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Abstract

Multilingual large language models can ex-
hibit wunintended code-switching — unneces-
sarily alternating between languages dur-
ing generation. We present a comparative
study of three methods that identify language-
controlling latents in cross-layer transcoders:
activation value-based selection (ValSel), ac-
tivation frequency-based selection (FreqSel),
and LLM-generated latent annotation-based
selection (AnnSel). To evaluate the efficacy
of these methods in identifying language-
controlling latents, we introduce two multi-
lingual code-switching benchmarks designed
for fine-grained analysis of language steering
across seven languages. Through targeted in-
tervention experiments on Gemma-2-2B and
Qwen3-4B, we find that all three methods
effectively manipulate generation language,
with FreqSel achieving the strongest over-
all performance, while AnnSel offering inter-
pretable latent selection through explicit lan-
guage annotations. A knock-out analysis sug-
gests the methods select non-overlapping but
each-functional latent subsets, indicating re-
dundancy rather than a single canonical lan-
guage direction.

1. Introduction

Large language models have achieved remarkable mul-
tilingual capabilities, but this flexibility comes with an
unintended consequence: code-switching, where mod-
els inappropriately alternate between languages mid-
generation (Marchisio et al., 2024). This problem mo-
tivated explicit language consistency rewards during
training of models such as DeepSeek-R1 (DeepSeek-Al
et al., 2025).
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Recent mechanistic interpretability work has identi-
fied neurons and latents that causally influence out-
put language (Tang et al., 2024; Deng et al., 2025),
suggesting that targeted interventions could provide
fine-grained language control in generation. However,
to our knowledge, no systematic comparison exists of
language-controlling mechanism discovery, and it re-
mains 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);
FreqSel, based on language-specific activation
frequency (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 SAEs, CLTs provide a unified
sparse dictionary across all layers, enabling holistic
analysis of language representations in latent space.

2. Preliminaries

Mechanistic Approaches to Language Control
Prior work has investigated language control at multi-
ple levels of abstraction. At the neuron level, Tang et al.
(2024) identified language neurons whose selective acti-
vation steers output language. At the representation
level, Goncharov et al. (2025) extracted language direc-
tions via PCA, enabling steering with directional abla-
tion. More recently, sparse autoencoders (SAEs), which
address polysemanticity by learning an overcomplete
sparse basis of monosemantic features (Bricken et al.,
2023), have been applied to isolate language-controlling
features 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), cap-
turing features spanning model depth. In this paper,
we use CLTs trained for Gemma-2-2B (Lieberum et al.,
2024) and Qwen3-4B (Hanna, 2025).



Title Suppressed Due to Excessive Size

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 cross-layer transcoder with latent space S and
a collection of languages L, we identify for language
l € L a subset of latents S' C S that are specifically
associated with the generation of [. We compare three
selection criteria based on activation magnitude, acti-
vation frequency, and semantic annotation.

3.1.1. VALUE-BASED SELECTION (VALSEL)

Inspired by Deng et al. (2025), this method identifies la-
tents whose activation magnitude is distinctively higher
for a target language compared to others. For a latent
s and a language-specific corpus D, we compute the
mean activation:
1
Hi = W Z as(t) (1)
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where as(t) denotes the activation of latent s for token
t. The [-monolinguality score of latent s for language [
is then defined as:
1
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We select the top-K latents with the highest I-
monolinguality scores for each language I.

3.1.2. FREQUENCY-BASED SELECTION (FREQSEL)

Following Andrylie et al. (2025), this method identi-
fies latents that activate more frequently for a specific
language. We compute the activation probability for
latent s in language [ as:
1
Pl= —|{te D" :as(t) >0 3
e |Dl\|{ as(t) > O} (3)
A latent is considered specific to language [ if: (1)
P! = maxjer, P/ and (2) no language I’ # [ satisfies
P! > T . P! for a threshold T € [0,1]. We select the
top-K specific latents for [ based on P!.

3.1.3. ANNOTATION-BASED SELECTION (ANNSEL)

We propose an approach that supports interpretability
by leveraging LLM-generated latent annotations. 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 us-
ing Circuit Tracer (Hanna et al., 2025). We truncate
sentences at a midpoint ensuring the target token is
a valid word in [. Then, we greedily prune the at-
tribution graph by retaining only its high-importance
paths from each token embedding to the top predicted
logit by maximum bottleneck edge weight. From the
pruned graph, we extract all latents contributing to
the final token position, but retain only the latents
whose annotations explicitly reference the language [
(e.g., containing “Japanese” or “Japan” for | =‘ja’),
ensuring interpretable, language-related selection.

3.2. Intervention Strategies

For the sets of discovered language-specific latents
{S'M€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 target language
[ while avoiding out-of-distribution effects, without
affecting other languages.

o Distractor Zero Ablation: Set to zero all latents
associated with the distractor language [y, or the
latents of all non-target languages | J e\ {1} S7. This
suppresses competing signals from other languages.

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

e Combined Interventions: Simultaneously apply
a form of distractor ablation along with target ampli-
fication, boosting the signal of the target language
while suppressing that of the context language. We
test distractor zero ablation + target amplification
(Zero+Amp), and distractor one-layer direction
ablation + target amplification (1L4+Amp).

4. Experiments

All the experiments are conducted on the transcoders of
Gemma-2-2B-pt! from Gemma-scope (Lieberum et al.,
2024) and Quwen3-4bZ.

For the activation value-based ValSel we use K =
50 (to parallel the 2-latent per layer choice in (Deng

"https:/ /hf.co/mwhanna/gemma-scope-transcoders
*https://hf.co/mwhanna/qwen3-4b-transcoders
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Table 1. Data format and examples of the two evaluation datasets. The sentence frame (in sans-serif) is in the context
language lo, while the target language [ is in bold. The examples show selections of context/target languages (lo, 1).

Context Target
Antonyms The opposite of “[adj]” is " [antonym)]
ex1 (en, fr) The opposite of “grand” is “ petit
ex2 (de, ja) Das Gegenteil von “KZ " ist “ INE
Enumerations The [enum] are: [item 1], [item 2], [item 3], [item 4], ...
ex3 (en, es) The four seasons are: el verano, el otofio, el invierno, la primavera
ex4 (fr, zh) Les jours de la semaine sont: 218, 22—, 2, E= Efm, ...

et al., 2025) for the 26 layers of Gemma-2-2B). For the
frequency-based selection FreqSel, we consider latents
that are active in more than 98% of a language’s corpus
and set T = 0.8 following (Andrylie et al., 2025). For
AnnSel, we utilize the Circuit Tracer tool (Hanna et al.,
2025) and Neuronpedia annotations?.

To extract the latent sets, we use FLORES+ (NLLB
Team et al., 2024) in seven languages: 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.

4.1. Datasets

We introduce Antonyms and Enumerations, two
novel evaluation datasets designed to measure
the effectiveness of language-steering interventions.*
Antonyms task requires producing a target antonym
in a desired language [ given a sentence context in a dif-
ferent language [y, creating a controlled code-switching
scenario, while Enumerations asks for a continuation
of a listing in the desired language, testing open-ended
generation. The data format and some examples of the
two datasets are shown in Table 1.

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 categories
for Enumerations. The complete lists of adjectives
and words are provided in Appendix H and I. For each
of the 7x 6 = 42 ordered pairs of context and target lan-
guages (lg,1) where [y # [, we generate a test example
per antonym pair and per enumeration category.

Evaluation protocol. Given a context, we measure
whether the model assigns a higher probability to the
target antonym or enumeration in language I compared
to its translations in other languages. For each example,
we record the logit assigned to the target token of the

3https://www.neuronpedia.org
4The datasets will be publicly released.

antonyms for Antonyms and the length-normalized
logprob for Enumerations across all seven languages.
A successful intervention should increase the target logit
or logprob post-intervention relative to the baseline
before the intervention.

4.2. Findings
4.2.1. INTERVENTION STRATEGY EFFECTIVENESS

To assess language manipulation efficacy, we intervene
on the extracted latents enforcing a target language [ in
a sentence with context language [y using Antonyms,
where the target is a single token. We measure the
target token’s top-1 logit margin which is the sepa-
ration of the logit of the target adjective from its best
competitor: m; = max;cr\ (1} a; — a;, where a; is the
logit of the target adjective in language [. A more
negative m; value indicates a higher probability for
target language [. We measure the change in m; due
to the intervention:

Aml _ 7(m;zfter o m?efore) (4)
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 7
to 9, as well as results for Quen3-4B (Tables 10 to 12).

The most effective intervention is Zero+Amp, combin-
ing zero ablation of distractor language [y with target
language amplification, followed by 1L+Amp that
instead uses single-layer directional ablation of ly. Zero
ablation seems to outperform the more powerful direc-
tion ablation possibly due to 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 languages
to contrast their performance per target language.
Table 3 shows summary results for Gemma-2-2B on
Antonyms and Enumerations (detailed results in Ta-
bles 13 to 15 in the Appendix), and results for Quen3-4B
are in Table 16.
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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.

Distractor (lo) L\ {l} Distractor (lp) Distractor (lp) Target (1) Zero+Amp 1L+Amp
710 Z€ero 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
FreqSel 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 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.

es en zh de ja fr ko Avg
é ValSel | 14.19 10.16 16.06 13.56 4.63 9.01 12.18 | 11.40
O | FregSel | 8.95 434 34.50 7.85 8.65 6.45  28.30 | 14.15
f: AnnSel | 13.86 4.87 24.52 19.67 11.12 13.54 9.11 13.81
4 | ValSel | 100 -0.08 1.13 093 154 072 187 | 1.02
g FreqSel | 2.08 -0.33 2.12 2.69 2.52 1.40 3.92 2.06
S | aomsel| 090 030 1.05 183 147 085 038 | 0.99

In total across all settings and models, all the selection
methods are effective. FreqSel achieves the highest to-
tal absolute logit and logProb change across the tasks,
with significant performance gains in Asian languages
(especially Chinese and Korean). 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 ex-
tracted latents for Korean (Table 6).

4.2.3. IS THERE REDUNDANCY IN LATENT LANGUAGE
REPRESENTATION?

To study to what extent the latent sets identified by
the three selection methods are equivalent we conduct
a knock-out experiment that involves a pair of methods
and the same target language. We utilize the amplifi-
cation intervention on the latents of the first method,
then we ablate the projection of the residual stream
change vector on the representative direction of the
latents of the second method. We aim by this experi-
ment to remove the influence of the second methods’
latents completely to see if the first method latents are
still able to produce positive logit margin change.

We report in Table 4 the total logit margin change ag-
gregated over the seven language per method pair for
Gemma-2-2B and Qwen3-4B on Antonyms. The gen-
erally positive numbers indicate a form of robustness,
however the asymmetry of the results for the same pair
of methods require further investigation. We provide
in the Appendix (Section J) additional observations
related to the cosine similarity of the latent set rep-

resentative residual-stream directions, and to latent
annotations.

Table 4. Aggregate knock-out experiment results over all
languages for Gemma-2-B 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.

Amplification = Ablation Total

method method Amy
aa] AnnSel FreqSel 5.20
& | AnnSel ValSel 38.82
& FreqSel AnnSel 90.63
£ FreqSel ValSel 92.16
g ValSel AnnSel 49.52
& | ValSel FreqSel -1.19
m AnnSel FreqSel 1.28
< AnnSel ValSel 7.58
‘g FreqSel AnnSel 155.29
g FreqSel ValSel 85.82
& | ValSel AnnSel 107.55

ValSel FreqSel 33.86

5. Conclusion

We presented a comparative study of three methods
for identifying language-specific latents in cross-layer
transcoders: value-based (ValSel), frequency-based
(FregSel), and annotation-based (AnnSel). Through
experiments on the controlled Antonyms and Enu-
merations tasks in seven languages, we demonstrated
that all three methods can effectively steer genera-
tion language. FreqSel achieves the strongest overall
performance, particularly for Asian languages, while
AnnSel provides the added benefit of interpretable la-
tent 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 controlled settings. Deeper
understanding of to what extent different methods
identify similar or different latents has implications for
both understanding multilingual representations and
developing robust language-steering interventions.
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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 Flores+, we
randomly cut the sentence in the middle so that the next token that the model should predict is a valid word in
the target language, i.e. not a number or punctuation.

We used 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 27;1 prob; > 0.95.
We then pruned 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 pruned 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 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 directly involved in the information flow from token to logit. We choose paths
whose first edge has more than 0.5 edge weight and last edge has more than 0.25 edge weight. Then, out of the
chosen features, we extracted all the features in the last token position and counted how many times each of
them appear.

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 name or country name in its description and their
frequency. Let us denote the list by ¢ and the frequency of feature f by freq;. We then choose f that satisfies

freqr > 0.1 maxgep fregy.

B. Applying SAE feature selection methods on CLT

We applied 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 conducted two experiments proposed in (Deng et al., 2025) and (Andrylie et al., 2025).

B.1. ValSel and code-switching experiment

(Deng et al., 2025) confirms the specificity of the language specific features by comparing the activation values on
normal context and code-switching context. Following their experiments, we used the code-switching dataset of
theirs and plotted the activation values of the top-50 features found and used for steering in our experiments.
Keep in mind that we plotted the activations for all the languages used in our experiment except German because
(Deng et al., 2025) did not include German in the experiments. Also, since we conducted the experiments on the
CLT, the extracted features are not distributed uniformly across layers. The trend is the same as what is claimed
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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 modified noun (Lang B Noun).

B.2. FreqSel 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 @ye =  + az?“”dj , where o € R is a scaling factor and 27"** is the maximum
value of the feature of interest d’ in the multilingual corpora. We used 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 Figure 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)

Intervened
Language

de 0.8 | 0.9

@ p Output

package Produktion Kleidung refroidissement nétre enfans
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

es 0.8 | 0.9 .
pre acuerdos efectivos
fr 04 | 0.8 Que gfﬁcaces financieres russes russes efﬁcace§ financieres
financieres efficaces financieres efficaces financieres efficaces
ja 0.3 ] 0.0 How toget{§/ EL /=27 + L TNDO T 7 AN —KCH AT AT AT A
ko 0.5 0.0 How to 3D =AF ZoJt} &lAF Aot} =
zh 0.5 | 0.9 ThefF LIRS EA R 2 fHNMER

C. 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 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
o ValSel | 50 50 50 50 50 50 50
% FreqSel | 101 423 579 509 268 938 234
S AnnSel | 17 41 59 19 41 7 45
- ValSel | 50 50 50 50 50 50 50
2 | FregSel | 11 438 500 299 136 366 293
< AnnSel | 12 16 13 10 16 8 13

D. Ablation intervention details

We tried several types of ablations. The one mentioned earlier is direction ablation.

D.1. Distractor zero ablation

Using Circuit Tracer (Hanna et al., 2025), we find the language supernodes as described above. In context zero
ablation, we ablate the distractor language A by setting all the latents in the language A supernode to zero. In
non-target zero ablation, we ablate all the languages except the target language B by setting all the latents in the
language C supernode to zero, where C is all the languages except B.

8
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D.2. One-layer direction ablation

The language features identified span across several layers, mostly in the last couple layers. Therefore, we chose
the layer with the largest number of features for each language node with tie-breaking by the later layer, and
did a direction ablation on that layer. Specifically, for each prompt, we run the attribution process to extract
the activation values for the features in that layer and calculate the negative values we should insert into the
features in the language node to completely get rid of the direction of the target features. Distractor one-layer
direction ablation negates only one language, and one-layer direction ablation negates all the languages except
one language.

The limited effectiveness of this approach might be due to the skip connections in CLTs and getting rid of the
effects of one layer does not prevent other layers from influencing the logits through skip connections.

D.3. Multi-layer direction ablation

Instead of just getting rid of influence in one layer, we get rid of influence in all the layers. For all the features
in a language supernode, we get the decoding weight matrices from CLT. Then, for each layer, we identify
which direction to ablate using the weight matrices extracted based on which language features are in that
layer. We finally do ablation in the activation space by extracting the projection onto that direction from the
original activation. Since circuit tracer is a tool to manipulate the models in latent space, we used NNSight
(Fiotto-Kaufman et al., 2025) instead to do ablation in activation space. Distractor (multi-layer) direction ablation
intervenes on only one language, and (multi-layer) direction ablation intervenes on all the languages except one
language.

Direction ablation works when the prompt language is either Chinese, Korean, or Japanese and when the adjective
language is either German or Spanish. It does not work, for example, when the adjective language is French.
When the prompt language is Chinese, Korean, or Japanese with French as the adjective language, the direction
ablation pushes English and Spanish higher than French while successfully pushes the prompt languages down.
This could suggest that a large part of French direction overlaps with Spanish and English directions.

Note that because multi-layer direction ablation operates in activation space and is implemented in NNSight
(Fiotto-Kaufman et al., 2025), it is hard to combine it with non-distractor amplification, which operates in latent
space and is implemented in circuit tracer (Hanna et al., 2025). Hence, we do not have multi-layer direction
intervention.

E. Zero4+Amp Detailed Results

Tables 13 to 15 show the logit difference results of ValSel, FreqSel and AnnSel, respectively, before and after
the Zero+Amp intervention. 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 latents 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, FreqSel is weaker in enforcing
German and English, and ValSel shows fragility when the context language is Chinese (Table 13). 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 where identified
(Table 6) — far fewer than for any other language, while FreqSel shows the most robust performance.
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F. Detailed Intervention Strategy Comparison

Next, we provide detailed results for the different interventions under Gemma-2-2B and the Antonyms task
in Tables 7 to 9.

Table 7. Intervention effectiveness per target language for ValSel latents of Gemma-2-2B

Distractor (lo) 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 -3.18 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 -9.4 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 8. Intervention effectiveness per target language for FreqSel latents of Gemma-2-2B
Distractor (lo) L/{l} Distractor (lo) Distractor (lo) Target (1) Zero+Amp 1L+Amp
Zero ZEero 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 5.43 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 -3.3 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
Table 9. Intervention effectiveness per target language for AnnSel latents of Gemma-2-2B
Distractor (lo) L/{l} Distractor (lo) Distractor (lo) Target (1) Zero+Amp 1L+Amp
Zero ZEero 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 5.97 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

G. Detailed Selection Method Comparison

We show detailed results for Gemma-2-2B under the three selection methods and the Zero+Amp intervention
with Antonyms in Tables 13 to 15.

Table 16 presents summary results for selection method efficacy for Qwen3-4B latents for Antonyms and
Enumerations.
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Table 10. Intervention effectiveness per target language for ValSel latents of Qwen3-4B

Distractor (lo) L/{l} Distractor (lo) Distractor (lo) Target (1) Zero+Amp 1L+Amp
Z€ero Z€ero 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 7.4 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 5.47 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 11. Intervention effectiveness per target language for FreqSel latents of Quen3-4B
Distractor (lo)  L/{l} Distractor (lo) Distractor (lo) Target (1) Zero+Amp 1L+Amp
Z€ero Z€ero 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 141 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 -3.3 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 12. Intervention effectiveness per target language for AnnSel latents of Qwen3-4B
Distractor (lo) L/{l} Distractor (lo) Distractor (lo) Target (1) Zero+Amp 1L+Amp
Z€ero Z€ero 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 77 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

Table 13. 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 -2.93 -4.57 -5.19  -2.97 -4.88 - - =262 -2.69 -0.24 -098 -2.38 -2.21
en -2.29 -3.29 - S -4.41 -1.45  -235 -2.96 -2.71 -0.10  -0.66  -2.87 -3.27
es - - 415 -5.83  -3.77 -4.56  -1.30 -2.68 -2.27 -2.58 -0.08 -2.03 -2.30 -2.25
fr -1.22 -3.19 -4.13 -5.08 -1.89 -4.22 -1.02 -2.26 -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 -4.40 -0.44 -6.04 0.80 -2.53 -1.98 -2.54 1.75  -0.61 - -
zh 2.62 -0.73  -2.29 -5.72 - - 3.38 -0.77 2.25 -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 5.78 -3.23 -2.29 -14.47
Change +14.19 +10.16 +16.06 +13.6 +4.63 +9.01 +12.18
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Table 14. 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  -4.57 497 -2.97 @ -7.58 - - -2.62 -3.13 -024 -0.18 -2.38 -5.82
en -2.29  -1.55 - - -3.77 =799 -1.45 -1.17 -2.96 -3.34 -0.10 0.16  -2.87 @ -5.73
es - - -4.15 -4.62 -3.77 ¢ 823 -1.30 -1.03 -2.27 -3.21 -0.08 -0.26 -2.30 -5.61
fr -1.22  -1.75 -4.13 -4.70 -1.89 | -7.79 -1.02 -1.04 -248 -3.30 - - -2.22 © -5.90
ja 0.95 -1.45 -3.54  -4.06 0.34 | -7.06 0.87 -1.05 - - 1.65 0.19 1.69 -3.99
ko 1.54 -1.85 -3.28 -4.26 -0.44 | -8.35 0.80 -1.30 -1.98 -3.13 1.75  -0.59 - -
zh 2.62 -0.95 -2.29  -3.69 - - 3.38  -0.98 2.25  -2.60 2.80 0.01 5.79 -3.54
Total -0.19  -9.14 -21.96 -26.30 -12.50 -47.00 1.28  -6.57 -10.06 -18.71 5.78  -0.67  -2.29 -30.59
Change +8.95 +4.34 +34.5 +7.85 +8.65 +6.45 +28.3

Table 15. 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  -4.57 532  -2.97 -5.67 - - -2.62 -3.63  -0.24 -1.67  -2.38 -2.54
en -2.29 -3.11 - - =377 -6.46  -1.45 -3.01  -2.96 -3.69  -0.10 -1.04  -2.87 -2.57
es - - 415 484  -3.77 -6.52 -1.30 -3.37  -2.27 -3.62  -0.08 -2.26 -2.30 -2.50
fr -1.22 -3.06 -4.13 -4.88 -1.89 -5.91 -1.02 -3.23 -2.48 -3.74 - - -2.22 -2.49
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 -2.36  -3.28 -3.33 -0.44 -6.46 0.80 -3.55  -1.98 -3.53 1.75 -1.61 - -
zh 2.62 -0.86  -2.29  -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 -7.760 -2.29  -11.40
Change +13.86 +4.87 +24.52 +19.67 +11.12 +13.54 +9.11

Table 16. 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
é ValSel | 7.36 -5.31 1756 6.38 -1.17 7.49 11.29 | 6.23
8 FreqSel | 490 6.09 29.87 4.13 -7.34 6.90 20.86 | 9.34
é‘ AnnSel | 7.35 5.12 9.84 4.95 2.23 6.95 6.79 6.17
8 ValSel | 0.89 -0.73 0.25 0.95 040 0.97 0.61 | 0.48
§ FregSel | 1.50 0.28 1.41 1.90 1.26 1.49 1.81 1.38
é AnnSel | 0.73 0.17 0.82 0.18 0.86 0.49 0.46

H. Adjectives Used in Antonyms

"

We prepared 100 pairs of antonyms to use for the antonym-structured sentences (The opposite of "adj1" 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). We used Gemini 2.5 to generate them. All the antonyms are shown in Table 17. 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 17. Multilingual Antonym Pairs in the 7 languages

English French German Spanish Japanese Korean

good bon gut bueno Ruw =2

bad mMauvais schlecht malo o L

happy heureux gliicklich feliz LW 3 H 3t

sad, unhappy  triste, mal- traurig, wungliick- triste, infeliz ZEL W =, 23t
heureuz lich

big grand grof3 grande KEW =

small petit klein pequeno IINE 2o

hot chaud heif3 caliente 8 Zwn o -2

cold froid kalt frio % T, mfzn F&, A7l

fast rapide schnell rapido S SLAN il =

slow lent, lente langsam lento 2 EW g

light léger leicht ligero % [0 7t &

heavy, dark lourd schwer pesado ] HW F A2

easy facile einfach facil =5 L -2

difficult, hard  difficile schwierig, schwer dificil M WL o] 22

new nouveau neu nuevo # FLwn M=-&

old vieux, ancien alt viejo H Hu 2E

true vrai wahr verdadero = IELW A A st

false, untrue  fauz falsch, unwahr  falso, incorrecto g - 7= AR, £

alive vivant lebendig vivo FEETnW3 Aol =

dead mort tot muerto JLA TV S =2

full plein voll lleno Wk 715 2

empty vide leer vacio 7512 ul

bright brillant hell brillante 2\ ure

dark, dim sombre, obscur dunkel oscuro, opaco iAW o] 72 B3l

strong fort stark fuerte B 73t

weak faible schwach débil HH\ okg}

clean propre sauber limpio Ihwi 7N Z 3

dirty sale schmutzig sucio i3 H ol 2] &

open ouvert offen abierto Vi EELRYA 44

closed fermé geschlossen cerrado *x BL- gl

rich riche reich rico =2 ELTTRAY L i

poor pauvre arm pobre 5 HLw ba=ady

beautiful beau schén hermoso ES FELw ol& -2

ugly laid hdsslich feo il B 247

long long lang largo ¥ £ 4l

short court kurz corto bl A 2

wide large breit ancho ik TN we

narrow étroit eng estrecho 7 I =2

hard dur hart duro fist AR =3t

soft mou weich suave L4 Fohbwn g2

dry sec trocken seco + EARY A ul&

wet, moist humide, nass mojado, himedo wnz, -7 e, F50t
mousllé

loud fort laut ruidoso =) 753w Al -&

quiet, silent silencieuz, doux leise, still tranquilo,  silen- R ROARA Z&3F 11279

c1080

19



Title Suppressed Due to Excessive Size

English French German Spanish Chinese Japanese Korean
early tot frith temprano B Huw ol =
late tard spdt tarde 7} REA =2
near proche nah cerca i T 7V 7
far loin fern, weit lejos b U o
deep profond tief profundo & I a2
shallow peu profond flach superficial, poco 1% w g2
profundo
bad mauvais schlecht malo 7 Eun o
good bon gut bueno IF Rw F2
sad triste traurig triste Mt FEL W ==
happy, joyful  heureuz, joyeux glicklich feliz, alegre VARl UERBAR st 7jm
small petit klein pequeio 7 NS ze
big, large grand grof3 grande N KEFW =
cold froid kalt frio ® FEn F2
hot, warm chaud heif caliente, cdlido 28 Euy, B o2&, mEest
slow lent langsam lento 8 BW =d
fast, quick rapide schnell rapido, veloz R iy, B W=
heavy lourd schwer pesado H HW FAL
light léger leicht ligero 7 B 71 &
difficult difficile schwierig dificil X LW -2
easy, simple  facile einfach fdcil, sencillo 55, 5 e, fE -2, Zheksk
old vieux alt viejo [3] AR <=4
new nouveau, jeune mneu nuevo, joven el ALw 2L, F2
false faux falsch falso & fE- 7= A A <]
true, correct  wvrai, correct wahr, richtig verdadero,  cor- B ELw 48l SHlE
recto

dead mort tot muerto . LA TWVWES =2
alive, living vivant lebendig vivo, viviente W, &£ FEEXI T3 grofgl=, A

3l
empty vide leer vacio z 25512 w1
full plein voll lleno T TN 7H5 zF
dark sombre dunkel oscuro i3 AR o] F&
bright, light brillant, clair  hell brillante, claro =, JEAH B %\ g2
weak faible schwach débil 5 GEAN k3t
strong fort stark fuerte B, SR L, LR ARCTS
dirty sale schmutzig sucio il HW o 22
clean propre sauber limpio T f_ﬁ?’l\« VI B, i RS

FE

closed fermé geschlossen cerrado * e~ 3]
open ouvert offen abierto Vi BV /= g
poor pauvre arm pobre % LW Zhagk
rich, wealthy  riche reich rico, adinerado EW WET, Enk Rl FH9
ugly laid hisslich feo il [/ AR 247
beautiful, beau, joli schén hermoso, bonito 3 FEL W ofg i, o
pretty
short court kurz corto 351 JAR 7o
long long lang largo N Fwn |
narrow étroit eng estrecho i P F2
wide, broad large breit ancho i i He
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English French German Spanish Chinese Japanese Korean

soft mou weich suave ) E SS9 /W Ho g

hard, firm dur hart duro fisf fifiua ol 51

wet humide nass mojado 1 mn= A2

dry sec trocken seco T ARYAS npE

quiet silencieux leise tranquilo 2R ERRAN Z=83

loud, noisy fort, bruyant laut ruidoso K7, Wi 953\ Al 1282

late tard spiit tarde i) B =

early tot friih temprano H Hu o] 2

far loin fern lejos 75 W H

near, close proche nah cerca plin T T

shallow peu profond flach superficial % HW &L

deep profond tief, hoch profundo b S e

young jeune jung joven Fi H\ a2

old vieur alt viejo z EARYAS e

kind gentil freundlich amable ZR #l 4ask

unkind, mean méchant unfreundlich desagradable, NER, M SHEL, NEY %, 2223, 29

malo KAl

brave courageux mutig valiente B Bk R igls

cowardly lache feige cobarde 155 HEm 7 PRl

wise sage weise sabio RS B AP

foolish insensé, stupide dumm, toricht tonto, necio BE B ofe] 4L

polite poli hoflich educado LA TE ol o] b=

impolite, rude impoli, grossier wunhoflich, grob descortés, maledu- NFLIR KL, mErlz, Mg Fest

cado 7, MM

patient patient geduldig paciente TRy FREEGHW AWAH A=

impatient impatient ungeduldig impaciente AN AR Tonbi dae IS4
e

honest honnéte ehrlich honesto WK NI=RAy = 2 5k

dishonest malhonnéte unehrlich deshonesto AN SE NEE % Ry H st

safe str sicher seguro A e A SHE

dangerous, un- dangereuz gefihrlich,  un- peligroso,  inse- fal&: falR7c sk

safe sicher quro

active actif aktiv activo R TEEN 2 535

inactive, pas- inactif, passif  inaktiv, passiv inactivo, pasivo  TEIR NELEHINRAN H g5 d ol &

stve =z o]

straight droit gerade recto B EHFTR =2

curved, bent courbe, tordu gebogen, krumm  curvo, doblado = A h > 7= w2, ozl

whole entier ganz entero SEEE ESYiND) A A <9

part, broken partiel, cassé teilweise, ge- parcial, roto R, B WMz, #Ehn- HEAQ BA

brochen Zl

calm calme ruhig calmado i Rehik b =l o

agitated, agité, orageur  aufgeregt,  stir- agitado, tormen- VB, WAL N, BEL HY4H, 2FF

stormy misch toso A=

correct correct richtig correcto 1EW IELw &3t

incorrect, incorrect, faur  falsch incorrecto, equivo- NIEHH, iR MiE-> T3 Hygsh £4

wrong cado

complex complexe komplex complejo p=P0 M 533t

simple simple einfach simple, sencillo & R URAy kst g et

effective efficace effektiv efectivo B EyL RN s7AA

ineffective inefficace ineffektiv ineficaz ToRk FERR I % n) 274 ¢l
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English French German Spanish Chinese Japanese Korean
famous célébre beriihmt famoso E EEEZRAS R i Ay
unknown, ob- inconnu, ob- unbekannt, unbe- desconocido, os- L%, NAN BEGD, s Tw FEe, 2 947
scure scur deutend curo F T\ AR oF&
generous généreux grof3ziigig generoso TR "Bk% ol g+
stingy, mean  avare, mesquin geizig tacano, malo i TFR ol Al S HF
content content zufrieden contento =% E¥R P B3t
unhappy, dis- mécontent, in- unzufrieden infeliz, insatisfe- AN 2%, A REwR s EuE
satisfied satisfait cho b3 282
healthy sain gesund saludable {955 (295 200 A 733k
unhealthy, sick malsain, ungesund, krank insalubre, en- MR, £ NMEEZL, IO A 3R 2,
malade fermo ofEZ
high haut hoch alto = (=% =2
low bas niedrig bajo 1% {1V w2
important important wichtig importante B5E EHEL =93
unimportant,  sans impor- unwichtig, trivial sin  importance, NEE, B HFEE TR\, B FLX F2,
trivial tance, insignifi- trivial JEOS N Al43F
ant
innocent innocent unschuldig inocente TE HEIED F 3135k
guilty coupable schuldig culpable HaE HIED w59
known connu bekannt conocido 2 Bt = |
unknown nconnu unbekannt desconocido R0 KR eref 2| 2] ok
male masculin minnlich masculino B Hikon g A o]
female féminin weiblich femenino ZH g ) of 2]
normal normal normal normal EH i) AAdAA
abnormal, un- anormal, abnormal, anormal, inusual FH, NIEW  FEL H] g2 el o]
usual inusuel ungewdhnlich et
possible possible moglich posible A RE A fEZ 7} %k
impossible impossible unmoglich imposible ANA]RE ol gE%R Skl
private privé privat privado A & Ao ALH Q1
public public offentlich publico YAPES N &<l
right juste richtig correcto xF ELw 28
wrong fauz falsch incorrecto, equivo- % > T\ 3 =4d
cado
simple simple einfach sencillo [ R =3k
complex complexe komplex complejo =P EHME H3pet
sweet doux siif3 dulce Fi| Hw =2Z 3
sour, bitter acide, amer sauer, bitter agrio, amargo R, & e 130y, T Al &
visible visible sichtbar visible G Rz3 Hol=
invisible invisible unsichtbar invisible N Rz 7w HolA] ¢ke
warm chaud warm célido BEFn B H\a =3t
cool, cold frais, froid kiihl, kalt fresco, frio I, % HLVY, @mmn Al St 271
smooth lisse glatt liso iR (2 wo i o] 17188
rough, bumpy rugueuxr, rau, holprig dspero, irreqular  FLKE ZHiA AR, E5E€5
bosselé 23
thin mince diinn delgado T H gFo
thick, fat épais dick grueso B A FAE
tall grand grof3 alto =1 EHhrEwn 717y &2
short petit klein bajo V5 hr v 717} &
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English French German Spanish Chinese Japanese Korean
married marié verheiratet casado [y ¥R 1) e )
single, unmar- célibataire ledig, unver- soltero BE R WD, £ 119, g9
ried hetratet
optimistic optimiste optimistisch optimista U BB 2 gJ#H A
pessimistic pessimiste pessimistisch pesimista HER EARETINRAN H] 24 ¢l
permanent permanent permanent permanente KA EVN SR FTAEA
temporary temporaire temporar temporal /iy —IRFY 2 AA]A ¢l
present présent gegenwiirtig presente WA BED A =) 2]
absent, past absent, passé abwesend, vergan- ausente, pasado  FLF, 1T % RED, WwEo Hapo] }Ae]
gen
public public offentlich publico YA NED =39
private Pprivé privat privado FAN {l&l Ao AFA Q1
real réel echt real B g1 A A A
fake, unreal faux, irréel falsch, unreal falso, irreal ], B o, JEBFED Zh#e], B e A
=] o]
by
responsible responsable verantwortlich responsable 5 H1t A A=
irresponsible irresponsable unverantwortlich  irresponsable AT MEA R, EMT Aol sh
single célibataire ledig soltero a5 e o =419
married marié verheiratet casado [ BiEo, ML Tw &8
%
sour acide sauer agrio 73 5 13 A1
sweet doux st dulce il Hua I=a=as
useful utile niitzlich atil HH [ eRvAe) 8
useless inutile nutzlos inatil %A IS = E2gle
vertical vertical vertikal vertical ®EH EiJI=RAy T2 9]
horizontal horizontal horizontal horizontal IKF K7 Bk
well bien gut bien ¥ Bw Zzr
poorly mal schlecht mal, pobremente 7 o X, JHEHGl o]
winning gagnant gewinnend ganador ErN e FER o =8 s=
losing perdant verlierend perdedor NG b v 5}=
unkind méchant unfreundlich desagradable AER BEHEL 233143
kind gentil freundlich amable ER E Rl Asl
cowardly lache feige cobarde %55 R&Iw % AEe
brave CoUTaAgeuUT mutig valiente B B 7k

I. Listings Used in Enumerations

We prepared 7 ordered enumerations to use for the enumeration-structured sentences (The {category} are: {choices}). We
used Gemini 3 to translate them into the seven languages. All the categories, listings, and the split of the listed choices
and continuation words are shown in Table 18.

J. 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 19 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 Neuronpedia annotation refers explicitly to
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the language. While this is 100% for AnnSel by design, the results for ValSel and FreqgSel in Table 20 reveals substantial
variability.
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Table 18. Enumerations Dataset: categories, items and split thresholds.

Category ID

Split

Lang Category Name

Listings

months

4|8 en months of the year January, February, March, April, May, June, July, August, September,
October, November, December
de Monate des Jahres Januar, Februar, Méarz, April, Mai, Juni, Juli, August, September,
Oktober, November, Dezember
fr mois de 'année janvier, février, mars, avril, mai, juin, juillet, aolt, septembre, octobre,
novembre, décembre
es meses del ano enero, febrero, marzo, abril, mayo, junio, julio, agosto, septiembre,
octubre, noviembre, diciembre
zh —EFH A —H, ZH, =8, mA, 1A, A, tA, \A, A, +A, +—H, +=A
ja —iEoH —H, ZH, =H, mA, &A1, ~A3, €1, AH, A2, +H7, +—H, +=H
ko 1deoldFet 14, 29, 3¢ 4‘2 5-é 6Y, 74, 8¢, 9—é, 104, 11¢, 12¢
numbers 4|6  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, finf, sechs, sieben, acht, neun, zehn
fr nombres de un a dix un, deux, trois, quatre, cing, six, sept, huit, neuf, dix
es ntmeros del uno al diez uno, dos tres, cuatro cinco, seis, siete, ocho nueve, diez
zh B+ T - =, =M, £ 78, Jc \, 71 +
ja —S5+ETOF —, =, =, I, iL,/\, t AV i
ko 1REH107A9 54 Qo A 9 % A B T A
days_ of _week 34 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 —E#Tm AT B, B — B, B=, BN, BT, BN
ja  WH HH, RH, KEH, AR, KRH, 20, LRH
ko 29 dod, ded, 3o, #2Y, Z2Y, 58Y, EQY
four__seasons 2|2 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, otono, invierno
zh IS &, 2, #, &
ja e &, B2, K, &
ko AHA A = o, ke, A
times_ of day 2|2 en times of day morning, afternoon, evening, night
de Tageszeiten Morgen, Nachmittag, Abend, Nacht
fr moments de la journée matin, aprés-midi, soir, nuit
es momentos del dia manana, tarde, tarde, noche
zh — RN B BE, T, BLE ®RE
ja — HORfiHy i, +’” I, 7
ko B A 7 obd, &%, A9, %
cardinal directions 2|2 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 HATTAL ik, ®, R, W
ja FEARFT Ak, /L 8
ko ) 56, 5, Al
primary__colors 1|2 en primary colors of light red, green, blue
de Primérfarben des Lichts Rot, Griin, Blau
fr couleurs primaires de la lumiére rouge, vert, bleu
es colores primarios de la luz rojo, verde, azul
zh HH =R E 4L, g%, 0
ja Ko =JEE ﬁ'ﬁ, %, 5
ko oAt gy, 25, 93
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Table 19. 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
m |AnnSel - ValSel Avg| 0.66 0.06 0.58 0.59 0.71 0.45 0.30
a Min | 0.47 -0.1 0.44 0.41 0.53 0.07 -0.07
a
& |FreqSel - AnnSel| Avg| 0.57 0.04 0.59 0.63 0.47 0.57 0.41
g Min| 0.09 -0.15 0.25 0.24 0.18 0.12 0.05
;EJ ValSel - FreqSel|Avg| 0.34 0.04 0.45 0.29 0.42 0.25 0.30
O Min| -0.1 -0.37 0.11 0.07 0.08 -0.05 -0.44
AnnSel - ValSel |Avg| 0.07 0.26 0.47 0.34 0.35 0.3 0.62
e Min |-0.07 -0.22 0.06 -0.04 0.02 -0.04 0.31
@ |FreqSel - AnnSel| Avg| 0.41 0.37 0.38 0.48 0.55 0.32 0.35
QBJ Min |-0.02 0.04 0.02 0.23 0.11 0.00 0.06
O |valSel - FreqSel| Avg|0.42 0.14 021 027 046 0.36 0.35
Min |-0.03 -0.17 -0.32 -0.01 0.00 -0.15 -0.35

Table 20. 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.

‘ ‘cn frr de e 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 O 8
FreqSel| 1.1 32.9 38.2 284 37.5 4.1 16.7
AnnSel | 100 100 100 100 100 100 100
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