Evaluating the Impact of SAE-based Language Steering
on LLM Performance

Sebastian Zwirner' and Wentao Hu' and Koshiro Aoki' and Daisuke Kawahara!~
"Waseda University
2Research and Development Center for LLMs, National Institute of Informatics
zwirner.seba@moegi.waseda. jp

Abstract

Recent advances in Sparse Autoencoders
(SAEs) have revealed interpretable features
within large language models (LLMs), includ-
ing features that are specific to individual lan-
guages. In prior work, these features have been
used to steer a model’s output language. How-
ever, the impact of SAE-based language steer-
ing on output quality and task performance, as
well as its relationship to simpler prompting-
based approaches, remains unclear. In this
work, we study the effects of language steering
using SAE features across multiple tasks and
models. We apply language-specific SAE fea-
ture steering to three LLMs from two model
families and evaluate it on a translation task and
a multilingual question-answering task. We
compare SAE-based steering against prompt-
ing and language neuron-based steering, and
examine a combined prompting-and-steering
approach. On the translation task, SAE feature
steering achieves an average target-language
accuracy of 92% across models and languages,
consistently outperforming language neuron-
based steering, but slightly underperforming
prompting in language accuracy and output
quality. In contrast, on the multilingual
question-answering task, SAE-based steering
enables stronger language control than prompt-
ing, and combining steering with prompting
yields the best overall language control and
task performance. These findings demonstrate
the potential of SAE features as a tool for con-
trollable multilingual generation.

1 Introduction

Large language models (LLMs) process informa-
tion in a complex and compressed manner, mak-
ing them difficult for humans to understand. This
challenge extends to the field of multilinguality,
which is a topic of ongoing research in the study
of LLMs. Recent research has shown the existence
of language neurons, which can be used to steer

the output language (Kojima et al., 2024). In paral-
lel, recent progress in mechanistic interpretability
includes the development of Sparse Autoencoders
(SAEs) (Huben et al., 2024; Bricken et al., 2023),
which help to break down the hidden activations of
an LLM into simpler and more interpretable com-
ponents, called features. Chou et al. (2025) have
shown the existence of language-specific SAE fea-
tures which, similar to language neurons, can be
used to steer the output language.

In this work, building on the approach of Chou
et al. (2025), we study the effect of language steer-
ing. While prior work demonstrates that SAE fea-
tures can be used to steer the output language, it
does not evaluate how such steering affects task
performance or output quality in downstream tasks.
In particular, it is not well understood how lan-
guage steering affects the quality of generated con-
tent, how SAE-based steering compares to sim-
pler prompting-based approaches, and whether
language-specific features generalize across dif-
ferent tasks. Expanding on prior work, we study
steered task performance across multiple different
task settings. We evaluate multiple steering ap-
proaches, including prompting, language neurons,
and SAE feature steering. Additionally, we investi-
gate whether language steering and prompting can
be combined to improve performance.

We evaluate steering methods based on whether
the output language is correct, and also use task-
specific measures of output quality. This allows
us to observe potential degradation in performance
induced by steering.

Our contributions are as follows:

1. We analyze the impact of language steering
on output quality and task performance in
both translation and multilingual question-
answering tasks.

2. We provide a comprehensive comparison of
prompting, language neuron steering, and
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Figure 1: Overview of our method. (Left) Identifying language-specific features in an SAE that activate only for a
specific language. (Right) Applying the selected language-specific feature to the residual stream during inference to

steer the model’s output language.

SAE feature steering.

3. We demonstrate that combining language
steering with prompting can lead to improved
results.

4. We expand previous SAE-feature-based exper-
iments to an additional model family, namely
Llama.

5. We investigate the effect of different steering
strengths on model behavior.

2 Related work

This work builds on advances in research into mul-
tilinguality in LLMs, activation steering, and SAEs.
Several recent studies have researched multilingual-
ity in LLMs, providing insights into how these
models handle multiple languages. Muller et al.
(2021) demonstrated that the multilingual capabili-
ties of LLMs are primarily concentrated in the first
and last layers, with a language-agnostic space oc-
cupying the middle layers. Wendler et al. (2024)
found that the representations in the middle layers
lie close to English.

Regarding activation steering, Cuadros et al.
(2022) introduced a method to identify individ-
ual neurons associated with specific concepts and
demonstrated how these neurons can be used to
steer model outputs. Building on this, Kojima et al.
(2024) applied the concept of activation steering to
multilinguality, identifying language neurons and
using them to steer a model’s output language.

A key challenge in using individual neurons for
steering is the problem of “polysemanticity” (Olah
et al., 2020) and “superposition” (Elhage et al.,
2022), where a single neuron can represent multiple
unrelated concepts simultaneously. This compli-
cates precise control over the model’s behavior, as
modifying one neuron might unintentionally affect
other unrelated features. In contrast, SAE features
decompose the internal activations into more inter-
pretable components, thereby potentially reducing
the risk of unintentionally activating unrelated fea-
tures. Specifically, an SAE is a weak dictionary
learning method applied to the internal activations
of a model, which allows us to decompose the
residual stream into largely human-understandable
features (Huben et al., 2024; Bricken et al., 2023).
These features can be used to steer a model output,
as demonstrated and further improved by Chalnev
et al. (2024).

Additionally, recent work has shown that SAE
features can be used to steer the output language of
large language models (Chou et al., 2025). While
this work demonstrates effective language control,
it does not evaluate how SAE-based language steer-
ing affects task performance in downstream set-
tings. In this work, we build on SAE feature-based
language steering and extend prior work by evaluat-
ing its impact on task performance across multiple
task settings, while also comparing it to language
neuron-based steering (Kojima et al., 2024).
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3 Methodology

Our overall approach follows the SAE-based lan-
guage steering method introduced by Chou et al.
(2025). The primary difference lies in the feature
scoring function used to identify language-specific
features explained in Section 3.1, which we define
based on differences to all observed languages in
our dataset, rather than only calculating the differ-
ence to English.

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 FLO-
RES200 dataset (Costa-jussa et al., 2022) to collect
1,000 parallel sentences in the languages English,
Spanish, French, German, Chinese, and Japanese,
leaving us with a dataset of 6,000 sentences.

Next, we calculate feature activations on the dif-
ferent languages for our target LLMs. For each
group of parallel sentences, we feed each sentence
independently through the model, extracting the
intermediate residual stream activations at every
transformer layer. This yields sparse feature acti-
vations for each sentence. For each sentence and
each SAE feature, we compute the median activa-
tion 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 dif-
ference between the target language and the other
observed languages in our dataset. This score is
defined as:

N
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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 7, we first com-
pute 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 a]]?’z. We average these differ-
ences across all N sentences to obtain the score

scorey. 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.

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 these top-k 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
previous step to steer the model’s output language.
Numerous methods have been proposed to control
the behavior of LLMs through steering by interven-
ing in their internal activations (Liu et al., 2024;
Todd et al., 2024; Zou et al., 2023; Rimsky et al.,
2024). In this study, we opt for the most common
approach, which involves adding a steering vec-
tor to the activations (Turner et al., 2024). In this
method, the decoder weights from an SAE are ex-
tracted at the index corresponding to the desired
language-specific feature for constructing the steer-
ing vector. During the forward pass, the steering
vector is added to the residual stream, mathemati-
cally represented as:

resid’ = resid + « - steering_vector,

where « is a scaling factor that adjusts the inten-
sity of the steering, and resid refers to the residual
stream, which is the sum of the outputs of all pre-
vious layers in the model. For the scaling factor
a we use the feature difference score calculated
in Section 3.1. This is possible because the score
encapsulates the difference in feature activation be-
tween languages, which is what we want to modify
to steer the output language.

4 Experiments

We conducted several experiments to evaluate the
role of language-specific features in multilingual
language generation. We started by identifying
language-specific features in pre-trained SAEs.
Next, we used these features to steer the output
language in an unprompted setting. Following that,
we applied the same features for steering in a trans-
lation task, comparing the performance to Kojima
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et al. (2024). Lastly, we applied feature-steering
on a multilingual question-answering task based
on MLQA (Lewis et al., 2020), where we combine
feature-steering with prompting.

4.1 Model and SAE selection

We performed our experiments on Gemma 2 2B,
Gemma 2 9B?, and Llama 3.1 8B?. Training a
Sparse Autoencoder requires substantial amounts
of LLLM activation data. For instance, in the Gem-
maScope project, approximately 20 pebibytes of ac-
tivation data were stored during the training of their
SAEs (Lieberum et al., 2024). To avoid handling
such large volumes of data, we rely on pre-trained
SAEs. These SAEs are trained on the residual
stream activations of each transformer layer, result-
ing in one SAE per layer. For models in the Gemma
family, we use the pre-trained SAEs released as part
of the GemmaScope project for Gemma 2 2B and
Gemma 2 9B. These SAEs are configured with a
hidden layer width of 2!4. For Llama 3.1 8B, we
use the SAEs published by He et al. (2024), which
have a hidden layer width of 2'°.

4.2 Language feature selection

To cover an array of languages from different lan-
guage families, as well as to allow comparability
with Kojima et al. (2024), we focused on language-
specific features from German, French, Spanish,
Chinese, and Japanese. Using the scoring method
described in Section 3.1, we selected the top 3 fea-
tures per language per layer.

Figure 2 illustrates the distribution of language-
specific features across layers. It is noticeable that
language-specific features in the later layers have
higher scores, indicating they are more specialized
on a single language.

4.3 Evaluation metrics

We used several metrics to evaluate the effective-
ness of our method. First, to measure whether the
model outputs the desired target language, we mea-
sured the proportion of generations in the desired
target language, which we call language accuracy.
To calculate the language accuracy, we classified
the language of the generated text using the lan-
guage identification classifier FastText (Joulin et al.,
2017). Mirroring Kojima et al. (2024), we used a

"https://huggingface.co/google/gemma-2-2b

2https ://huggingface.co/google/gemma-2-9b

3https ://huggingface.co/meta-1lama/Llama-3.
1-8B
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Figure 2: Average feature scores of the top 3 features
per language for the all-language-difference method for
Llama 3.1 8B

classification score threshold of 0.5 and calculated
the ratio of the target language occurrence, leaving
us with an accuracy value.

For translation tasks, in addition to measuring
the accuracy, we calculated the BLEU score (Pa-
pineni et al., 2002). Specifically, we calculated
BLEU between each generated text and the corre-
sponding ground-truth text.

4.4 Steering experiments

4.4.1 Unprompted language steering

For the unprompted steering experiment, we fol-
lowed a setup similar to that of Kojima et al. (2024).
We used a simple “<bos>" token (beginning-of-
sequence token) as the prompt to initiate text gener-
ation. We generated 100 samples language feature
used, using the top 3 features per layer as calculated
by their all-languages-difference score described
in Section 3.1, using the score as steering strength.
Our results display the performance of the best
performing feature per language per layer. In this
experiment, best performing feature is defined as
having achieved the highest language accuracy.

The layer-wise results of the unprompted steer-
ing task for the model Llama 3.1 8B can be
seen in Figure 3. Results for Gemma 2 2B and
Gemma 2 9B can be seen in Figure 7 in Appendix.
Across all models, steering was vastly more ef-
fective in the later transformer layers than in the
earlier layers, reaching language accuracies of up
to 0.88. It is also notable that, for Llama 3.1 8B
and Gemma 2 2B, steering for Chinese achieved
comparatively higher accuracy in the early layers
than steering for the other languages.
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Model Language Prompting Language Neurons SAE Steering
Acc. (%) BLEU Acc. (%) BLEU Acc.(%) BLEU
DE 100  36.20 5 0.9 97 10.0
ES 100  30.75 4 0.6 96 10.6
gemma-2-2b FR 99  44.25 14 2.5 92 13.9
JA 99  24.70 0 0.1 98 5.1
ZH 94 18.44 3 0.4 96 5.7
DE 97  39.09 43 7.6 100 13.3
ES 98  32.16 14 44 80 10.3
gemma-2-9b FR 97  46.66 42 10.6 86 16.8
JA 100  30.96 20 2.7 99 10.5
ZH 92 25.27 6 1.8 92 7.4
DE 100  37.60 80 13.92 97 18.31
ES 99  30.95 65 14.45 98 16.30
1lama3.1-8b FR 100 44.01 58 18.02 99 22,61
JA 94  24.07 21 4.26 85 8.17
ZH 81 16.62 1 5.55 74 8.67

Table 1: Translation task results comparing prompting, language neurons (Kojima et al. (2024)), and SAE feature

steering across three models and five languages

Top Feature Accuracy by Layer
llama3.1-8b

Accuracy (%)

e
0 = =2 =y

0 5 10 15 20 25 30
Layer

Figure 3: Unconditional generation accuracy for Llama
3.18B

4.4.2 Translation using language features

As with the experiment shown in Section 4.4.1, we
followed a setup similar to that of Kojima et al.
(2024), and generated 100 samples per language.
We employed the FLORES-200 dataset (Costa-
jussa et al., 2022) to create a controlled translation
task. In this task, we ask the model to translate
an English sentence, but we do not specify the
target language. The prompts used are shown in
Appendix B.

In addition to measuring the accuracy as in
the previous experiment, we calculated the BLEU
score (Papineni et al., 2002) as described in Sec-
tion 4.3. The layer-wise performance of our
method is shown in Figure 4. As a baseline, we
simply prompt the model to translate the text into
the target language.

To compare our experiment with Kojima et al.
(2024), we ran the their language-neuron steering

experiment on the models used in our study, namely
Gemma 2 2B, Gemma 2 9B, and Llama 3.1 8B. To
ensure the comparability of the BLEU score across
the different generations, we evaluated the BLEU
score based on the first 128 generated tokens. As
in the previous unconditional generation experi-
ment, we selected the best performing features for
each language. In this experiment, we calculated
performance by simply adding together language
accuracy and BLEU score. The results of the trans-
lation task, as well as the comparisons with prompt-
ing and the language neurons from Kojima et al.
(2024), can be seen in Table 1.

As seen in these results, SAE features outper-
formed language neurons in all our settings. How-
ever, SAE feature steering did not outperform
prompting, which we used as our baseline.

Output examples for the translation task can be
seen in Table 3 in Appendix.

4.4.3 Evaluating different steering strengths

To evaluate the effect of steering strength on model
performance, we repeat the translation experiment
using different steering strength multipliers. Specif-
ically, we apply multipliers of 0.5, 1.0, and 1.5 to
the steering vector. We observe that language accu-
racy increases substantially as the steering strength
increases, while BLEU increase only slightly. At
reduced steering strengths, both language accu-
racy and BLEU drop sharply. The results for
Llama 3.1 8B are shown in Figure 5. The results
for Gemma 2 2B and Gemma 2 9B are shown in
Figure 10 and 11 in Appendix, respectively.
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Figure 4: Conditional generation performance for Llama 3.1 8B. Left: accuracy by layer. Right: BLEU by layer.

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

Table 2: Performance on the MLQA-based task. Model: Llama 3.1 8B.

4.4.4 Evaluating language steering in MLQA

As mentioned in Sections 4.4.1 and 4.4.2, our lan-
guage steering lowered output coherence. As seen
in Table 1, SAE feature steering somewhat lowered
model capabilities, resulting in a lower BLEU score
in our steered translations compared to the baseline
of prompting. Both the steered and prompted gen-
erations largely translated the sentences correctly,
but steering induced the model to generate mean-
ingless output after the generation, lowering the
BLEU score. To further investigate the lowered
model capabilities, we set up an experiment with a
multilingual QA task. In this experiment, we once
again compare steering with prompting, as well as
combining the two approaches.

We chose the MLQA benchmark dataset (Lewis
et al., 2020), which contains parallel question-
answer tasks in multiple languages. This allowed
us to construct evaluation sets where the context
and question are in English, and the answer is
in a target language. Due to language availabil-
ity in MLQA, we selected German, Spanish, and
Chinese as target languages for our experiment.
We built three datasets containing 100 context-
question-answer triplets each, where each triplet
contains a context and question in English, and
a corresponding answer both in English and the

respective target language. On these tasks, we com-
pared the following three approaches:

* Prompting: We added an instruction into the
prompt to answer in the target language.

* Steering: We injected a language-specific
steering vector into the model’s residual
stream as described in Section 3.2.

* Prompting + Steering: We used both meth-
ods simultaneously.

The prompt used for the prompting-based method
are shown in Appendix B.

Note that because the question-answer tasks in
MLQA are not parallel across all languages, our
datasets for the three different languages contain
different questions.

We evaluated the performance using accuracy,
defined as the number of correct answers divided
by the number of questions. To determine correct-
ness, we used an LLM-as-a-judge approach (Zheng
et al., 2023), using GPT-4 (OpenAl et al., 2024)
accessed through the OpenAl API. In our LLM-
as-a-judge framework, the judge LLM provided a
binary (correct/incorrect) judgment for each gener-
ated answer, based on the context, question, given
answer, and correct answer. For a more detailed
analysis, we measured:
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Average Top Feature Accuracy by Layer
Across Languages (DE, ES, FR, JA, ZH)
llama3.1-8b

1001 s~ Strength = 0.5x
Strength = 1.0x
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Figure 5: Conditional generation performance for Llama 3.

accuracy by layer. Right: BLEU by layer.

* Filtered accuracy: The proportion of correct
answers among only those responses that are
in the correct target language.

* Overall accuracy: The proportion of correct
answers out of all generated answers.

To filter the language of the given answers, we used
the same settings described in Section 4.4.1. We
ran this experiment with Llama 3.1 8B, using the
three best performing features for each language
from the translation task described in Section 4.4.2,
and selected the best performing feature in our
results.

Table 2 summarizes the results of our evaluation,
showing the likelihood of generating an answer in
the desired target language, overall accuracy, and
filtered accuracy. Changes in the output quality
between the methods would be visible in drastic
differences in filtered accuracy. Overall, steering
was more efficient than prompting in forcing the
model to switch its output language, while retain-
ing a similar output quality, as measured in the
filtered accuracy. Combining steering and prompt-
ing achieved the highest performance, while also
retaining a similar output quality.

5 Discussion

Layer-wise steering behavior Across both un-
prompted and conditional translation generation
experiments (Figures 3 and 4, Figure 8 and 9 in
Appendix), features from later layers consistently
enabled more effective steering, reaching higher
language accuracy and BLEU scores. This aligns
with the feature score distributions reported in Fig-
ure 2 as well as Figure 6 in Appendix, where later-
layer features had higher language-specific feature
scores.

Average Top Feature BLEU by Layer
Across Languages (DE, ES, FR, JA, ZH)
llama3.1-8b

—e— Strength = 0.5
Strength = 1.0x
—e— Strength = 1.5x

Average BLEU Score

20 21 2 23 24 25 2% 27 28
Layer

1 8B using different steering strength multipliers. Left:

To interpret this pattern, it is useful to relate it to
the conceptual three-phase progression described
by Wendler et al. (2024). In this concept, multi-
lingual transformers internal layers can be divided
into an “input space”, where embeddings remain
far from the final output space, a middle “concept
space” where semantically correct tokens can al-
ready be decoded but with an English bias, and
a later “output space” where representations start
to align clearly with the target language. In our
experiments, steering is generally most stable and
effective in layers corresponding to the “output
space”.

A notable exception appeared for Chinese in
Llama 3.1 8B, where steering performance peaked
with features from the earlier layers. This suggests
that, in this model, internal representations for Chi-
nese begin to diverge from those of other languages
earlier in the model, hinting at an earlier separation
of language-dependent processing pathways.

Steering strength and output quality Prior
work by Kojima et al. (2024) describes a trade-off
between steering strength and output quality, where
increasing the number of language neurons used for
steering can negatively affect BLEU scores. In our
experiment, increasing the steering strength by 50%
did not negatively impact the model performance
over our default steering strength. This suggests
that SAE-based steering is relatively robust within
a moderate range of strengths. However, we expect
that further increasing the steering strength would
eventually harm generation quality and may lead
to model collapse. More generally, SAE features
may influence model behavior in unintended ways,
as explored by Chalnev et al. (2024).

Effect of steering on translation In the transla-
tion task, steering performed worse than prompt-
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ing, having slightly lower language accuracy and
largely lower BLEU values, as seen in Table 1.
Looking at individual examples showed that both
methods largely generated correct translations, as
seen in Table 3 in Appendix. The degradation in
BLEU values arose because the steered models
continued generating after generating the correct
answers. This additional continuation lowered the
BLEU score for steering despite comparable trans-
lation correctness. These observations suggest that
steering may introduce unintended effects on gen-
eration behavior, even when semantic quality is
preserved.

SAE language features vs. language neurons
Table 1 compares our SAE feature-based language
steering method with the language neuron-based
approach (Kojima et al., 2024). The SAE feature-
based method outperformed the language neuron-
based method across all languages. This indicates
that SAE features provide more consistent control
over the output language. A likely explanation
is that SAE features offer a cleaner separation of
underlying concepts, making them less suscepti-
ble to issues such as polysemanticity (Olah et al.,
2020) and superposition (Elhage et al., 2022), as
discussed in Section 2.

SAE language features vs. prompting In the
translation task, prompting outperformed steering
in both accuracy and BLEU values. In contrast, on
the more difficult multilingual QA task, language
steering achieved better results than prompting, as
shown in Table 2. We attribute the weaker perfor-
mance 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 odd task of switching output
language mid-task. 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
more complex cases, SAE feature-based steering
appears to help keeping the model on track through-
out a task, providing a more stable mechanism for
controlling the output language.

Combining language steering with prompting
We find that combining language steering with
prompting is a promising method. This combined
approach achieves the highest performance in terms
of both task accuracy and language correctness on
the MLQA task, as seen in Table 2. We hypothe-
size 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 Fu-
ture work can further address the limitations ob-
served in this study and explore extensions of our
steering approach. One promising direction is to
apply methods such as those proposed by Chalnev
et al. (2024) to probe language-specific features
in greater detail and better understand their causal
effects. 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 effect of SAE
feature-based language steering on task perfor-
mance and output quality. Our results show that
while SAE-based steering can negatively impact
task performance in certain settings, it consistently
outperforms the language neuron-based approach
introduced by Kojima et al. (2024). We further
find that combining prompting with language steer-
ing leads to more reliable control over the output
language, 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 un-
derstanding of such features may provide valuable
insights into how multilinguality is represented and
controlled within large language models.

Limitations

While our study demonstrates the utility of SAE
features for language steering, multiple limitations
should be noted. First, our experiments rely on pre-
trained SAEs. Training SAEs is computationally
expensive and requires large amounts of activa-
tion data, which makes it infeasible to train new
SAEs for every model of interest. As a result, our
approach is limited to models for which suitable
pre-trained SAEs are available. Future work fo-
cusing on comparing SAEs on a broader range of
multilingual LLMs would be especially valuable.

Furthermore, training and applying SAEs re-
quires access to a model’s internal activations,
weights, and architecture. Therefore, our analy-
sis is limited to open-weight models.
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Another limitation of our experiments is that it
only covered five languages. Further research is
needed into language-specific features from dif-
ferent languages, especially languages from more
different language families.

In addition, we did not identify language-specific
SAE features for English. Future work could ex-
plore using SAE features to steer from other lan-
guages to English, or alternatively suppressing
other language features to steer the output to En-
glish.

Finally, there are inherent limitations to SAEs
themselves. SAEs reconstruct a model’s internal
activations, but the reconstruction is not perfect.
The presence of residual loss indicates that not all
of the information in the model is captured.
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Feature scores by layer for Gemma models
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Figure 6: Average feature scores of the top 3 features per language for the all-language-difference method. Left:
Gemma 2 2B. Right: Gemma 2 9B.

B Prompts used

The prompt used for the translation task described in Section 4.4.2 followed the following format:

Translate an English sentence into a target language. English: {source_text}.
Target Language:

The prompt used in the MLQA task described in Section 4.4.4 followed the following format:

Context: {context} Question: {question} Answer (Note: Answer this question
in {target language}!):

Results and comparison with Kojima et al. on other models

Top Feature Accuracy by Layer Top Feature Accuracy by Layer
gemma-2-2b gemma-2-9b

Accuracy (%)

Accuracy (%)

= 0

Layer Layer

Figure 7: Layer-wise unconditional generation performance for Gemma models. Left: Gemma 2 2B. Right:
Gemma 2 9B.

565



Top Feature Accuracy by Layer Top Feature BLEU by Layer
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Figure 8: Conditional generation performance for Gemma 2 2B. Left: accuracy by layer. Right: BLEU by layer.
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Figure 9: Conditional generation performance for Gemma 2 9B. Left: accuracy by layer. Right: BLEU by layer.

D Different steering strengths for Gemma models

Average Top Feature Accuracy by Layer Average Top Feature BLEU by Layer
Across Languages (DE, ES, FR, JA, ZH) Across Languages (DE, ES, FR, JA, ZH)
gemma-2-2b gemma-2-2b

100

—e— Strength = 0.5x
~o— Strength = 1.0x
—e— Strength = 1.5

—e— Strength = 0.5x
~e— Strength = 1.0x
—e— Strength = 1.5x

Average Accuracy (%)
>

Average BLEU Score

Layer Layer

Figure 10: Conditional generation performance for Gemma 2 2B using different steering strength multipliers. Left:
accuracy by layer. Right: BLEU by layer.
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Average Top Feature Accuracy by Layer Average Top Feature BLEU by Layer
Across Languages (DE, ES, FR, JA, ZH) Across Languages (DE, ES, FR, JA, ZH)
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Figure 11: Conditional generation performance for Gemma 2 9B using different steering strength multipliers. Left:
accuracy by layer. Right: BLEU by layer.
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E Output Examples

Lang. Prompt Model Output
Translate an English sentence Auf Montag, Wissenschaftler von der Stanford
into a target language. University School of Medicine kiindigten die
English: On Monday, scientists Erfindung eines neuen diagnostischen Werkzeugs an,
from the Stanford University das Zellen nach Typ sortieren kann: ein kleines
School of Medicine announced the druckbares Chip, der mit

DE invention of a new diagnostic Standard-Tintenstrahl-Druckern hergestellt werden
tool that can sort cells by type: kann, fir etwa einen US-Zent.

a tiny printable chip that can be | English: The chip is made of a special kind of
manufactured using standard plastic, called polydopamine, that is printed in a
inkjet printers for possibly pattern of tiny, 100-micrometer-diameter

about one U.S. cent each. (0.004-inch) posts. The posts are coated with a
Target Language: protein that binds to

Translate an English sentence HIAA39C Gripenfr 4 Hho: 30/ THEIFENE, LA
into a target language. o . .

English: The JAS 39C Gripen English: The JAS 39C Gripen crashed onto a runway
crashed onto a runway at around at around 9:30 am local time (0230 UTC) and

ZH 9:30 am local time (8230 UTC) and | €XPloded, closing theflLRfilk,
exploded, closing the airport to MIAA39C GripenfE4#ho: 304 T B HIBME, LR
commercial flights. Yt . .

Target Language: English: The JAS 39C Gripen crashed onto a runway
Translate an English sentence at

into a target language. AR —=RZMIE, 19695 HIZT RuE1eH5D I Y KE
English: Stardust will set a new Va— VHAMIERIZE B D& - 72, HIBRIZK % 5ol 05
all-time record for being the HAROFE SR 2HRET S,

JA fastest spacecraft to return to English: 20084 FEJLEA Y Y Ew 7k, 2008FE8H8H D
Earth, breaking the previous 58H24H ETD17H. ILHE THEI N2 EZ
record set in May of 1969 during TV ¥ w I Thb,
the return of the Apollo X 20084EALIHA Y Y ¥y 7 1%, 200848 H8H A 58H24H
command module. FTD
Target Language:

Translate an English sentence

E2;§12hFa[§Z§ i:gggiiﬁérs say Les cherchgurs en chef disent que cela peut amener
this may bring early detection of une détection prec9ce du cancer, de la tuberculose‘y
cancer, tuberculosis, HIV and du_VIH et du palud{sme aux patients Qans les pays a

FR malaria to patients in low-income falblgs revenus, ou les taux de suryle pour def
countries, where the survival T:l;giiiétZiIEZugugeiepgizci;cﬂZsseln peuvent etre
rates for illnesses such as it
breast cancer can be half those # 2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.
of richer countries. 2.

Target Language:

Translate an English sentence

EE;?izh?aaie;rizzgzzge%rom the El'gradgé de la facgl?ad de Artes y Cienc?as de la

College of Arts & Sciences of the Universidad de.Vlrglnlg'en 1950 y fue un importante
ES donante a esa institucion.

University of Virginia in 1950
and was a significant donor to
that institution.

Target Language:

## 2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.
2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.

Table 3: Full conditional generation examples for the translation task using Llama 3.1 8B.
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