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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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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
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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.
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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
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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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