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Abstract

Multilingual large language models can exhibit
unintended code-switching — unnecessarily al-
ternating between languages during generation.
We present a comparative study of three meth-
ods that identify language-controlling latents in
cross-layer transcoders: activation value-based
selection (ValSel), activation frequency-based
selection (FreqSel), and LLM-generated latent
annotation-based selection (AnnSel). To eval-
uate the efficacy of these methods in identify-
ing language-controlling latents, we introduce
two multilingual benchmarks that exhibit code-
switching for fine-grained analysis of language
steering across seven languages. Through tar-
geted intervention experiments on Gemma-2-2B
and Qwen3-4B, we find that all three meth-
ods effectively manipulate generation language,
with FregSel achieving the strongest over-
all performance, while AnnSel offering in-
terpretable latent selection through explicit
language annotations. A knock-out analysis
suggests the methods select non-overlapping
but each-functional latent subsets, indicat-
ing redundancy rather than a single canoni-
cal language direction. Code and data can
be found at https://github.com/rm-3284/
Latent-Mechanism-Multilingual.

1 Introduction

Large language models have achieved remarkable
multilingual capabilities, but this flexibility comes
with an unintended consequence: code-switching,
where models inappropriately alternate between
languages mid-generation (Marchisio et al., 2024).
This problem motivated explicit language consis-
tency rewards during training of models such as
DeepSeek-R1 (DeepSeek-Al et al., 2025).

Recent mechanistic interpretability work has
identified neurons and latents that causally influ-
ence output language (Tang et al., 2024; Deng et al.,

*The first author was an intern at QCRI at the time this
work was conducted.

Riyadh, Saudi Arabia

mhawasly@hbku.edu.qa

2025), suggesting that targeted interventions could
provide fine-grained language control in genera-
tion. However, to our knowledge, no systematic
comparison exists of language-controlling mech-
anism discovery, and it remains unclear whether
different approaches uncover the same underlying
latents or redundant representations.

We compare three approaches that identify
language-specific latents in cross-layer transcoders
(CLTs) (Ameisen et al., 2025): ValSel, based on
activation value differences (Deng et al., 2025);
FregSel, based on language-specific activation fre-
quency (Andrylie et al., 2025); and AnnSel that
utilizes LLM-generated annotations to find latents
whose descriptions explicitly reference the target
language from an extracted circuit graph. Unlike
prior work on single-layer sparse autoencoders
(SAEs), CLTs provide a unified sparse dictionary
across all layers, enabling holistic analysis of lan-
guage representations in latent space.

The contributions of this work include: a com-
parative study in controlled settings of language-
steering latent selection methods; two controlled
benchmarks; an analysis of intervention mecha-
nism efficacy in 7 languages; and further, we high-
light the potential redundancy of language repre-
sentation in two families of models.

2 Preliminaries

Mechanistic Approaches to Language Control
Prior work has investigated language control at mul-
tiple levels of abstraction. At the neuron level, Tang
et al. (2024) identified language neurons whose se-
lective activation steers output language. At the
representation level, Goncharov et al. (2025) ex-
tracted language directions via PCA, enabling steer-
ing with directional ablation. More recently, sparse
autoencoders (SAEs), which address polyseman-
ticity by learning an overcomplete sparse basis of
monosemantic features (Bricken et al., 2023), have
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been applied to isolate language-controlling fea-
tures through activation magnitude (Deng et al.,
2025) or frequency patterns (Andrylie et al., 2025).

Cross-Layer Transcoders (CLTs) extend SAEs
by replacing MLP blocks across all layers
with a jointly-trained sparse dictionary (Ameisen
et al., 2025), capturing features spanning model
depth. In this paper, we use CLTs trained
for Gemma-2-2B (Lieberum et al., 2024) and
Qwen3-4B (Hanna, 2025).

3 Manipulating Generation Language
through Latent Interventions

We study three language-specific latent selection
methods, and four latent intervention strategies
that steer generation toward a target language.

3.1 Latent Selection Methods

Given a CLT with latent space S and a collection
of languages L, we identify for language [ € L a
subset of latents S! C S that are specifically asso-
ciated with the generation of /. We compare three
selection criteria based on activation magnitude,
activation frequency, and semantic annotation.

3.1.1 Value-Based Selection (ValSel)

Inspired by Deng et al. (2025), this method identi-
fies latents whose activation magnitude is distinc-
tively higher for a target language compared to oth-
ers. For a latent s and a language-specific corpus
D!, we compute the mean activation:

1
pl = o > ag(t) (1)

teD!

where a,(t) denotes the activation of latent s for
token t. The [-monolinguality score of latent s for
language [ is then defined as:

1 A
vl =l — > u )
L —1 JELV1}

We select the top-K latents with the highest -
monolinguality scores for each language [.

3.1.2 Frequency-Based Selection (FreqSel)

Following Andrylie et al. (2025), this method iden-
tifies latents that activate more frequently for a
specific language. We compute the activation prob-
ability for latent s in language [ as:

1

Pl = W\{t € D' : a,(t) > 0} (3)

A latent is considered specific to language [ if: (1)
P! = max;ey, P! and (2) no language I’ # [ sat-
isfies P! > T - P! for a threshold T' € [0, 1]. We
select the language-specific latents that are active
in at least N'% of the examples and at least M % of

the tokens in the corpus of the language /.

3.1.3 Annotation-Based Selection (AnnSel)

We propose an approach that supports interpretabil-
ity by leveraging LLM-generated latent annota-
tions. This method operates in three stages: circuit
tracing, path pruning, and annotation filtering.

For each sentence in D!, we trace the attribution
graph from input tokens to the predicted output
token using Circuit Tracer (Hanna et al., 2025). We
truncate sentences at a midpoint, ensuring the tar-
get token is a valid word in [. We then greedily
prune the graph, retaining only its high-importance
paths from each token embedding to the top pre-
dicted logit based on maximum bottleneck edge
weight. Finally, we extract latents contributing to
the prediction, filtering for those with annotations
explicitly referencing language [ (e.g., containing
“Japanese” or “Japan” for [ =‘ja’) to ensure in-
terpretable, language-related selection. Refer to
Appendix A for more detail.

3.2 Intervention Strategies

For the sets of discovered language-specific latents
{S'}'€L | we apply inference-time interventions to
steer generation from a context language [y toward
a target language /. We evaluate four strategies:

« Target Amplification: Set each latent s € S'
to its mean nonzero activation computed over
D'. This naturally amplifies the signal for the tar-
get language [ while avoiding out-of-distribution
effects, without affecting other languages.

* Distractor Zero Ablation: Suppress compet-
ing signals from other languages by zeroing all
latents associated with the distractor [y, or the
latents of all non-target languages | en\{1} SV,

* Distractor Direction Ablation: Ablate the la-
tents of the distractor language S' by direction
ablation, where the context language gets sup-
pressed by removing the projection of the resid-
ual stream activation along a latent’s direction.
We do this either for the single layer with the
most latents (one-layer), or for all layers (multi-
layer).

* Combined Interventions: Apply distractor ab-
lation and target amplification simultaneously,
boosting the signal of the target language while
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Context Target
Antonyms The opposite of “[adj]” is “ [antonym]
ex (en, fir) The opposite of “grand” is “ petit
ex2 (de, ja) Das Gegenteil von ‘K& (\"ist INE N
Enumerations The [enum] are: [item 1], [item 2], [item 3], [item 4], ...
ex3 (en, es) The four seasons are: el verano, el otoiio, el invierno, la primavera
ex4 (fr, zh) Les jours de la semaine sont: 2XiH, £Effi—, 28—, Ef= EfN, ...

Table 1: Data format and examples of the two evaluation datasets. The sentence frame (in sans-serif) is in the
context language [y, while the target language [ is in bold. The examples show context/target languages (lg, [).

suppressing that of the context language. We
test distractor zero ablation + target amplification
(Zero+Amp), and distractor one-layer direction
ablation + target amplification (1L+Amp).

4 Experiments

All the experiments are conducted on the
transcoders of Gemma-2-2B-pt! from Gemma-
scope (Lieberum et al., 2024) and Qwen3-4b2.

For ValSel, we use K = 50 (to parallel the 2
latents per layer choice in Deng et al. (2025) for
the 26 layers of Gemma-2-2B). For FreqSel, we
set 7' = 0.8, N = 98, and M = 10, following
Andrylie et al. (2025). For AnnSel, we utilize the
Circuit Tracer tool (Hanna et al., 2025) and Neu-
ronpedia annotations?.

To extract the latent sets, we use FLO-
RES+ (NLLB Team et al., 2024) in seven lan-
guages: English (en), French (fr), German (de),
Spanish (es), Chinese (zh), Korean (ko), and
Japanese (ja). We apply the three selection methods
separately to both CLTs and each language subset.
We report in the Appendix (Table 6) the count of
latents extracted per method and language. We also
report the computational cost of each method in Ap-
pendix E and hyperparameter sensitivity analysis
in Appendix F.

4.1 Datasets

We introduce Antonyms and Enumerations, two
novel evaluation datasets for language-steering in-
terventions.* The Antonyms task requires produc-
ing a target antonym in language [ given a context
in language [y, creating a controlled code-switching
scenario. Enumerations tests open-ended gener-
ation by requiring the continuation of a list in the
target language. Table 1 displays the data formats
and examples.

"https://hf.co/mwhanna/gemma-scope-transcoders

“https://hf.co/mwhanna/qwen3-4b-transcoders

3https://www.neuronpedia.org

“Refer to Appendix K and L for the complete list. The
datesets can also be accessed from the project’s repository.

Dataset construction. We collect 100 antonym
pairs per language for the seven languages (en, fr,
de, es, zh, ja, ko) for Antonyms and 7 ordered cate-
gories for Enumerations. The complete lists of ad-
jectives and words are provided in Appendix K and
L respectively. For each of the 7 x 6 = 42 ordered
pairs of context and target languages (lo, ) where
lo # 1, we generate a test example per antonym
pair and per enumeration category.

Evaluation protocol. Given a context, we evalu-
ate whether the model prefers the target antonym
or enumeration in language [ over its translations.
We record the target token’s logit for Antonyms
and length-normalized logprob for Enumerations
for each example across all seven languages. A
successful intervention must increase these values
relative to the baseline.

4.2 Findings
4.2.1 Intervention strategy effectiveness

To assess language manipulation efficacy, we in-
tervene on the extracted latents, enforcing a target
language [ in a sentence with context language
lo using Antonyms, where the target is a sin-
gle token. We measure the target token’s fop-1
logit margin, which is the separation of the logit
of the target adjective from its best competitor:
mp = maX;er)\ {1} Gi — Al where a; is the logit
of the target adjective in language [. A more neg-
ative m; value indicates a higher probability for
target language [. We measure the change in my
due to the intervention:

Amy = —(mer

B m?e f ore) )
Hence, a larger positive change indicates a more
effective intervention. = Summary results for
Gemma-2-2B are in Table 2, with detailed results in
the Appendix Tables 19 to 21, as well as results for
Qwen3-4B (Tables 22 to 24).

The most effective intervention is Zero+Amp,
combining zero ablation of distractor language /o
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Distractor (lp) L\ {I} Distractor (Ip) Distractor (Ig) Target (I)  Zero+Amp 1L+Amp
Zero Zero one-layer multi-layer amplification
ablation ablation direction ablation direction ablation
ValSel -8.02 22.39 1.99 13.98 69.57 79.83 69.73
FregSel 2.02 21.39 -2.95 -51.62 90.83 99.07 96.16
AnnSel -0.20 11.90 0.30 64.05 87.00 96.72 89.33

Table 2: Intervention effectiveness per method using Antonyms, computed as the total change in top-1 logit margin
under the intervention (Equation 4) averaged over all target languages (bigger is better) for Gemma-2-2B.

with target language amplification, followed by
1L+Amp, which instead uses single-layer direc-
tional ablation of /. Zero ablation seems to outper-
form the more powerful direction ablation, possi-
bly due to the latent overlap of related languages,
which weakens the target language when direction-
ablating the context language.

4.2.2 Selection method efficacy

We now apply the most effective intervention
(Zero+Amp) to all selection methods and lan-
guages to contrast their performance per target
language. Table 3 shows summary results for
Gemma-2-2B on Antonyms and Enumerations (de-
tailed results in Tables 25 to 27 in the Appendix),
and results for Qwen3-4B are in Table 28.

es en zh de ja fr ko Avg

4 ValSel | 1419 10.16 16.06 13.56 4.63 9.01 12.18 | 11.40
S | FregSel | 895 434 3450 785 865 645 2830 14.15
2 AnnSel | 13.86 4.87 24.52 19.67 11.12 13.54 9.11 | 13.81
ValSel | 1.00 -0.08 1.13 093 154 072 1.87 | 102

FregSel | 2.08 -033 212 2.69 252 140 392 | 2.06
AnnSel | 090 030 105 183 147 085 038 | 0.99

Enums.

Table 3: Selection method efficacy per language un-
der the Zero+Amp intervention for Gemma-2-2B. Top:
post-intervention total change in top-1 logit margin for
Antonyms; Bottom: total change in normalized logprob
of the target sequence for Enumerations.

In total across all settings and models, all the
selection methods are effective. FreqSel achieves
the greatest total absolute logit and logprob change
across the tasks, with significant performance gains
in Asian languages (especially Chinese and Ko-
rean). AnnSel, on the other hand, shows decent
performance across all languages but is hindered
by its weak performance in Korean, which might
be justified by the small number of extracted latents
for Korean (Table 6). We also present the effective-
ness of the latents found in a free generation setting
in Appendix J.

4.2.3 Is there redundancy in latent language
representation?

To evaluate the equivalence of latent sets from
different selection methods, we conduct a cross-
method knock-out experiment for each target lan-
guage. We apply the amplification intervention
using the first method’s latents, then ablate the
residual stream change vector’s projection onto the
second method’s representative direction. This iso-
lates whether the first method’s latents can still
drive a positive logit margin change independent
of the second method.

Amplification  Ablation Total
method method Amy
8 AnnSel FreqSel 5.20
& AnnSel ValSel 38.82
g FreqSel AnnSel 90.63
= FreqSel ValSel 92.16
& ValSel AnnSel 49.52
ValSel FreqSel -1.19
=) AnnSel FreqSel 1.28
& | AnnSel ValSel 7.58
g FreqSel AnnSel 155.29
5 FreqSel ValSel 85.82
ValSel AnnSel 107.55
ValSel FreqSel 33.86

Table 4: Aggregate knock-out experiment results over
all languages for Gemma-2-2B and Qwen3-4B, where the
latents of one selection method for the target language
are amplified and the latents of the second method are
used for direction ablation.

We report in Section 4.2.3 the total logit mar-
gin change aggregated over the seven languages
per method pair for Gemma-2-2B and Qwen3-4B on
Antonyms. The generally positive numbers indi-
cate a form of robustness, however, the asymmetry
of the results for the same pair of methods requires
further investigation, as it indicates latent sets that
are not completely independent. We provide in
the Appendix M additional observations related to
the cosine similarity of the latent set representative
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residual-stream directions where language direc-
tions vary to different extents in their similarity,
in addition to observations related to latent anno-
tations where the intersection of latent sets of the
same language identified by different methods is
not empty.

5 Conclusion

We presented a comparative study of three meth-
ods for identifying language-specific latents in
cross-layer transcoders: value-based (ValSel),
frequency-based (FreqSel), and annotation-based
(AnnSel). Through experiments on the controlled
Antonyms and Enumerations tasks in seven lan-
guages, we demonstrated that all three methods
can effectively steer generation language. FreqSel
achieves the strongest overall performance, partic-
ularly for Asian languages, while AnnSel provides
the added benefit of interpretable latent selection.
Future work could look into generalizing the
findings of this work to larger models and to more
languages. Real-world code-switching scenarios
may present different challenges to the studied con-
trolled settings. A deeper understanding of to what
extent different methods identify similar or differ-
ent latents has implications for both understanding
multilingual representations and developing robust
language-steering interventions.

6 Limitations

Our study has several limitations. First, experi-
ments were conducted on the CLTs of two small
models (Gemma-2-2B and Qwen3-4B); findings may
not generalize to other architectures or standard
single-layer SAEs. Second, the evaluation was
limited to seven languages, predominantly high-
resource, and two controlled code-switching tasks
(single-token and multi-token), although we also
present an experiment in a less constrained set-
ting in Appendix J. Real-world code-switching
scenarios may present different challenges. Third,
AnnSel’s effectiveness depends on the quality of
Neuronpedia annotations, which may be inconsis-
tent across languages, as evidenced by the low la-
tent count for Korean (7 vs. 45+ for other lan-
guages). Also, keyword matching may not be
the most effective selection method, as it does not
consider annotation context (e.g., it selects "Non-
English characters" as an English latent). Finally,
we did not systematically evaluate computational
costs, though AnnSel requires additional circuit

tracing compared to the statistics-based methods.
We do present a comparison of computational costs
in Appendix E.

Potential Risks

Language-steering interventions could in princi-
ple be repurposed to force generation in a specific
language for deceptive purposes or to suppress a
language entirely. We consider this risk to be low in
practice, as the interventions require direct access
to model internals (CLT weights and latent activa-
tions) and are demonstrated only on small-scale
models in controlled settings. The benchmarks and
methods presented in this work are intended to ad-
vance mechanistic understanding of multilingual
representations and do not introduce new capabil-
ities beyond what is already achievable through
prompting or fine-tuning.
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A AnnSel implementation details

The implementation of AnnSel can be decomposed into three steps: attribution graph construction, path
pruning, and annotation-based latent selection.

A.1 Attribution graph construction

Since attribution graphs explain how the model predicts the next token, given a sentence from FLO-
RES+ (NLLB Team et al., 2024), we randomly cut the sentence in the middle so that the next token the
model should predict is a valid word in the target language, i.e., not a number or punctuation.

We use implementation from Circuit Tracer (Hanna et al., 2025) with parameters: max_n_logits =
5,desired_logit_prob = 0.95,max_feature_nodes = None. It means the attribution graphs are
computed to explain the top n logits, where n = min(5, m) and m is the smallest integer that satisfies
>t prob; > 0.95. We then prune the graph with node_threshold = 0.8, edge_threshold = 0.98,
meaning keeping nodes that explain 80% of total influence on the output logits and edges that explain
98% of total influence on the output logits.

A.2 Path Pruning

After computing the attribution graph, we prune the graphs to prevent unimportant features from being
included in the language supernodes. From each token to the top logit, we select important paths as
follows. We first order the edges by the edge weight in descending order and keep choosing edges that
are incident to already chosen nodes, starting from the token. When we reach the top logit, we can form
a path from token to logit. Then, we remove that chosen path and start again. We keep doing this until
either the edge weight chosen is less than or equal to 0.1 or we choose 75 distinct paths. We do this for
every token position and obtain a set of paths.

After obtaining important paths, we further choose more important paths by setting a threshold on the
weights of the first edge and last edge, since they represent the importance of the chosen paths in terms of
the token and logit, respectively, and thus are directly involved in the information flow from token to logit.
We choose paths whose first edge has more than 0.5 edge weight and whose last edge has more than 0.25
edge weight. Then, out of the chosen features, we extract all the features in the last token position and
count how many times each of them appeared.

A.3 Annotation-based latent selection

After obtaining the set of features and the number of times they appear in the important paths, we first
extract the description of each feature from Neuronpedia. We then remove all the features that does
not mention the language name or highly relevant country name, e.g., ["Japanese", "japanese"”, "Japan",
"japan"] for Japanese.

Then, what we have is a list of features that includes language names or country names in its description
and their frequency. Let us denote the list by £ and the frequency of feature f by freqs. We then choose
f that satisfies freqy > 0.1 maxpes freqy.

B Annotation Quality of AnnSel

As we mention in Limitations (Section 6), the effectiveness of latents found by AnnSel depends on the
quality of Neuronpedia annotations, and we consider this to be the primary reason why Korean latents
found by AnnSel do not perform well. Also, the AnnSel criterion is quite simple, as we utilize keyword
matching. In this paper, we present AnnSel as an interpretable alternative to other methods. However,
more comprehensive validation would be necessary for other applications, as the quality and accuracy of
latent annotations can substantially affect the coverage and reliability of the extracted latent sets.

We list below some annotations from Neuronpedia of Gemma-2-2B CLT latents that were selected by
AnnSel to show that our simple criterion manages to capture semantically meaningful latents:
* German: “sentences in German that uses modal verbs to describe realistic situations”
* English: “words that are common in conversational English grammar despite having little content.”
* Spanish: “news casts, TV programs, and names of Spanish-speaking people in Panama”
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* French: “French language and words related to treaties.”
» Japanese: “Japanese text related to programming errors, particularly requests for help”
» Korean: “Korean names, especially those with multiple parts separated by hyphens, in credits or medical
contexts.”
* Chinese: “text and code snippets that occur in Chinese contexts”
We also observe that keyword matching may not be semantically correct. For example, the algorithm
selects a latent with the description "Non-English characters" as an English latent since it matches the
keyword "English". We do not remove these latents to keep the algorithm scalable.

C Applying SAE feature selection methods on CLT

We apply two methods, ValSel and FreqSel, from Deng et al. (2025) and Andrylie et al. (2025)
respectively on the CLT. Since the original paper executes these methods on SAE, in order to justify the

effectiveness of the methods on CLT, we conduct two experiments proposed in Deng et al. (2025) and
Andrylie et al. (2025).

C.1 ValSel and code-switching experiment

Deng et al. (2025) confirms the specificity of the language-specific features by comparing the activation
values in the normal context and code-switching context. Following their experiments, we use their
code-switching dataset and plot the activation values of the top-50 features found and used for steering in
our experiments. Keep in mind that we plot the activations for all the languages used in our experiment
except German because Deng et al. (2025) does not include German in the experiments. Also, since we
conduct the experiments on the CLT, the extracted features are not distributed uniformly across layers.
The trend is the same as what is claimed in Deng et al. (2025), and the activation is generally highest in
the original context and noun (Lang A Prefix + Lang A Noun), somewhat active in original context and
modified noun (Lang A Prefix + Lang B Noun), and close to zero in the modified noun (Lang B Noun).
The results for English as Lang A are shown in Figure 1. For results in other languages, please refer to our
codebase.

C.2 FreqgSel and text-generation experiment

Andrylie et al. (2025) confirms the downstream effectiveness of the features by steering and doing
unconditional text-generation. Their steering iS e, =  + az;-mxdj , where a € R is a scaling factor
and z7"** is the maximum value of the feature of interest d’ in the multilingual corpora. We use the same
multilingual corpora used to determine the language-specific features when deciding on 27"**. The model
was prompted with [BOS] and decoded with top-p sampling. Some examples are shown in Table 5. The
output is steered toward the target languages, although the sentences might not be perfectly natural.

Table 5: Examples of unconditional text generation given [BOS] (p = 0.0 means greedy decoding) of Gemma-2-2B

Intervened

Language
de 08 | 0.9 ' package Prodpktion Kleidung refr(.)idis.sement notre Ftnfaps .
) ) hindurchholen nétre bissunter Bediirf Fliissigkeit geben Fliissigkeit Kleidung
en 0.1 | 0.0 How to get the value of a variable in a function in python\n\n
How convert Activity anuales in espafiola y y argentina\n

« p Output

es 0.8 | 0.9 .
pre acuerdos efectivos
. 04 | 08 Que efficaces financieres russes russes efficaces financieres
’ ’ financieéres efficaces financieres efficaces financiéres efficaces
ja 031 0.0 How togetiE EL =7 + L TN T 7 AL —E&Z AT AT AT AT
ko 0.5 ] 0.0 How to 3D @ AF Z o T} & AF Z o]t} &l
zh 05109 Thef IR A A FHIE? A NMET

D Latent counts

Table 6 shows the number of extracted token per method and language pair for Gemma-2-2B and Qwen3-4B.
Note that ValSel extracts 50 latents by design, while the other two methods return a variable number of
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Figure 1: Activation values of English features on other language contexts and nouns of Gemma-2-2B.
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latents that relates to the CLT training data.

Table 6: Count of extracted latents per method and language for Gemma-2-2B and Qwen3-4B.

en fr de es zh ko ja
® ValSel | 50 50 50 50 50 50 50
% FregSel | 101 423 579 509 268 938 234
o AnnSel | 17 41 59 19 41 7 45
c ValSel | 50 50 50 50 50 50 50
Q | FregSel | 11 438 500 299 136 366 293
< AnnSel | 12 16 13 10 16 8 13

E Computational Cost of Each Method

We report the computational cost in Table 7. The numbers reported are cumulative costs in GPU-
hours and kWh when processing 100 sentences x 7 languages on an NVIDIA L40 GPU. We use
kWh ~ GPU-hours x (util/100) x 0.3kW to estimate kWh, as the TDP of the L40 is about 300 W.
Since power does not scale linearly with utilization, this is likely a lower bound of the actual energy
consumption.

Table 7: Comparison of energy spent for each method and each model in GPU-hours and kWh

Gemma-2-2B Qwen3-4B
AnnSel 54 GPU-h, 4.4 kWh 107 GPU-h, 11.8 kWh
ValSel 5 GPU-h, 0.8 kWh 19 GPU-h, 3.8 kWh
FreqSel 5 GPU-h, 0.8 kWh 23 GPU-h, 4.2 kWh

While the cost of ValSel and FreqSel mainly comes from the forward pass through the model and CLT,
AnnSel requires more extensive circuit tracing and graph pruning on top of that. The additional cost of
Qwen comes from the larger number of features in CLT. Specifically, the CLT for Qwen has 163,840
features per layer and 36 layers, while the CLT for Gemma has 16,384 features per layer and 26 layers in
total.

F Hyperparameter Sensitivity Analysis

We conduct the hyperparameter sensitivity analysis using Gemma-2-2B and the Antonyms dataset. All
the reported numbers are the results of the Zero+Amp intervention.

F.1 Fixed budget comparison

As the number of latents found by each method differs, we fixed the latent budget per language to the
smallest number identified across the three methods. Table 8 shows the results. As Table 6 shows, AnnSel
has the fewest latent counts in all the languages except German. As for German latents, we rank the
AnnSel latents by frequency and take the top 50 latents to match the size of ValSel latents.

Table 8: The average total change per language for the three selection methods for Gemma-2-2B and the Antonyms
dataset.

de en es fr ja ko zh Avg
AnnSel 1945 487 1348 1336 11.21 9.05 24.68 13.73
Fregsel 10.67 4.14 1270 11.03 4.06 12,10 1932 10.57
ValSel 13.63 1292 1422 937 404 9.06 1727 11.50

F.2 VvalSel sensivity analysis

The only hyperparameter used for ValSel is & when choosing the top-k highest latents. Table 9 shows the
results, and as the number of latents chosen increases, the average total change increases. We use k& = 50
in our study.
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Table 9: ValSel average total change with varying top-k

Top-k 10 20 30 40 50 75 100 150 200
Latent count 10 20 30 40 50 75 100 150 200
Avg total change 8.75 10.84 11.24 1140 11.23 1411 1422 1426 15.36

F.3 FreqSel sensivitity analysis

FregSel has three hyperparameters: cross-lingual threshold 7', active example percentage IV, and token
threshold M, where N and M are expressed as a percentage. The default values are ' = 0.8, N = 98,
and M = 10. Tables 10 to 12 show the sensitivity analysis results. When changing one hyperparameter,
we use the default values for other hyperparameters.

Table 10: FreqSel average total change with varying cross lingual threshold (T)

Cross lingual threshold (T) 0.6 0.7 0.75 0.8 0.85 0.9 0.95 1.0
Latent count 1140 1359 1451 1586 1707 1825 2034 2269
Avg total change 1425 1456 1447 1482 15.16 15.14 1538 15.32

Table 11: FregSel average total change with varying active example percentage threshold (N)

Active example percentage threshold (N) 80 85 90 95 98
Latent count 2928 2861 2721 2303 1586
Avg total change 1422 1422 1416 1440 14.82

F.4 AnnSel sensivity analysis

AnnSel has three phases: attribution graph construction, path pruning, and annotation-based latent selec-
tion as explained in Section A. Attribution graph construction phase has two hyperparameters: node thresh-
old and edge threshold. The default values are node_threshold = 0.8 and edge_threshold = 0.98, and
the results are shown in Tables 13 and 14. We report the hyperparameter sweep on three hyperparameters in
path pruning phase: first edge weight threshold, last edge weight threshold, and edge throughput threshold.
The default values are first_edge_weight_threshold = 0.5, last_edge_weight_threshold = 0.25,
and edge_throughput_threshold = 0.1. Tables 15 to 17 show the results. The selection phase has one
hyperparameter: frequency separation threshold, which defaults to 0.1. Table 18 shows the result. When
doing a sweep on one hyperparameter, we use default values for all the other hyperparameters.

G Detailed Intervention Strategy Comparison

Next, we provide detailed results for the different interventions under Gemma-2-2B and the Antonyms
task in Tables 19 to 21. Similarly, the detailed results for different interventions under Qwen3-4B and the
Antonyms task are shown in Tables 22 to 24.

H Zero+Amp Detailed Results

Tables 25 to 27 show the logit difference results of ValSel, FreqSel and AnnSel, respectively, before
and after the Zero+Amp intervention on Antonyms in Gemma-2-2B. The numbers in the table are for
top-1 logit margin to the target adjective, which is the separation in the logit space of the target token to
its best competitor. A value < 0 (green) indicates that the target adjective is the most likely token, while a
positive value (red) means it lags behind other undesired tokens.

Specifically, rows show the context language and columns show the adjective language. For each
language pair, the ‘before’ value shows the logit margin before any intervention, while ‘after’ is its value
after the latent amplification is applied. The desired outcome is that the value becomes smaller (greener)
after intervention. Red cells indicate failures.

While the three methods show reasonable efficacy in enforcing Spanish and Chinese, FreqgSel is weaker
in enforcing German and English, and ValSel shows fragility when the context language is Chinese
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Table 12: FreqSel average total change with varying active token percentage threshold (M)

Active token percentage threshold (M) 5 7.5 10 12.5 15 20 25
Latent count 1679 1645 1586 1465 1297 1022 818
Avg total change 15.74 15.64 1483 1444 14.07 1275 1232

Table 13: AnnSel average total change with varying node threshold

Node threshold 0.6 0.7 0.75 0.8 0.85 0.9 0.95
Latent count 221 227 227 228 228 229 231
Avgtotal change 13.79 1378 13.76 13.68 13.70 13.84 13.81

(Table 25). The situation of French adjectives is unique, where ValSel and FreqSel fail for some context
languages while AnnSel shows better robustness. On the other hand, AnnSel shows fragility in Korean,
where only 7 latents were identified (Table 6) — far fewer than for any other language, while FreqSel
shows the most robust performance.

I Detailed Selection Method Comparison

Table 28 presents summary results for selection method efficacy for Qwen3-4B latents for Antonyms and
Enumerations.

J Continued Generation

To verify whether the latents we found are effective outside our evaluation datasets and in real-life
generation, we take sentences from FLORES+ (NLLB Team et al., 2024) that we do not use when finding
the latents and do top-p decoding with p = 0.5 while applying Zero+Amp intervention. We show some
examples of the generated sentences in Table 29. For the full list of generated sentences, please refer to
the GitHub repo.

K Adjectives Used in Antonyms

We prepare 100 pairs of antonyms to use for the antonym-structured sentences (The opposite of "adjl" is
" adj2). Keep in mind that there could be multiple suitable words for adj2 (e.g., the antonym of small
could be either big or large). A human annotator first compiled an initial set of 30 adjective antonym pairs
in English. An LLM (Gemini 2.5 Flash (Comanici et al., 2025)) was then instructed to expand this list to
100 pairs, after which every pair was manually validated. The validated pairs were subsequently translated
into the remaining six languages using an LLM, and native speakers verified the translations for their
respective languages. All the antonyms are shown in Table 30. It is worth mentioning that the words or
tokens can be exactly the same in some cases across different languages, most commonly between French
and Spanish and between Chinese and Japanese.
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Table 14: AnnSel average total change with varying edge threshold

Edge threshold 0.9 0.92 0.95 0.98 0.99
Latent count 228 229 228 228 227
Avg total change  13.68 13.67 13.68 13.68 13.71

Table 15: AnnSel average total change with varying first edge weight threshold

First edge weight threshold 0.3 0.4 0.5 0.6 0.7
Latent count 230 229 228 226 217
Avg total change 13.68 13.67 13.68 13.69 13.59

Table 16: AnnSel average total change with varying last edge weight threshold

Last edge weight threshold 0.1 0.15 0.2 0.25 0.3 0.35
Latent count 347 270 243 228 188 161
Avg total change 14.05 13.69 13.86 13.68 13.71 13.30

Table 17: AnnSel average total change with varying edge throughput threshold

Edge throughput threshold 0.05 0.075 0.1 0.15 0.2 0.25
Latent count 228 228 228 228 228 228
Avg total change 13.68 13.68 13.68 13.68 13.68 13.68

Table 18: AnnSel average total change with varying frequency separation threshold

Frequency separation threshold 0.05  0.075 0.1 0.125  0.15 0.2 0.25 0.3 0.4 0.5

Latent count 564 324 229 178 139 92 71 59 42 35
Avg total change 15.73 1485 13.74 1342 1291 11.77 11.01 994 940 9.24

Table 19: Intervention effectiveness per target language for ValSel latents of Gemma-2-2B

Distractor (lo)  L/{l} Distractor (Ip) Distractor (Ig) Target (1) Zero+Amp  1L+Amp
Zero Zero one-layer multi-layer amplification
ablation ablation direction ablation  direction ablation
de -3.18 3.12 -0.46 -3.15 14.52 13.6 13.92
en 7.49 5.06 2.77 52.07 5.88 10.16 4.24
es 0.25 3.06 -0.06 -1.57 13.35 14.19 15.08
fr -0.77 1.15 -0.28 -9.65 8.74 9.01 8.71
ja -4.61 -1.57 -0.41 -11.59 3.11 4.62 5.09
ko -0.08 12.13 -1.61 94 10.38 12.19 7.58
zh -7.12 -0.56 2.04 -2.73 13.59 16.06 15.11
Total \ -8.02 22.39 1.99 13.98 69.57 79.83 69.73

Table 20: Intervention effectiveness per target language for FreqSel latents of Gemma-2-28B

Distractor (l0)  L/{l} Distractor (lo) Distractor (lo) Target (1) Zero+Amp  1L+Amp
Zero Zero one-layer multi-layer amplification
ablation ablation direction ablation  direction ablation

de -3.45 0.8 -1.67 0.58 5.08 7.86 6.29
en 5.86 543 3.6 -0.21 -0.55 4.36 1.94
es -0.7 3.39 -0.6 -5.12 6.68 8.95 7.09
fr -1.51 0.65 -0.78 -5.33 4.45 6.45 5.09
ja -0.97 1.38 -1.45 -27.91 8.65 8.65 9.49
ko 4.82 6.62 -33 0.06 29.54 28.31 27.6
zh -2.03 3.12 1.25 -13.69 36.98 34.49 38.66
Total | 2.02 21.39 -2.95 -51.62 90.83 99.07 96.16
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Table 21: Intervention effectiveness per target language for AnnSel latents of Gemma-2-2B

Distractor (Io)  L/{l} Distractor (lo) Distractor (Io) Target (1) Zero+Amp  IL+Amp
Zero Zero one-layer multi-layer amplification
ablation ablation direction ablation  direction ablation
de -3.87 0.68 -0.04 -3.62 20.15 19.68 20.6
en 4.35 4.83 0.82 43.07 1.12 4.88 1.74
es -0.04 1.98 -0.15 6.6 13.91 13.86 14.05
fr -1.01 0.62 0.02 -3.71 13.69 13.54 13.95
ja -2.21 1.5 -1.01 -4.97 11.17 11.12 10.53
ko 6.76 597 0.44 12.19 4.27 9.13 4.81
zh -4.18 -3.68 0.22 14.49 22.69 24.51 23.65
Total -0.20 11.90 0.30 64.05 87.00 96.72 89.33

Table 22: Intervention effectiveness per target language for ValSel latents of Qwen3-4B

Distractor (lo)  L/{l} Distractor (Ip) Distractor (Ig) Target (1) Zero+Amp  1L+Amp
Zero Zero one-layer multi-layer amplification
ablation ablation direction ablation  direction ablation

de 5.24 0.83 -4.32 -21.71 4.58 8.47 4.99
en 1.05 6.6 -2.81 2.16 -14.3 -6.17 -14.71
es 3.35 1.7 -1.4 -20.7 2.79 74 4.44
fr 3.51 -0.23 -2.79 -16.11 2.85 7.51 4.05
ja 3.33 -4.71 -6.52 -19.02 -6.02 -1.2 -4.12
ko 18.59 2.5 -2.11 -5.64 3.44 11.81 7.29
zh 547 8.84 2.67 17.1 7.51 17.74 13.9
Total 40.54 15.53 -17.28 -63.92 0.85 45.56 15.84

Table 23: Intervention effectiveness per target language for FreqSel latents of Qwen3-4B

Distractor (Io)  L/{l} Distractor (lo) Distractor (Io) Target (1) Zero+Amp  1L+Amp
Zero Zero one-layer multi-layer amplification

ablation ablation  direction ablation  direction ablation
de -2.92 0.15 -0.28 -24.44 4.69 6.35 5.08
en 6.67 8.39 1.19 -9.42 -2.01 6.11 -1.55
es 1.41 3.67 0.35 -21.37 2.85 4.92 2.93
fr -0.96 2.51 -0.3 -16.97 5.05 6.88 5.18
ja 33 0.18 -3.63 -37.57 -0.27 0.37 -1.25
ko 3.99 7.29 -0.25 -30.15 19.97 21.29 20.5
zh 11.66 11.86 7.94 -25.09 26.47 29.76 27.71

Total 16.55 34.05 5.02 -165.01 56.75 75.68 58.60
Table 24: Intervention effectiveness per target language for AnnSel latents of Qwen3-4B
Distractor (o)  L/{l} Distractor (Ip) Distractor (Ig) Target (1) Zero+tAmp  1L+Amp
Zero Zero one-layer multi-layer amplification

ablation ablation  direction ablation  direction ablation
de -0.67 0 0.02 -2.51 6.73 6.49 6.89
en 4.62 4.9 0.6 8.84 0 0 0
es 1.2 0 0.04 -2.58 6.31 7.28 6.41
fr -0.71 0 -0.02 -6.21 6.5 6.35 6.56
ja 0.4 0 -0.18 -13.1 1.76 1.83 1.72
ko 0.12 0 -2.42 -5 5.6 7.7 6.08
zh 3.46 0 3.08 -0.4 6.39 9.78 9.73

Total 8.42 4.9 1.12 -20.96 33.29 39.43 37.39
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Table 25: Logit difference for ValSel and Gemma-2-2B before and after the intervention using Antonyms

es en zh de ja fr ko

before after before after before after before after before after before  after before after
de -1.79 293 457 -5.19 297 -4.88 - - 262 269 -024 -098 -2.38 -2.21
en -2.29 -3.29 - - 377 441 -145 235 -296 -271 -0.10 -0.66 -2.87 -3.27
es - - 415 -5.83  -3.77 456 -130 -268 -227 -2.58 -0.08 -2.03 -230 -2.25
fr -1.22 -3.19 -4.13 -5.08 -1.89 422 -1.02 -226 -248 -2.65 - - 222 -2.18
ja 0.95 -1.87 -3.54 -5.90 0.34 -4.45 0.87 -1.73 - - 1.65 0.25 1.69 -3.29
ko 1.54 -2.37 -3.28 440 -0.44 -6.04 0.80 -2.53 -198 -2.54 1.75 -0.61 - -
zh 2.62 -0.73  -2.29 -5.72 - - 338 -0.77 225 -1.52 2.80 0.80 5.79 -1.27
Total -0.19 -14.38 -21.96 -32.12 -12.50 -28.56 1.28 -12.32 -10.06 -14.69 578 -323 229 -1447
Change +14.19 +10.16 +16.06 +13.6 +4.63 +9.01 +12.18

Table 26: Logit difference for FreqSel and Gemma-2-2B before and after the intervention using Antonyms

es en zh de ja fr ko

before  after before after before after before after before after before  after before after

de -1.79  -1.59 457 497 -297 | -1.58 - - =262 313 -024 -0.18 -238 @ -5.82
en -229  -1.55 - - 3797 7199 -145 -1.17 296 -334 -0.10 0.6 -287 -5.73
es - - 415 462 -377} 823 -130 -1.03 -227 -321 -008 -026 -2.30 -5.61
fr -122 -1.75  -413 470 -189 | -7.79 -1.02 -1.04 -248 -330 - - 222 1 -5.90
ja 095 -145 -354 -4.06 0.34 | -7.06 0.87 -1.05 - - 1.65 0.19 1.69  -3.99
ko 154 -1.85 -328 426 -0.44 | -8.35 080 -1.30 -1.98 -3.13 1.75  -0.59 - -
zh 262 -095 -229 -3.69 - - 338 -0.98 225 -2.60 280 0.01 579 -3.54
Total -0.19  -9.14 -21.96 -2630 -12.50 -47.00 1.28 -6.57 -10.06 -18.71 578 -0.67 -2.29 -30.59
Change +8.95 +4.34 +34.5 +7.85 +8.65 +6.45 +28.3

Table 27: Logit difference for AnnSel and Gemma-2-2B before and after the intervention using Antonyms

es en zh de ja fr ko

before after before after before after before after before after before after before after
de -1.79 -3.04 457 532 -297 -5.67 - - 262 -3.63 -0.24 -1.67 -238 -2.54
en -2.29 -3.11 - - =377 -6.46 -1.45 -3.01  -2.96 -3.69 -0.10 -1.04 -287 -2.57
es - - 415 -484 -3.77 -6.52 -1.30 -3.37 -2.27 -3.62  -0.08 226 230 -2.50
fr -1.22 -3.06 413 488 -1.89 -591 -1.02 -323  -2.48 -3.74 - - 222 249
ja 0.95 -1.62  -3.54 -4.69 0.34 -6.00 0.87 -2.71 - - 1.65 -0.58 1.69 -2.07
ko 1.54 236 -328 -333 -044 -6.46 0.80 -3.55 -1.98 -3.53 1.75 -1.61 - -
zh 2.62 -0.86 229 -3.77 - - 3.38 -2.52 2.25 -2.97 2.80 -0.60 5.79 0.77
Total -0.19  -14.05 -21.96 -26.83 -12.50 -37.02 1.28 -18.39 -10.06 -21.18 5.78 -776 0 -2.29  -11.40
Change +13.86 +4.87 +24.52 +19.67 +11.12 +13.54 +9.11

Table 28: Selection method efficacy per language under the Zero+Amp intervention for Qwen3-4B. Post-intervention
total change in top-1 logit margin for Antonyms; Bottom: average change in normalized logprob of the target
sequence for Enumerations.

es en zh de ja fr ko Avg
ValSel | 7.36 -531 17.56 6.38 -1.17 7.49 11.29 | 6.23
FregSel | 490 6.09 29.87 4.13 -734 690 20.86 | 9.34
AnnSel | 7.35 5.12 9.84 495 223 695 6.79 |6.17

ValSel | 0.72 0.00 0.19 0.78 030 0.79 040 | 0.45
FregSel | 1.20 0.27 1.09 136 090 123 1.27 |1.05
AnnSel | 0.51 0.17 0.10 061 0.12 064 035 | 0.36

Enums. | Antons.
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Table 29: Selected held-out FLORES+ continuations under feature intervention (ablate A, amplify B, A # B).
Gemma-2-2B, default latent sets, top-p = 0.5. The generated column is the model suffix after the midpoint-truncated

prompt.

Method A B Original sentence (language A) Generated continuation (language B)

AnnSel es fr La cantidad de hablantes nativos serd diferente . situe la langue dans I’échelle des langues de
seglin se computen o no dialectos que estén muy la planete.
relacionados entre si.

ValSel fr es Le nombre de langues maternelles dépend de si ., si la lengua materna es una lengua de la fa-
oui ou non les dialectes trés proches sont pris en  milia o si es una lengua no de la familia.
compte.

FreqSel fr es Le nombre de langues maternelles dépend de si . es la dnica lengua materna o si hay otras.
oui ou non les dialectes trés proches sont pris en
compte.

AnnSel de es Die Anzahl der Muttersprachler variiert abhiingig . en inglés o un espafiol es la lengua materna
davon, ob sehr eng verwandte Dialekte mitgezahlt  de los estudiantes.
werden oder nicht.

AnnSel zh es BABER T EFHEXN T BRI EE ..mente de los diferentes factores que afectan la
Z5e cantidad de hablantes de un idioma.

FreqSel ja fr HEEHEO ANIUL. SEEMICIERICITW . diversifiez la culture de votre enfant.
SERBICANEPEINICE > TED-T
FET.

AnnSel fr es Vous vous fatigueriez moins de cette facon. . trabajar a fondo en una jornada.

N’oubliez pas qu’il n’est pas nécessaire de trop
insister sur les touches pour qu’elles résonnent
plus fort. C’est le cas sur le piano.

AnnSel ja es £ FBHIELT.IENMIENICSLLLY . instrumentos musicales en casa que no re-
i‘?‘ er okl wgi%tﬂj—f‘yjlyﬁ quieren de mucha fuerza.

ZANTHBZ N LRI TV EZH
THEWTL S,

AmnSel ko ja oWAS EF AFY PREEFHUYILE 3T ALY 2T A4 > LD
F syt Fotxe e, okFYA 2 ¥ YFOR IS FOWS SFIcH LD X
S 25 W7 Al Ak AA d 2.7t I HFENICIT XV EI PRI T
Atk A= 719stA 2

AnnSel fr es Le repérage et la collecte d’informations par ...ée en 2008 en Pakistan, a relatado el ministro
David Headley ont facilité ’opération menée par  de Defensa de los Estados Unidos, Robert Gates,
les dix hommes armés du groupe militant pak- durante un discurso en el Colegio de la Guerra de
istanais Laskhar-e-Taiba. Estados Unidos, citado por la agencia de noticias

AFP.

FreqSel zh en M8 XFR: “X IR G ?Efﬁ oo HEMNWET . fortunately, it’s not as serious as we thought.”
RUGBEREF, EAKHOL - ”

AmnSel ko ja <& o] AL AAY YL T3 E ¢ AIEEL 272 17, 100% 1t 15 L 13 % 1
2 Nado] & AE5aa Yoy FATAE WtbH) FeALH) ELm T 45—+
FYch et 2 ol gih” X =7 413, %bmé%m%%étmm

HELTRTT.

FreqSel de fr Er fuhr fort: ,Dieser Fall ist ernst. Seien Sie . treés sérieux.

versichert, dass unser System so gut funktioniert,
wie es sollte.*
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Table 30: Multilingual Antonym Pairs in the 7 languages

English French German Spanish Chinese Japanese Korean

good bon gut bueno 7F AR F2

bad mauvais schlecht malo 7N B L

happy heureux gliicklich feliz T JEABAR P B35

sad, unhappy  triste, traurig, triste, infeliz M, AErd 2B & B¢
malheureux ungliicklich

big grand groB grande N KaFn Z

small petit klein pequerio N NS a2

hot chaud heify caliente FH\ o2

cold froid kalt frio % FEW, ATz F2 A7

fast rapide schnell rapido R SLA W=

slow lent, lente langsam lento 18 EA g

light léger leicht ligero 7 Hifus 7HH &

heavy, dark lourd schwer pesado #H W B

easy facile einfach facil Y i .7 A&

difficult, hard ~ difficile schwierig, dificil M LW o] &2

schwer

new nouveau neu nuevo Eell Friwv NELZ

old vieux, ancien  alt viejo [H G LR RS

true vrai wahr verdadero H ELw A3

false, untrue  faux falsch, unwahr  falso, incorrecto 18 i - 7= AR, £

alive vivant lebendig vivo & I TS Aroldl &=

dead mort tot muerto 14 YA TV S e

full plein voll lleno i TN 75 &

empty vide leer vacio 2 ERNES dl

bright brillant hell brillante % {5\ e

dark, dim sombre, obscur dunkel oscuro, opaco i E\ o] =2 &gl

3l

strong fort stark fuerte pii i Al

weak faible schwach débil 55 55\ oFst

clean propre sauber limpio REd S IAREA 77t

dirty sale schmutzig sucio i H ol 2]

open ouvert offen abierto Vi B /= a4

closed fermé geschlossen cerrado X BC7 28]

rich riche reich rico B g% i3

poor pauvre arm pobre 5 HLW Zhekst

beautiful beau schén hermoso % ELW o5t

ugly laid héisslich feo H /A 207

long long lang largo N FEu 2

short court kurz corto b5} FLARY 72

wide large breit ancho il [ -2

narrow étroit eng estrecho 7= s 2

hard dur hart duro filt fifius o}t

soft mou weich suave ¢ Fohwn Hzg2

dry sec trocken seco T EARYAS 2

wet, moist humide, nass mojado, hiimedo T ey A AR T AL =3
mouillé

loud fort laut ruidoso K 953N Anye

quiet, silent  silencieux, leise, still tranquilo, ZE NE S ek z&eh 18
doux silencioso st
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English French German Spanish Chinese Japanese Korean
early tot friih temprano H AR o]
late tard spiit tarde i) FEW =<
near proche nah cerca plin I 7V 7
far loin fern, weit lejos S E L2}
deep profond tief profundo N P 7
shallow peu profond flach superficial, poco % AR &2
profundo
bad mauvais schlecht malo 7N o Upm
good bon gut bueno 7T Ru F2
sad triste traurig triste Mexdt AEL W &E
happy, joyful — heureux, gliicklich feliz, alegre o mLw g H st 7]
Jjoyeux
small petit klein pequeiio %N N2 2
big, large grand grof grande K KEW =2
cold froid kalt frio 7w FE >
hot, warm chaud heif3 caliente, cdlido 4 Euy, o o2, m5E sk
slow lent langsam lento 2 S =9
fast, quick rapide schnell rdpido, veloz R Wy, B &
heavy lourd schwer pesado H W FAL
light léger leicht ligero i (2O ZHH] &
difficult difficile schwierig dificil i3 WL o]
easy, simple  facile einfach fdcil, sencillo 55, 5 F B 7, i B 2, 7hekst
old vieux alt viejo IH EAR o#H=A
new nouveau, jeune neu nuevo, joven Eell L AMZ2 72
false faux falsch falso {3 i - 7= AR
true, correct  vrai, correct wahr, richtig verdadero, =N ELw Fsl & nf
correcto =
dead mort tot muerto 4 LA TV S R
alive, living  vivant lebendig vivo, viviente i, & FEF W5 2ol gl A
g
empty vide leer vacio 73 7851 1l
Sull plein voll lleno T LN s
dark sombre dunkel oscuro 5 AW o] F-&
bright, light  brillant, clair ~ hell brillante, claro %%, YtHH g2\ g2
weak faible schwach débil 55 I\ o5t
strong fort stark fuerte R, B Y, R Zst
dirty sale schmutzig sucio i3 H o2&
clean propre sauber limpio T & ﬁk Vg, v, RS
et
closed fermé geschlossen cerrado x B 23l
open ouvert offen abierto Vi FEIRYA oz
poor pauvre arm pobre % ALW 7hdst
rich, wealthy  riche reich rico, adinerado  EH s, S S i
sl
ugly laid hisslich feo H 7AW A7
beautiful, beau, joli schéon hermoso, bonito ELW ofF 2, o
pretty m
short court kurz corto bl Y w2
long long lang largo N £ Zl
narrow étroit eng estrecho 7 s 52
wide, broad  large breit ancho B [ 1 RCS
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English French German Spanish Chinese Japanese Korean
soft mou weich suave ¢ Fohwn Rege
hard, firm dur hart duro fit fifvy =5t
wet humide nass mojado b =y gl R
dry sec trocken seco + LARYA o2
quiet silencieux leise tranquilo LR b Zz83
loud, noisy fort, bruyant  laut ruidoso K7, Whi A% Al118]-&
late tard spiit tarde i) FEW =2
early tot friih temprano H LAWY o] E
far loin fern lejos b SEAR il
near, close proche nah cerca plis U 7
shallow peu profond flach superficial * S &
deep profond tief, hoch profundo N S 2
young jeune jung joven e ESI a2
old vieux alt viejo Z EARYAL 2
kind gentil freundlich amable ER LAl A4S
unkind, mean méchant unfreundlich desagradable, TER I L, Bl 243 2
malo [ (R4 3
brave courageux mutig valiente B EENI @Ay |73
cowardly lache feige cobarde EE] & 7% He2
wise sage weise sabio HE B A s
foolish insensé, dumm, toricht tonto, necio BE B of gl 42
stupide
polite poli hoflich educado LA TEL o 9 up&
impolite, rude impoli, unhdflich, grob  descortés, AHLER Joflz, Lz, H Pt
grossier maleducado W& 7z, FldE 7%
patient patient geduldig paciente (O FRIZHE A4 A=
impatient impatient ungeduldig impaciente AN AR Fonbi gk FE
A dle
honest honnéte ehrlich honesto ISE TR Ry
dishonest malhonnéte unehrlich deshonesto ANSE ENINERA R K5t
safe stir sicher seguro e A A
dangerous, dangereux gefihrlich, peligroso, fEks: fabfric g st
unsafe unsicher inseguro
active actif aktiv activo TR L ULINRe gFHd
inactive, inactif, passif  inaktiv, passiv inactivo, pasivo  JHK MELITINEA n] &5 A ¢l
passive a3l
straight droit gerade recto H EoFTn Z2
curved, bent  courbe, tordu  gebogen, krumm  curvo, doblado = Hihs - 7= =2, 3oz
whole entier ganz entero SEHE ESN(S2 AA 9
part, broken  partiel, cassé  teilweise, parcial, roto R4y i3 G 7, N HEZA o] H
gebrochen Al 21
calm calme ruhig calmado P e ni P is
agitated, agité, orageux aufgeregt, agitado, BEh BEL wmns BEL: d9E =25
stormy stiirmisch tormentoso 22 =
correct correct richtig correcto 1E# ELw A3t
incorrect, incorrect, faux  falsch incorrecto, AR, Fi% MiE->T\w5 Hyssh &
wrong equivocado =)
complex complexe komplex complejo P/S M B3t
simple simple einfach simple, sencillo 78] 5. LR TRAY ZHeksh e
3l
effective efficace effektiv efectivo (SR THALH 72 2ARAQ
ineffective inefficace ineffektiv ineficaz TEAL IERNR I % H) Z 74 ¢l
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English French German Spanish Chinese Japanese Korean
famous célebre beriihmt famoso 5 HHEXL 9%
unknown, inconnu, unbekannt, desconocido, T, AN BED, HisnT 2o g
obscure obscur unbedeutend oscuro H V7L ] X x| o2
generous généreux groBziigig generoso N LA Zoj st
stingy, mean — avare, mesquin geizig tacaiio, malo = I o] A5 =
content content zufrieden contento (=53 SER 3 B3t
unhappy, mécontent, unzufrieden infeliz, TEDE N Rsge =g Fot
dissatisfied insatisfait insatisfecho b= ZF282
healthy sain gesund saludable fi ) ft e A7
unhealthy, malsain, ungesund, krank insalubre, AR, A NEEZR Ao Atz gL,
sick malade enfermo o=
high haut hoch alto [ [N =2
low bas niedrig bajo 1% {IA w2
important  important wichtig importante HE HE Fas
unimportant,  sans unwichtig, trivial sin importance, ~ANEZE, B HE TRV, NS F234] ¥L,
trivial importance, trivial IS W A3t
insignifiant
innocent innocent unschuldig inocente = HIED Fas
guilty coupable schuldig culpable HaE HIED w59
known connu bekannt conocido 240 PR o 43
unknown inconnu unbekannt desconocido FSll FHID e 2] 2] oFL
male masculin miinnlich masculino Bt Hito w9
female féminin weiblich femenino peged L1 32) of A 9]
normal normal normal normal E# FLaliif) AAAFQ
abnormal, anormal, abnormal, anormal, inusual T, NIEH HE % H] g &k & 91,
unusual inusuel ungewdhnlich o] et
possible possible méglich posible AIRE afEZ 7} 8t
impossible impossible unmaoglich imposible ANFTRE AN BE% oy
private privé privat privado FAN PN AHA QA
public public Offentlich puiblico nit NH»D ]
right juste richtig correcto xf ELW 2k
wrong faux falsch incorrecto, B fE->TWw3 =
equivocado
simple simple einfach sencillo L Rt 72 2 ookl 4
complex complexe komplex complejo =R M Hxbek
sweet doux siif dulce i Hw 233
sour, bitter acide, amer sauer, bitter agrio, amargo R, & [/ e VR =V Rl &
visible visible sichtbar visible A "Rz 3 Hol&
invisible invisible unsichtbar invisible A Rz 700w Holz] gk
warm chaud warm calido A0 HE h v wh5e sk
cool, cold frais, froid kiihl, kalt fresco, frio I, % WLV, @B n Al 93l 2F7F
[e]
smooth lisse glatt liso DS Ho % W 2] -&
rough, bumpy  rugueux, rau, holprig dspero, irregular FK&E GiEAN AZl, &
bosselé < st
thin mince diinn delgado b Hi o1 XN
thick, fat épais dick grueso E [EAR FAE
tall grand groB alto =1 /A=A =
short petit klein bajo % kv 77} 2
married marié verheiratet casado [wh liERGI) &3
single, célibataire ledig, soltero B RIS WmB o, Ko =219], o] &
unmarried unverheiratet o]
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English French German Spanish Chinese Japanese Korean
optimistic optimiste optimistisch optimista R ZEBLN % g#AQ
pessimistic pessimiste pessimistisch pesimista R BN ZRRA H] 24 9l
permanent  permanent  permanent permanente KA EVIT R FTAA
temporary temporaire tempordr temporal Ifiging — IR 7 A A ol
present présent gegenwirtig presente e BED & A 9]
absent, past absent, passé  abwesend, ausente, pasado BRiE T NED, #WED HAje], ZA
vergangen 9
public public offentlich piiblico YAESS NFHo 39
private privé privat privado FAN il Ao AR 91
real réel echt real B BN/ Lo AA A QA
fake, unreal  faux, irréel falsch, unreal falso, irreal 1’ B o, EHFED 7R, vl E
A Aol
responsible  responsable  verantwortlich responsable il H1E A9 A&
irresponsible  irresponsable  unverantwortlich irresponsable PN mETy, BEE FII3
single célibataire ledig soltero B g EAle
married marié verheiratet casado [ P, fisL T  ZE3
W3
sour acide sauer agrio Iz P 130 Al
sweet doux siif3 dulce it Hw =g=a
useful utile niitzlich ttil HH [E{ivAe) &
useless inutile nutzlos inuitil % H (oAt EHG=
vertical vertical vertikal vertical EEH EHERA 29
horizontal horizontal horizontal horizontal IR K7 T+
well bien gut bien #F Rw z
poorly mal schlecht mal, pobremente 7% o 2 FJEHglo]
winning gagnant gewinnend ganador R liYille ek
losing perdant verlierend perdedor N Hicdto 7 vl 3F=
unkind méchant unfreundlich desagradable  ER EHE L 2143
kind gentil freundlich amable ER Btz At
cowardly lache feige cobarde %55 &% 7% Ag2
brave courageux mutig valiente BEEL EEN AN S7het

L. Listings Used in Enumerations

We prepare 7 ordered enumerations to use for the enumeration-structured sentences (The {category} are:
{choices}). The English dataset was created entirely by human annotators and then translated into the
remaining languages following the same LLLM-assisted translation and native-speaker validation process,
using Gemini 3 Flash (Google DeepMind, 2025) for translation. All the categories, listings, and the split
of the listed choices and continuation words are shown in Table 31.

M Additional Redundancy Analysis

To assess the equivalence of the latent sets identified by the three selection methods, we compute
representative per-layer activation space directions that correspond to the decoder directions of these
layer-wise latents, then calculate the pairwise cosine similarity between per-method directions. If the
latents of two selection methods for the same language are identical or equivalent in their representation
in a certain layer, we expect their corresponding residual stream directions to be similar (large cosine
similarity), while a small cosine similarity in a certain layer might indicate divergence. We report in
Table 32 for each pair of selection methods the minimum cosine similarity, as well as the across-layer
average, for the language latents of Gemma-2-2B and Qwen3-4B.

Finally, we analyze the Neuronpedia annotations of the identified latent sets as a (potentially noisy)
means to discern latent set overlap. We compute as a proxy the percentage of language latents whose
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Neuronpedia annotation refers explicitly to the language. While this is 100% for AnnSel by design, the
results for ValSel and FreqSel in Table 33 reveal substantial variability.

Table 31: Enumerations Dataset: categories, items, and split thresholds.

Category ID Split Lang Category Name Listings
months 418 en months of the year January, February, March, April, May, June, July, August, September, October, November,
December
de Monate des Jahres Januar, Februar, Mirz, April, Mai, Juni, Juli, August, September, Oktober, November,
Dezember
fr mois de I’année janvier, février, mars, avril, mai, juin, juillet, aoQt, septembre, octobre, novembre, décembre
es meses del afio enero, febrero, marzo, abril, mayo, junio, julio, agosto, septiembre, octubre, noviembre,
diciembre
zh  —EPRAG —A, A ZRA WA 58, A, R A, WA, A, +—A,+ZA
ja FENH e = N I 17D IR 0 Iy & i o0 & VAN = A2 U i o [ e & i
ko 13945 194,29,39,49,549,69,7¢,89,99,10¢, 114, 12¢€
numbers 46  en numbers 1 to 10 one, two, three, four, five, six, seven, eight, nine, ten
de Zahlen von eins bis zehn eins, zwei, drei, vier, fiinf, sechs, sieben, acht, neun, zehn
fr nombres de un a dix un, deux, trois, quatre, cing, six, sept, huit, neuf, dix
es nimeros del uno al diez uno, dos, tres, cuatro, cinco, seis, siete, ocho, nueve, diez
zh  A—E|THEF — =W AN T T
ja —h 5+ X TORT T U TV SN W
ko 1RE107149 57 9ol AL AL 2. % A B T A
days_of_week 314 en days of the week Sunday, Monday, Tuesday, Wednesday, Thursday, Friday, Saturday
de ‘Wochentage Sonntag, Montag, Dienstag, Mittwoch, Donnerstag, Freitag, Samstag
fr jours de la semaine dimanche, lundi, mardi, mercredi, jeudi, vendredi, samedi
es dias de la semana domingo, lunes, martes, miércoles, jueves, viernes, sibado
zh  —ERETFRAT EWA, 2i— BI—, 2= B, 25, BN
ja i H HIEH, H#EH, KEH, KEH, RigH, &#H, t#H
ko 89 429,929,329, 529,529, 329, E8Y
four_seasons 212 en four seasons spring, summer, fall, winter
de vier Jahreszeiten Friihling, Sommer, Herbst, Winter
fr quatre saisons printemps, été, automne, hiver
es cuatro estaciones primavera, verano, otoifio, invierno
4 E % 5 kK
a WE % P&
ko  AHAZE = o5 ke AR
times_of_day 212 en times of day morning, afternoon, evening, night
de Tageszeiten Morgen, Nachmittag, Abend, Nacht
fr moments de la journée matin, apres-midi, soir, nuit
es momentos del dia maifiana, tarde, tarde, noche
zh  —RIEE BEFF BE®RE
ja —H O FFEHy W, PR, IR, i
ko BFFATL obY, 2 &, A, W
cardinal_directions 212 en cardinal directions North, South, East, West
de Himmelsrichtungen Norden, Siiden, Osten, Westen
fr points cardinaux nord, sud, est, ouest
es puntos cardinales norte, sur, este, oeste
zh BRI It ®, K,
ja FEARFTL AL, m, L 7
ko U9 = 3%, Al
primary_colors 12 en primary colors of light red, green, blue
de Primirfarben des Lichts Rot, Griin, Blau
fr couleurs primaires de la lumiére rouge, vert, bleu
es colores primarios de la luz rojo, verde, azul
zh  EHEERE NS
ja K= 5, Ak, 1
ko Welad w7, 2%, v
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Table 32: Minimum and average cosine similarity between representative layer-wise activation space directions per
language for Gemma-2-2B (top) and Qwen3-4B (bottom).

| | | es en zh de ja fr ko

g |AnnSel - ValSel |Avg| 0.66 0.06 0.58 0.59 0.71 045 0.30
2 Min | 047 -0.1 044 041 0.53 0.07 -0.07
g FregSel - AnnSel|Avg| 0.57 0.04 0.59 0.63 047 0.57 041
E Min | 0.09 -0.15 025 0.24 0.18 0.12 0.05
© ValSel - FreqSel | Avg| 0.34 0.04 045 0.29 042 025 0.30
Min | -0.1 -0.37 0.11 0.07 0.08 -0.05 -0.44

& |AnnSel - ValSel |Avg|0.07 0.26 047 034 035 03 0.62
: Min | -0.07 -0.22 0.06 -0.04 0.02 -0.04 0.31
§ FregSel - AnnSel|Avg| 0.41 037 0.38 048 0.55 0.32 0.35
<] Min [-0.02 0.04 0.02 0.23 0.11 0.00 0.06
ValSel - FreqgSel |Avg| 0.42 0.14 021 0.27 046 036 035

Min | -0.03 -0.17 -0.32 -0.01 0.00 -0.15 -0.35

Table 33: The percentage (%) of extracted latents of Gemma-2-2B (top) and Qwen3-4B (bottom) per method and
language whose Neuronpedia annotations explicitly refer to the language. AnnSel is 100% by design.

‘ ‘en frr de es zh ko ja

Gemma-2-2B| ValSel| 2 72 94 54 58 2 46
FreqSel 0.1 71 77 53 39 1 58
AnnSel | 100 100 100 100 100 100 100

Qwen3-4B ValSel| 2 24 32 24 12 0 8
FregSel| 1.1 329 382 284 37.5 4.1 16.7
AnnSel | 100 100 100 100 100 100 100
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