table 38: Prompt 32
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Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes.
Few-Shots 50
Sentences 50
Model o1
Majority Vote No
Change 32 + 50 samples
Shot Strategy all_grouped

Table 39: Prompt 33

Instruction The task is to classify whether the sentences contain instances of the caused-motion construction. The
caused-motion construction is a construction where an agent causes an object to move. This motion has
to be literal, not metaphorical. Each sentence that you will be given includes a subject, a verb, a direct object,
and a prepositional phrase. In the caused motion instances, the verb causes the motion of the direct object,
in the direction specified by the prepositional phrase. The action does not need to actually happen, it could
be only mentioned or hypothetical or occur in the past or future.

Input Format Here are 50 positive examples: { "sentence": "...", "verb": "...", "direct_object": "...", "preposition": "...", "prepo-
sitional_object": "...", "reason": ..., "label": ... }. Here are 50 negative examples: { "sentence": "...", "verb": "...",
"direct_object": "...", "preposition": "...", "prepositional_object": "...", "reason": ..., "label": ... }. Classify the follow-
ing sentences: { "id": "...", "sentence": "..." }.

Output Format Respond with a jsonl codeblock (wrapped in three backticks) using double quotes.
Few-Shots 50
Sentences 50
Model o1
Majority Vote Yes
Change 33 + majority vote
Shot Strategy all_grouped

Table 40: Prompt 34
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Sentence Verb Dir Obj Prep P-Obj Lab. Explanation

I actually giggled myself to tears . giggle myself to tear False This is a negative example because being ’in tears’ is a state, not a location,
so the subject here didn’t move but rather changed state.

Nope , they just giggle their microscopic excretions into the air . giggle excretion into air True This is a positive example because the act of giggling is causing the excretions
to move

I ’ll stop it from repeating and fade it into a single background color . fade it into color False This is a negative example which describes the act of fading a color so that
it can’t be told apart from the background color, which means that nothing
moved.

Just hover your mouse over it hover mouse over it False This is a negative example because the mouse is hovering over it, but it is not
moving, it is staying in place while hovering.

Once she was strapped back in he started to hover her out of the room . hover she out of room True This is a positive example because they are moving her out of the room by
hovering.

They tug him to the ground and start jumping on him and licking his face . tug he to ground True This is a positive example because someone was tugged and that moved him
to the ground.

I gulped it from the bottle while watching old movies . gulp it from bottle True This is a positive example because what was in the bottle moved from the
bottle because the person was drinking it.

I would rather take the spoon , I can gulp it in one go . gulp it in go False This is a negative example because one go is not a destination, it specifies
the manner of gulping.

Cruz was trailing Clinton in basically every poll . trail Clinton in poll False This is a negative example because no movement is happening, the sentence
describes the relative position of two politicians in a poll.

She began trailing a finger down his chest . trail finger down chest True This is a positive example because she is moving the finger down his chest.
He stopped for ten minutes while wheezing himself to death . wheeze himself to death False This is a negative example because death is a state, not a physical location.
It is not cute to watch your dog wheeze himself to the floor because he was
so excited you picked up his tug of war rope .

wheeze himself to floor True This is a positive example because the wheezing is causing the dog to move
to the floor.

I bounced it off the wall . bounce it off wall True This is a positive example because the ball moved off the wall.
We bounce ideas off each other . bounce idea off other False This is a negative example because an idea can’t physically move.
I was in bed for about a week and thought I was going to shiver myself to
death .

shiver myself to death False This is a negative example because death is a state, not a destination of a
physical movement.

She needs to stop darting her eyes to the side every time she says something dart eye to side False This is a negative example because her eyes are rotating but they’re not mov-
ing.

He nervously darted his tongue into her mouth . dart tongue into mouth True This is a positive example because his tongue is moving into her mouth.
For some reason every time i overflow the sink in Dalia ’s bathroom , the
Sheik always comes up to investigate ...

overflow sink in bathroom False This is a negative example because the sink is not moving.

Most importantly the toilet was overflowing water into the pan , almost on
constant flush .

overflow water into pan True This is a positive example because the water is moving into the pan.

You ’re trying to wriggle your way out of it now ! wriggle way out of it False This is a negative example because while something is moving, it is not the
direct object way.

At one point he wriggles himself into position to block a soccer ball with his
head while Latin on the street .

wriggle himself into position True This is a positive example because he is moving himself into position.

I swim laps in the pool . swim lap in pool False This is a negative example because while I am moving, the laps are not mov-
ing.

My wife lapped me on the scoring track . lap I on track False This is a negative example because I am moving, but my wife is not causing
me to move.

He will nibble you to death ! nibble you to death False This is a negative example because death is a state, not a location.
I eat my Twix by nibbling the chocolate off the sides , then off the top , then
eat the caramel and cookie .

nibble chocolate off side True This is a positive example because the chocolate is moving off the sides.

I aimed at her , and gazed her in her eyes before I successfully hit her face
with the snowball .

gaze she in eye False This is a negative example because a gaze is not something that can physi-
cally move.

I choose to be the one that goes hiking with friends into waterfalls , out
galloping horses in open fields , and having fun times with my SO .

gallop horse in field False This is a negative example because the horses are moving, but they are not
moving in the direction of the field, they are already in it.

I can confirm that galloping a horse through an open field is amazing . gallop horse through field True This is a positive example because the horse is moving through the field.
I scramble them in the hot pan . scramble they in pan False This is a negative example because the eggs are not moving in the direction

of the pan, they are already in it.
Once it firms a little , scramble it into the rice . scramble it into rice True This is a positive example because the eggs are moving into the rice.
To continue with your explanation , we see not only that this man here can
afford to encrust rare and obviously expensive jewels onto his box of ’ Fruity
Pebbles ’ brand breakfast cereal , but also that he can afford the ’ Family Size
’ box .

encrust jewel onto box True This is a positive example because the jewels are moving onto the box.

I peel paint off walls . peel paint off wall True This is a positive example because the paint is moving off the wall.
I peel bananas from the bottom peel banana from bottom False This is a negative example because the banana is not moving, only the peel

is, and it is not moving from the bottom.
In my defense I was actually very drunk when I plowed my car into that
crowd of pedestrians .

plow car into crowd True This is a positive example because I caused tha car to move into the crowd.

I plow snow in the winter plow snow in winter False This is a negative example because in the winter is a time, not a location.
And drag queens cake themselves in makeup . cake themselves in makeup False This is a negative example because the drag queens are not moving.
I would cake makeup on my face to hide it . cake makeup on face True This is a positive example because the makeup is moving onto the face.
Whereas WWE charred it to a crisp and drowned it in A-1 sauce . char it to crisp False This is a negative example because it is changing state to a crips, not moving.
I fermented it in a 3 gallon food grade plastic bucket . ferment it in bucket False This is a negative example because it is staying in the bucket and not moving.
When the child collapsed , the mother hurried him to the hospital , where he
died .

hurry he to hospital True This is a positive example because the child is moving to the hospital.

I will take my time or hurry you through a meal , there are no rules against
that .

hurry you through meal False This is a negative example because the meal here is an action, not a destina-
tion

I love blackening it in a roasting pan . blacken it in pan False This is a negative example because it is not moving, it is staying in the pan.
I rarely use them but my girlfriend is crocheting them into reusable shopping
bags ...

crochet they into bag False This is a negative example because the bags are not moving, they are being
made into something else.

When " nice guys " change their MO to target " nice girls " the equilibrium
will tilt the earth off its axis and hurtle us into space , thus settling this tired
argument for all eternity .

hurtle we into space True This is a positive example because we are moving into space.

Then you drip juice into it and vape . drip juice into it True This is a positive example because the juice is moving into it.
As in you literally gnaw it off the bone . gnaw it off bone True This is a positive example because it is moving off the bone
I twitch my head to the side . twitch head to side True This is a positive example because the head is moving to the side.
He snorted coke off my ass snort coke off ass True This is a positive example because the coke moved off my ass.
I ca n’t tell if she ’s smiling or is she ’s about to sneeze the sand off of her
nose .

sneeze sand off of nose True This is a positive example because the sand moves off her nose.

It was like a little rocket that tried to burrow itself into the ground . burrow itself into ground True This is a positive example because the rocket moves into the ground.

Table 41: Few shots. P-Obj stands for Prepositional Object, Dir Obj for Direct Object.
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Abstract This paper presents an approach to computationally detecting face-threatening and paired actions in asynchronous online
conversations. Action detection has been widely studied for synchronous chats. However, there are fewer models or datasets for
asynchronous conversations, and they have not included some of the face-threatening actions central to online conversations involv-
ing misbehavior like trolling. We examine asynchronous crisis news related online conversations in Finnish, providing an annotation
scheme for identifying central actions used in this conversational context. An important contribution is to include face-threatening
actions in the scheme, and training computational classifiers for their detection with improved performance compared to prior work.
We illustrate that face-threatening actions are important for analyzing conversations related to crisis news. We show that for com-
putational action detection, it is essential to be able to represent how multiple actions may be performed within one comment, and
how ambiguity in the expression of actions often leads to multiple possible label interpretations. Annotating actions using scores
helps to reflect these characteristics. We also find that an ensemble of models trained on individual annotators’ annotations can
best represent multiple potential interpretations of action labels. These are especially relevant for face-threatening actions.

1 Introduction
Natural Language Processing (NLP) and Machine
Learning (ML) methods are popular for analyzing tex-
tual content on social media, e.g. discourse signals (Fer-
racane et al., 2021; Zhang et al., 2017). These meth-
ods combined with examining the structural features
of conversation, like comment-response relations, allow
rich automated analyses of interaction (Zhang et al.,
2018; Sudhahar et al., 2015), crucial for identifying on-
line misbehavior like trolling (Paakki et al., 2024), or
aggression (Zhang et al., 2018; Garimella et al., 2018).
While computational approaches to detecting online
manipulation have focused on revealing content shar-
ing networks (Giglietto et al., 2020) and disinforma-
tion campaign content (Shu et al., 2017; Zhou and Za-
farani, 2020), fewer have investigated conversational
interactions on online forums in more detail. Asyn-
chronous news comment and forum conversations are
sites where people often seek to influence others’ opin-
ions. The impacts may be widespread, especially for cri-
sis news discussions, as asynchronous discussions are
persistent online and thus potentially reach large audi-
ences (Zhang et al., 2018). Thus, this is an important
context to investigate.

Recent research has highlighted the importance

of investigating actions in conversational online in-
teraction to reveal manipulative behavior like trolling
(Paakki et al., 2024). Computational models can help
accomplish this at scale, which is why computational
methods for detecting actions in this context need more
attention. Although actions in synchronous online con-
versations have been studied extensively (Clark and
Popescu-Belis, 2004; Forsyth and Martell, 2007; Fuscone
et al., 2020; Stolcke et al., 2000), there are fewer models
or datasets for analyzing actions in asynchronous are-
nas. Moreover, existing annotation schemes or datasets
do not include face-threatening actions (e.g., accusa-
tions and challenges) that are important for analyzing
trolling and disinformation (Paakki et al., 2024; Bellutta
et al., 2021). This type of interaction often strategically
utilizes ambiguity in expression (Paakki et al., 2021). In
this paper, the concept of action refers to what functions
a turn has in conversation in relation to other turns. We
understand face-threatening actions as having the po-
tential to spoil or threaten the face of their addressee by
showing a negative orientation toward them or acting
against their wishes (Brown and Levinson, 1987).

Our most important overarching goal is to in-
vestigate how to computationally approach face-
threatening and paired actions (e.g. question-answer) in
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Comments Actions
A: There are two powerful presidential statement AND
candidates in the US; One has done, al- appreciation
ready years ago, powerful deeds together
with God, such which many Presidents
in the States have not dared to do, but
we found a brave man respecting the
Father’s will, Donald Trump. (8 laugh,
2 likes)
B: A, hallelujah! (1 laugh emoji, 1 like) statement OR

appreciation

Table 1: Extract from Ukraine war discussion, 2022.

asynchronous conversations. To this end, we develop
an annotation scheme and computational models for
classifying face-threatening and paired actions that are
central for this context. This will allow analyzing, at
scale, how participants use and respond to common ac-
tions. Moreover, to represent how actions unfold in this
type of conversation, we deem it important to be able
to account for multiple actions per comment and mul-
tiple possible interpretations of actions. We argue that
this will help to better align computational classifica-
tion with how actions are performed in these interac-
tions, while also leading to better classification perfor-
mance. We have two research questions:

• RQ1. Does considering multiple actions per com-
ment better reflect how actions are performed
in asynchronous conversation in contrast to a
single-label approach?

• RQ2. What approach can best represent all pos-
sible interpretations of action labels?

We anticipate that considering multiple actions in
comments and multiple possible label interpretations is
important for better representing what comments do in
asynchronous conversation. For example, as seen in Ta-
ble 1, comments often have a tendency to include more
than one prevalent action, with potential for multiple
interpretations, e.g. due to semantic ambiguity (Virta-
nen et al., 2021; Paakki et al., 2021; Stommel and Koole,
2010; Herring, 1999). B’s turn in Table 1, given the con-
text, is likely a sarcastic statement but could be inter-
preted as a genuine appreciation. On the other hand, at
least two actions overlap in A’s turn.

We utilize a Conversation Analysis (CA) driven the-
oretical framework based on Paakki et al. (2021) to build
and refine an annotation scheme for identifying actions
(8 actions in total) in asynchronous conversations in
Finnish – a low-resource setting. The unit of analysis
is one comment in a conversation thread. Annotators
rate the likelihood of each action on a 7-point Likert
scale. Such an approach conveys how face-threatening

actions like challenges, for instance, are mostly not
categorically present in a comment, but instead often
implicitly expressed and thus better annotated using
scalar values. We compare the performances of models
assuming only one action vs. models allowing multiple
actions per comment. We experiment with different ap-
proaches to leveraging annotator disagreements to in-
vestigate which approach can best predict all possible
action labels for each comment.

Our contributions include an annotation frame-
work for face-threatening and paired actions in asyn-
chronous conversations, and action classifiers for
Finnish. We showcase annotation disagreement in the
case of asynchronous conversation, illustrating how
face-threatening actions tend to involve higher levels of
disagreement than other actions. We find that actions
are frequently performed in an implicit or indirect man-
ner in this context. Also, comments often include more
than one action. We show that considering multiple ac-
tions per comment and multiple valid interpretations of
actions allows higher classification performance, and
that an ensemble combining few-shot learning based
ML models trained separately with individual annota-
tors’ annotations can best represent all possible labels.

This approach is important for computationally an-
alyzing how people perform actions in comments to
asynchronous conversation, and how they respond to
previous actions. Identification of face-threatening ac-
tions – not included in prior computational models – is
especially crucial for crisis related conversations, and
for detecting misbehavior like trolling online (Paakki
et al., 2024). We provide our annotation guidelines and
related materials on our GitHub page1, and models on
Huggingface2.

2 Identifying Online Actions
This section introduces earlier work relevant to this pa-
per: we introduce 1.) the theoretical foundations of our
work (CA), 2.) prior work on computational action de-
tection, and 3.) research highlighting how tasks like ac-
tion detection may involve meaningful disagreements.

2.1 CA and Asynchronous Conversation
CA has potential for computational operationalization
due to its tendency to pay attention to distribution and
generalizable features of interaction (Stivers, 2015). CA
interpretations of actions arise from what a turn does
in a conversation, based on the utterance itself and the
next turns – how other turns relate to the utterance

1Detailed annotation guidelines and models, to the extent that
it does not compromise any individual’s privacy, are provided on our
GitHub page: https://github.com/henniina/Detecting-paired-actions.

2https://huggingface.co/Finnish-actions
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and interpret its role (Sacks et al., 1974). CA has a ro-
bust theoretical foundation for studying the dynamics
between paired actions (i.e. adjacency pairs) in turn-
by-turn interactions (Schegloff, 2007), as well as face-
threatening actions like accusations and their expected
responses (Antaki et al., 2008; Dersley and Wootton,
2000). Their characteristics have been well established
in CA (Dersley and Wootton, 2000; Koshik, 2003; Tur-
owetz and Maynard, 2010). Action pairs allow us to
coordinate interaction through actions and responses
that match their expectations (Stivers and Rossano,
2010). They reflect accountability, which is crucial for
cooperation (Enfield and Sidnell, 2017).

What differentiates CA’s understanding of actions
from, e.g., Speech Acts, is that interpretations are based
on the analysis of interactions between turns rather
than judging the intent behind a turn in conversation
(Sacks et al., 1974). Speech Act theory, although much
used in computational approaches to actions (or acts),
has been criticized for its speaker centric perspective
(Linell and Marková, 1993; Savolainen, 2020). It has
also been found that turns in asynchronous conversa-
tions cannot very well be classified into Speech Act cat-
egories (Qadir and Riloff, 2011).

Due to these concerns, we root our approach in
CA. Studies have shown it to be well suited for analyz-
ing online interactions (Giles et al., 2015; Meredith and
Stokoe, 2014). Digital CA research stresses the need to
consider the specific characteristics of different types
of online interaction (Virtanen et al., 2021; Meredith,
2017). In asynchronous conversation, a real-time back-
and-forth is not expected, and participants often tend
to include several actions in one message to accomplish
more at one go (Virtanen et al., 2021). Participants may
enter and exit the discussion whenever, and adjacency
pairs may be disrupted by other messages in between
(Herring, 1999). Others have also shown face-to-face or
synchronous chats to differ from asynchronous interac-
tions (Taniguchi et al., 2020; Xiao et al., 2020).

Despite the differences between asynchronous con-
versations and more traditional contexts of CA research
(e.g., face-to-face conversation), action pairs are a fruit-
ful CA concept for the analysis of online conversation.
This is because people have been shown to treat actions
and their norms online quite similarly to what has been
established in CA research on face-to-face interaction
(Meredith, 2017; Paakki et al., 2021; Salonen et al., 2022).
Despite disrupted turns, people tend to utilize sequen-
tially organized actions to maintain coherent interac-
tions online (Stommel and Koole, 2010; Meredith and
Stokoe, 2014). Conversational norms dictate that an ac-
tion that expects an answer should be answered in ac-
cordance to its normative expectation (e.g. a question
requires an (informative) answer) (Sacks et al., 1974;
Schegloff, 2007; Enfield et al., 2010). Unexpected an-

swers are seen to signal a problem, for instance a misun-
derstanding, a gap in presumed shared knowledge, or
reluctance (Clark and Schaefer, 1987; Pomerantz, 1984).
They can also be used to purposefully direct and disrupt
a conversation (Paakki et al., 2021).

2.2 Computational Approaches
Most prior research on computational action detec-
tion relates to customer chat bots (Casanueva et al.,
2020; Ghosh and Ghosh, 2021), telephone conversations
(Godfrey et al., 1992; Fuscone et al., 2020), recorded
face-to-face dialogue (Clark and Popescu-Belis, 2004)
and synchronous chats (Forsyth and Martell, 2007;
Moldovan et al., 2011). These, however, represent a
context different from casual, anonymous, and asyn-
chronous online conversation (Herring, 1999), for which
there are fewer resources, and no large annotated
datasets like the Switchboard corpus (Jurafsky, 1997).

Asynchronous conversations have been researched
increasingly in recent years. Annotation schemes,
for example, have been developed for different asyn-
chronous conversational contexts (Duran and Battle,
2018; Herring et al., 2005; Jeng et al., 2017; Kim et al.,
2010; Savolainen, 2020; Stivers, 2015; Wang et al., 2014).
Some earlier work on computational classification has
focused on email interaction (Carvalho and Cohen,
2005; Cohen et al., 2004; Taniguchi et al., 2020). Oth-
ers have looked into online forums, newsgroups and
question answering sites (Bhatia et al., 2014; Joty and
Hoque, 2016; Kim et al., 2010; Feng et al., 2006; For-
tuna et al., 2007). Prior approaches have most often de-
pended on Dialogue Act (DA) driven classification (Bha-
tia et al., 2014; Carvalho and Cohen, 2005; Cohen et al.,
2004; Joty and Hoque, 2016; Kim et al., 2010; Taniguchi
et al., 2020), based on Speech Act Theory (Austin, 1975),
and researchers have developed both message-level and
sentence-level classification of DAs. Joty and Mohi-
uddin (2018) studied the effect of modeling conversa-
tional dependencies on DA classification. Taniguchi et
al. (2020) trained both sentence-level and message-level
DA detection models for emails using BERT (Devlin
et al., 2019). A large dataset using asynchronous Red-
dit conversations was published by Zhang et al. (2017),
annotating and classifying discourse relations based on
earlier work on Rhetorical Structure Theory (Mann and
Thompson, 1988) and online DAs (Feng et al., 2006; For-
tuna et al., 2007).

Existing resources for asynchronous conversation,
however, mostly do not include actions like accusations
or challenges relevant to analyzing manipulative on-
line behavior (Bellutta et al., 2021; Paakki et al., 2021,
2024). Though action pairs have been investigated in
question-answer modeling (of DAs) (Joty and Mohiud-
din, 2018; Taniguchi et al., 2020), not much attention
has been paid to face-threatening actions. The only
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computational approaches we are aware of that have
included face-threatening actions relevant to our inter-
ests are Paakki et al. (2024) (challenge and accusation),
Bracewell et al. (2012; 2013) (challenge credibility, dis-
respect, relationship conflict and task conflict), Feng et
al. 2006 (criticize), Zhang et al. (2017) (negative reaction)
and Zakharov et al. (2021) (e.g. complaint). Bracewell et
al. (2012) concentrate on acts reflecting psychological
study of power and leadership, Zhang et al. (2017) on
discourse relations, and Zakharov et al. (2021) on a wide
selection of discursive categories based on Bakhtinian
theories of discourse (e.g. related to tone and style)
(Bakhtin, 1981). The listed studies, however, were based
on different theoretical premises and thus did not con-
centrate on paired actions. Paakki et al. (2024) used a
set of 10 paired actions, but they utilized 0-shot Natu-
ral Language Inference (NLI) for classification instead
of providing a model trained specifically for this task.

2.3 Actions and Disagreement
We consider it relevant to be able to reflect the multi-
ple possible interpretations of action labels in our data.
Ambiguity is a natural part of human interaction, and
it is often used strategically in manipulative interac-
tion (Paakki et al., 2021). Actions, as well, are some-
times expressed in an ambiguous manner, leading to
different interpretations (Thomas, 1995). Similarly, for
many NLP tasks there is no single ground truth (Jiang
and de Marneffe, 2022; Plank, 2022; Uma et al., 2022;
Yang, 2021), due to uncertainty in text meaning. This
leads to different annotator interpretations of label dis-
tribution, constituting meaningful systematic disagree-
ment (Jiang and de Marneffe, 2022; Nie et al., 2020). In-
cluding annotator disagreement into models has also
been shown to improve model performance on some
NLP tasks (Passonneau et al., 2012; Plank, 2022). Mod-
els leveraging annotator disagreements are thus needed
for better representing actions in online interaction.

Most existing action detection models rely on one
ground truth (e.g. Zhang et al. (2017); Joty and Mohi-
uddin (2018)). An exception is Ferracane et al.’s (2021)
model, which sought to predict all valid interpretations
of actions in their data. Another study by Taniguchi
et al. (2020) predicted both sentence-level and message-
level interpretations of actions, which provides insight
into how readings of parts versus the whole message
contributed to interpretations of labels – though not
further drawing from annotator disagreements. How-
ever, the former used live congressional hearings and
the latter emails as data. These approaches notably
differ from our context of asynchronous forum con-
versations, which involves ambiguous use of actions
in medium length texts (in contrast to the formerly
mentioned types of data), with frequent use of face-
threatening actions (e.g. accusations).

Topics #Comments #Annotations
Covid: 675 1,204 1,204 (single annotations)
War: 529 3,612 (multiple annotations)

Table 2: Dataset description. An annotation refers to
one set of 8 scores, one score per action.

3 Data
To answer our RQs, we collected asynchronous conver-
sations under news regarding the COVID-19 Pandemic
and Ukraine war posted on Facebook. These were of in-
terest, as crises like these have societal, economic and
environmental force, and drive forward change and re-
newal due to the need for novel courses of action; they
also create uncertainty, making online discourses vul-
nerable to trolling, manipulation and disinformation
(Di Mascio et al., 2021). Our data comes from pub-
lic Facebook (FB) pages owned by Finnish news me-
dia: Yleisradio (Yle) and Helsingin Sanomat (HS).3 Our
dataset is described in Table 2. To conduct our exper-
iments, we manually annotated news comments using
a digital CA based framework, informed by earlier re-
search (Clark and Schaefer, 1989; Herring et al., 2005;
Paakki et al., 2021; Stivers, 2013) and data-driven in-
sights (see section 4).

We used Facepager4 (v.4.5.3) (Jünger and Keyling,
2019) (MIT License) to scrape FB posts in the two pages’
feed, and their threaded comments, between 1 Dec.
2019–10 Feb. 2023. All posts included a news title, de-
scription and link to a news article. To select a subset of
random conversations for manual annotation, we shuf-
fled the scraped data per news posts, keeping all com-
ments part of the same conversation together. In this
study, we had three annotators (the authors). All an-
notators are native Finnish speakers, living in Finland,
and have training in linguistics and/or computational
linguistics and data science5. We divided the data into
three parts, one for each annotator. Each annotator
manually selected the first 400 crisis-related comments
from their sample for annotation. This meant that we
had to manually read the titles and descriptions of 100-
150 news posts to find conversations on COVID or the
Ukraine war.

We annotated comments (and their replies) in com-
ment section threads if the conversations fit our inclu-
sion criteria. They had to be related to Ukraine war or
COVID-19, commenting allowed, and including at least

3These are among the most followed news outlets in Finland,
Yle being the national public broadcasting company, and Helsingin
Sanomat Finland’s largest subscription newspaper.

4https://github.com/strohne/Facepager
5Two of us have MA level training in linguistics/computational lin-

guistics and further doctoral training in computer science and com-
putational linguistics. One of us has MA level training in data sci-
ence, and further doctoral training in digital humanities and social
sciences.
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one comment with two or more replies, as we were in-
terested in conversational interaction. While annotat-
ing, we referred to the original FB page for better read-
ability and to validate the data.6 We excluded any com-
ments we had already seen during annotation scheme
development (see section 4). To achieve greater varia-
tion in comments, we included a maximum of 30 com-
ments related to the same piece of news. The number
of comments to a news post (when comments were al-
lowed) ranged from 14 to 684, with a mean of 90.56 and
median 84.5, and comment mean length being 151.4
characters, median length 105.0.

We annotated all comments and replies following
our refined annotation guidelines (see section 4). To
compare the performances of models trained on single
annotations against models leveraging multiple anno-
tations (and thus annotation disagreements), we used
two different versions of the data: data with single an-
notations, where each comment has only one annota-
tion, and data with multiple annotations, where all
comments have three annotations, one per annotator.
This enabled us to investigate how to best represent
multiple possible interpretations of actions in our data
(RQ2).

4 Annotation Methods
We based our initial annotation scheme on earlier re-
search regarding which actions emerge as relevant in
conversations involving possible online trolling (Paakki
et al., 2021). Speech Act, DA and CA-related online re-
search alike have emphasized that for different contexts
or events different actions matter. For example, crisis (or
emergency) related online discussions are more geared
toward orders and suggestions than celebrity discus-
sions (Laurenti et al., 2022; Zhang et al., 2011). For
conversations including potential trolling or manipula-
tion, different forms of assertive and face-threatening
actions are relevant: accusations, challenges, and state-
ments (Paakki et al., 2021). Also, investigating ac-
tions that form pairs is important in this context, e.g.,
accusation-denial (Paakki et al., 2021). Paired actions
are well-established in CA and Computer-Mediated
Communication (CMC) literature (Clark and Schaefer,
1989; Enfield et al., 2010; Schegloff, 2007; Stivers, 2015).

The final scheme (Table 3) was formulated based on
data-driven empirical insights during our incremental
development of the scheme and annotation guidelines,
to ensure that it represents the most central rhetori-
cal and interactive functions of comments for our con-
text of investigation. We include both responsive ac-
tions and ones initiating a paired action, which expect
specific responses, marked with an asterisk in Table 3

6Due to the restrictions of Facepager, we had to retrieve some
missing comments manually.

Action Description Expected
response

Question* Asks someone for statement
(initiating) information (request

for information)
Request* Requests, proposes denial,
(initiating) or tells someone acceptance

to perform an action.
Challenge* Refutes someone’s acceptance,
(initiating) epistemic claim or denial,

authority. statement
Accusation* Points out a repre- acceptance,
(initiating) hensible act perform- denial

ed by someone.
Statement Asserts an opinion,
(initiating/ information, wish,
responding) neutral or negative

evaluation, or answer
(to question).

Appreciation Positive evaluation
(initiating/ or comment about an
responding) actor, event or object.
Acceptance Agrees, or accepts a
(responding) request, statement or

challenge, or admits
an accusation.

Denial Rejects or denies an
(responding) action.

Table 3: Annotation scheme (*=expects response).

(based on Paakki et al. (2021) and above-listed CA liter-
ature). These are important for analyzing the dynamics
of user-to-user interaction in conversations with poten-
tial trolling, e.g., whether actions expecting a specific
type of response are responded to in a normatively ex-
pected manner.

There is a large number of possible actions, studied
in CA and CMC (Schegloff, 2007). We aimed at a simpli-
fied annotation scheme, because very fine-grained tag
sets like DAMSL (Allen and Core, 1997) can suffer from
sparseness and complexity, reducing annotator agree-
ment (Savy, 2010). We wished to limit actions only to
ones observed in our data. This risks oversimplifica-
tion of our theoretical framework (Stivers, 2015), so we
relied on theoretical support and data-driven insights.
Originally we considered 15 actions (rejection, admis-
sion, announcement, answer to question, evaluation, pro-
posal in addition to ones in Table 3), but finally reduced
them to 8 actions. Merging of categories was based on
actions having similar functions (e.g., proposals and re-
quests), and difficulty faced in distinguishing them from
each other (e.g., denial, rejection). Moreover, different
tasks often require different annotation schemes de-
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#Actions #C(s) #C(m)
A1-3 % A1 % A2 % A3 %

0 17 1.3% 56 4.7% 1 0.08% 4 0.3%
1 722 60% 885 73.5% 477 39.6% 676 56.1%
2 360 30% 238 19.8% 456 37.9% 417 34.6%
3 95 7.9% 23 1.9% 217 18% 94 7.8%
4 10 0.8% 2 0.2% 50 4.2% 12 1%
> 4 1 0.08% 0 0% 3 0.3% 1 0.08%

Table 4: Number of actions labeled per com-
ment (C) in single (s) and multiple (m) annotations
(A1=Annotator1, A2=Annotator2, A3=Annotator3).

pending on forum type: e.g. question-answer forums
(Savolainen, 2020; Jeng et al., 2017) and trolling conver-
sations (Paakki et al., 2021) require focus on different
classes, so empirical insights were important here.

We aimed to avoid under-specification and unnec-
essary disagreement by iteratively developing our an-
notation scheme and annotation guidelines. We de-
veloped our scheme before data scraping: annotating,
negotiating, and analyzing practice data based on our
guidelines at each step. The development involved 15
iterations, during which we honed the guidelines and
adapted the scheme in a data-driven manner. The
4 first iterations started with single-label annotation,
which we felt did not align with the empirical phe-
nomenon at hand; we found score-based multilabel an-
notation much more fitting. The data used in the devel-
opment was manually selected as screen captures and
links from the first 300 crisis news posts in Yle’s and
HS’s FB pages we found, between August–December
2022. This data was not included in the final anno-
tated datasets. During annotation, we read the conver-
sations in their original FB context. We stopped when
we had reached sufficient agreement (upper boundary
of medium agreement or strong agreement) in anno-
tation, and a framework that we felt had a meaning-
ful separation between classes and a scheme that was
applicable to our data. Using the finalized scheme, we
annotated so far unseen data selected for manual anno-
tation (see section 3).7 See label distributions in Table
5, and action-specific distributions in Appendix C.

Our task required expertise, training and familiarity
with the theoretical premises of (digital) CA, including
what constitutes each action, so expert annotation was
chosen, meaning that the annotators had linguistics,
computational linguistics and social science expertise.
Crowdsourcing was not used as non-expert annotation
involves concerns related to reliability, misinterpreta-
tion or misuse of labels (Duran et al., 2022), shown to
be ineffective when analysis requires consideration of
context, in-depth reading and domain expertise (Eick-
hoff, 2018; Rezapour et al., 2020).

We chose a message-level approach – comment

7We provide our detailed annotation guidelines on our GitHub:
https://github.com/henniina/Detecting-paired-actions.

Action Count(s) Count(m) % 𝑟𝑊𝐺

Question 243 276 0.94 0.88
Request 130 186 0.93 0.90
Statement 857 999 0.59 0.58
Challenge 138 381 0.91 0.65
Accusation 155 305 0.86 0.74
Appreciation 36 66 0.97 0.94
Acceptance 113 171 0.97 0.89
Denial 97 151 0.95 0.87

Table 5: Distribution of annotated actions in our data
(s = single annotations, m = multiple annotations), and
inter-annotator agreements (% agreement and 𝑟𝑊𝐺 )
with a separate test set (N=100).

as the unit of analysis – as it has been found use-
ful when computationally identifying question-answer
pairs (Taniguchi et al., 2020). Since we focus on face-
threatening actions and action pairs, we found this a
suitable option instead of sentence-level detection. Re-
search on Speech Acts and CA in offline as well as dig-
ital contexts has highlighted that messages may of-
ten perform several actions in one message to accom-
plish more at one go, e.g. to respond to some ac-
tion and to initiate a new one (Goffman, 1974; Levin-
son, 2013; Stommel and Koole, 2010; Virtanen et al.,
2021). Although there are many differences in how
turn-taking unfolds in asynchronous conversation in
contrast to face-to-face, like the fact that turns cannot
be interrupted, people often treat comments as turns
in online conversation (Meredith, 2019; Virtanen and
Kääntä, 2018), see also section 6.1. However, actions
are not always marked with clear boundaries (e.g., line
breaks) but might overlap, as in Table 9. CA researchers
have emphasized that for interpreting what action a
turn commits, a holistic assessment of the speaker’s
conduct or purposive, goal oriented behavior is needed;
no single feature in a turn necessarily signals a specific
action (Enfield and Sidnell, 2017; Rossi, 2018). Many
factors might influence the interpretation of actions:
e.g., the relevance of an action might influence inter-
pretations of expected responses (Stivers and Rossano,
2010). In our data, participants tended to orient to com-
ments as having some main pair-initiating action, even
when the comment included several actions, as seen in
Table 9. These considerations supported our choice of
message-level detection.

We decided to use 7-point Likert scale scores (0: ac-
tion not present – 3: maybe or partly present – 6: ac-
tion very strongly present) for annotation, inspired by
previous work on annotation disagreement by e.g. Pe-
terson et al. (2019) and work that has illustrated the
usefulness of Likert scores in annotator ratings (Barn-
hurst and Mutz, 1997). See example in Table 9. This
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Metric Annotator Action
question request statement accusation challenge acceptance denial appreciation

Average Annotator1 5.26 4.33 5.01 4.04 3.64 4.54 4.61 3.80
Annotator2 4.88 4.27 4.88 3.70 3.60 4.06 4.03 3.31
Annotator3 4.74 3.96 4.87 4.04 3.59 4.10 3.50 4.20
Overall 4.96 4.19 4.92 3.93 3.61 4.23 4.05 3.77

Correlation Annotator1&2 0.86 0.64 0.50 0.38 0.22 0.66 0.38 0.41
Annotator2&3 0.92 0.75 0.60 0.61 0.44 0.73 0.60 0.62
Annotator3&1 0.87 0.74 0.56 0.42 0.27 0.72 0.46 0.45

Table 6: Label score averages by annotator and overall, and score correlations per action between annotators.

Annotator Ground truth Action
question request statement accusation challenge acceptance denial appreciation

Annotator1 conservative 0.95 0.88 0.78 0.61 0.51 0.86 0.72 0.80
Annotator2 conservative 0.98 0.93 0.93 0.95 0.96 0.95 0.94 0.86
Annotator3 conservative 0.98 0.89 0.85 0.87 0.72 0.88 0.86 0.86
Annotator1 relaxed 0.95 0.91 0.85 0.72 0.65 0.92 0.78 0.80
Annotator2 relaxed 0.98 0.91 0.92 0.86 0.72 0.91 0.86 0.86
Annotator3 relaxed 0.99 0.95 0.94 0.93 0.93 0.94 0.95 0.90

Table 7: Macro-F1 scores for annotators comparing annotator specific annotations to ground truth labels.

was due to many comments including more than one
prevalent action, and we judged that forcing annota-
tors to label only one would reduce annotation qual-
ity (see Table 4). We saw that the signal for an action
could be present at different scales of strength, which
Likert scores could reflect. Confidence scores, for ex-
ample, have been found useful for achieving improved
inter-rater agreement, and highlighting difficult cases
(Weber et al., 2018; Troiano et al., 2021). Scores were
coded for each action separately per comment, allow-
ing multiple interpretations of label distribution. We
set score 0 as designating the absence of an action, as
annotators found this most intuitive, meaning 6 is the
highest score.

4.1 AnnotationQuality and Agreement

We measured our annotation quality comparing the ob-
served and expected variances of scores between anno-
tators. For this purpose, 𝑟𝑊𝐺 score has been deemed
helpful for evaluating score-based agreement within a
group (Castro, 2002): 𝑟𝑊𝐺 = 1−(Observed Group Vari-
ance/ Expected Random Variance) (Lindell and Brandt,
1999). We used 𝑟𝑊𝐺 score for each individual action (Ta-
ble 5), and 𝑅∗

𝑊𝐺 ( 𝐽 ) score for overall agreement (Lindell
and Brandt, 1999; O’Neill, 2017). The first score is for
single-item scale and the second for multi-item scale,
measuring the variance between annotations when
random variance is eliminated. 𝑅∗

𝑊𝐺 ( 𝐽 ) score was 0.72.
Agreement strength boundaries are defined for the 𝑟𝑊𝐺

measurement family: our𝑅∗
𝑊𝐺 ( 𝐽 ) score is over the lower

bound of strong agreement (0.71− 0.90) (O’Neill, 2017).
For more detailed insights, we evaluated the anno-

tators’ annotation performances against ground truth
labels (see section 5.1), in Table 7. These demonstrate
some differences among annotators, some achieving
higher performances on specific actions than others.
We also investigated score means across actions, and
annotation score correlations between pairs of annota-
tors (see Table 6). Overall, correlations between Anno-
tator2 and 3 tended to be higher.

5 Methods
In this section, we will describe how we set our ground
truth labels, which ML models we used in our experi-
ments, how we evaluated our models, and how we de-
signed our experiments to answer our RQs.

5.1 Ground Truth
For computational modeling, we needed to define a
meaningful ground truth against which to compare our
models. Thresholding has been found useful in earlier
studies when using confidence scores in annotation (Xu
et al., 2017), and was relevant here due to our use of
scores. We set a threshold 𝜃 = 3 based on theoreti-
cal insights, and our empirical interests. Although our
goal was to represent annotators’ confidence in labels
as well as their assessment of label strength as closely
as possible, scores of 1-2 were rarer (see Appendix C),
and based on theoretical considerations (Stivers and
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Rossano, 2010) and empirical insights (see section 6.1),
we considered scores 3-6 as representing a medium to
strong signal that online discussion participants would
likely consider relevant, requiring a response if the ac-
tion usually involves normative expectations. Thus, for
analyzing responding, we consider this a useful thresh-
old. For a deeper understanding of how thresholding
might affect classification, we conducted an additional
(suggestive) threshold test: see Appendix B.

To build a set of ground truth labels, we mapped an-
notation scores back to binary labels (1: action present,
0: action not present). For single annotations, the la-
bel was 1 if the annotation score was ≥ 𝜃 . For multiple
annotations, we use conservative (if even one annota-
tor had given a score ≥ 𝜃 , the label was 1), and relaxed
ground truth labels (if at least two annotators had given
a score ≥ 𝜃 , the label was 1).

5.2 ML Models
Recent action classifiers rely on sentence transform-
ers, other neural networks (Ghosh and Ghosh, 2021;
Taniguchi et al., 2020; Joty and Mohiuddin, 2018), or
few-shot learning (Casanueva et al., 2020). Studies em-
phasize the relevance of linguistic features (e.g., lexical
and collocations) (Stolcke et al., 2000; Ferracane et al.,
2021; Zakharov et al., 2021), and the use of pretrained
word embeddings (Joty and Mohiuddin, 2018). Lan-
guage Models (LM) like BERT have provided promising
results in recent research (Taniguchi et al., 2020), and
Generative LMs are receiving a lot of attention. Trans-
fer learning techniques, then again, have proven useful
for low-resource settings (Pamungkas et al., 2020). We
thus chose to compare the performances of 1.) SVM, 2.)
FinBERT, 3.) SetFit (with word embedding FinBERT),
4.) SetFit (sentence embedding FinBERT), 5.) Llama2
0-shot, 6.) Llama2 (finetuned), and 7.) FinGPT 0-shot.

As using separate classifiers for sub-tasks has
proven effective in recent related work (Ferracane et al.,
2021; Zakharov et al., 2021), we decided to train a sepa-
rate classifier for each action following Ferracane et al.
(2021), instead of training one multi-label ML classifier
(Wu et al., 2019; Xu et al., 2017). The models predict
whether a text contains an action or not.

To allow a comparison of our results to earlier re-
search, we trained SVM models – often used in ear-
lier action detection – similarly to previous models used
for asynchronous data (Cohen et al., 2004; Zhang et al.,
2017). We used 1-grams and TF-IDF for feature extrac-
tion, with SVD for dimensionality reduction (10 dimen-
sions), balanced class weighting, and Grid Search for
hyperparameter optimization8 with sci-kit learn (Pe-
dregosa et al., 2011). We applied preprocessing (to-
kenization and lemmatization with spaCy, following

8Optimizing kernel, regularization parameter C, and degree.

Haverinen et al., 2014), leaving in stop words as their
removal negatively impacted performance. We were in-
terested in whether weaker models, like SVM, would
also show improved action classification performance
if allowing multiple actions labeled per comment.

We used FinBERT, as BERT-derivatives haved
proved their capacity in text classification (Devlin et al.,
2019; Arabadzhieva-Kalcheva and Kovachev, 2022), also
for asynchronous CMC (Davidson et al., 2020; Guo
and Sarker, 2023), and DA classification (Taniguchi
et al., 2020). We finetuned the Finnish pretrained
FinBERT (bert-base-finnish-cased-v1)9 (Virtanen et al.,
2019) based on cased word embeddings (henceforth
FinBERT1). Our data is highly imbalanced, so we used
class weighting.

Besides standard fine-tuning, we used Setfit, a
transfer learning technique that can also be initiated
with Finnish LMs. It is based on fine-tuning a pre-
trained model with sentence pairs, then training a clas-
sifier based on finetuned embeddings (Tunstall et al.,
2022). SetFit creates more variety to the minority cat-
egory training samples with sentence pairing, gener-
ating in total 𝑘 (𝑘 − 1)/2 different pairs from training
data, 𝑘 being the size of the training set. We initialized
SetFit both with FinBERT1 (Virtanen et al., 2019) and
FinBERT based on cased sentence embeddings (sbert-
cased-finnish-paraphrase)10 (henceforth FinBERT2) as
underlying models. Both thus used a pretrained model
to provide embeddings for comments.

We used Optuna (Akiba et al., 2019) for hyperpa-
rameter optimization, including learning rate, number
of epochs, and batch size.

We tested the performance of Llama2 (Touvron
et al., 2023) and FinGPT (Finnish GPT-3 large)11

(Luukkonen et al., 2023) due to the recent popular-
ity of Generative LMs. We used an uncensored ver-
sion of Llama2 (llama2-7b-chat-uncensored)12, because
it is accessible and free to use, and as many com-
ments included e.g. offensive language use. First, we
used it without finetuning, i.e., as a 0-shot model. We
prompted the models to decide whether each comment
included a specific action or not. On our GitHub page,
we provide a summary of prompts and how generated
output was interpreted, matching key words in the gen-
erated output to extract predictions. With Llama2, we
used the PyPi translators library (v5.9.2, GPLv3 license)
to translate our data to English, because Llama models
have shown to work much better for English (Wendler
et al., 2024), and as Finnish is a low-resource language
for Llama. We sought to reduce problems resulting from

9https://huggingface.co/TurkuNLP/bert-base-finnish-cased-v1
10https://huggingface.co/TurkuNLP/

sbert-cased-finnish-paraphrase
11https://turkunlp.org/gpt3-finnish
12https://huggingface.co/georgesung/llama2 7b chat uncensored
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Model ID Single Multi- Single Multiple
label label annotation annotation

SVM-1-act ✓ ✓
SVM-MS ✓ ✓
SVM-Avg ✓ ✓
FinBERT1-1act ✓ ✓
FinBERT1-MS ✓ ✓
FinBERT1-Avg ✓ ✓
SetFit-FinBERT1-1-act ✓ ✓
SetFit-FinBERT1-MS ✓ ✓
SetFit-FinBERT1-Avg ✓ ✓
SetFit-FinBERT1-PNC ✓ ✓
SetFit-FinBERT1-A1 ✓ *
SetFit-FinBERT1-A2 ✓ *
SetFit-FinBERT1-A3 ✓ *
SetFit-FinBERT2-1-act ✓ ✓
SetFit-FinBERT2-MS ✓ ✓
SetFit-FinBERT2-Avg ✓ ✓
FinGPT-0shot-1-act ✓ ✓
FinGPT-0shot-MS ✓ ✓
FinGPT-0shot-Avg ✓ ✓
Llama2-0shot-1-act ✓ ✓
Llama2-0shot-MS ✓ ✓
Llama2-0shot-Avg ✓ ✓
Llama2-finetuned-1-act ✓ ✓
Llama2-finetuned-MS ✓ ✓
Llama2-finetuned-Avg ✓ ✓

Table 8: Model IDs with related configurations
(*=these utilize the full annotated dataset, but only the
annotations made by one single annotator).

hallucination by using the outlines library13 (Willard
and Louf, 2023), which forces the model to choose be-
tween selected classes. We also finetuned a quantized
Llama2 for our task using Adapters (Poth et al., 2023),
the QLoRA approach14 by Dettmers et al. (2024) and
the bitsandbytes library15 (MIT license), similarly to
Dettmers et al. (2024). For Finnish, we used FinGPT
without further finetuning (0-shot).

5.3 Data Splits and Evaluation
We divided our data into train, validation (for hyper-
parameter tuning) and test sets using sci-kit learn train
test split twice, with respective set sizes 60%, 20% and
20%. Input data included individual comments for all
models and labels.

Model evaluation included accuracy and Macro-F1
– we report F1 due to class imbalances. We report Jac-
card coefficient scores when evaluating which compu-
tational approach might best predict all possible labels.

5.4 Experiments
To answer RQ1, we compared all models using 3 con-
figurations to compare the effects of considering one vs.
multiple actions: a.) a single action (1-act), b.) multilabel
single-annotation (MS), and c.) averaged (Avg) approach.

13https://github.com/dottxt-ai/outlines
14https://github.com/Adapter-Hub/adapters/blob/main/

notebooks/QLoRA Llama Finetuning.ipynb
15https://github.com/TimDettmers/bitsandbytes

See a depiction of the configurations and model IDs in
Table 8. Although model simplicity is often preferred,
we wished to test for possible gains in performance with
increased model complexity.

The 1-act configuration used single annotations,
setting for each comment the action with highest score
among all labels as positive if score ≥ 𝜃 , other actions as
negative. In case two actions (or more) had equal scores,
we assigned a positive label randomly. In our view, this
corresponded to annotator decision-making, as in an-
notation we often had to randomly choose the primary
action if having to decide only one most important ac-
tion between actions with the same signal strength. We
compared the MS and Avg configurations to the 1-act
model to test whether allowing more than one action
will statistically improve performance. Other configu-
rations allow multiple actions labeled.

The MS configuration used single annotations, al-
lowing multiple actions. Avg utilized multiple annota-
tions to decide an average annotation score for label de-
cision, 𝑠𝑐𝑜𝑟𝑒𝑎𝑐𝑡𝑖𝑜𝑛 = (𝑎1 + 𝑎2 + 𝑎3)/3, with 𝑎 a reference
to𝐴𝑛𝑛𝑜𝑡𝑎𝑡𝑖𝑜𝑛𝑆𝑐𝑜𝑟𝑒𝑖 for the action. It was included as it
has been one of the most popular approaches to dealing
with disagreements.

For statistical tests, we used the Nemenyi test, uti-
lizing the scikit-posthocs implementation for python
(Terpilowski, 2019), recommended for comparing clas-
sifier performances (Derrac et al., 2011).

In relation to RQ2, using SetFit-FinBERT1, which
had achieved the highest number of best performances
in relation to RQ1, we compared three configurations
for leveraging annotator disagreements to find the
most suitable approach for representing multiple in-
terpretations of actions: a.) averaging (Avg) (follow-
ing Uma et al. (2022), b.) positive/negative/complicated
(PNC) (Jiang and de Marneffe, 2022), and c.) individ-
ual annotator (Annotator1-3) approach (Ferracane et al.,
2021).

Avg and PNC were included as the approaches have
often been used with multiple annotations (Uma et al.,
2022; Jiang and de Marneffe, 2022). With PNC, per
Jiang and de Marneffe (2022), we divided comments
into three classes by counting an average cross-entropy
score between annotations: two classes where annota-
tors agreed they belong (here positive/negative), and a
class where there was significant disagreement (here
complicated). We included a comment in the ”com-
plicated” class if 𝐶𝑖 >

∑
𝑖 (𝐶 )
𝑁 + 2𝑆𝐷 (𝐶), 𝐶 a reference

to average cross-entropy. This decision boundary dif-
fers from Jiang and de Marneffe (2022), but as they
had a hundred crowdsourced annotations per example,
and we only three, we could not use a similar method.
We judged that an outlier boundary of 𝑚𝑒𝑎𝑛(𝐶) + 2𝑆𝐷
would be strict and similar enough. We treated the task
as a 3-way classification problem. Individual annota-
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tor models have been fruitful for representing multiple
interpretations, by predicting all possible annotations
(Davani et al., 2022; Ferracane et al., 2021). These were
trained using each individual annotator’s annotations
only: Annotator1 (A1), Annotator2 (A2), and Annota-
tor3 (A3). All configurations were tested against con-
servative and relaxed ground truth.

We wished to find a model that could predict all
possible annotations. Thus, we compared how dif-
ferent model ensembles fared in predicting all possi-
ble labels, using Jaccard Coefficient to compare each
ensemble’s predicted set of labels to a set of all pos-
sible annotations by annotators for each comment:
𝐽𝑎𝑐𝑐𝑎𝑟𝑑𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝐽 (𝐴, 𝐵) = |𝐴∩𝐵 |

|𝐴∪𝐵 | .
Finally, we compared differences between actions

by investigating average label scores per action, and
annotation and class correlations by using scipy.stats
package with Kendall rank correlation (Schober et al.,
2018), visualized with heatmaps using the seaborn li-
brary. Kendall correlation was used as normal distribu-
tion could not be assumed and as it is often considered
more robust in contrast to Spearman’s (Schober et al.,
2018).

6 Results
Next, we will discuss our results to answer our RQs:
RQ1.) whether a multi-label approach better aligns
with how actions are performed in our empirical con-
text, and RQ2.) what approach can best represent the
multiple valid interpretations relevant to how people
express actions in asynchronous conversations.

6.1 RQ1: One Action orMultiple Actions
We asked whether a multi-label approach would bet-
ter align with how actions are performed in our asyn-
chronous data in contrast to a single-label approach.
This was addressed by both 1.) comparing these ap-
proaches during the annotation scheme development,
and negotiating and examining annotation interpreta-
tions, and 2.) testing whether adopting a single-label
approach in contrast to a multi-label approach would
significantly affect classification performances.

First, turns in our asynchronous conversation data
tended to utilize actions somewhat differently as com-
pared to face-to-face conversation, and synchronous
online conversation.

In Table 9, we see a conversation extract from our
data. Examining comments 2-4, we can see that partic-
ipants in our online conversation data utilized paired
actions to build coherence across turns. In (2), user A
asks a question that can be interpreted as challenging.
In (3), B does not provide information in response to
the challenging question, but can be seen to challenge its

grounds. Annotators 2 and 3 interpret the response, as
well as comment (2), as containing a challenge. The ex-
tract illustrates how turns may often perform multiple
actions at the same time at different scales of strength
– they might contain an action responding to a previ-
ous turn (completing an action pair), and other actions,
potentially also initiating new action pairs. Comment
(4) is a case in point. Also, actions are not neatly orga-
nized into separate sentences or paragraphs. For exam-
ple, in comment (2), the interpretation of the comment
containing a challenge arguably cannot be reduced to
a single sentence, but is derived from a more holistic
reading. This was common for comments in our data
as users often formed actions that overlapped. For ex-
ample, this could be seen in our data when one action
was used as a vehicle for another action, one part of the
comment (e.g., a sentence) performed multiple actions
(e.g., stating and accusing) (cf. double-barreled actions
or composite actions: Rossi, 2018; Levinson, 2013; Sche-
gloff, 2007: pp. 73–78), or the whole comment included
multiple (overlapping) actions.

Users often tended to treat a previous turn as hav-
ing some main action(s), and they did not necessarily
respond to all actions present in a previous turn. This
phenomenon has also been described in CA, though
in face-to-face conversations with shorter turns (e.g.,
Rossi, 2018; Schegloff, 2007: pp. 73–78). Based on our
data, it seems that with comments that contain multi-
ple actions, users might treat 1-2 actions as the ’main
job(s)’ of a previous turn. For example, in comment
(5), B does not address the accusations (that had lower
scores) made in comment (4) by A, but chooses to re-
spond to the question or request instead.

These insights illustrate how modeling actions by
adopting a multi-label approach better aligns with how
actions in this context are used, in contrast to the
single-label approach. They also emphasize how score-
based annotation helps to account for overlapping ac-
tions, and to represent signal strength, i.e. how some
actions are more prevalent in a turn than others.

Next, to test how limiting predictions to a single ac-
tion per comment would affect classification, we com-
pared 1-act models to models allowing multiple actions
per comment: see Table 10.

Considering multiple actions vs. one, SVM
achieves statistically improved performances for only
two classes at best. With FinBERT1-Avg the increase
in performance is statistically significant for only one
action. SetFit-FinBERT1 fares much better: SetFit-
FinBERT1-MS achieves statistically higher performance
in classifying three actions. For the remaining ac-
tions, despite higher F1s, statistical tests do not show
𝑝 < 0.05. SetFit-FinBERT1-Avg fares better, achiev-
ing a statistically significant improvement in perfor-
mance for five actions. SetFit-FinBERT2-MS achieves
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User Comment Annotations
Annotator1 Annotator2 Annotator3

(1) A 𝐵, The country hasn’t attacked. I’m speaking from personal expe-
rience. I moved to Russia for a year when I was 17. In other occa-
sions I’ve been there hundreds of times, both for fun, and driving a
bus. Nothing has ever happened, the people are friendly and you
can always get help. It’s a different story in Finland.

statement:6
denial:6
apprec.:2

statement:5
challenge:5
denial:3

challenge:5
statement:4
denial:3

(2) A 𝐶 , war is in no way acceptable in any form. But these issues aren’t
so black and white. How much more often have you and 𝐵 visited
Ukraine and spent time there compared to myself?

question:6
statement:3

question:6
statement:6
challenge:4

question:6
statement:6
challenge:4

(3) B 𝐴, Dear 𝐴. How many times each of us has traveled to or lived in
Russia, well that has no bearing on whether Russia is a rogue state
ruled by a dictator. It is, believe it or not. It’s that black-and-white.
I hope you’ll get over your gullibility someday. Your actions only
support Putin’s dictatorship.

accusation:6
statement:3

statement:6
request:4
challenge:4

statement:6
request:4
challenge:3

(4) A 𝐵, Well tell me about your own experiences, traveling in Ukraine,
have you got an impression that it’s somehow a more virtuous
country? Surely you too have seen those Nazi arguments in the
media there. Children have been killed by Ukraine for 8 years. For
example, Ukrainian authorities did not let me into the Donetsk re-
gion at all. The answer to my question ’why’ was simply ’because’
and that’s that. They were probably afraid I was a journalist. Still,
it’s a wonderful country, too, and the citizens. After all, Finland
is also a country that welcomes all kinds of scum and yet we also
love our own homeland.

accusation:6
question:6
apprec.:4

statement:6
question:5
request:5
accusation:2

statement:6
question:5
request:5
accusation:1

(5) B 𝐴, Again, my travel experiences aren’t in any way related to the
actions of any government. Parroting it won’t change anything. If
your next claim is that it’s right for the Ukrainians that the won-
derful country of Russia invaded Ukraine, then good luck with
that.

statement:6 statement:5
challenge:5
denial:3
accusation:2

statement:5
challenge:5
denial:4
accusation:1

Table 9: Annotated extract from a Ukraine war related conversation.

Model Data Action
question request statement accusation challenge acceptance denial appreciation

SVM-1-act single 0.60 0.53 0.62 0.52 0.52 0.55 0.53 0.56
SVM-MS single 0.66 0.58 0.63 0.62* 0.52 0.69 0.59 0.51
SVM-Avg multiple 0.63 0.60 0.62 0.62* 0.53 0.69** 0.59 0.51
FinBERT1-1-act single 0.86 0.63 0.70 0.57 0.54 0.65 0.57 0.62
FinBERT1-MS single 0.87 0.69 0.73 0.76 0.61 0.66 0.56 0.65
FinBERT1-Avg multiple 0.85 0.70 0.77** 0.63 0.68 0.62 0.51 0.75
SetFit-FinBERT1-1-act single 0.81 0.60 0.66 0.52 0.50 0.59 0.55 0.50
SetFit-FinBERT1-MS single 0.94 0.82* 0.77 0.73* 0.64 0.86* 0.68 0.78
SetFit-FinBERT1-Avg multiple 0.97* 0.80** 0.78** 0.65* 0.63 0.79** 0.58 0.72
SetFit-FinBERT2-1-act single 0.76 0.59 0.66 0.52 0.55 0.57 0.49 0.50
SetFit-FinBERT2-MS single 0.95 0.69 0.76 0.56 0.64* 0.76* 0.66* 0.60
SetFit-FinBERT2-Avg multiple 0.95* 0.67 0.81* 0.58 0.54 0.71 0.61 0.53
FinGPT-0-shot-1-act single 0.29 0.25 0.48 0.21 0.23 0.24 0.24 0.19
FinGPT-0-shot-MS single 0.34 0.31 0.51 0.33 0.40 0.29 0.30 0.25
FinGPT-0-shot-Avg multiple 0.37 0.24 0.51 0.31 0.40 0.30 0.30 0.20
Llama2-0-shot-1-act single 0.47 0.49 0.29 0.48 0.49 0.49 0.46 0.55
Llama2-0-shot-MS single 0.47 0.54 0.37 0.46 0.48 0.50 0.48 0.50
Llama2-0-shot-Avg multiple 0.50 0.52 0.32 0.43 0.41 0.51 0.47 0.52
Llama2-finetuned-1-act single 0.62 0.51 0.51 0.55 0.48 0.52 0.51 0.49
Llama2-finetuned-MS single 0.71 0.61 0.80 0.56 0.47 0.81** 0.62 0.57
Llama2-finetuned-Avg multiple 0.57 0.67* 0.81* 0.65 0.64 0.69 0.39 0.52

Table 10: 10-fold cross-validated macro-F1 scores for models using single vs. multiple annotations data, using conser-
vative ground truth. Statistically significant differences are indicated with ∗𝑝 < 0.05, ∗ ∗ 𝑝 < 0.01, ∗ ∗ ∗𝑝 < 0.001.
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significantly higher performances for 3 actions, SetFit-
FinBERT2-Avg for 2. Generative LMs do not per-
form very well: only Llama2-finetuned achieves notably
higher performances when allowing multiple actions
in contrast to Llama2-finetuned-1-act, but only for ac-
ceptances (Llama2-finetuned-MS), and for requests and
statements (Llama2-finetuned-Avg).

To answer RQ1, we conclude that considering mul-
tiple actions – and using score-based annotation – to
classify actions much better aligns with how people uti-
lize actions in asynchronous online conversation in con-
trast to the single-label or categorical annotation ap-
proach. This is supported by our insights gained dur-
ing annotation scheme development, examination of
example cases, and model performance tests where our
best models achieved significantly better performance
for many actions with the multi-label approach.

6.2 RQ2: Modeling Ambiguity
To answer RQ2, we utilized multiple annotations and
three different approaches to leverage them. We used
our best-performing model from previous experiments,
SetFit-FinBERT1, in order to discover how to best rep-
resent the ambiguity related to actions in our data. To
this end, we compared different modeling configura-
tions for leveraging multiple annotations, analyzed la-
bel correlations in more detail, and examined extracts
from our data to see how models performed in compar-
ison to manual annotations for these cases.

Performances for models where multiple annota-
tions were utilized can be seen in Table 11. Except for
PNC, performances are evaluated using both conserva-
tive and relaxed ground truth.

SetFit-FinBERT1-PNC performs quite poorly. PNC
models performed worst for the Complicated class, sim-
ilarly to Jiang and de Marneffe (2022), perhaps due
to class heterogeneity; other classes’ performances are
higher. A2 models performed best overall if considering
which models achieved most of the highest F1 scores.
Macro-F1s were higher for some actions when predict-
ing relaxed ground truth labels. However, here results
differ according to action. Also, A1-A3 model perfor-
mances differed according to annotator.

Overall, for most actions, the models utilizing multi-
ple annotations, or individual annotators’ annotations,
achieved higher performances than the models using
only single annotations (see Tables 10 and 11) – except
for requests and acceptances, for which SetFit-FinBERT1-
MS had higher F1s.

Comparing the performances against earlier work
modeling similar actions (Paakki et al., 2024), we
achieved higher performances for all actions, except for
appreciations. We also achieved higher F1s for some
actions modeled in prior work on asynchronous data:
message-level detection of request and question trained

Figure 1: Correlation scores between all 8 actions.

with BERT (Taniguchi et al., 2020), question detection
(and overall performance) in contrast to Zhang et al.
(2017), and better agreement for challenges in compari-
son to Bracewell et al. (2012). However, the comparabil-
ity to the latter three works is limited due to differences
in theoretical frameworks, data, annotation practices or
modeling choices.

Differences between actions deserve some atten-
tion: overall, classifiers for predicting accusations, chal-
lenges, denials and appreciations seem to have lower
performance compared to other actions. The latter
three also have notably lower Micro-F1 scores when in-
vestigating performances for the positive class for the
SetFit-FinBERT1-A2 model (see Appendix A). Inspect-
ing annotator performances against ground truth (Ta-
ble 7), performances for face-threatening actions – ac-
cusations, challenges and denials – are notably lower, al-
though there are differences when using conservative
vs. relaxed ground truth. Label score averages, in Table
6, also showed that accusations, challenges, denials, and
appreciations have lower label scores overall. Measur-
ing score correlations between annotators, by action,
we see (in Table 6) that accusations, challenges, and de-
nials have some of the lowest correlations. Appreci-
ations also have low correlations between Annotator1
and 2, and Annotator1 and 3. There were very few ap-
preciations in the data, which might affect the results.
Also, statements have surprisingly low annotation score
correlations. These might be partly due to statements
being much more frequent in comments in contrast to
other actions (see Table 5): present in 71% of all com-
ments (in single annotations; 83% in multiple). Trained
model performances for statements, on the other hand,
are quite good.

Investigating the correlations between all anno-
tated action labels for each comment (see Figure 1),
there is a weak positive correlation (Schober et al., 2018)
with 𝑝 < 0.001 between challenges and denials, and a
weak positive correlation between questions and chal-

Northern European Journal of Language Technology 69Vol. 11, 2025



Detecting Face-threatening and Paired Actions in Asynchronous Online Conversations

Model Ground truth Action
question request statement accusation challenge acceptance denial appreciation

SetFit-FinBERT1-PNC cross-e. 0.71 0.55 0.57 0.50 0.50 0.59 0.47 0.39
SetFit-FinBERT1-Avg conservative 0.96 0.74 0.74 0.65 0.54 0.73 0.58 0.72
SetFit-FinBERT1-A1 conservative 0.92 0.75 0.75 0.51 0.43 0.77 0.55 0.65
SetFit-FinBERT1-A2 conservative 0.95 0.77 0.84 0.72 0.76 0.78 0.68 0.66
SetFit-FinBERT1-A3 conservative 0.97 0.71 0.78 0.66 0.52 0.74 0.63 0.69
SetFit-FinBERT1-Avg relaxed 0.97 0.80 0.76 0.65 0.63 0.79 0.56 0.65
SetFit-FinBERT1-A1 relaxed 0.95 0.77 0.79 0.60 0.52 0.82 0.62 0.52
SetFit-FinBERT1-A2 relaxed 0.97 0.76 0.79 0.75 0.61 0.78 0.68 0.73
SetFit-FinBERT1-A3 relaxed 0.96 0.71 0.78 0.66 0.52 0.74 0.63 0.68

Table 11: 10-fold cross-validated macro-F1 scores for SetFit-FinBERT1, utilizing different configurations for leveraging
multiple annotations.

Ground truth Ensemble
A1 A2 A3 Avg. A1+A3 A1+A2 A2+A3 A1+A2 A1 A2 A3 A1+A2 A1+A3 A2+A3 A1+A2+

+A3 +Avg. +Avg. +Avg. +Avg. +Avg. +Avg. A3+Avg.

conservative 0.56 0.69 0.63 0.39 0.67 0.70 0.72 0.72 0.51 0.60 0.56 0.61 0.58 0.62 0.62
relaxed 0.54 0.50 0.52 0.62 0.52 0.48 0.48 0.48 0.55 0.46 0.50 0.45 0.50 0.45 0.44

A1 A2 A3 Avg. A1+A3 A1+A2 A2+A3 A1+A2 A1 A2 A3 A1+A2 A1+A3 A2+A3 A1+A2+
+A3 +Avg. +Avg. +Avg. +Avg. +Avg. +Avg. A3+Avg.

+PNC +PNC +PNC +PNC +PNC +PNC +PNC +PNC +PNC +PNC +PNC +PNC +PNC +PNC +PNC

conservative 0.46 0.55 0.51 0.35 0.52 0.55 0.56 0.56 0.46 0.54 0.50 0.54 0.51 0.62 0.55
relaxed 0.48 0.40 0.44 0.45 0.45 0.40 0.40 0.40 0.47 0.40 0.43 0.39 0.43 0.44 0.39

Table 12: Jaccard coefficient scores for ensemble models using SetFit-FinBERT1. A1=Annotator1 model,
A2=Annotator2, A3=Annotator3, Avg=Averaged, PNC=Positive/Negative/Complicated.

lenges, only slightly above the lower bound of weak cor-
relation (𝑝 < 0.001). For most actions, there is a weak
or negligible negative (or positive) correlation magni-
tude according to the statistic with no statistical sig-
nificance. There is a moderate negative correlation be-
tween questions and statements with 𝑝 < 0.001.

Finally, comparing model ensembles for predicting
all possible annotations for comments, in Table 12, an
ensemble of A1+A2 or A1+A2+A3 fared best for con-
servative ground truth, according to Jaccard coefficient
scores. Avg fared best with relaxed ground truth la-
bels. However, for relaxed ground truth Jaccard simi-
larity drops notably in contrast to conservative ground
truth.

A further investigation of difficult cases and com-
parison between human annotations and model pre-
dictions provides more insight. Tables 13–14 illus-
trate what annotation scores human annotators gave
to some of the comments with annotation disagree-
ment, and what our best models predicted as actions
present in the comments. For the second column, we
only list actions that at least one annotator deemed
to be present in the comment, and for the third col-
umn, actions predicted as being present by at least one

model. For model predictions, we always used a model
trained on a data split that did not include the to-be-
classified comment.

There was disagreement between humans and
models in some cases, e.g. with challenges and accusa-
tions, but model disagreements correspond with human
disagreements quite well if investigating them side-by-
side with our best models. Many comments required
interpretation of implicit meaning: e.g. ambiguity, con-
textual knowledge, proverbs or even poetic expression.
This seemed to often result in multiple potential inter-
pretations. A case in point is B’s comment in Table 13,
which was interpreted by human annotators as either
sarcastic, a challenge (or accusation) presented together
with a statement, or just statement. A less likely inter-
pretation would be sincere accepting statement, not cho-
sen by human annotators. Similarly, ”hallelujah” in Ta-
ble 1 is ambiguous, interpreted by human annotators
as either sincerely appreciative, or sarcastic, a challenge
merged with a statement. Models predicted it as a state-
ment (A1, A2, A3, Avg.), a challenge (A2), but also as an
appreciation (A2). Another ambiguous example is B’s
comment in Table 14. It depends on subjective interpre-
tation whether hindsight can be seen as morally repre-
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Comments Annotations Predictions
(Annotator: score) (Model IDs)

A: What other nation question question
could be responsible for (A1: 5, A2: 4, A3: 3) (A1-3, Avg)
Russia’s invasion of challenge challenge
Ukraine besides the (A2: 5, A3: 5) (A2, A3)
Russian people? All statement statement
else is just about (A1: 0, A2: 0, A3:1) (A3)
making excuses. (27 likes) accusation

(A1: 3, A2: 0, A3: 0)

B: yea the people did statement statement
attack there on their own (A1: 0, A2: 0, A3: 3) (A1-3, Avg)
initiative, without any accusation accusation
government authority (A1: 0, A2: 0, A3: 2) (A2)
and orders. (2 likes) challenge

(A1: 4, A2: 5, A3: 5)

Table 13: Extract from Ukraine war discussion on Rus-
sian citizens’ role in the war, HS 10/2022. Second col-
umn lists annotation scores by annotators, third col-
umn the SetFit-FinBERT1 model IDs predicting that
listed action exists for the comment in first column.

hensible. Not all annotators agreed here. Model predic-
tions corresponded quite well with human annotators’
interpretations, and their disagreements. However, for
some cases, like Tables 13 and 14, where human annota-
tors disagreed on whether a comment should be labeled
as an accusation or a challenge, models did not predict
the ambiguous comment as a challenge.

Overall, an ensemble of individual annotator-based
models seems to best align with the human annota-
tions, also quite well representing many of the disagree-
ments. Based on the Jaccard coefficient scores and the
above empirical insights, we conclude in response to
RQ2 that an ensemble of individual annotator based
models best represents the multiple possible interpre-
tations of actions in our data.

7 Discussion
We investigated how paired actions in comments
to asynchronous crisis-related conversations could be
computationally modeled, especially face-threatening
actions central to misbehavior like trolling. We illus-
trated that, in this context, it is important to take
into account multiple possible label interpretations, and
multiple actions often performed in one comment. The
conversational context we studied is largely assertive in
nature, statements being notably more common than
other actions. As we assumed, face-threatening ac-
tions like accusations and challenges are also common,
which highlights the need for including them in com-
putational models used for identifying actions in these
conversations.

We showed that allowing multiple actions predicted
per comment helps to align models with the empirical

Comments Annotations Predictions
(Annotator: score) (Model IDs)

A: Would it have been question question
worth taking an interest (A1: 3, A2: 5, A3: 3) (A1-3, Avg.)
in things before these accusation accusation
men came to power? (21 (A1: 2, A2: 4, A3: 3) (A3)
likes, 2 angry emojis)

B: 𝐴, Well here we have statement statement
a real master of hindsight. (A1: 0, A2: 3, A3: 5) (A1-3, Avg.)
(Dog sticker facepalming) accusation accusation
(15 likes) (A1: 0, A2: 3, A3: 5) (A2)

challenge
(A1: 3, A2: 0, A3: 0)

A: 𝐵, hindsight is a sweet statement statement
thing. . . (3 likes, 1 angry) (A1: 3, A2: 4, A3: 5) (A1-3, Avg.)

accusation accusation
(A1: 0, A2: 0, A3: 3) (A2)
appreciation
(A1: 0, A2: 3, A3: 0)

Table 14: Extract from Ukraine war discussion on how
Russian soldiers are treated, YLE 12/2022. Second col-
umn lists annotation scores by annotators, third col-
umn the SetFit-FinBERT1 model IDs predicting that
listed action exists for the comment in first column.

phenomenon studied, and statistically improves model
performance. SetFit models (initialized with FinBERT
+ word embeddings) performed best overall. We also
demonstrated improved classification performance in
contrast to earlier action detection in asynchronous
conversations. Likert score annotation allowed us to
consider the presence of actions on different scales of
strength, rather than categorically (cf. Glickman and
Dagan, 2005). We illustrated that this was impor-
tant for representing the main functions of a comment.
Based on our empirical insights, signal strength af-
fected how paired actions and their norms were treated
by discussion participants: in the case of multiple (pair-
initiating) actions, participants tended to orient to (1-2)
main actions as having the strongest normative expec-
tations for responding (see Table 9).

We demonstrated that for predicting all possible
labels, with conservative ground truth (positive label
if even one annotator gave a score ≥ 3), an ensem-
ble of models trained separately on individual anno-
tators’ annotations performed best. Based on our re-
sults, we highlight that although averaging has been
popular in accounting for annotation disagreements, it
is not always the best option as it might lead to losing
important information on multiple possible interpreta-
tions of labels. Generative LMs performed quite poorly
on the action detection task, except for specific classes
(statements and acceptances) with Llama2-finetuned. In
other words, these models seemed to recognize a lim-
ited amount of categories even when finetuned for the
downstream task.
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We provided an annotation scheme for identifying
face-threatening and paired actions in asynchronous
conversations in Finnish. This is important as there are
no such resources for Finnish yet. We feel that future
work analyzing manipulative or crisis news related con-
versational behaviors online will benefit from utilizing
our scheme and models. The scheme will enable easier
implementation of novel models for other languages as
well. However, although some actions in our scheme
are common across languages (Enfield et al., 2010), con-
textual differences should be considered: although e.g.
apologies were not found in our data, they have been
relevant elsewhere (Paakki et al., 2021). Furthermore,
we showed that even with a relatively small annotated
dataset we can reach sufficient performance using few-
shot learning. This is important since adapted or novel
models are often needed in low-resource settings.

We illustrated some differences between actions:
e.g., for questions, our models reached high perfor-
mances, but for some others performances were lower.
An interesting result found was that face-threatening
actions (challenge, denial, accusation) were more diffi-
cult to annotate and/or model than others. They also
involved more disagreement between annotators than
other actions. This is in line with theoretical views on
social actions: people tend to express these more im-
plicitly or indirectly to avoid face-threats (Brown and
Levinson, 1987), which might lead to uncertainty in
their interpretation. Appreciations, surprisingly, also
portrayed a lower agreement. This might have been due
to the low number of appreciations in our data; or they
might have been expressed in an ambiguous manner.
Whether this is a context-specific tendency (e.g. plat-
form or cultural context) remains an open question.

We saw correlation between challenges and denials,
and to some extent between questions and challenges.
This might be because challenges and denials were at
times difficult to distinguish from each other. We may
have needed more detailed clarification of class bound-
aries here. However, the annotation scheme (and guide-
line) development process was already very extensive.
Also, based on examples seen during the development,
denials were often followed by challenges of epistemic
claims (or of interlocutors’ positions), both in the same
comment. This might explain the correlation. Finally,
there seemed to be a significant amount of challenging
questions in our data, which could explain the correla-
tion between these two actions.

We found that users tended to treat a previous turn
as having some main action, not necessarily responding
to all actions. Given that in CA action has been viewed
as the ’main job’ of a turn, as turns in asynchronous
conversation are longer and often involve multiple ac-
tions, it is interesting how users interpret the ’main job’
of such turns. Although there are many factors that

may affect the interpretation of actions and required re-
sponses (Stivers and Rossano, 2010), based on empirical
insights, it seems that the strength of label signal can
affect how strong normative expectations pair initiating
actions might incur on subsequent turns. Thus, actions
that are present with at least moderate strength of sig-
nal will likely be fruitful for analyzing responding be-
haviors in relation to paired actions (and face-threats).

From a (digital) CA perspective, it is challenging to
systematically identify actions in asynchronous conver-
sations due to actions often being context-dependent,
implicit or indirect. Interpretation is not a product but
a process: meanings of actions are interpreted by par-
ticipants collaboratively and on-line (Clark and Schae-
fer, 1989; Jurafsky, 1992). Participants might alter inter-
pretations of comments across turns in conversation.
Ambiguity in the expression of (face-threatening and
other) actions might also be a strategic choice. Thus,
we consider it crucial to be able to model ambiguity
in the expression of actions, especially face-threatening
actions, when studying crisis-related or manipulative
asynchronous conversations.

8 Conclusions and Future Work
To conclude, we investigated how to approach action
detection in asynchronous crisis news conversations.
Our computational approach was able to reflect how
multiple actions were performed within the same com-
ment, and the ambiguity related to actions, with im-
proved classification performance in contrast to ear-
lier action detection for asynchronous conversation. Al-
though annotator disagreements have been studied in-
creasingly in NLP, there is still room for exploring how
to utilize them in the analysis of face-threatening and
paired actions. The contributions of this paper included
1.) portraying and modeling disagreement in the an-
notation of actions in asynchronous conversations in
Finnish, 2.) a paired action annotation framework and
dataset for asynchronous conversation including face-
threatening actions, and 3.) models with improved clas-
sification performance for many of these actions. Al-
though our study focuses on Finnish, the framework
can be applied for other languages as well.

Future work could investigate how to further ad-
dress the differing nature of actions, and how to further
utilize annotation scores and contextual information in
more fine-grained models.

We conclude that representing ambiguity in com-
putational modeling is especially relevant to analyzing
face-threatening actions. These actions, in turn, are
crucial for the study of online misbehavior. Digital CA
based approaches, having a robust theoretical under-
standing of such actions, can be fruitful for analyzing
meaningful ambiguity related to how actions are per-
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formed in asynchronous conversations online.

8.1 Limitations
Crowdsourcing is often seen to provide heterogeneous,
arguably more valid annotations from a large popula-
tion (Weber et al., 2018). In expert annotation, anno-
tators adjust their work based on expectations regard-
ing outcomes, thus reaching higher agreements, anno-
tation reliability maximized to reflect the desired cat-
egories (Weber et al., 2018) – a possible limitation of
our work. However, CA analysis requires contextual
in-depth reading, which is why non-expert annotation
would have been unreliable (Eickhoff, 2018). We had
only three annotators; a higher number might lead to
better results (Pavlick and Kwiatkowski, 2019). Due to
resource limitations, we considered our current scope
of annotators and data sufficient for now.

Score-based annotation allows fluidity in class in-
terpretation, but subjective reading, confidence, sig-
nal strength, and understandings of scores and cate-
gories might be melted into one metric. Also, in con-
trast to message-level classification, we could have la-
beled segmented comments. However, we considered
this challenging as sometimes the boundaries of ac-
tions were unclear or actions tended to overlap (e.g.,
Table 9). The boundaries of an action did not always
correspond to sentence boundaries. Thus, we deemed
message-level scoring best. Future research could ex-
plore the sentence segmentation option further. The
choice of threshold (3) was theoretically and empiri-
cally motivated, but in some cases it might be relevant
to be able to computationally identify even very weak
action signals. We could have further investigated how
to model conversational context or sequential depen-
dencies more intricately (e.g. whether a comment re-
sponds to a certain action). However, these endeavors
are best left for future research.

At this point we did not utilize context information
when training models, which is a potential limitation
since annotators had access to this information. How-
ever, we deemed it interesting to model the potential
for different interpretations of a turn considered alone,
through scores. We decided to do this because we were
concerned that using previous turns (or their actions)
as features would confound the computational analysis
of responding behaviors. This is because people favor
certain types of responses due to conversational norms
(e.g. Stivers and Rossano, 2010). However, deviations
from these norms can be highly meaningful (e.g. Paakki
et al., 2024), so if models would overgeneralize norma-
tive responses as predicted actions for responses, this
would confound computational analyses of less com-
mon deviant responses. Future work could expand on
this to develop more contextually sensitive computa-
tional models that could also detect contra-normative

responses.

Since we aimed at a simplified model, using applied
digital CA, we could not strictly follow the analytical
practices typical for CA. Restricting the granularity of
the annotation scheme limits the interpretation of ac-
tions, forcing annotators (and thus models) to ignore
some rarer actions. However, this process is important
for a computational classification approach like ours.
Secondly, it is debatable whether some of the classes in
our applied approach are notably different in contrast
to some DA classification approaches (e.g., Taniguchi
et al., 2020). However, we see some of the added classes
(e.g., accusations) as very different from those included
in earlier DA models based on Speech Acts. Also, our
key literature related to action pairs and normative ex-
pectations of face-threatening actions comes from CA
(Schegloff, 2007; Turowetz and Maynard, 2010; Ders-
ley and Wootton, 2000), which views these actions and
paired actions somewhat distinctly, in our view. We
wished to highlight these theoretical foundations in
this paper.

Crisis related discussions may involve sensitive in-
formation, even when dealing with publicly available
social media data. We have translated the examples,
and anonymized and de-identified the data so that the
content is conveyed without privacy concerns. We pub-
lished a privacy notice according to Aalto University
policy, regarding data collection and management, on
our research project’s website during the study.16 We
only release models and materials where any possibly
sensitive information has been removed.
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A Micro-F1s for A2 model

Act. Neg. Pos. Act. Neg. Pos.
quest. 0.98 0.94 chall. 0.88 0.47
req. 0.94 0.61 accept. 0.96 0.63
state. 0.77 0.96 denial 0.86 0.49
accus. 0.89 0.67 apprec. 0.99 0.51

Table 15: 10-fold Micro-F1s for Annotator2 model.
Neg.=Negative and Pos.=Positive class.

Table 15 presents Micro-F1 scores for the SetFit-
FinBERT1-A2 model, one of our best performing mod-
els. This enables an examination of how the specific
model performs on the positive and the negative class,
respectively, for each action. Based on the scores,
performances for the positive class (’yes the action is
present in the comment’) tend to be lower. Especially
for some of the face-threatening actions (denial, chal-
lenge), as well as appreciations, the performance for the
positive class is much lower than for the negative. This
further supports our observation that people tend to ex-
press face-threatening actions in an ambiguous man-
ner, perhaps to avoid direct face-threats. It is interest-
ing, though, that appreciations also show lower perfor-
mance for the positive class. This might have been due
to appreciations being quite rare in the dataset.
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Model Threshold Action
question request statement accusation challenge acceptance denial appreciation

FinBERT1- ≥ 1 0.87 0.68 0.73 0.63 0.61 0.64 0.55 0.60
MS ≥ 2 0.86 0.69 0.72 0.61 0.61 0.64 0.54 0.59

≥ 3 0.87 0.68 0.73 0.76 0.60 0.62 0.54 0.63
≥ 4 0.86 0.64 0.69 0.61 0.59 0.60 0.56 0.65
≥ 5 0.85 0.60 0.66 0.54 0.56 0.66 0.53 0.64
≥ 6 0.81 0.54 0.62 0.55 0.58 0.66 0.64 0.50

SetFit- ≥ 1 0.94 0.79 0.77 0.71 0.59 0.85 0.56 0.62
FinBERT1- ≥ 2 0.93 0.82 0.76 0.73 0.63 0.84 0.65 0.58
MS ≥ 3 0.94 0.79 0.75 0.71 0.60 0.86 0.68 0.65

≥ 4 0.94 0.73 0.77 0.69 0.64 0.81 0.64 0.78
≥ 5 0.90 0.73 0.72 0.54 0.50 0.66 0.59 0.75
≥ 6 0.79 0.75 0.64 0.55 0.50 0.69 0.60 0.50

Table 16: 10-fold cross-validated macro-F1 scores with different thresholds.

B Threshold tests
To gain a better understanding of how threshold set-
ting might affect action detection, we compared how
well models performed when setting different thresh-
old 𝜃 as a classification boundary. Here, we used the
single annotations data, in particular the FinBERT1-MS
and SetFit-FinBERT1-MS models. In this paper, we pre-
defined our 𝜃 = 3 for our experiments related to RQ1
and RQ2, as this allows us to focus on actions present
at moderate to strong signal strength. However, here
we wish to provide more insight into how thresholding
might affect classification. Classifier training and test-
ing follows the same procedures as described in section
5. See details specifically related to SetFit and the mul-
tilabel single annotation (MS) model configuration. It
should be noted that with different 𝜃 , the dataset im-
balances will notably change (see Appendix C). Class
weighting (FinBERT1-MS) and sentence pairing used
for SetFit help to account for imbalances when measur-
ing model performance. However, due to differences in
data distributions here we note that the test presented
in Table 16 is only suggestive. More comprehensive
analysis would be needed for more reliable results.

Based on the test (Table 16), it seems that for most
actions, especially those that invite responses (ques-
tion, request, statement, accusation, challenge), there
might be no great difference between scores when us-
ing 𝜃 between 1–3, or even 1–4 for some. It seems that
a 𝜃 ≥ 4–6 (5–6 for some), might result in lower per-
formance for many actions. It seems also that for re-
sponsive actions (and appreciations), a higher thresh-
old might increase performance. This could perhaps be
due to responsive actions being expressed in in a shorter
or even more ambiguous manner, e.g. in a subordinate
clause or shortly at the beginning of the comment, more
emphasis being given to other actions in the comment.
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C Label distributions

Figure 2: Distribution of labels in s=single annotations.
Colors indicate label scores.

Figure 3: Distribution of labels in m=multiple annota-
tions. Colors indicate label scores.
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Dataset Action Label score Total
0 1 2 3 4 5 6 (positive label)

single question 942 7 13 25 44 61 113 263
request 1053 7 15 37 24 27 42 152
statement 309 14 25 94 117 209 437 896
accusation 1013 13 24 41 31 41 42 192
challenge 1002 27 38 36 29 54 19 203
acceptance 1067 8 17 22 23 30 38 138
denial 1076 12 20 26 24 20 27 129
appreciation 1158 3 8 9 4 12 11 47

0 1 2 3 4 5 6 (positive label)

multiple question 2819 15 33 87 102 160 396 793
request 3155 15 45 104 86 91 116 457
statement 839 31 125 314 392 622 1289 2773
accusation 2959 48 86 144 120 134 121 653
challenge 2877 79 124 146 127 180 79 735
acceptance 3182 19 53 75 74 91 118 430
denial 3282 24 47 70 55 62 72 330
appreciation 3467 10 29 31 23 25 27 145

Table 17: Distributions of action labels by score in single annotations and multiple annotations. The label distributions
are quite similar for both single annotations and multiple annotations. Overall, scores 3-6 are more commonly used
than 1-2, although there are some differences between actions. For challenges, scores 1-2 seem a bit more common than
for other actions. These are small differences, though. Statements have a positive score (≥ 1) much more often than
other actions, highlighting the assertive nature of the comments in our data. Questions, challenges and accusations
also appear to be more commonly labeled with a positive score.
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