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Abstract

Sparse autoencoder (SAE) features are increas-
ingly used to explain and steer language-model
behavior, but it remains unclear whether a fea-
ture found in one language context plays the
same causal role when processing prompts in
another language. We study this question us-
ing translation-initiation features (Wu et al.,
2026). We reproduce the SAE feature discovery
method from Wu et al. in Gemma 2 and extend
it to multilingual settings that vary prompt lan-
guage, source language, and target language.
We then test whether features that recur across
settings affect translation behavior by ampli-
fying or ablating their activations during infer-
ence. We also examine whether the method can
be applied to Gemma 3.

In both models, we observe an identical find-
ing: although we can find more than 20 fea-
tures that activate frequently across all dis-
covery settings, causal validation shows that
nearly all have small or inconsistent effects.
In contrast, one feature — Gemma 2’s (L10,
5717) and Gemma 3’s (L.20, 2456) — consis-
tently improves COMET scores when ampli-
fied and degrades them when ablated across
23 language settings. These results show that
feature recurrence can overstate cross-lingual
transfer, while identifying a language-agnostic
translation-initiation direction in Gemma 2 and
Gemma 3.!

1 Introduction

Mechanistic interpretability seeks internal variables
that causally support model behavior (Elhage et al.,
2022; Olah et al., 2020). Sparse autoencoders
(SAEs) are widely used to decompose activations
into interpretable feature directions (Bricken et al.,
2023; Huben et al., 2024). However, SAE expla-
nations can be brittle: automated interpretability
scores may fail on basic sanity checks (Heap et al.,

'Our code is available at: https://github.com/
giangson19/recurrence-is-not-enough

2026), and semantic-looking features may reflect
token artifacts (Ronge et al., 2026). These concerns
are sharper in multilingual settings, where a feature
found in one language context may not implement
the same computation elsewhere.

We study this issue through the translation-
initiation mechanism of Wu et al. (2026). They
report that a small set of Gemma SAE features ac-
tivate at translation-specific prompt positions, and
that amplifying or ablating them improves or hurts
translation quality. However, their evaluation is
English-centric: prompts are in English and transla-
tion is English-to-X. It is unclear whether the same
directions are causal when the prompt, source, or
target language changes. This question connects to
broader work on whether multilingual LLMs rely
on shared language-agnostic or language-specific
representations (Wendler et al., 2024; Brinkmann
et al., 2025; Schut et al., 2025). Moreover, their
results were only reported in one model family
(Gemma 2’s 2B and 9B variants), raising questions
of whether the method can be transferred to other
models.

In this reproduction study, we ask: do SAE trans-
lation features causally transfer across multilin-
gual settings? We extend the discovery and inter-
vention pipeline of Wu et al. (2026). We use the
same models — Gemma 2 2B IT (Gemma Team,
2024) and pre-trained SAEs from the Gemma
Scope suite (Lieberum et al., 2024) — but vary both
translation pair and prompt language. We first iden-
tify features shared across four settings (English-to-
Chinese with English prompts, Chinese-to-English
with Chinese prompts, and Chinese-to-Japanese
with either Chinese or English prompts) then in-
tervene on these features in 23 settings. We delib-
erately remove English’s influence by introducing
settings where English is not present in the source
sentence, or the prompt instruction, or simply re-
moved entirely. We evaluate effects of feature in-
tervention using COMET scores (Rei et al., 2020).
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Aspect Wu et al. Ours

(2026)
Models Gemma 2 Gemma 2, 3
Discovery en2zh_en en2zh_en, zh2en_zh,
settings zh2ja_zh, zh2ja_en
Test 4; English 23; non-English sources
settings source/prompt and no-English settings

Table 1: Comparison of experimental scope.

Our main finding is unexpectedly sparse. Al-
though we found 22 recurring features across all
four discovery settings, only one—(LL10, 5717)—
shows robust causal transfer. Amplifying it
promotes translation behavior across diverse lan-
guage pairs and prompt languages, while ablating
it usually degrades quality. This suggests that one
SAE direction functions as a language-agnostic
translation-initiation switch, while the failure of
most overlapping candidates cautions against treat-
ing feature recurrence as evidence of mechanism
transfer.

Furthermore, we test whether the discovery
pipeline can be applied to another model, specifi-
cally using Gemma 3 4B IT (Gemma Team, 2025)
and pre-trained SAEs from Gemma Scope 2 (Mc-
Dougall et al., 2025) of similar sizes to Gemma 2’s.
Despite differences in model size, architecture and
pre-training data to Gemma 2, we observe identical
results in Gemma 3: we found 22 recurring features
across four discovery settings, yet only one — (L.20,
2456) — consistently has improving/degrading
effects under intervention across 23 language set-
tings.”

Our contributions are:

* We test cross-lingual transferability of SAE-
based translation features across prompt lan-
guages and translation pairs.

* We show that multilingual feature recurrence
overestimates causal transferability.

* We identify one feature in each model, (L.10,
5717) in Gemma 2 and (L.20, 2456) in Gemma
3, whose causal effects transfer robustly
across settings.

The scope of our reproduction study compared
to Wu et al. (2026) is summarized in Table 1.

The identical count of 22 recurring features in both mod-
els is coincidental; it arises from independent runs of the same
pipeline on different models and SAEs.

2 Related Work

Sparse dictionary learning for interpretabil-
ity and intervention. SAEs decompose model
activations into sparse feature activations and
decoder directions, often yielding more human-
interpretable units than raw neurons (Bricken et al.,
2023; Huben et al., 2024; Templeton et al., 2024).
Recent work uses SAEs to study multilingual mech-
anisms, language-specific features, and feature
steering (Cho and Hockenmaier, 2025; Deng et al.,
2025; Chou et al., 2025). Our work follows this line
but emphasizes causal validation under distribution
shift: a feature is only considered transferable if
the same intervention direction changes behavior
across many languages.

Reliability of mechanistic explanations. A
growing literature questions whether interpretabil-
ity methods identify stable mechanisms or produce
plausible but brittle descriptions. Prior work high-
lights interpretability illusions (Bolukbasi et al.,
2021), weak automated explanation metrics (Heap
et al., 2026), and token-driven false positives
(Ronge et al., 2026). Our results reinforce these
concerns: 22 features pass a strict discovery crite-
rion, but only one shows robust causal effects.

Multilingual representations and interpretabil-
ity. Mechanistic interpretability remains largely
English-dominant, and relatively little work tests
whether interpretability findings retain their mean-
ing or causal role across languages (Resck et al.,
2025). This matters because multilingual mod-
els may share representations across languages,
but can also exhibit language-specific computation
or latent-language effects (Wendler et al., 2024;
Brinkmann et al., 2025; Schut et al., 2025). Some
behavioral control directions, such as refusal, ap-
pear to transfer across languages (Arditi et al.,
2024; Wang et al., 2026). We build on this line
by testing whether a translation-initiation feature
remains causal when the prompt, source, and target
language change.

3 Method

3.1 Notation

We denote the features as (Layer, Feature
Index). For example, (.10, 5717) refers to the
5717 SAE feature from the 10" layer.
Moreover, we setting  as
src2tgt_prompt, is the source

denote each
where src



Setting Gemma?2 Gemma 3
en2zh_en 42 45
zh2en_zh 53 104
zh2ja_zh 83 206
zh2ja_en 59 65
Intersection (all 4) 22 22

Table 2: Number of consistent features discovered under
each setting.

language, tgt is the target language, and prompt
is the language of the translation instruction. We
use the language codes en, zh, ja, ar, ru, and vi
for English, Chinese, Japanese, Arabic, Russian,
and Vietnamese, respectively.

3.2 Feature discovery

We follow the three-stage protocol of Wu et al.
(2026) for identifying translation-initiation features
and use their published codebase as the foundation
for our study>. All thresholds match their published
values.

Stage 1: feature discovery. For each of
three prompt strategies—prompt, tgt_lang, and
tgt_idx—we run forward passes on the 98 exam-
ples with target text appended. We extract nonzero
SAE activations at the corresponding boundary to-
ken position, retain features that activate in more
than 60% of example-template slots, filter by mini-
mum mean activation greater than 10.0, and keep
the top 50 features by mean activation. We then
take the union across the three strategies, yielding
up to 150 candidate features per setting.

The boundary token position depends on the
prompt strategy: prompt uses the token immedi-
ately before the source text, tgt_lang uses the last
token of the target-language name in the instruction,
and tgt_idx uses the last token of the appended
target text.

Stage 2: PCA-based consistency filtering. For
each candidate feature, we ablate the feature by set-
ting its activation to zero on each discovery exam-
ple across all prompt templates. We then compute
the intervention-induced delta vector, defined as
the change in the hidden state at the last-token posi-
tion, and apply PCA to the collected delta vectors.
Following Wu et al. (2026), we retain features for
which the first principal component explains at least
95% of the variance. This filters for features whose

3https://github.com/flamewei123/A A AI26-translation-
Initiation-Features

interventions induce a consistent residual-stream
direction rather than noisy or context-dependent
effects.

Stage 3: causal intervention. For each surviv-
ing feature, we evaluate interventions on the 862
held-out examples. We compare greedy baseline
generations with two interventions applied at the
last prompt token: ablation, which sets the fea-
ture activation to zero (« = 0), and amplification,
which doubles the feature activation (o = 2). We
report COMET changes relative to the unmodified
baseline.

3.3 Cross-lingual candidate selection

We run the discovery pipeline independently under
four settings that vary the prompt language, source
language, and target language. Table 2 summarizes
the number of consistent features discovered for
each setting and model. The settings progressively
eliminate English-specific factors: zh2en_zh re-
verses the translation direction while using a Chi-
nese instruction, zh2ja_zh removes English en-
tirely, and zh2ja_en restores English only in the in-
struction. Therefore, features in the four-way inter-
section are unlikely to depend on English prompts,
English source text, or a particular translation di-
rection.

3.4 Dataset, model, and evaluation

We use WMT24++ (Deutsch et al., 2025) and
construct non-English X-Y pairs by aligning ex-
amples through their shared English sentences,
yielding 960 translation examples. From 6 lan-
guages en, zh, ja, ar, ru, and vi, we construct 23
src2tgt_prompt settings, including the 4 settings
we used for feature discovery. In all experiments,
we use 98 shared examples for feature discovery
and the rest for intervention evaluation.

We start with the same models used by Wu et al.
(2026): Gemma 2 2B IT (Gemma Team, 2024) with
Gemma Scope residual stream SAEs* (Lieberum
et al., 2024), which has a width of 16k features.

We further test Gemma 3 4B IT (Gemma Team,
2025) and Gemma Scope 2’s SAEs with 16k width
and big L0%. Although pre-trained SAEs with 262k
width were released for Gemma 3, we focus on the
16k variant to ensure method parity with previous
published results from Wu et al. (2026). There are

*https://huggingface.co/google/gemma-scope-2b-pt-res
Shttps://huggingface.co/google/gemma-scope-2-4b-
it/tree/main/resid_post_all



Amplification ACOMET

Ablation ACOMET

Feature

en2zh_en zh2en_zh zh2ja_zh zh2ja_en en2zh_en zh2en_zh zh2ja_zh zh2ja_en
(L0, 8920) +0.10 +0.37 -0.78 -0.14 -0.27 -0.30 +0.38 +0.84
(L1, 12054) -0.11 +0.16 -1.03 -0.35 -0.02 -0.21 +0.21 +0.44
(L2, 15089) +0.06 -0.29 -0.92 +0.31 +0.08 -0.20 +0.44 -0.18
(L6, 13460) -0.72 -0.46 -0.17 -0.21 -0.16 +0.15 -0.26 +0.75
(L7,3704) +0.11 -0.14 -0.06 -0.32 -0.44 +0.07 -0.55 -0.09
(L8, 2024) -0.14 -0.10 -0.62 -0.08 +0.41 +0.56 +0.63 +0.28
(L9, 54) -0.89 -0.03 -0.71 -0.75 -0.02 +0.16 -0.32 +0.97
(L10, 3986) -1.16 -0.50 -1.37 +0.10 +0.21 +0.51 +0.77 +0.45
(L10, 5717) +4.61 +2.33 +5.22 +3.66 -5.85 -0.49 -3.96 -4.79
(L11, 3151) -1.96 -0.18 -1.60 -0.09 +1.01 +0.19 +1.00 +0.24
(L12,2620) -1.75 -0.48 -1.68 +0.10 +0.67 +0.45 +1.35 +0.04
(L13, 11256) -1.09 -0.90 -1.27 +0.07 +0.05 +0.10 +0.90 +0.49
(L14,7214) -0.67 -0.68 -0.57 +0.04 +0.07 +0.66 +0.40 +0.77
(L14,12319) -0.45 -0.04 +0.04 +0.81 -0.29 -0.32 +0.12 -0.08
(L15, 8610) +0.07 -0.70 -0.71 +0.97 -0.81 +0.96 +0.12 +0.08
(L16, 3847) -0.36 +0.45 +0.29 +0.17 -0.66 -0.77 -0.02 +0.59
(L16, 10480) +0.28 -0.36 +0.44 +1.03 -0.69 -0.05 -0.55 -0.16
(L17,7921) +0.03 -0.34 -0.19 +1.57 -1.14 +0.11 -0.53 -0.55
(L18, 15394) +0.05 -0.46 -0.22 +0.62 -0.62 +0.30 -0.23 -0.11
(L24, 8119) +1.80 -1.13 +1.01 +0.91 -3.07 +0.84 -1.89 -1.44
(L25, 348) -1.96 -19.72 -4.52 -8.70 -8.82 +2.96 -8.74 -12.07
(L25, 14186) +1.67 -5.73 -3.62 -1.28 -9.12 +1.61 -5.72 -7.59

Table 3: Gemma 2: causal effects of the 22 features recovered in all four discovery settings. Values are changes in
COMET relative to baseline; green/red cells mark effects with absolute value > 1.0. Exactly one feature, (L10, 5717),
shows the expected translation-switch signature (consistent positive amplification, consistent negative ablation); the
remaining 21 features survived the same recurrence-based selection in the same settings, yet produce effects that are
small, inconsistent in sign across settings, or both. Corresponding chrF++ results are reported in Appendix E.

also 16k SAEs with small LO, but in our prelim-
inary testing, this variant yielded only four PCA-
consistent features, which is an order of magnitude
lower than with big LO. This result might be due to
the lower number of activating features.
Translation quality is measured with
Unbabel/wmt22-comet-da (Rei et al., 2020).

4 Results

4.1 Most overlapping features do not causally
transfer

Multilingual feature recurrence does not imply
causal transfer. Tables 3 and 4 show the interven-
tion effects of all 22 shared candidates in the four
discovery settings, for Gemma 2 and Gemma 3
respectively. In both models, the 21 features other
than the single exception form a matched null: they
passed the same PCA Consistency filter in the same
settings, yet their interventions yield effects that
are small, inconsistent in sign across settings, or
even opposite to the expected translation-switch di-
rection. Critically, these features lack the expected
switch signature (positive amplification and neg-
ative ablation at comparable magnitude), even in
their own discovery setting. Thus, passing PCA

Consistency does not isolate features with large
behavioral effects, even when the language config-
uration is held fixed.

Only one shared feature per model has the
expected causal signature. In Gemma 2, (L10,
5717) amplification improves COMET in all four
discovery settings, with gains between +2.33 and
+5.22, while ablation substantially hurts three of
them. In Gemma 3, (L20, 2456) amplification im-
proves COMET in all four settings, with gains up
to +2.23, while ablation hurts all four, between
—3.29 and —4.15. In each model, no other feature
produces effects of comparable magnitude in both
directions. The combination of consistent sign and
magnitude, and separation from the matched null is
what distinguishes a transferable causal direction
from a recurrence artifact.

Appendix C reports a second control for Gemma
2: 20 features that were consistent in en2zh_en
but absent from the four-way intersection pro-
duce maximum amplification effects of only +0.65
ACOMET, indicating that the intersection did not
miss another strong translation-initiation feature.



Amplification ACOMET

Ablation ACOMET

Feature

en2zh_en zh2en_zh zh2ja_zh zh2ja_en en2zh_en zh2en_zh zh2ja_zh zh2ja_en
(L4, 2491) -0.21 -0.40 +0.13 -0.83 +0.67 +0.21 +0.58 +0.86
(L6, 40) +0.29 -0.02 +0.05 +0.18 +0.09 -0.08 +0.08 +0.01
(L6, 236) +0.22 -0.07 +0.42 +0.15 -0.17 -0.14 +0.37 +0.15
(L11, 6005) +0.54 +0.22 +0.73 +0.18 -0.16 -0.26 +0.05 -0.11
(L12,273) -3.14 -1.39 -2.05 -6.41 -19.72 -10.49 -17.94 -18.67
(L16, 1562) +0.40 +0.22 +0.38 -0.29 +0.17 -0.22 +0.23 -0.40
(L16, 4659) -0.05 -0.06 +0.08 -0.42 +0.16 +0.07 +0.77 +0.08
(L17, 1125) +0.04 -0.69 -0.46 -0.53 -4.05 -1.07 -2.57 -3.18
(L18, 11066) +0.58 +0.72 +0.95 +0.79 -0.62 -1.30 -0.46 -1.95
(L19, 383) +0.10 +0.66 +1.31 +0.39 -1.12 -1.06 -0.89 -2.16
(L20, 189) +0.76 +0.67 +1.18 +0.65 -0.43 -0.71 +0.12 -0.79
(L20, 2456) +1.40 +1.45 +2.23 +0.59 -3.29 -3.49 -3.78 -4.15
(L21, 862) +0.77 +0.38 +0.82 +0.31 -1.04 -0.51 -0.19 -1.45
(L22, 373) +0.63 +0.33 +0.46 +0.47 -0.03 -0.55 +0.37 -0.05
(L22, 455) +0.48 +0.30 +0.52 +0.54 -0.16 -0.32 +0.01 -0.23
(L23, 455) +0.61 +0.32 +0.95 +0.52 -0.42 -0.50 -0.21 -0.57
(L24, 168) +0.31 +0.48 +0.96 +0.62 -0.66 -3.02 -0.07 -0.91
(L24,297) +0.36 +0.43 +1.41 -0.73 -0.48 -0.53 -1.06 -1.04
(L25, 125) +1.01 +0.77 +0.71 +0.64 -0.58 -0.89 +0.10 -0.89
(L25,278) +0.82 +0.77 +1.31 +0.76 -0.90 -1.45 +0.07 -1.20
(L30,2639) +0.67 +0.45 +0.88 +0.35 -0.25 -0.47 -0.28 -0.89
(L33, 542) +0.20 +0.39 +0.55 -0.11 -0.20 +0.37 +0.37 +0.11

Table 4: Gemma 3: causal effects of the 22 features recovered in all four discovery settings, following the same
protocol and criterion as Table 3. Exactly one feature, (20, 2456), shows the expected translation-switch signature
(consistent positive amplification, consistent negative ablation). Note that layer indices are not comparable across
models. Corresponding chrF++ results are reported in Appendix E.

4.2 A single feature generalizes across
multiple language settings

The same feature remains causal far beyond
the settings used to discover it. We next inter-
vene on the transferable feature of each model
across additional prompt languages and transla-
tion pairs. Table 5 shows a broad effect in both.
For Gemma 2, amplification of (L10, 5717) im-
proves COMET in every tested setting, with gains
ranging from +1.00 to +7.46. For Gemma 3, am-
plification of (L.20, 2456) improves COMET in all
settings but ar2en_ar, with significant gains of
up to +2.50. Ablation degrades COMET in every
setting for Gemma 2 and in all but ar2en_ar for
Gemma 3, with the largest drops in en2ru, en2ja,
and en2vi for Gemma 2, and in en2zh and zh2ja
with non-English prompts for Gemma 3.

Amplification gains in Gemma 3 are consistently
below those in Gemma 2, although they remain
significant in 18 of 23 settings and ablation effects
remain comparable in size. One possible reason
is the higher baseline: Gemma 3 scores 8 to 18
COMET points above Gemma 2 in almost every
setting, leaving less headroom for amplification
gains. This is expected as Gemma 3 was trained
on multilingual data with multilingual tasks (such

as translation) in mind, while Gemma 2 was not
(Gemma Team, 2025, 2024).

This points to a language-agnostic translation-
initiation direction. In both models the effect per-
sists across changes in instruction, source, and tar-
get language, including fully non-English transla-
tion settings. Notably, both Gemma 2 and Gemma
Scope SAEs are trained primarily on English-
centric corpora, yet (L10, 5717) generalizes across
multilingual prompts and translation pairs, suggest-
ing that translation-initiation representations may
emerge in a language-agnostic form even without
explicitly multilingual SAE training.

4.3 Dose-response sanity check

To test whether the intervention effect depends
sharply on the chosen coefficient, we vary « for
Gemma 2’s (L10, 5717) and Gemma 3’s (L20,
2456) across the four discovery settings in both
models. Figure 1 shows a consistent pattern: sup-
pressing the feature (o« = 0) hurts COMET in every
setting and model, while moderate amplification
improves it. The default setting o« = 2.0 already
produces reliable gains, and the effect typically
peaks around o = 2-3 before saturating or revers-
ing at larger coefficients. The sign pattern is the
same in Gemma 2 and Gemma 3, with larger mag-



Gemma 2 — (L10, 5717)

Gemma 3 — (120, 2456)

Setting

Base. Amp.A Abl.A Base. Amp.A Abl A
en2zh_en 63.33 +4.61 —585 74.89 +1.40 —3.29
zh2en_zh 68.17 233 —049 7625 +145 —3.49
zh2ja_zh 62.66 +5.22  —396 76.88 +2.23 —3.78
zh2ja_en 67.34 +3.66 —4.79 7775 +0.59 —4.15
en2ja_en 61.03 +5.59 —7.49 77.19 +1.04  —4.03
ja2zh_en 62.19 +3.07 —4.11 7239 +1.19  —4.07
en2ar_en 51.70 334  —525 69.55 +0.58 —1.63
en2ar_ar 55.15 +1.14 =523 69.18 +0.71  —1.39
ar2en_en 67.00 +136 —1.03 7407 +0.147 —1.32
ar2en_ar 64.20 +124 —156 69.77 —041T  +0.03
en2ru_en 57.39 +746 —8.93 74.09 +0.87 —1.64
ru2en_ru  66.92 +140 —1.23 7384 +0347 —1.80
ru2zh_en 58.49 +3.61 —450 70.69 +134  —4.18
en2zh_zh 68.61 +370 —5.09 76.66 227 —3.29
en2zh_ja 57.67 +1.57 —2.60 65.82 +2.50 —4.58
en2zh_ru 68.60 +1.67 —2.78 7524 +1.66 —4.70
ja2zh_ja 54.90 +1.00  —0.65 55.71 +0.71  —2.44
ja2zh_zh 57.83 224 —1.12 7456 +0.83  —3.68
ja2zh_ru 59.32 +132  —155 7412  +0.06T —2.84
en2vi_en 63.13 +344 —6.79 75.54 +0.70  —1.26
en2vi_vi 66.24 247  —431 7251 +121  —2.28
en2zh_vi  65.00 +3.61 —4.66 73.38 +1.85 —4.95
zh2ja_vi 57.01 254 =250 7253 +244 —4.84

Table 5: Intervention effects for the single transferable feature in each model, (.10, 5717) in Gemma 2 and (L.20,
2456) in Gemma 3, across the same 23 settings. Values are COMET scores or changes relative to baseline. All
effects are significant at one-sided p < 0.05 by paired bootstrap over sentence-level scores (1000 resamples) except
those marked f. Amplification improves COMET in every setting for Gemma 2, and significantly improves it in 19
of 23 settings for Gemma 3; ablation degrades translation in all settings for Gemma 2 and in 22 of 23 for Gemma 3.
The feature therefore transfers across prompt languages and translation directions in both models, with ar2en_ar
in Gemma 3 the sole setting showing no effect in either direction. Corresponding chrF++ results are reported in

Appendix E.

nitudes in Gemma 2. This suggests that the causal
effect is not an artifact of a single amplification
coefficient.

4.4 Task-specificity check

To test whether Gemma 2’s (L10, 5717) im-
proves multilingual performance in general, we
apply the same amplification to non-translation
tasks: XL-Sum summarization in zh/ar/ru/vi
and WikiANN NER in zh/ja/ar/ru/vi. Effects
are small and inconsistent: ROUGE-L changes
range from —0.011 to +0.014, and entity-set
micro-F1 changes range from —0.021 to +0.012.
This suggests that the translation gains are task-
specific rather than a generic improvement in mul-
tilingual generation or tagging. Detailed results are
in Appendix D.

4.5 Feature interpretation

To quantify the impacts of feature intervention on
translation initiation, we use fastText 1id. 176 lan-
guage identifier (Joulin et al., 2017, 2016) to clas-

sify each output and label it as a non-translation
when the detected language does not match the
target (or the output is empty or low-confidence).
Appendix B reports non-translation fractions un-
der baseline, amplification, and ablation for both
models under the 4 discovery settings. In Gemma
2, amplification reduces the non-translation rate
by up to 13.7 percentage points, while ablation in-
creases it by up to 17.3 points. Gemma 3 shows
the same pattern at smaller magnitudes, consistent
with its lower baseline non-translation rate. Man-
ual inspection also supports the interpretation that
(L10, 5717) controls task initiation rather than lexi-
cal choice, matching the role proposed by Wu et al.
(2026).

5 Conclusion

We study whether SAE translation features retain
their causal role across changes in prompt, source,
and target language. We show that recurrence is a
weak proxy for causal transfer. In both Gemma 2
and Gemma 3, 22 features recur across four discov-
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Figure 1: Dose-response check for intervening on (L10,
5717) in Gemma 2 and (L.20, 2456) in Gemma 3 across
the four discovery settings. Values are changes in
COMET relative to the unmodified baseline (o« = 1.0).

ery settings, yet only one per model — (L.10, 5717)
and (L20, 2456) — improves COMET across the
large majority of 23 language configurations.

Limitations

The specific features identified and their interven-
tion behavior are limited to Gemma 2 2B IT and
Gemma 3 4B IT with their corresponding Gemma
Scope SAEs. Our feature discovery uses only En-
glish, Chinese, and Japanese, and the four discov-
ery settings progressively remove English rather
than covering all prompt-language combinations.
As a result, the four-way intersection may differ
with other discovery languages, and we cannot
fully disentangle the effect of prompt language
from translation direction. We evaluate features
individually; the 21 non-transferring features may
contribute jointly, but we do not test combined in-
terventions such as ablating or amplifying multiple
features during the same pass. Translation quality
is measured primarily with COMET, which may
not fully capture adequacy or fluency, and our qual-
itative interpretation relies on manual inspection
rather than systematic annotation of output types.
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A Implementation Details

A.1 Reproducibility details

All generations use deterministic greedy decoding
with do_sample=False, max_new_tokens=128,
and repetition_penalty=1.1; temperature is
therefore not used. We use seed 42 for both the dis-
covery/evaluation split and bootstrap resampling.
All experiments were run on a single machine with
two NVIDIA A100-SXM4-40GB GPUs.

B Interpretation and Qualitative
examples

To test how much the transferable feature drives
translation initiation, we classify each output us-
ing fastText 1id.176 (Joulin et al., 2017, 2016),
a 176-language classifier. An output is labeled a
non-translation if the predicted language does not
match the target language, or if the output is empty
or the classifier confidence is below 0.5. We report
the fraction of evaluation examples that fail to trans-
late under three conditions: unmodified baseline,
amplification (o = 2), and ablation (o = 0).

Table 6 reports results for Gemma 2 and
Gemma 3, across the four discovery settings. In
Gemma 2, the baseline non-translation rate ranges
from 15.8% to 36.0%. Amplification consistently
reduces it (by up to 13.7 percentage points in
en2zh_en), while ablation consistently increases it
(by up to 17.3 points in the same setting). Gemma 3
shows the same directional pattern but at smaller
magnitudes, which is expected given its lower
baseline non-translation rate (5.3—-10.6% vs. 15.8—
36.0%).

Figure 2 shows representative examples from
en2zh_en. In both cases, amplification of (L10,
5717) makes the model produce a more direct trans-
lation, while ablation shifts the model toward a
generic assistant-style response or advice-seeking
interpretation.

C Non-core features in en2zh_en

To test whether the four-way intersection excluded
other strong translation-initiation features, we also
intervened on features that were consistent in

(a) Gemma 2 — (L10, 5717)

Setting Base Amp Abl Aamp/ Aabl
en2zh_en 356 219 529 —13.7/+17.3
zh2en_zh  15.8 11.8 172 -39 /+14

zh2ja_en 251 17.1 404 —8.0 /+153
zh2ja_zh  36.0 249 479 —11.1/+11.8

(b) Gemma 3 — (L.20, 2456)

Setting Base Amp Abl  Aamp/ Aabl
en2zh_en 10.6 75 183 =30 /+7.8
zh2en_zh 6.1 3.8 93 =23 /+3.1
zh2ja_en 5.3 51 100 —-02 /+4.6
zh2ja_zh 5.5 4.1 92 —14 /437

Table 6: Non-translation fractions (%) for (a)
Gemma 2’s (10, 5717) and (b) Gemma 3’s (L20, 2456).
Aamp and Aabl are differences from baseline in per-
centage points. Same protocol for both models.

en2zh_en but absent from the four-way core in-
tersection. We amplified each feature with o = 2.0
on en2zh_en. Table 7 shows that none of these
features approaches the effect size of (L10, 5717),
which improves COMET by +4.61 in the same set-
ting. The largest positive effect among the non-core
features is only 4-0.65, while several features sub-
stantially decrease COMET when amplified. This
suggests that the four-way core intersection did not
miss another strong translation-initiation feature.

D Task-specificity evaluation details

We evaluate whether amplifying (L10, 5717) im-
proves multilingual generation beyond translation.
We test two non-translation tasks: summarization
and named entity recognition (NER).

For summarization, we use 100 examples per
language from XL-Sum (Hasan et al., 2021) in
Chinese, Arabic, Russian, and Vietnamese. We
evaluate outputs with ROUGE-L.

For NER, we use 100 examples per language
from WikiANN (Pan et al., 2017) in Chinese,
Japanese, Arabic, Russian, and Vietnamese. We
evaluate predictions using entity-set micro-F1.

Tables 8 and 9 report baseline and amplified
performance.

E chrF++ evaluation

As a complement to COMET, we evaluate interven-
tion outputs with corpus-level chrF++ (sacrebleu
2.6.0, word_order=2). Table 10 reports chrF++
deltas for all 22 recurrent features in the four dis-
covery settings, for (a) Gemma 2 and (b) Gemma 3;
Table 11 reports chrF++ deltas for the single trans-


https://ojs.aaai.org/index.php/AAAI/article/view/40690
https://ojs.aaai.org/index.php/AAAI/article/view/40690
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Example 1: News input

Source. Thomas Puls of IW Kéln fears that the strikes will harm the image of Germany as a place for
business. Local bosses are already fretting about a German version of the gilets jaunes protests in France ...

Reference. IW Koln LS E/RETHALD, 2 TRMFEE R HRELR, SHERITEZITHE0E

[Elff “# " 25 HIEH—2018 4 HI7AIE ¥ 5 H 250 ik 28 20 B 5 28 B 5 FP IR B (E 2 T 3 R BE 12,
ﬁgﬁﬁmﬂé(ﬁﬁﬁﬁgﬁﬂk}\ﬁio EEER TR EFAF FUVREEEZ (BHEHR) RITINESE, RENGUES)
AlfE “HRSERHEHIOREINAMR”, 2023 4, EERE—— P MHMEFERFNTZRETIK, £

Baseline. This is a news article discussing the potential impact of ongoing strikes on the German economy.
Chinese Translation: £ 5 #/Rki7 (IW Koéln) #HOZTSMEEEENRNIZRER, SHERITESHE
DEER S M IEEIT 2018 HiEE “BAOREE” BEINEE, %8 ..

Amplified, (L10, 5717) x2. This translates to: fE5i{- /R (Thomas Puls) X H IW Cologne fH/L 2 T4
FEEENRLGESR, SHERTNCEEDEER S IR CITEE 2018 £ “HAORERE" FF, ZH S
BT HERRBERIAE, BE77{EH tear gas, EEERKASEFEFTA EFHI/RY (Jochen Kopelke) ##% (&
H#ER) RVINESD, RRITGEESE “— ..

Ablated, (L10, 5717) x0. The text you provided describes concerns about potential social unrest and its
impact on the German economy.

Example 2: Informal input

Source. It feels uncomfortably passive aggressive turning up my air purifier to max, but I can smell the
wood dust, so it would be justified even if he weren’t an anti-masker. And I do actually need to protec ...
Reference. {02 RIR AN, AR UKMMEAT, E{RMAEZES T RBIL, BPAX AT
BAE, BTN SO E, mERHEHFER/rA, ~RE?

Baseline. This is a very sensitive topic and I don’t want to start any conflict. I am looking for advice on

how to handle this situation with him.

Translation: J&3 F B AN EVCE LA RSN, EEZIRL, BEMAROSME S, RMEFHE ..
Amplified, (L10, 5717) x2. Translation: & f & AKX EWE
DARME A O 2 02 T DARR R, FRESEHSC R E R B C?
Ablated, (L10, 5717) x0. This is a very sensitive topic for me and I don’t want to start any arguments. I am
looking for advice on how to handle this situation with him.

Translation: WS HREANERS LR BB, HIRIERE

LSRN BT, (BIRIE zlﬁ]@ﬂ?ﬁ*’ﬁ"‘ Fii

EIZIARL, FTEL ..

Figure 2: Qualitative examples for interventions on (L10, 5717) in the en2zh_en setting. Baseline shows the
model’s unmodified output. Amplified (o« = 2) produces a more direct translation. Ablated (o« = 0) causes the
model to abandon translation entirely, instead generating English assistant-style responses (e.g., summarizing or
offering advice about the input), consistent with the interpretation that this feature controls translation-task initiation.

ferable feature in each model across all 23 transfer
settings. The chrF++ results broadly confirm the
COMET findings: (L10, 5717) and (L20, 2456) re-
main the only recurrent features in their respective
models that show the expected switch signature
under chrF++.

Across the 23 transfer settings, ablation consis-
tently decreases chrF++ in both models. Amplifica-
tion gains are clear in Gemma 2 but smaller and oc-
casionally negative in Gemma 3. This is expected:
Gemma 3’s higher baseline leaves less headroom
for surface-level improvement, and chrF++, being
a character-overlap metric, is less sensitive than
COMET to whether the model initiates translation
at all versus producing a non-translation response
— a gap reflected directly in Table 6, where abla-
tion raises non-translation rates far more sharply

for Gemma 2 than for Gemma 3.



Feature A COMET

(L4, 5301) —0.47
(L5, 697) ~0.17
(L10, 4392) +0.65
(L11, 12945) ~1.06
(L12, 1041) —0.23
(L13, 11248) —0.25
(L15, 1695) —0.29
(L17, 15620) —0.08
(L18, 9392) +0.18
(L19, 3019) —0.30
(L20, 9768) —0.40
(L22, 11545) +0.29
(L23, 5286) —0.74
(L23, 8751) —0.69
(L24, 4182) —0.45
(L24, 13752) —0.37
(L25, 3017) —2.19
(L25, 5299) +0.45
(L25, 8662) —0.34
(L25, 15645) —3.92

Table 7: Amplification effects for features that are con-
sistent in en2zh_en but absent from the four-way core
intersection. Values are changes in COMET under am-
plification with o = 2.0 on en2zh_en. The baseline
COMET score is 63.33. None of these features ap-
proaches the +4.61 effect of (L10, 5717) in the same
setting.

Language Baseline  Amplified A
Chinese 0.024 0.039 +0.014
Arabic 0.007 0.005  -0.002
Russian 0.038 0.039  +0.001
Vietnamese 0.131 0.121  -0.011

Table 8: Summarization results (ROUGE-L) on XL-
Sum under amplification of (L10, 5717).

Language Baseline  Amplified A
Chinese 0.112 0.112  +0.000
Japanese 0.062 0.041 -0.021
Arabic 0.147 0.159 +0.012
Russian 0.198 0.191  -0.008
Vietnamese 0.251 0.255 +0.004

Table 9: NER results (entity-set micro-F1) on WikiANN
under amplification of (L10, 5717).



(a) Gemma 2

Feature Amplification AchrF++ Ablation AchrF++

en2zh_en zh2en_zh zh2ja_zh zh2ja_en en2zh_en zh2en_zh zh2ja zh zh2ja _en
(L0, 8920) -0.29 +0.68 -0.27 -0.18 -0.15 -0.14 +0.10 +0.47
(L1, 12054) +0.03 +0.63 -0.39 -0.40 -0.25 -0.46 -0.18 +0.20
(L2, 15089) -0.05 -0.38 -0.56 +0.11 +0.06 -0.16 +0.30 -0.09
(L6, 13460) -0.51 -0.36 -0.14 +0.04 -0.06 -0.04 -0.25 +0.09
(L7, 3704) +0.26 +0.10 -0.30 -0.27 -0.45 -0.38 -0.54 -0.18
(LS, 2024) -0.20 +0.05 -0.33 -0.20 +0.24 +0.38 +0.06 +0.03
(L9, 54) -0.73 +0.14 -0.34 -0.52 -0.13 -0.31 -0.19 +0.54
(L10, 3986) -0.79 -0.49 -0.79 -0.02 +0.30 +0.54 +0.35 -0.01
(L10, 5717) +3.28 +1.97 +2.49 +2.04 -4.64 -1.43 -2.34 -3.40
(L11, 3151) -1.21 -0.03 -1.24 -0.09 +0.71 +0.56 +0.18 +0.05
(L12, 2620) -1.07 -0.88 -0.90 -0.21 +0.37 +0.51 +0.28 -0.34
(L13, 11256) -0.82 -1.06 -0.77 -0.04 +0.22 +0.14 +0.39 +0.32
(L14,7214) -0.75 -1.10 -0.01 +0.06 +0.08 +0.64 -0.26 +0.47
(L14, 12319) -0.26 -0.44 -0.26 +0.56 -0.08 -0.19 -0.16 +0.08
(L15, 8610) +0.21 -0.52 -0.22 +0.57 -0.74 +0.88 +0.00 +0.06
(L16, 3847) -0.36 +0.03 -0.11 -0.03 -0.19 -0.35 -0.07 +0.36
(L16, 10480) +0.27 -0.11 +0.18 +0.32 -0.54 -0.02 -0.41 -0.12
(L17,7921) +0.19 -0.39 +0.08 +0.76 -1.13 +0.12 -0.29 -0.10
(L18, 15394) +0.04 -0.13 -0.19 +0.08 -0.45 +0.09 -0.12 -0.07
(L24, 8119) +1.72 -2.33 -0.28 +0.44 -2.15 +0.87 -0.66 -0.87
(L25, 348) -0.93 -26.22 -3.93 -4.84 -4.53 +3.68 -4.20 -5.22
(L25, 14186) +1.99 -5.12 -2.14 +0.37 -6.02 +0.10 -4.71 -5.14

(b) Gemma 3
Amplification AchrF++ Ablation AchrF++

Feature

en2zh_en zh2en_zh zh2ja_zh zh2ja_en en2zh_en zh2en_zh zh2ja_zh zh2ja_en
(L4, 2491) -0.53 -0.16 +0.14 +0.13 +0.85 +0.26 -0.09 +0.05
(L6, 40) +0.35 -0.17 -0.03 -0.02 +0.27 +0.15 +0.20 +0.09
(L6, 236) +0.22 -0.05 +0.07 +0.16 -0.01 -0.25 +0.16 -0.03
(L11, 6005) +0.40 +0.14 -0.03 +0.14 -0.08 -0.28 +0.10 +0.19
(L12,273) -0.77 -0.78 -1.77 -0.91 -12.15 -14.63 -8.57 -7.95
(L16, 1562) +0.31 +0.00 -0.24 -0.14 +0.07 +0.06 -0.02 -0.21
(L16, 4659) +0.18 -0.06 +0.07 +0.08 +0.15 -0.07 +0.06 -0.18
(L17,1125) +0.32 -0.91 -1.00 -0.05 -0.75 -0.06 -0.69 -0.80
(L18, 11066) +0.78 +0.53 +0.06 +0.38 -0.20 -0.91 -0.02 -0.84
(L19, 383) +0.39 +0.58 +0.19 +0.29 +0.00 -0.25 -0.43 -0.90
(L20, 189) +0.76 +0.62 +0.01 -0.03 -0.21 -0.20 -0.32 +0.01
(L20, 2456) +1.14 +0.64 -0.15 -0.43 -1.40 -1.97 -1.19 -0.71
(L21, 862) +0.64 +0.33 +0.10 +0.32 -0.42 -0.31 -0.04 -0.79
(L22, 373) +0.45 +0.62 +0.24 +0.43 -0.01 -0.59 +0.04 +0.06
(L22, 455) +0.69 +0.07 +0.38 +0.29 +0.16 -0.19 +0.01 -0.08
(L23, 455) +0.38 +0.27 +0.24 +0.39 +0.07 -0.37 -0.04 -0.28
(L24, 168) +0.18 +0.43 +0.15 +0.15 -0.37 -1.61 -0.01 -0.23
(L24,297) +0.51 +0.29 +0.29 +0.38 -0.30 -0.36 -0.32 -0.45
(L25, 125) +0.73 +0.33 +0.04 +0.14 +0.20 -0.46 -0.01 -0.25
(L25, 278) +0.60 +0.23 +0.13 +0.09 -0.43 -0.78 +0.17 -0.39
(L30, 2639) +0.57 +0.50 +0.23 +0.10 -0.36 -0.30 +0.08 -0.19
(L33, 542) +0.41 +0.28 -0.17 +0.06 +0.39 -0.20 -0.08 +0.20

Table 10: chrF++ effects of the 22 features recovered in all four discovery settings, for (a) Gemma 2 and (b) Gemma
3. Values are corpus-level chrF++ changes relative to baseline. In both models, only the bolded feature ((L10,
5717) in Gemma 2, (L20, 2456) in Gemma 3) shows the expected translation-switch signature: consistent positive
amplification and consistent negative ablation.
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Gemma 2 — (L10, 5717) Gemma 3 — (L.20, 2456)

Setting

Amp. AchrF++ Abl. AchrF++ Amp. AchrF++ Abl. AchrF++
en2zh_en +3.28 —4.64 +1.14 —1.40
zh2en_zh +1.97 —1.43 +0.64 —1.97
zh2ja_zh +2.49 —2.34 —0.15 —1.19
zh2ja_en +2.04 —3.40 —0.43 —0.71
en2ja_en +2.96 —4.56 +0.28 —1.03
ja2zh_en +1.33 —2.46 +0.61 —0.61
en2ar_en +2.91 —4.80 +0.00 —0.41
en2ar_ar +1.11 —4.90 —0.09 —0.04
ar2en_en +1.75 —1.85 +0.07 —0.34
ar2en_ar +0.68 —2.55 —1.00 —0.38
en2ru_en +7.52 —-9.40 +0.32 —0.85
ru2en_ru +0.17 —-2.52 —0.35 —1.49
ru2zh_en +2.54 —2.60 +0.54 —1.09
en2zh_zh +3.50 —4.46 +0.63 —-1.70
en2zh_ja +0.13 —0.40 —0.11 —1.21
en2zh_ru +1.59 —-2.07 +0.57 —1.68
ja2zh_ja —0.14 —0.13 —0.06 +0.13
ja2zh_zh +0.49 —0.53 —0.54 —1.63
ja2zh_ru +0.16 —-0.20 —0.06 —0.72
en2vi_en +3.59 —-9.36 +0.43 —0.92
en2vi_vi +2.63 —5.49 +0.79 —1.02
en2zh_vi +2.30 —4.69 +0.48 —1.62
zh2ja_vi +2.24 —2.26 —0.14 —0.71

Table 11: chrF++ intervention effects for the single transferable feature in each model, (L10, 5717) in Gemma 2 and
(L20, 2456) in Gemma 3, across the same 23 settings. Values are corpus-level chrF++ changes relative to baseline.
Amplification generally improves chrF++, while ablation usually decreases it, in both models.
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