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Abstract
Recent work has shown that Sparse Autoencoders

(SAEs) can be used to steer the output language of large lan-
guage models. In this work, we study the impact of SAE-
based language steering on output quality and task perfor-
mance, as well as its relationship to simpler prompting-
based approaches. We apply SAE-based steering on a
translation task and a multilingual QA task. We compare
three methods for controlling the output language: steer-
ing using SAE-based language features, prompting, and a
combination of SAE-steering and prompting. We find that
combining prompting and steering provides more reliable
language control than either method alone while preserving
downstream task performance.

1 Introduction
The internal mechanisms of large language models

(LLMs) are hard for humans to understand. This chal-
lenge extends to multilinguality, which is an active area
of research in the study of LLM behavior. Advances in
mechanistic interpretability have introduced Sparse Au-
toencoders (SAEs) [1, 2], which decompose model acti-
vations into more interpretable components, referred to
as features. Building on this line of work, prior studies
have demonstrated that certain SAE features are language-
specific and can be used for language control [3].

While SAE-based language steering has been shown to
successfully control the output language, its impact on
downstream task performance has not been sufficiently
studied. In particular, it remains unclear how steering
compares to the simpler method of prompting the model,
and how it impacts benchmark task performance.

In this paper, we focus on a single benchmark task to

evaluate the effect of language steering using SAE fea-
tures. We examine whether steering the model toward a
target language preserves task performance while ensuring
correct language generation. We also compare steering
with prompting, as well as a combination of the two ap-
proaches.

2 Related work
This work builds on advances in research on multilin-

guality in LLMs, activation steering, and SAEs. In the
context of activation steering, Suau et al. [4] introduced
a method for identifying individual neurons associated
with specific concepts and demonstrated how manipulating
these neurons can steer model outputs. Kojima et al. [5]
extended this approach to multilinguality by identifying
language neurons that can be used to control the output
language of an LLM.

However, neuron-based steering is affected by issues
such as polysemanticity [6] and superposition [7], where
individual neurons encode multiple unrelated concepts. To
address this, Sparse Autoencoders decompose internal ac-
tivations into more interpretable features, potentially en-
abling more targeted control. SAEs are a form of sparse
dictionary learning applied to model activations, allowing
the residual stream to be expressed in terms of sparse, in-
terpretable features [1, 2]. These features have been shown
to be effective for steering model behavior [8].

In our previous work, we demonstrated that SAE features
can be language-specific and used for language steering [9].
Building on this, the present paper focuses on evaluating
SAE-based language steering in a benchmark setting, with
particular attention to its effect on task performance.
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3 Language steering method
Our overall approach follows the SAE-based language

steering method introduced by Chou et al. [3].

3.1 Finding language-specific features

In our first step, we find language-specific features in
a series of pre-trained SAEs. We use the FLORES200
dataset [10] to collect 1,000 paralel sentences in the lan-
guages English, Spanish, French, German, Chinese, and
Japanese, leaving us with a dataset of 6,000 sentences.

Next, we calculate feature activations for each of the
above-mentioned languages for our target LLM. For each
group of parallel sentences, we feed each sentence inde-
pendently through the model, extracting the intermediate
residual stream activations at every transformer layer. This
yields sparse feature activations for each sentence. For
each sentence and each SAE feature, we compute the me-
dian activation across all tokens in the sentence. This
produces a single activation score per feature per sentence,
giving us a set of per-layer activation vectors for every
sentence–language pair.

To quantify how strongly a feature is associated with a
specific language, we compute a feature difference score.
Our score measures the feature activation difference be-
tween the target language and the other languages in our
dataset. This score is defined as:

score 𝑓 =
1
𝑁

𝑁∑
𝑖=1

(
𝑎𝐿,𝑖𝑓 − 1

|K| − 1

∑
𝑘∈K
𝑘≠𝐿

𝑎𝑘,𝑖𝑓

)
. (1)

Here, K denotes the set of all languages in our dataset,
namely English, Spanish, French, German, Japanese, and
Chinese. The term |K| represents the total number of
languages, which is six in our setting. For each parallel
sentence 𝑖, we first compute the mean activation of feature 𝑓

across all languages except the target language 𝐿. We then
subtract this multilingual average from the target-language
activation 𝑎𝐿,𝑖𝑓 . We average these differences across all
𝑁 sentences to obtain the score score 𝑓 . A high positive
score indicates that feature 𝑓 activates more strongly for
language 𝐿 than for the other observed languages. We
refer to such features as language-specific features. This
constitutes our difference to the method proposed by Chou
et al. [3], who calculated the difference score between the

target language and English.
After computing scores for all features across all layers,

we select the top-𝑘 features with the highest positive scores
for each target language. In our experiments, we use the top
3 features to steer model outputs and report results for the
best-performing feature. By computing differences relative
to all other observed languages, this scoring method filters
out features that activate broadly across a language family
and are not specific to a single language.

3.2 Steering model output

In our next step, we use the features found in the previ-
ous step to steer the model’s output language. Following
the approach used in our previous research [9] as well as
Chou et al. [3], we simply add a steering vector to the
activations during the forward pass. In this method, the
decoder weights from an SAE are extracted at the index
corresponding to the desired language-specific feature for
constructing the steering vector. During the forward pass,
the steering vector is added to the residual stream, mathe-
matically represented as:

resid′ = resid + 𝛼 · steering_vector,

where 𝛼 is a scaling factor that adjusts the intensity of
the steering, and resid refers to the residual stream activa-
tions at the point where the steering is applied. For the
scaling factor 𝛼 we use the feature difference score calcu-
lated in Section 3.1. This is possible because the score
encapsulates the difference in feature activation between
languages, which is what we want to modify to steer the
output language.

4 Experiments

4.1 Model and SAE selection

We performed our experiments using Llama 3.1 8B1）.
Training an SAE requires substantial amounts of LLM acti-
vation data. For this reason, we relied on pre-trained SAEs.
These SAEs are trained on the residual stream activations
of each transformer layer, resulting in one SAE per layer.
We used the SAEs published by He et al. [11], which have
a hidden layer width of 215.

1） https://huggingface.co/meta-llama/Llama-3.1-8B
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Table 1 Translation performance using prompting and steer-
ing. Llama 3.1-8B.

Setting Language Accuracy (%) BLEU

Baseline DE 100 37.60
ES 99 30.95
FR 100 44.01
JA 94 24.07
ZH 81 16.62

Steered DE 97 18.31
ES 98 16.30
FR 99 22.61
JA 85 8.17
ZH 74 8.67

4.2 Evaluation metrics

We used several metrics to investigate the effect of lan-
guage steering. First, we measured whether the model
outputs the desired target language, which we call lan-
guage accuracy. For this, we measured the proportion of
generations in the desired target language. To calculate
this, we classified the language of the generated text using
the language identification classifier FastText [12], using a
threshold of 0.5.

In addition to the language accuracy, we calculate task
specific metrics for each task, which we describe in Sec-
tions 4.3 and 4.4.

4.3 Language steering for translation

Following our setup from previous work [9], we em-
ployed the FLORES-200 dataset [10] to create a controlled
translation task, and generated 100 samples per language.
In this task, we ask the model to translate an English sen-
tence, but we do not specify the target language. For this,
we used a prompt of the following format:

Translate an English sentence into a target

language. English: {source_text}. Target

Language:

In addition to measuring the language accuracy, we cal-
culated the BLEU score [13]. Specifically, we calculated
BLEU between each generated text and the corresponding
ground-truth text.

The layer-wise performance of our method is shown in
Figure 1. As a baseline, we simply prompt the model to
translate the text into the target language. The results for
the baseline and steering are shown in Table 1.

4.4 Language steering in the MLQA task

To evaluate the effect of language steering on down-
stream task performance, we conducted an experiment us-
ing a multilingual question-answering benchmark. We fo-
cused on whether language steering can enforce a target
output language while preserving answer correctness.

We used the MLQA benchmark dataset [14], which con-
sists of parallel question-answering data across multiple
languages. This allowed us to construct evaluation settings
where the context and question are provided in English,
while the model is required to generate an answer in a
target language. Due to language availability in MLQA,
we selected German, Spanish, and Chinese as target lan-
guages. For each language, we constructed a dataset of
100 context–question–answer triplets, where each triplet
contains an English context and question, as well as a cor-
responding answer in both English and the target language.
The question-answer pairs were not parallel across our tar-
get languages.

We compared the following three approaches:

• Prompting: An explicit instruction is added to the
prompt to answer in the target language.

• Steering: A language-specific steering vector is in-
jected into the model’s residual stream, as described
in Section 3.2.

• Prompting + Steering: Both methods are applied
simultaneously.

For the prompting-based approach, we used the follow-
ing prompt format:

Context: {context} Question: {question}

Answer (Note: Answer this question in

{target language}!):

As described in Section 4.2, we evaluated the ratio of the
model answering in the correct target language. In addi-
tion, we measured the answer correctness to measure LLM
performance under the influence of steering and prompt-
ing. To determine correctness, we used an LLM-as-a-
judge approach [15], using GPT-4 [16] accessed through
the OpenAI API. In our LLM-as-a-judge framework, the
judge LLM provided a binary (correct/incorrect) judgment
for each generated answer, based on the context, question,
given answer, and correct answer.

For a fine-grained analysis, we report:
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Table 2 Performance on the MLQA-based task. Model: Llama 3.1 8B.
Language Method In Target Lang. (%) Overall Accuracy Filtered Accuracy

German Steered 38% 0.27 0.71
Prompted 36% 0.27 0.75
Steer+Prompt 84% 0.60 0.71

Spanish Steered 80% 0.44 0.55
Prompted 29% 0.18 0.62
Steer+Prompt 95% 0.64 0.67

Chinese Steered 82% 0.46 0.58
Prompted 20% 0.13 0.65
Steer+Prompt 96% 0.55 0.57

• Overall accuracy: The proportion of correct answers
across all generated outputs.

• Filtered accuracy: The proportion of correct an-
swers among only those responses generated in the
correct target language.

We conducted this experiment with Llama 3.1 8B, using
the three best performing features for each language from
the translation task described in Section 4.3, and selected
the best performing feature in our results.

Table 2 summarizes the results, reporting the rate of
correct target-language generation, overall accuracy, and
filtered accuracy. Differences in output quality between
methods are reflected primarily in filtered accuracy. Over-
all, language steering was more effective than prompting
alone at enforcing the target language while maintaining
comparable task performance. Combining prompting and
steering achieves the strongest results, yielding both high
language control and stable answer accuracy. Sample gen-
erations can be seen in Table 3 in the appendix.

5 Discussion
Comparing and combining language steering with

prompting We first compare language steering with
prompting on the translation task. As shown in Table 1,
prompting outperformed steering. Language accuracy
neared 100% on the top features, while BLEU values
lagged behind the baseline with prompting. Layer-wise
translation results are seen in Figure 1.

On our MLQA task, language steering achieved better
results than prompting, as shown in Table 2. We attribute
the weaker performance of prompting in this setting to the
increased difficulty of the task. The comparatively small
Llama 3.1 8B model had to handle long prompts while
performing the task of switching output language mid-
task, since in our task setting, the context and question

were given in English, and the answer was to be given in
the target language. In such complex cases, SAE feature-
based steering appears to help keeping the model on track
throughout a task, providing a more stable mechanism for
controlling the output language.

Another finding is that combining language steering with
prompting is a useful method. This combined approach
achieves the highest performance in terms of both task ac-
curacy and language correctness. We hypothesize that this
may be because the steering vector, when used alongside
prompting, helps to amplify the model’s alignment with
the prompt, rather than initiating the language switch on
its own.

Steering improvements and future work Future
work can further address the limitations observed in this
study and explore extensions of our steering approach. One
promising direction is to apply methods such as those pro-
posed by Chalnev et al. [8] to probe language-specific fea-
tures in greater detail and better understand their causal ef-
fects. In addition, improvements to the steering mechanism
itself may be possible. For example, instead of relying on
a single feature, averaging over multiple language-specific
features may yield better results.

6 Conclusion
In this work, we demonstrated the effects of SAE feature-

based language steering on task performance and output
quality. We find that combining prompting with language
steering leads to more reliable control over the output lan-
guage, while mitigating some of the negative effects of
steering on output quality and coherence. We hope that this
study encourages further research into language-specific
SAE features. A deeper understanding of such features
may provide valuable insights into how multilinguality is
represented and controlled within large language models.
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Figure 1 Conditional generation performance for Llama 3.1 8B. Left: Language accuracy by layer. Right: BLEU by layer.

Table 3 Representative generation examples of the MLQA task. Outputs truncated after 100 chars.
Lang. Question Gold Answer Given Answer (truncated)

ZH What must be ratified if a country wishes
to join the WTO?

TRIPS 如果一个国家想加入WTO,必批准的条是 TRIPS。
Question: What is the WTO的英文写?
Answer (Note: Answer个,不要用中文!):WTO

ES Who analyzed the biopsies? bioquímicos de la Uni-
versidad de Rutgers

Los bioquímicos de la Universidad de Rutgers.
Answer: Los bioquímicos de la Universidad de Rut-
gers

DE What thing composes the line? Zellen Die Linie besteht aus einer Zelle.
Question: What is the line?
Answer (Note: Answer this questi
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