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Abstract

Sparse autoencoders (SAEs) enable feature-
level mechanistic interpretability and activation
steering in large language models (LLMs), but
SAE-based language control remains unreli-
able in multilingual settings: most SAEs are
trained on English-only data, and steering lay-
ers are chosen heuristically. We address these
limitations by advancing a principled, mecha-
nistic account of multilingual language steering
with SAEs. First, we show that training SAEs
on multilingual data consistently strengthens
cross-lingual representations and yields more
reliable, quality-preserving language control
across layers and model families. Second, we
introduce an a priori steering layer-selection
rule based on the intersection of multilingual
alignment and language separability, which pre-
dicts effective intervention depths without ex-
haustive layerwise search. We evaluate our
approach on LLaMA-3.1-8B and Gemma-2-9B
across machine translation and cross-lingual
summarization (CrossSumm), using SpBLEU,
ROUGE-L, COMET, and LaSE. Our results
show that multilingual SAEs combined with
intersection-selected layers stabilize the trade-
off between language identification accuracy
and generation quality, providing a principled,
predictive, representation-level account of mul-
tilingual SAE steering. We release all code and
models for reproducibility. ' 2

1 Introduction

Large language models (LLMs) can generate text
in many languages, yet reliably controlling the out-
put language remains challenging. While sparse
autoencoders (SAEs) have emerged as a promising
tool for interpreting internal activations and con-
structing steering vectors that causally influence
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Figure 1: Overview of our language-control pipeline.
A language-specific vector is constructed and used for
layer selection and generation steering.

model behavior (Cunningham et al., 2023; Temple-
ton, 2024), SAE-based language steering in multi-
lingual settings remains brittle and difficult to repro-
duce, with steering success varying unpredictably
across models and layers: intervention depths are
typically chosen heuristically (e.g., “mid-to-late”
layers), requiring expensive layer sweeps and yield-
ing inconsistent outcomes (Bayat et al., 2025; Chou
et al., 2025). As a result, although SAE steering
can work, it lacks a predictive, mechanistic account
of where and why language control should be ap-
plied inside the model (Tang et al., 2024; Deng
et al., 2025).

We argue that this haphazardness stems from the
lack of a mechanistic perspective on how multilin-
gual information is organized across model depth.
We show that effective language steering requires
access to two complementary signals: shared cross-
lingual structure that supports fluent generation
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across languages, and language-specific informa-
tion that distinguishes one language from another.
Prior work has shown that multilingual pretrained
models learn shared latent representations across
languages, facilitating cross-lingual transfer even in
the absence of shared vocabularies or parallel data
(Conneau et al., 2020). At the same time, language
identity and language-specific features are differen-
tially encoded across layers and can transition to-
ward shared abstractions over depth in multilingual
models (Riemenschneider and Frank, 2025; Zhang
et al., 2025). If an intervention targets layers domi-
nated by shared structure, steering lacks specificity;
if it targets layers dominated by language-specific
signals, the model often fails to recover generation
quality. Our hypothesis reframes language steer-
ing as a problem of identifying representational
balance points, rather than amplifying language-
specific features in isolation, as is common in prior
work (Tang et al., 2024; Deng et al., 2025; Gur-
gurov et al., 2025).

In this work, we operationalize this mechanistic
hypothesis through two complementary contribu-
tions. First, we train SAEs directly on multilingual
data for LLaMA-3.1-8B (Grattafiori et al., 2024)
and Gemma-2-9B (Team et al., 2024), showing that
multilingual training preserves the shared cross-
lingual structure and language-specific distinctions
required for predictable and interpretable steering
in the sparse representation space. Compared to
open-source SAEs (He et al., 2024; Lieberum et al.,
2024), these multilingual SAEs yield more stable
and quality-preserving language steering across
layers and model families. Second, we introduce a
principled, a priori rule for selecting steering layers
based on the intersection of multilingual alignment
and language separability, which predicts effective
intervention depths without exhaustive layerwise
search. Figure 1 provides an overview of the pro-
posed language steering framework.

We validate this mechanistic framework across
machine translation and cross-lingual summariza-
tion on LLaMA-3.1-8B and Gemma-2-9B, explic-
itly testing the prediction that balanced layers yield
optimal language identification accuracy and gen-
eration quality trade-offs. Across both benchmarks,
we find that multilingual SAEs combined with
intersection-selected layers consistently stabilize
language control and improve interpretability, sup-
porting the view that effective steering depth is a
property of the model’s internal multilingual orga-
nization rather than a heuristic tuning choice.
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Figure 2: Correlation matrices of per-language contrast
(DiffMean) vectors for Gemma-2-9B (Layer 23).

Our contributions are threefold:

* Mechanistic characterization of language
across depth. We show that effective lan-
guage steering arises at layers where cross-
lingual alignment and language separability
coexist.

* Principled, a priori layer selection. We intro-
duce an intersection-based criterion that pre-
dicts effective steering depths without layer
sweeps.

* Multilingual SAEs as an interpretability en-
abler for language steering. We show that
multilingual SAE training preserves the rep-
resentational structure required for reliable,
interpretable language control.

2 Related Work

SAE-Based Activation and Language Steering.
Sparse autoencoders (SAEs) have been widely
used to interpret and steer internal activations in
large language models (Templeton, 2024; Zhao
et al.,, 2024; O’Brien et al., 2024; Wang et al.,
2025; Zhao et al., 2026). Methods such as Sparse
Activation Steering (SAS) (Bayat et al., 2025),
Feature-Guided Activation Addition (FGAA) (Soo
et al., 2025), and SAE-Targeted Steering (SAE-TS)
(Chalnev et al., 2024) demonstrate that manipu-
lating small sets of sparse features can causally
influence model behavior. Applied to language
control, prior work shows that editing individual
SAE features can flip output language in models
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such as Gemma-2-9B and LLaMA-3.1-8B (Chou
et al., 2025; Deng et al., 2025; Gurgurov et al.,
2026). However, effective steering depths are typi-
cally identified through manual exploration or fixed
heuristics (e.g., mid-to-late layers), and many ex-
isting approaches rely on SAEs trained predomi-
nantly on English data. As a result, these methods
do not provide a predictive, mechanistic account of
where language steering should be applied across
depth, nor how multilingual structure is preserved
in sparse representations.

Evaluating and Training SAEs. Recent bench-
marks such as SAE-Bench (Karvonen et al., 2025)
and AxBench (Wu et al., 2025) evaluate SAE fi-
delity, interpretability, and intervention quality, re-
porting mixed results for SAE-based steering com-
pared to simpler baselines. Other work emphasizes
reconstruction fidelity as critical for causal inter-
ventions: Gemma-Scope (Lieberum et al., 2024)
and LLaMA-Scope (He et al., 2024) report that
high reconstruction error degrades steering effec-
tiveness, while JumpReLU SAEs (Rajamanoharan
et al., 2024) improve the fidelity—sparsity trade-
off via straight-through training. These findings
suggest that insufficient SAE fidelity may dis-
proportionately affect low-frequency or multilin-
gual features, motivating our use of high-fidelity
JumpReLU SAEs for multilingual language steer-
ing.

Language Features inside Models. Beyond
SAEs, prior analyses point to strong layer-
dependent language signals in multilingual models.
Tang et al. (2024) identify language-specific neu-
rons in BLOOM and LL.aMA-2 and show that tog-
gling them can switch the output language. Chang
et al. (2022) study multilingual geometry in XLM-
R, finding that languages occupy approximately
parallel subspaces separated by linear “language
vectors” particularly in middle layers; shifting hid-
den states along these directions flips predictions.
Our findings echo these trends in the depth-wise
distribution of multilingual structure and support
treating language as a steerable direction in rep-
resentation space (Gurgurov et al., 2026), while
further revealing correlations among language fam-
ilies (Gurgurov et al., 2025).

Together, these lines of work motivate the need
for a representation-level account of multilingual
language steering that explains both how language
information is organized across depth and how this
organization can be exploited to guide interventions

predictively.

3 Language Representations and
Principled Steering

Our goal is not merely to improve language control,
but to explain where and why language steering is
possible inside multilingual LLMs, and to use this
explanation to guide interventions a priori.

We define language vectors as directions in rep-
resentation space that capture both the presence
of individual languages and the directions along
which they can be causally steered, building on
prior evidence that language identity is linearly en-
coded as a direction or low-dimensional subspace
within model representations (Park et al., 2024;
Deng et al., 2025). Our layer-selection criterion is
motivated by the observation that reliable language
control requires access to two complementary sig-
nals: (i) alignment, corresponding to shared cross-
lingual structure that supports generation across
languages, and (ii) separability, corresponding to
language-specific information that distinguishes
one language from another. Only at depths where
these signals are balanced can a small intervention
reliably steer the output language.

3.1 Language Vectors

At each layer, we represent languages using con-
trastive language vectors constructed from model
activations, either in the dense residual stream or
in the sparse space induced by an SAE. Given ac-
tivations from a target language and a set of other
languages, we construct language steering vectors
using the DiffMean method (Wu et al., 2025). For a
given target language at layer ¢, let Z* denote the
set of sparse codes corresponding to examples in
the target language, and Z~ the set corresponding
to all other languages. We compute the mean sparse
representations by averaging SAE codes over all
non-special tokens from all examples in that lan-

guage
1 1
S+ =
z@—@Zza zf—@Zzw
z€ZT
and define the steering vector as

'wDiffMean(E) = 22_ - zg_-
These vectors are then used additively in the
SAE space to influence model outputs. Full math-

ematical definitions of the SAE representations,
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DiffMean steering vectors, and the inference-time
steering procedure are provided in Appendix C.

Beyond serving as steering directions, these
language vectors exhibit meaningful linguistic
structure. In particular, at the layers selected by
our intersection-based criterion, pairwise correla-
tions between per-language vectors reveal clear
language-family groupings. As shown in Fig-
ure 2, languages from the same family (e.g., Ro-
mance or Germanic) exhibit high mutual similarity,
while cross-family correlations remain lower. At
the same time, a shared multilingual component
persists across families, reflecting common cross-
lingual structure. This coexistence of shared align-
ment and family-specific separation aligns with the
intuition behind our layer-selection criterion and
helps explain why these depths yield strong trade-
offs between language identification accuracy and
generation quality.

3.2 Multilingual SAEs for Language Steering

A central design choice in our framework is to train
sparse autoencoders on multilingual data rather
than English-only corpora. This choice is not
merely pragmatic, but mechanistically important
for reliable and interpretable language steering.

English-only SAEs preferentially encode mono-
lingual structure: features that are frequent and
salient in English dominate the sparse represen-
tation, while cross-lingual correlations and low-
frequency language-specific features are weakly
represented or collapse entirely. As a result, steer-
ing directions constructed from such representa-
tions are brittle. Language vectors may activate
English-correlated features without cleanly isolat-
ing the intended target language, and the relation-
ship between steering depth and downstream be-
havior becomes unstable. In contrast, multilingual
SAE training exposes the autoencoder to system-
atic variation across languages, encouraging the
sparse feature space to preserve both shared cross-
lingual structure and language-specific distinctions.

From this perspective, multilingual SAEs can
act as an interpretability enabler for representation-
level language steering. They maintain the rep-
resentational structure required to construct steer-
ing vectors whose effects can be predicted from
representation-level statistics. The experimental
comparisons in later sections empirically validate
this claim, but the motivation for multilingual train-
ing arises directly from the mechanistic require-
ments of language steering.

3.3 Principled Layer Selection

A common assumption in prior work is that effec-
tive language control primarily relies on manipu-
lating strongly language-specific features, which
are believed to emerge in later layers, where the
model is less able to recover from an intervention
(Tang et al., 2024; Gurgurov et al., 2025). We
find that effective steering emerges at depths where
language-specific signals coexist with sufficient
shared cross-lingual structure, motivating an a pri-
ori layer-selection strategy based on the depthwise
evolution of language representations. At each
layer, we quantify multilinguality as the degree to
which language vectors share a dominant common
direction, and separability as the extent to which
languages remain distinct in representation space.

Let {\; }jvzl be the eigenvalues of the language
vectors pairwise Pearson correlation matrix Cy; N
is the number of languages. We define the multilin-
guality score as the explained-variance ratio of the
first principal component,

f man )\j
L= N
Egzl Ak

which measures the degree of shared alignment
across languages. We define separability as the
complementary quantity

s¢=1— fo,

which reflects how distinct the language representa-
tions remain. We select steering layers at intersec-
tion points where these two signals are balanced,
corresponding to depths that jointly preserve shared
semantic structure while exposing discriminative
language information.

We empirically validate this criterion across
models, SAE variants, and tasks. Our contribution
is to replace such heuristic choices with a princi-
pled, data-driven criterion that predicts these depths
before training SAEs and steering experiments are
run. Full definitions of the language correlation ma-
trices, multilinguality and separability metrics, and
the intersection-based layer-selection procedure are
given in Appendix D.

4 Experiments

4.1 Models and Data

We evaluate on LLaMA-3.1-8B (Grattafiori et al.,
2024) and Gemma-2-9B (Team et al., 2024) us-
ing 21 FLORES-200 languages (see Appendix B)
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(Costa-Jussa et al., 2022). For each model, we train
parallel English-only and multilingual JumpReLLU
SAE suites (Rajamanoharan et al., 2024) on 2.1B
Wikipedia (Wikimedia Foundation, 2023) tokens
with identical architectures and optimization set-
tings, isolating the effect of multilingual training
data. Full details are provided in Appendix A.

4.2 Evaluation

FLORES-200 Machine Translation. We evalu-
ate language steering on machine translation using
FLORES-200 (Costa-Jussa et al., 2022). We use
the dev split to construct steering vectors and the
devtest split for evaluation. Each devtest set
contains approximately 1,000 sentences per lan-
guage, providing a substantially large and clean
evaluation set while ensuring strict separation be-
tween steering construction and evaluation.

For each non-English target language ¢ in our lan-
guage set (|¢| = 20), we define an English—tgt_i
translation task, where English (eng_Latn) is al-
ways the source language. We construct a per-
language steering vector using dev sentences, and
apply this vector to steer generation into the
intended output language, which we denote as
steer_i.}

Prompts are written in the target language us-
ing natural translation instructions (e.g., German:
“Ubersetze diesen Satz:”), followed by a target-
language answer cue (e.g., “Ubersetzung:”). We
provide prompt examples in the Appendix F.

Translate this sentence:

TV
instruction in target language

Always English

Translation:
~—_——

answer cue in target language

This setup biases the model toward both the trans-
lation task and the prompt language, so that any
deviation toward a steering language can be at-
tributed to the steering intervention rather than
prompt ambiguity. We decode using greedy search
with temperature 0, yielding a conservative and in-
terpretable baseline that isolates the effect of steer-
ing from prompt engineering or decoding strategies.
We report relative differences across SAE variants
relative to open-source SAE baselines, which di-
rectly measure the effectiveness of multilingual

3We use tgt_i for the prompt language and steer_i for
the intended output language after steering. In our setup,
steer_s is the language for which we construct the steering

vector. We use the term “steer language” to emphasize that
the output language is controlled via a steering intervention.

“<source text>".

training and layer selection, for three metrics. (1)
LangID, computed by applying a fastText lan-
guage identification classifier (Joulin et al., 2016)
to the generated outputs, measures how reliably
steering enforces the intended output language. (2)
SpBLEU (Post, 2018), computed against the ref-
erence translation in the intended steer language,
provides a script-agnostic measure of surface-level
translation quality. (3) COMET (Rei et al., 2020),
a neural evaluation metric that leverages cross-
lingual pretrained encoders and both the source
and reference sentences, estimates semantic trans-
lation quality and correlates strongly with human
judgments.

We report results averaged across all 20 non-
English prompt languages, where for each tgt_i
we evaluate steering into every other target lan-
guage steer_j with j # i. Concretely, the model
is prompted in language tgt_: and steered toward
steer_j, and results are averaged over the full
cross-product of (i, j) pairs. This aggregation di-
rectly measures how reliably different SAE variants
enable control over the output language, indepen-
dent of any single prompt—language pairing. As our
primary focus is the relative (delta) performance
differences between SAE variants rather than abso-
lute per-language scores, we present these averages
in the main text, while detailed per-language and
per-pair results are provided in Appendix O.

In addition, we report a restricted setting where
steering is applied only when steer_j = tgt_i,
allowing us to analyze the behavior of steering
when the prompt language and intended output
language coincide (Appendix N).

Cross-Lingual Summarization (CrossSumm).
To evaluate whether our findings generalize be-
yond translation, we use the cross-lingual summa-
rization dataset CrossSum (Park et al., 2025). We
select document—summary pairs whose target lan-
guages intersect with our translation language set.
The resulting dataset consists of 108 fully parallel
English source documents paired with reference
summaries in one of five target languages: Span-
ish (es), Russian (ru), Arabic (ar), Hindi (hi), and
Turkish (tr).

We follow the same experimental design as in
machine translation, reusing the same per-language
steering vectors. The only change is the prompt,
which is written in the target language and phrased
as a natural summarization instruction in the target-
language (e.g., “Summarize the following article™)
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Figure 3: Performance deltas relative to Scope baselines for Gemma-2-9B at the best-performing steering layer.
Top: FLORES machine translation (LangID, SpBLEU, COMET). Bottom: Cross-lingual summarization (LangID,

ROUGE-L, LaSE).

with a target-language answer cue ("summary:"),
thereby biasing the model toward both the summa-
rization task and the target language. We provide
prompt examples in the Appendix E.

We evaluate generated summaries using three
metrics: LangID, ROUGE-L (Lin, 2004), and
LaSE (Park et al., 2025), following the evaluation
protocol of the original dataset. ROUGE-L mea-
sures content overlap with the reference summary,
while LaSE evaluates cross-lingual semantic sim-
ilarity between the generated and reference sum-
maries. This setup allows us to test whether steer-
ing preserves semantic content while controlling
the output language in a non-translation generative
task.

5 Results

We assess steering performance and layer sensitiv-
ity, focusing on: (i) benefits from multilingual SAE
training, (ii) optimal intervention layers, and (iii)
comparisons with open-source SAEs.

5.1 Benefits of Multilingual Training for SAEs

We study the effect of training data on SAE steer-
ing, comparing monolingual (English-only) SAEs
with multilingual SAEs across transformer layers.
We evaluate multilingual steering across two gen-
eration tasks: (i) machine translation and (ii) cross-
lingual summarization, focusing on language iden-
tification accuracy, surface quality, and semantic
preservation.

Multilingual training improves steering. Fig-
ures 3 in the paper and 16 in the appendix sum-

marize performance deltas relative to open-source
Scope baselines at the best-performing steering lay-
ers (i.e., the layers with the overall highest perfor-
mance), across both machine translation (FLORES)
and cross-lingual summarization (CrossSumm).
For Gemma-2-9B (Figure 3), multilingual SAEs
outperform English-only SAEs across all reported
metrics, yielding substantial gains in generation
quality for both tasks. In FLORES, multilingual
training improves LangID and COMET while main-
taining strong SpBLEU; in CrossSumm, it yields
higher ROUGE-L and LaSE, indicating better con-
tent preservation and semantic alignment. For
LLaMA-3.1-8B (Figure 16), the improvements
are smaller in magnitude but remain direction-
ally consistent across tasks and SpBLEU, COMET
and LaSE metrics while maintaining competitive
LangID. Overall, these results demonstrate that
multilingual SAEs induce more effective and se-
mantically aligned steering directions, with consis-
tent benefits across models and task families.

5.2 Optimal Layers

For each model, we identify steering layers as
intersection points where multilingual alignment
and language separability are jointly balanced
(Figure 4). Importantly, the multilinguality—
separability curves are computed independently
of any downstream generation metrics, making
the predicted intersection layers a falsifiable, pre-
intervention hypothesis.

For Gemma-2-9B, these curves exhibit a charac-
teristic two-hump shape, yielding intersection re-
gions near L14 and L.23. Figure 3 shows that these
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Figure 4: Layer-selection curves showing the balance
between multilingual alignment and language separa-
bility across layers. Blue curves denote multilinguality
(shared cross-lingual alignment), and orange curves
denote separability (language-specific structure). Top:
LLaMA-3.1-8B. Bottom: Gemma-2-9B. Left: Open-
source SAEs (LLaMA-Scope, Gemma-Scope), where
LLaMA-Scope shows no clear intersection and Gemma-
Scope selects L14 and L23. Right: Residual repre-
sentations, which exhibit clear balance points at L15
(LLaMA) and L14/L.23 (Gemma).

same layers achieve the strongest overall trade-offs
between language identification accuracy and gen-
eration quality for both multilingual and English-
only SAEs. Figure 5 further confirms this pattern
at the per-language level, where L.14 and L.23 con-
sistently emerge as the best-performing steering
depths.

In LLaMA-3.1-8B, a pronounced increase in
multilinguality near L.13 is followed by a rise in
separability, yielding an intersection region span-
ning L13-L15. Figure 16 (Appendix) reports the
best-performing layers across SpBLEU, COMET,
LaSE, and LangID, and shows that steering within
this intersection region achieves the strongest over-
all trade-offs. In particular, L13 and L.15 consis-
tently emerge as the empirically optimal steering
depths across most metrics.

To further validate our layer-selection criterion,
we analyze layerwise performance trends under dif-
ferent steering regimes. Figure 6 reports layerwise
ACOMET and ALaSE averaged across SAE vari-
ants for two settings: (i) when the steering language
matches the prompted target language, ACOMET
and ALaSE increase monotonically with depth.
This behavior is consistent with later layers ex-
hibiting stronger language separability in LLaMA-
3.1-8B and favoring same-language amplification.
(ii) when steering toward a language different from
the prompted target, performance follows a non-
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Figure 5: Per-language, per-layer COMET score deltas
for Gemma-2-9B on FLORES under cross-lingual
steering (tgt_i # steer_j).

monotonic trend, peaking near the layers identified
by our multilinguality—separability intersection.
This divergence highlights the role of repre-
sentational balance: deeper layers benefit same-
language reinforcement, whereas effective cross-
language steering requires intervening at depths
where shared cross-lingual structure is still pre-
served alongside language-specific distinctions.
These results provide additional empirical support
that the layers selected by our criterion correspond
to optimal steering depths. Importantly, we show
that layers selected by our criterion consistently
outperform earlier and later layers when control-
ling for SAE architecture and training data. This
indicates that effective steering depth is a structural
property of the base model rather than an artifact
of a particular SAE. We observe a different pattern
in Gemma-2-9B: same-language steering favors
earlier layers, where language separability is high,
while cross-language steering again peaks near the
layers identified by our intersection criterion.

5.3 Additional Experiments: Steering with
Open-Source SAEs

We compare our multilingual SAEs against the
open-source LLaMA-Scope and Gemma-Scope
suites. For Gemma-Scope, our criterion identifies
two intersection layers at .14 and L.23. Steering
performance at these depths remains consistently
below that of our multilingual SAEs (Figure 5). At
other layers, Gemma-Scope can exhibit competi-
tive or occasionally stronger results, highlighting
the sensitivity of multilingual steering to interven-
tion depth and suggesting that multilingual SAEs,
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Figure 6: Layerwise ACOMET and ALaSE trends for
LLaMA-3.1-8B averaged across SAEs under two steer-
ing regimes. Top: steer_lang # target_lang. Bot-
tom: steer_lang = target_lang.

even when trained on comparatively less multilin-
gual data, can surpass Gemma-Scope when applied
at mechanistically appropriate layers.

In contrast, for LLaMA-Scope, we observe con-
sistently negligible downstream gains across layers.
Applying our multilinguality-separability analysis
in the sparse space reveals that LLaMA-Scope does
not exhibit a meaningful intersection layer: lan-
guage separability remains weak across depth (Fig-
ures 4 and 20). The absence of a balance point be-
tween shared cross-lingual alignment and language-
specific structure aligns with its poor steering per-
formance.

Figure 7 further reproduces the early-late dy-
namics of multilingual representations previously
reported for LLaMA-3.1-8B (Gurgurov et al., 2025;
Tan et al., 2024): shared cross-lingual structure is
strongest in early-to-mid layers, while language
separability increases toward later depths. Notably,
LLaMA-Scope exhibits substantially lower separa-
bility than even the dense residual stream across all
layers, which likely reflects the combined effects
of English-skewed training data and architectural
choices in the SAE design, and helps explain its
failure to support effective language control despite
operating at similar depths. More generally, when
the separability score approaches zero, we consis-
tently observe steering failure, indicating that sepa-
rability provides a simple and predictive signal of
multilingual steering capability at a specific layer
(Figure 20 in appendix).
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Figure 7: Separability across layers for LLaMA-3.1-8B,
comparing different SAEs.

6 Take-Aways and Conclusion

Our results show that reliable SAE-based multi-
lingual steering emerges from the combination of
multilingual training and principled layer selection.
Crucially, our findings show that multilingual SAE
steering is promising, and that its success can be
predicted from representation-level structure.

(I) Multilingual SAE training strengthens
language representations. Across both mod-
els, multilingual SAEs consistently outperform
English-only SAEs on language identification ac-
curacy and generation quality. These gains indicate
that multilingual training does more than expand
language coverage: it induces richer shared cross-
lingual structure while preserving cleaner language-
specific signals in the sparse feature space, yielding
more reliable steering directions.

(IT) Intersection points predict optimal steering
depths. Balancing multilingual alignment and
language separability identifies layers where lan-
guage control and generation quality are jointly
maximized. The intersection of these signals pro-
vides an a priori rule for layer selection that re-
places heuristic mid-late choices and avoids ex-
haustive layer sweeps and repeated SAE training.
Across both base models, the layers identified by
this criterion consistently coincide with those yield-
ing the strongest LangID—quality trade-offs, and
outperform earlier and later layers even when con-
trolling for SAE architecture and training data.

(IIT) Open-source SAEs highlight the limits of
heuristic depth choices. Open-source SAEs pro-
vide useful baselines but illustrate the importance



of principled layer selection and multilingual train-
ing. LLaMA-Scope does not exhibit a clear intersec-
tion between multilinguality and separability (Fig-
ure 4) and yields negligible steering gains across
layers. Its sparse representations show weak lan-
guage separability, often worse than the dense resid-
ual stream, suggesting that English-skewed training
data and architectural choices collapse multilingual
features (Figure 7).

Limitations

We evaluated two base models (LLaMA-3.1-8B
and Gemma-2-9B); larger, instruction-tuned, or de-
coder—encoder architectures may exhibit different
cross-lingual dynamics. Our evaluation focuses on
automated metrics (LangID, SpBLEU, COMET,
ROUGE-L, LaSE), which do not capture stylistic
fidelity, code-switching behavior or robustness to
ambiguous prompts. Additionally, our findings are
based on JumpReLU SAEs trained on the residual
stream; extending this analysis to other sparse archi-
tectures, intervention sites (e.g., attention or MLP
activations), or alternative steering constructions
remains an open direction. We do not claim that
the intersection criterion is unique; alternative rep-
resentational statistics may identify similar balance
points. Future work should complement these au-
tomated evaluations with manual translation-error
analysis and stronger comparisons to existing steer-
ing methods and state-of-the-art multilingual sys-
tems, in order to better characterize failure modes
and clarify the remaining performance gap for SAE-
based language control. Similarly, the 0.5 intersec-
tion threshold should be understood as an opera-
tional definition of equal multilingual alignment
and language separability rather than as a uniquely
optimal cutoff; future work should study adaptive
or model-specific thresholds.
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Appendix
A SAE Training
A.1 SAE Training Data

Following the mechanistic motivation outlined in
Section 3.2, we train parallel English-only and mul-
tilingual SAE suites under a controlled setup to
isolate the effect of training data on language steer-
ing. We train two SAE suites per base model using
Wikipedia data (Wikimedia Foundation, 2023). For
the multilingual suite (MULTI21-SAEs), we con-
struct a balanced corpus covering the same 21 lan-
guages, and select a total of 2.1B tokens with a uni-
form distribution across languages. For the English-
only suite (EN-SAEs), we select the same number
of tokens (2.1B), drawn from English Wikipedia.
This controlled setup ensures that both suites are
trained on identical data volume with identical opti-
mization parameters, isolating the effect of multilin-
gual versus monolingual training data from corpus
size or training duration.

A.2 SAE Training Procedure

For each layer of each base model, we train
JumpReLU SAEs (Rajamanoharan et al., 2024)
on the residual stream, matching the expansion fac-
tors used by the corresponding open-source SAE
suites (8 x for LLaMA-Scope and 16k for Gemma-
Scope). We use identical architectures and opti-
mization hyperparameters for our EN-SAEs and
MULTI2]-SAEs. To ensure a controlled compari-
son, we fix the number of optimization steps and
therefore the total number of parameter updates
across both suites. This setup cleanly isolates the
impact of multilingual training from architectural
and optimization confounds.

A.3 Hyperparameters

We train SAEs with SAELens* using a JumpReLU
architecture on the residual stream at multiple lay-
ers. The base model is loaded in float16, while
SAE training uses float32. Hook sites follow
blocks.{layer}.hook_resid_post

Key hyperparameters (from code).

* Architecture: jumprelu (expansion factor
= 8), L coefficient = 5.0, JumpReLU band-
width = 1073, init threshold = 103, decoder
init = zeros, transpose encoder init, decoder

*https://github.com/jbloomAus/SAELens

heuristic init enabled, sparsity penalty scaled
by decoder norm.

* Training length (#steps): 30,000.
* Batch size (tokens/step): 4,096.
* Context size: 512.

* Optimizer / schedule: Adam (8 =
0.9, B2 =0.999), LR = 5x10~°, LR warmup
= 1,500 steps, LR decay steps = 3,000, L
warmup = 1,500 steps.

* Dead/feature refresh: feature sampling win-
dow = 2000, dead-feature window = 1000,
dead threshold = 10~%.

 Data loader:
prepend_bos=True.

streaming  enabled,

A4 Computational Budget

For all experiments we used 1x H100 80GB. Each
SAE model was trained for 30,000 optimization
steps with a batch size of 4,096 tokens per step,
corresponding to approximately 123M training to-
kens and about 3 GPU hours per run.

A.5 License and Availability

All trained SAE checkpoints produced in this work,
including both English-only and multilingual vari-
ants for LLaMA-3.1-8B and Gemma-2-9B, are re-
leased under the Apache License 2.0. This license
permits use, modification, and distribution of the
models for both research and commercial purposes,
provided that proper attribution is maintained.

We emphasize that the underlying base mod-
els (LLaMA-3.1-8B, Gemma-2-9B) remain subject
to their original licenses as released by Meta and
Google, respectively. Users of our checkpoints
must therefore comply with both the Apache 2.0
license governing our SAEs and the terms of the
corresponding base model licenses.
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B Language Labels

Language Code

English eng_Latn
Tibetan bod_Tibt
Maltese mlt_Latn
Italian ita_Latn
Spanish spa_Latn
German deu_Latn
Japanese jpn_Jpan
Arabic arb_Arab
Chinese (Simplified) zho_Hans
Afrikaans afr_Latn
Dutch nld_Latn
French fra_Latn
Portuguese por_Latn
Russian rus_Cyrl
Korean kor_Hang
Hindi hin_Deva
Turkish tur_Latn
Polish pol_Latn
Swedish swe_Latn
Danish dan_Latn

Norwegian Bokmal  nob_Latn

Table 1: List of 21 target languages from FLORES-200 and their language codes.
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C Formal Definitions of Language
Vectors and Layer Selection

This appendix provides the full mathematical for-
mulation of the language vectors, steering proce-
dure, and layer-selection metrics summarized in
the main text.

C.1 Representation Extraction

At each transformer layer ¢, we extract the dense
hidden representation from the residual stream,

he(x) € RD,

for input x. To obtain a sparse and interpretable rep-
resentation, we apply an encoder—decoder sparse
autoencoder (SAE) trained at layer ¢. The en-
coder maps dense activations to a high-dimensional
sparse code,

zo(z) = Encodery(hy(z)), zo(z) € RE, K> D

and the decoder reconstructs the activation,

A~

he(z) = Decodery(z(x)).

Sparsity is enforced via the SAE objective, yielding
sparse codes that isolate a small number of active
features for each input.

C.2 DiffMean Steering Vectors

We construct language steering vectors using the
DiffMean method (Wu et al., 2025). For a given
target language at layer £, let Z% denote the set
of sparse codes corresponding to examples in the
target language, and Z~ the set corresponding to
all other languages. We compute the mean sparse
representations

_ 1 L 1
TEE Lt TTE Lt

z€Z+ 2€EZ~
and define the steering vector as

wDiﬁMean(é) = 2+ - gg_'

This vector amplifies features that are charac-
teristic of the target language while suppressing
features shared with other languages. Prior work
applies DiffMean directly in the dense residual
stream; in contrast, we primarily apply it in the
SAE sparse space, which yields more disentangled
and controllable steering directions.

C.3 Inference-Time Steering

Given a hidden activation h(x) at inference time,
we apply steering as follows:

1. Encode the activation into sparse space:

z¢(z) = Encodery(hg(z)).

2. Apply the steering vector:

Zé(x) = Zg(CU) + awDiﬁMean(€)7
where « controls steering strength. We use
fixed steering coefficients for all test examples
within each model setting, with o = 5.0 for
LLaMA and a = 100.0 for Gemma. These
values were chosen in preliminary experi-
ments as conservative values that improved
target-language identification, and were fixed
before final evaluation; they were not tuned
per language, layer, or test example.

3. Decode back to dense space:

hy(x) = Decodery(z)(z)).

4. Correct for reconstruction error by adding the
residual:

he(x) = hjy(x)+ (he(z) —Decodery(z(x))).

The corrected activation hy(x) is then passed to
subsequent layers. This procedure preserves the
original activation outside the SAE subspace while
applying a targeted intervention along the language
direction.

D Language Correlation and
Intersection-Based Layer Selection

D.1 Per-Language Contrast Vectors

For each language i and layer ¢, we construct a
contrast vector using DiffMean. Let ’Hj denote
dense codes from language ¢, and H; dense codes
from all other languages. The per-language vector

1S
1 1
vi:@ Zh—ﬁ Z h.

heH} heH;

These vectors represent languages in a shared fea-
ture space by emphasizing language-specific fea-
tures and suppressing shared ones.
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D.2 Correlation Matrix Across Languages

Given the set of language vectors {v;} , atlayer ¢,
where [V is the number of languages, we compute
a pairwise Pearson correlation matrix

Cy € RNXN, Cij = COI‘I“(VZ',V]‘).

This matrix captures how similarly different lan-
guages are represented at a given depth.

D.3 Multilinguality and Separability Metrics

Let {); }é\le be the eigenvalues of C;. We define
the multilinguality score as the explained-variance
ratio of the first principal component,

f Inan >\j
L= N <
Zszl Ak

which measures the degree of shared alignment
across languages. We define separability as the
complementary quantity

35:1_f€7

which reflects how distinct the language represen-
tations remain.

D.4 Intersection-Based Layer Selection

We select steering layers at depths where multi-
linguality and separability are balanced. Since
s¢ = 1 — fp, an intersection occurs when f; ~ 0.5,
or equivalently when 2 f, — 1 changes sign between
adjacent layers. In practice, we detect these sign
changes with a small tolerance and linearly inter-
polate between layer indices. These intersection
points serve as a priori candidates for effective
steering depths and consistently correspond to lay-
ers that yield strong language control while pre-
serving generation quality.
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E CrossSum Prompts

Prompt (Hindi, CrossSumm)

T O AR &

(English: “Summarize this article.:”)

“"It is the right of every human being to choose their gender,
[truncated] ... if they have consensual gay sex.''

RIS

(English: “Summary.”)

Reference Summary (Spanish)

La Corte Suprema de India reconocidé la existencia de un tercer género,
ademas del femenino y el masculino.

(English: “India’ s Supreme Court recognized the existence of a third gender; in addition
to male and female.”)

Model Output (Spanish, SAE-steered)

“Es el derecho de cada ser humano elegir su género”, dijo la sentencia al otor-
gar derechos a quienes se identifican como hombres o mujeres. Ordend al
gobierno proveerles cuotas en los trabajos y educacién con base en las mi-
norias...

(English: “It is the right of every human being to choose their gender,” the ruling said,
granting rights to those who identify as men or women. It ordered the government to
provide quotas in jobs and education...)

Figure 8: Example prompt and outputs for cross-lingual summarization (CrossSum). The model is prompted in
Hindi and steered to generate a Spanish summary. English glosses are provided for clarity. Full article text omitted
for readability.

Prompt (Spanish, CrossSumm)

Resume este articulo:

(English: “Summarize this article.”)

""Bhe said Britain needed certainty, stability and strong leadership
following the EU referendum..[truncated] ..''

Resumen:

(English: “Summary:”)

Reference Summary (Arabic)

Jedall oylyai> /6901 8 pos B3Sea dale oyl clyn] g,é‘.n s cdlayydl elyygll ducdy e
(English: “British Prime Minister Theresa May called for early general elections on June
8.”)

Model Output (Arabic, SAE-steered)

“laglym] syall dolall @l slesiul e calel sl ual lglas o2 glo 3y dilagpdl du yll
e e dilll cnlid] dSlall dddlga e clas OT a9y ellig ¢ Jidall gilo sgd 6 Basciall ESlaall B
shdl.”

(English: “British Prime Minister Theresa May announced in a speech on Sunday the call-
ing of early general elections in the UK next May, after receiving approval from Queen
Elizabeth II...”)

Figure 9: Example prompt and outputs for cross-lingual summarization (CrossSum). The model is prompted in
Spanish and steered to generate an Arabic summary. English glosses are provided for clarity. Full article text
omitted for readability.
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F Flores Prompts

Prompt (Chinese, FLORES Translation)

IR AIE:

(English: “Please translate this sentence:”)

“"Siminoff said sales boosted after his 2013 appearance in a Shark
Tank episode where the show panel declined funding the startup.''
i

(English: “Translation.”)

Reference Translation (Russian)

CumuHOO( CcKasaJ, 4YTO IIPOAAKH BHEIPOCIH IIOCJAEe €ro IMOSBJIeHHS B
BeITycke 1oy “Shark Tank” B 2013 romy, e WieHBI >KIOPM OTKa3alHCh
GHHaHCUPOBATE €T0 CTapTall.

(English: “Siminoff said that sales increased after his appearance on a 2013 episode of the
show Shark Tank, where the panel declined to fund his startup.”)

Model Output (Russian, SAE-steered)

“CxMHEHO (G cKazaJl, UTo IIPOa Ky BEIPOCIIH ITOCJIE €T0 II0SBJIEHHS B 3IIH30/Ie
moy “TaHK”, Ifle IaHesNb OTKasajaack $MHaHCHpOBaThL CTapTaIL”

(English: “Siminoff said that sales increased after his appearance in an episode of the
show ‘Tank’, where the panel refused to fund the startup.”)

Figure 10: Example prompt and outputs for machine translation. The model is prompted in Chinese and steered to
generate a Russian translation. English glosses are provided for readability.

Prompt (German, FLORES Translation)

Ubersetze diesen Satz:

(English: “Translate this sentence:”)

“"We now have 4-month-old mice that are non-diabetic that used to be
diabetic, he added.''

Ubersetzung:

(English: “Translation:”)

Reference Translation (Arabic)

“al sl (oSl B 3e e Biladl B Sles oIS seal dsyyl sasll e 2ld ol o3 Lpad BB BLo]
o3l dia g;Lw ass”

(English: “He added, We now have four-month-old mice that previously had diabetes but
no longer do.”)

Model Output (Arabic, SAE-steered)

“ay fylas Bl <5l dlly o3Sully dilaa set sgal dal layac o138 Lyal (31 os”
(English: “We now have four-month-old mice that are non-diabetic and were previously
diabetic.”)

Figure 11: Example prompt and outputs for machine translation. The model is prompted in German and steered to
generate an Arabic translation. English glosses are provided for readability.
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G Multilingual Results for Gemma-2-9B
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Figure 12: Performance deltas relative to Scope baselines for Gemma-2-9B at the selected steering layer. Top:
FLORES machine translation (LangID, SpBLEU, COMET). Bottom: Cross-lingual summarization (LangID,
ROUGE-L, LaSE). Improvements from multilingual training are smaller than in LLaMA but remain directionally
consistent across tasks and metrics.
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Figure 13: Performance deltas relative to Scope baselines for Gemma-2-9B averaged across layers. Top: FLORES
machine translation (LangID, SpBLEU, COMET). Bottom: Cross-lingual summarization (LangID, ROUGE-L,
LaSE).

381



LANGID A vs SCOPE Baseline
75
EN-SAES-gemma-2-9b

- 50

=25

=
c
i)
=
< MULTI21-SAES-gemma-2-9b -0
w
<
0
- =25
- =50
gemma-scope-9b-pt-res-canonical
=75
6 14 23 32 40
Layer
LASE A vs SCOPE Baseline
10
EN-SAES-gemma-2-9b
-5
-
c
©
< MULTI21-SAES-gemma-2-9b -0
w
<<
n
--5
gemma-scope-9b-pt-res-canonical
-10
6 14 23 32 40
Layer
ROUGEL A vs SCOPE Baseline
3
EN-SAES-gemma-2-9b
-2
-1
-
=4
8
=t
g MULTI21-SAES-gemma-2-9b -0
w
<T
n

gemma-scope-9b-pt-res-canonical

6 14 23 32 40
Layer

Figure 14: Layerwise heatmaps of performance deltas relative to Gemma-Scope for Gemma-2-9B on cross-lingual
summarization (CrossSumm). Columns show deltas in LangID, LaSE, and ROUGE-L as a function of steering
layer. Regions of positive gain cluster around the intersection layers identified by our multilinguality—separability
criterion (.14 and L.23), indicating that these depths support more reliable language control and semantic preserva-
tion, though gains remain smaller than those achieved by our multilingual SAEs.
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LANGID A vs SCOPE Baseline
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Figure 15: Layerwise heatmaps of performance deltas relative to Gemma-Scope for Gemma-2-9B on machine
translation (FLORES). Columns report deltas in LangID, COMET, and SpBLEU across steering layers. Improved
performance concentrates near the predicted intersection layers (.14 and L.23), validating that these depths balance
cross-lingual alignment and language separability, but still underperform compared to multilingual SAEs trained in

our framework.
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H Multilingual Results for LLaMA-3.1-8B
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Figure 16: Performance deltas relative to Scope baselines for LLaMA-3.1-8B at the best-performing steering layer.
Top: FLORES machine translation (LangID, SpBLEU, COMET). Bottom: Cross-lingual summarization (LangID,
ROUGE-L, LaSE). Multilingual SAEs consistently outperform English-only SAEs across both tasks, with larger

gains on semantic quality metrics.
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Figure 17: Performance deltas relative to Scope baselines for LLaMA-3.1-8B averaged across layers. Top: FLORES
machine translation (LangID, SpBLEU, COMET). Bottom: Cross-lingual summarization (LangID, ROUGE-L,

LaSE).

384



LANGID A vs SCOPE Baseline
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Figure 18: Layerwise heatmaps of performance deltas relative to LLaMA-Scope for LLaMA-3.1-8B on cross-
lingual summarization (CrossSumm). Columns show deltas in LangID, LaSE, and ROUGE-L as a function of
steering layer. Unlike Gemma-Scope, LLaMA-Scope exhibits weak and diffuse gains across layers, with no clear
concentration around an intersection depth, consistent with the absence of a strong multilinguality—separability

balance and its limited downstream steering effectiveness.
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Figure 19: Layerwise heatmaps of performance deltas relative to LLaMA-Scope for LLaMA-3.1-8B on machine
translation (FLORES). Columns report deltas in LangID, COMET, and SpBLEU across steering layers. Per-
formance improvements remain small and scattered across depth, with no distinct layer emerging as consistently
effective, mirroring the lack of a clear intersection between multilingual alignment and language separability in

LLaMA-Scope.
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I Language vectors correlations and sparsity score

Residual Stream Llama-Scope Our-en-SAEs Our-multi-SAEs
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| .I
Layer 11 I I
Sep. score 0.01
Layer 23 I I
Sep. score 0.67 0.13 0.28 0.62

Figure 20: Comparison of LLama-3.1-8B model representation space using residual stream vectors, LLama-Scope
sparse space vectors. and our trained SAEs sparse space vectors.
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J Raw Results ( tgt_i # steer_j) for Gemma-2-9B
layer MULTI21-SAES EN-SAES gemma-scope Base Model

LangID ~ ROUGEL  LASE | LanglD ROUGEL  LASE | LanglD ROUGEL  LASE | LangID  ROUGEL  LASE

6 0.0 0.52 0.0 0.0 0.53 0.0 98.94 414 13.13 - - -

14 | 4833 417 16.55 | 4292  4.02 1575 | 57.73  3.78  18.53 - - -

23 | 11.81 1.25 12.38 | 10.79 1.15 11.29 | 21.39 1.78 11.48 - - -

32 | 935 1.27 11.39 | 5.46 1.12 10.03 | 17.04 1.47 15.79 - - -
40 0.0 0.59 0.0 0.0 0.56 0.0 0.0 0.6 0.0 - -
Prompt - - - - - - - - - 36.48 347  22.87
(No)
steering)

Table 2: Gemma-2-9B CrossSumm, cross-lingual steering (tgt; # steer;). Table entries report LangID
/ ROUGE-L / LaSE (column order). No steering prompt results (baseline; LangID / ROUGE-L / LaSE):
36.48, 3.47, 22.87. Prompt scores are computed against the prompt language (tgt,), whereas steering scores are
computed against the steering-vector language (steer ;) and averaged over all mismatched pairs (¢, j), averaging
across target prompt languages for each steering language; therefore the prompt baseline and steering results are
not directly comparable, but the baseline usefully characterizes the model’s unsteered default behavior. Strong
shading marks the best value overall in the table (per metric), while light shading marks the best value within each
SAE family (per metric). Highlighted cells concentrate around the best layer, and the best overall results are often
achieved by MULTI21-SAES at that layer.

layer MULTI21-SAES EN-SAES gemma-scope Base Model
LangID SpBLEU COMET LangID SpBLEU COMET LangID SpBLEU COMET LangID SpBLEU COMET
6 | 0.02 1.13 4.07 0.02 1.13 407 | 7439 803 49.61 - - -
14 | 5438 24.80 73.55 | 52.19 2490 73.17 | 45.04 1565 61.79 - - -
23 | 2433 19.73 5823 | 21.73 1890 5526 | 2526 1249 4424 - - -
32 | 17.12 1587 4736 | 13.19 1584 46.67 | 3043 16.12 52.00 - - -
40 | 0.04 2.70 9.28 0.03 2.46 8.25 0.05 4.74 13.34 - - -
Prompt - - - - - - - - - 75.51 3131 85.12

steering)

Table 3: Gemma-2-9B FLORES, cross-lingual steering (tgt; # steer;). Table entries report LangID / SpBLEU
/ COMET (column order). No steering prompt results (baseline; LangID / SpBLEU / COMET): 75.51, 31.31,
85.12. Prompt scores are computed against the prompt language (tgt;), whereas steering scores are computed
against the steering-vector language (steer;) and averaged over all mismatched pairs (7, j), averaging across
target prompt languages for each steering language; therefore the prompt baseline and steering results are not directly
comparable, but the baseline usefully characterizes the model’s unsteered default behavior. Strong shading marks
the best value overall in the table (per metric), while light shading marks the best value within each SAE family
(per metric). Highlighted cells concentrate around the best layer, and the best overall results are often achieved by
MULTI21-SAES at that layer.
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K Raw Results ( tgt_i # steer_j) for LLaMA-3.1-8B
layer MULTI21-SAES EN-SAES llama-scope Base Model

LangID ~ ROUGEL  LASE | LanglD ROUGEL  LASE | LangID ROUGEL  LASE | LangID  ROUGEL  LASE

6 | 7870  3.26 1579 | 79.86 292 16.17 | 0.00 0.18  0.00 - - -

13 | 66.25 390  24.89 | 59.31 3.65 27.54 | 0.00 029  0.00 - - -

15 | 3046 2.12 3047 | 4449 4.64 27.18 | 0.00 026  0.00 - - -

19 | 3.80 1.84 17.61 | 6.76 2.45 9.89 | 0.00 0.01 0.00 - - -
25 | 0.00 1.50 0.00 0.00 1.49 0.00 | 0.00 0.18  0.00 - -
Prompt - - - - - - - - - 1685 287 3292
(No)
steering)

Table 4: LLaMA-3.1-8B CrossSumm, cross-lingual steering (tgt; # steer;). Table entries report LangID
/ ROUGE-L / LaSE (column order). No steering prompt results (baseline; LangID / ROUGE-L / LaSE):
16.85, 2.87, 32.92. Prompt scores are computed against the prompt language (tgt,), whereas steering scores are
computed against the steering-vector language (steer ;) and averaged over all mismatched pairs (¢, j), averaging
across target prompt languages for each steering language; therefore the prompt baseline and steering results are
not directly comparable, but the baseline usefully characterizes the model’s unsteered default behavior. Strong
shading marks the best value overall in the table (per metric), while light shading marks the best value within each
SAE family (per metric). Highlighted cells concentrate around the best layer, and the best overall results are often
achieved by MULTI21-SAES at that layer.

layer MULTI21-SAES EN-SAES llama-scope Base Model

LangID SpBLEU COMET LangID SpBLEU COMET LangID SpBLEU COMET LangID SpBLEU COMET
6 | 5422 442 3977 | 68.77 338 3655 | 236  0.02 6.33 - - -

13 | 5824 16.11 66.27 | 62.14 1220 6044 | 047  0.02 9.65 - - -

15 | 5697 2253 7325 | 60.92 21.02 7157 | 0.10 0.00 2.72 - - -

19 | 24.14 2335 68.65 | 21.32 2244 6275 | 0.12 0.01 1.86 - - -
25 | 0.09 3.77 1125 | 064 1212 31.88 | 0.09 0.01 2.13 - - -
Prompt - - - - - - - - - 91.06 31.22 83.58
(No)
steering)

Table 5: LLaMA-3.1-8B FLORES, cross-lingual steering (tgt, # steer;). Table entries report LangID /
SpBLEU / COMET (column order). No steering prompt results (baseline; LangID / SpBLEU / COMET):
91.06, 31.22, 83.58. Prompt scores are computed against the prompt language (tgt;), whereas steering scores are
computed against the steering-vector language (steer;) and averaged over all mismatched pairs (4, j), averaging
across target prompt languages for each steering language; therefore the prompt baseline and steering results are
not directly comparable, but the baseline usefully characterizes the model’s unsteered default behavior. Strong
shading marks the best value overall in the table (per metric), while light shading marks the best value within each
SAE family (per metric). Highlighted cells concentrate around the best layer, and the best overall results are often
achieved by MULTI21-SAES at that layer.
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L. Per-Language Results ( tgt_: = steer_j) for Gemma-2-9B
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Figure 21: Per-language, per-layer performance deltas for Gemma-2-9B on the CROSSSUM task when the steering
language matches the target language (tgt_: = steer_j). Each heatmap shows the change relative to the SCOPE
baseline (excluded), with rows corresponding to target languages, columns to transformer layers, and separate
panels for each SAE variant. Positive values indicate improvements over the baseline.
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Figure 22: Per-language, per-layer deltas for Gemma-2-9B on FLORES under matched steering and target
languages (tgt_i = steer_j). The heatmaps show the impact of SAE variants on language identification and
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COMET A vs SCOPE
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Figure 23: Per-language, per-layer COMET score deltas for Gemma-2-9B on FLORES with matched steering
and target languages (tgt_i = steer_j). This figure emphasizes how semantic translation quality varies across
languages, layers, and SAE configurations relative to the SCOPE baseline.
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M Per-Language Results ( tgt_i # steer_j) for Gemma-2-9B
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Figure 24: Per-language, per-layer performance deltas for Gemma-2-9B on the CROSSSUM task under cross-lingual

steering (tgt_i # steer_j). Each heatmap shows how steering in a different language affects summarization
quality and language identification across layers and SAE variants, relative to the SCOPE baseline.
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Figure 25: Per-language, per-layer performance deltas for Gemma-2-9B on FLORES with cross-lingual steering
(tgt_i # steer_j). The figure highlights the degradation or transfer effects induced by mismatched steering
languages across model depth.
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COMET A vs SCOPE
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Figure 26: Per-language, per-layer COMET score deltas for Gemma-2-9B on FLORES under cross-lingual steering
(tgt_i # steer_j). This visualization captures how semantic translation quality responds to cross-lingual steering
at different layers and SAE variants, relative to the SCOPE baseline.
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N Per-Language Results ( tgt_i: = steer_j) for LLaMA-3.1-8B
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Figure 27: Per-language, per-layer performance deltas for LLaMA-3.1-8B on the CROSSSUM task when the
steering language matches the target language (tgt_t = steer_j). Each heatmap shows the change relative to
the SCOPE baseline (excluded), with rows corresponding to target languages, columns to transformer layers, and
separate panels for each SAE variant. Positive values indicate improvements over the baseline.
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Figure 28: Per-language, per-layer performance deltas for LLaMA-3.1-8B on the FLORES benchmark when the
steering language matches the target language (tgt_i = steer_j). Results are shown for language identification
(LangID) and translation quality (SpBLEU), aggregated per SAE variant and measured relative to the SCOPE
baseline.
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Figure 29: Per-language, per-layer COMET score deltas for LLaMA-3.1-8B on FLORES under matched steering
and target languages (tgt_: = steer_j). The heatmap highlights how SAE interventions affect semantic translation
quality across languages and model depth, relative to the SCOPE baseline.

398



O Per-Language Results ( tgt_: # steer_j) for LLaMA-3.1-8B

LANGID A vs SCOPE

EN-SAES-Llama-3.1-8B MULTI21-SAES-Llama-3.1-8B
- 100
-50
4 4
) ) ® 2
S . S _ o 2
= <= ~ ©
2 2 4
s s --25 9
2 2
- -50
-—100
6 13 15 19 25 6 13 15 19 25
Layer Layer
LASE A vs SCOPE
EN-SAES-Llama-3.1-8B MULTI21-SAES-Llama-3.1-8B
i ° -- ] 40
© ©
’ ’ - [ 20
[0} [0
[ (]
()] (o)} L
S - S - K
o< > < -0 8
G G <
- -
6 13 15 19 25 6 13 15 19 25
Layer Layer
ROUGEL A vs SCOPE
EN-SAES-Llama-3.1-8B MULTI21-SAES-LIama-3.1-8B
_ _ - 15
© ©
-10
’ ‘ -- ‘ -- 5
[ (9] B -
=) o []
g g _ o S
< < -~
o
g 2 &
5 g s <
2 2
--10
- - - -15
6 13 15 19 25 6 13 15 19 25
Layer Layer

Figure 30: Per-language, per-layer performance deltas for LLaMA-3.1-8B on the CROSSSUM task under cross-
lingual steering (tgt_i # steer_j). Each panel corresponds to a different SAE variant, showing how mismatched
steering languages impact summarization quality and language identification across layers, relative to the SCOPE
baseline.
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Figure 31: Per-language, per-layer performance deltas for LLaMA-3.1-8B on FLORES with cross-lingual steering

(tgt_i # steer_j). The figure illustrates how steering in a different language affects language identification
accuracy and translation quality across layers and SAE variants.
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Figure 32: Per-language, per-layer COMET score deltas for LLaMA-3.1-8B on FLORES under cross-lingual

steering (tgt_i # steer_j). Results highlight the sensitivity of semantic translation quality to steering language
mismatches at different depths of the model.
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