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Abstract
An empirical bottleneck for Natural Language
Generation tasks such as summarization is the
lack of accurate and robust evaluation metrics
for many languages, which hinders progress.
While Large Language Models (LLMs) are
increasingly adopted as evaluators with the
advent of LLM-as-a-Judge approaches, their
agreement with human judgments remains low
across many languages. We take inspiration
from recent studies suggesting that multilingual
language models often use English as an inter-
nal pivot language, and that misalignment with
this pivot can lead to degraded downstream per-
formance during text generation. Motivated
by this hypothesis, we ask whether steering
the activations of neural metrics with respect
to an English pivot can improve their corre-
lation with human judgments in multilingual
summarization evaluation. We experiment with
encoder- and decoder-based metrics across five
languages. We find that activation steering is
effective for neural metrics, and that a single,
language-independent steering vector improves
metric–human agreement. Steering also results
in improvements when applied to COMET, a
small encoder-based metric, showing notable
human agreement despite its small scale.

1 Introduction

Metrics for Natural Language Generation (NLG)
tasks such as summarization have become increas-
ingly model-based (Zhang et al., 2020; Rei et al.,
2020; Sellam et al., 2020), with the latest trend
leveraging Large Language Models (LLMs) as eval-
uators (Liu et al., 2023; Fu et al., 2024), a paradigm
know as LLM-as-a-Judge (Zheng et al., 2023).

When built on multilingual backbones, LLM
evaluators can generalize across languages to some
extent (Zhang et al., 2020; Rei et al., 2020; Sel-
lam et al., 2020). However, preliminary studies
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The work of Silvia Casola was carried out while at MaiNLP,
LMU Munich & Munich Center for Machine Learning.

on model-based multilingual evaluation suggest
that they often do not correlate well with human
judgments (Mondshine et al., 2025), limiting their
reliability as proxies for human evaluation.

We hypothesize that this gap is partly due to
the way multilingual models process different lan-
guages: recent work has shown that multilingual
LLMs internally rely on English as a pivot lan-
guage (Wendler et al., 2024), and that the degree of
alignment between the internal representations of a
language and this pivot varies between languages
(Wang et al., 2025a). This misalignment has been
linked to poor performance in multilingual factual
recall (Lu et al., 2025) and other discriminative and
generative tasks (Wang et al., 2025a; Bafna et al.,
2025), suggesting that explicitly controlling this
alignment could improve performance. Wang et al.
(2025a), for example, directly intervene on internal
representations by steering them toward (or away
from) English, showing this intervention is benefi-
cial across a wide variety of NLG tasks. Lu et al.
(2025) further show how alignment to the English
pivot improves factual recall across languages.

Such work, however, is typically limited to dis-
criminative and generative tasks: whether activa-
tion steering can improve performance on evalua-
tion tasks, and specifically on model-based metrics
such as LLM-as-a-Judge, remains unexplored. This
is a particularly important gap: reliable automatic
metrics for multilingual evaluation are scarce, mak-
ing the quality of model-based evaluation a bottle-
neck for progress across languages. As such, in
this work we explicitly ask: To what degree does
steering the activations of low-resource languages
with respect to English strengthen LLM-as-a-Judge
performance?

To answer this question, we focus on summariza-
tion evaluation and first conduct a meta-analysis of
LLM-as-a-Judge summarization metrics, assessing
their reliability and alignment with human judg-
ments. Corroborating prior work, we find modest
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Figure 1: Illustration of our STEEREVAL method. We first use parallel data to learn cross-lingual vectors of
mappings from Source language X → English or a single multilingual average vector. We then apply the steering to
neural metrics. Finally, we show that such steering results in better correlation with human judgments.

and inconsistent correlation with human judgments
(Mondshine et al., 2025), showing the need for
strengthened multilingual evaluators. To this end,
we investigate the effect of steering multilingual
LLM-as-a-Judge models with respect to a high-
resource pivot language at test time, and find it im-
proves metric reliability. We further demonstrate
that language-specific steering vectors may not be
required, and a single, multilingual vector can lead
to the largest improvements. Finally, we show that
small encoder-based metrics such as COMET (Rei
et al., 2020) show surprisingly competitive perfor-
mance, and that this performance can further be
improved through steering. Our contributions are
as follows:1

Multilingual metric meta-analysis. We perform
a meta-analysis of model-based summarization
metrics across five typologically diverse languages.
We examine two LLM-as-a-judge methods, using
four backbone models and two prompt variations.
We also examine COMET, an encoder-based met-
ric, which shows competitive performance for sum-
marization.

Activation steering for multilingual metrics.
We apply activation steering to two popular LLM-
as-a-judge methods—based on next direct prompt-
ing (Liu et al., 2023) and average log likelihood
(Fu et al., 2024)—and we show activation steer-
ing strengthens correlation with human judgments
for both approaches. We also extend steering to
encoder-based models, largely unexplored in the

1Our code is available at: https://github.com/mainlp/
steereval

broader activation steering literature, and we also
observe consistent correlation gains. Our interven-
tion consists of a simple and efficient vector-based
addition, occurs at inference time, and requires
no model retraining, making it an efficient way to
strengthen metrics.

Multilingual intervention We measure the cross-
lingual similarity between Source language X →
English intervention vectors in LLMs, and find
these vectors to be largely similar across languages,
corroborating prior work in the generalizability of
refusal vectors (Wang et al., 2025b) and, more
broadly, shared language geometries (Chi et al.,
2020; Dumas et al., 2025). Building on this finding,
we explore multilingual steering, where we average
over language-specific vectors to obtain a single
multilingual steering vector. We show this solu-
tion outperforms language-specific steering across
many settings.

2 Related Work

2.1 Multilingual summarization evaluation

Automatic evaluation of natural language gener-
ation (NLG) and summarization is a longstand-
ing challenge (Sai et al., 2022; Celikyilmaz et al.,
2021). Most existing work has focused on En-
glish. For instance, Fabbri et al. (2021) evaluate
14 summarization metrics across four quality di-
mensions, while subsequent studies show that cor-
relation with human judgments of reference-based
metrics can drop when scoring LLM-generated out-
puts given their high quality (Casola et al., 2025).
As evaluation has increasingly shifted towards the
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LLM-as-a-Judge paradigm, Bavaresco et al. (2025)
conducted a large-scale evaluation across multiple
tasks, including summarization, and demonstrated
high variability in metric behavior across different
LLM judges.

Beyond English, automatic evaluation is under-
studied, and metric reliability often tends to further
degrade. Clark et al. (2023) introduce a multilin-
gual dataset in which model outputs are annotated
in a binary fashion for specific desirable properties
(e.g., conciseness), and shows it can be used to train
ad-hoc evaluation metrics. Similarly, Hada et al.
(2024) propose a multilingual dataset with human
judgments using either binary labels or a 0–2 scale,
and use it to assess LLMs as evaluators across five
dimensions. More focused studies include Barnes
et al. (2025), who analyze LLM-as-a-judge perfor-
mance for Spanish and Basque, highlighting varia-
tion in evaluators’ behaviors. Finally, Mondshine
et al. (2025) recently introduced an abstractive sum-
marization dataset for meta-evaluating automatic
metrics across eight diverse languages, focusing on
n-gram- and small model-based metrics, conclud-
ing that correlations with human judgments remain
relatively low in multilingual settings.

2.2 Activation steering
The linear representation hypothesis (Park et al.,
2024) proposes that high-level concepts are rep-
resented as directions in the activation space of
language models. Motivated by this hypothesis,
an increasing body of work has used a test-time
method known as activation steering to control
LLM behavior. Such works typically isolate the
direction that represents a given concept by vector
arithmetic, and the isolated vector is then added to
activations at test time (Turner et al., 2024). Such
a steering method has been applied to induce or
reduce characteristics such as truthfulness (Marks
and Tegmark, 2024), toxicity, sentiment (Turner
et al., 2024), refusal (Arditi et al., 2024), and lan-
guage steering (Sterz et al., 2025).

Beyond steering vectors, Wang et al. (2025a)
show that a learned linear map between low- and
high-resource language representations can serve
as an effective steering mechanism. More broadly,
intervention methods can use other techniques,
such as representation editing (Meng et al., 2022)
and prompt optimization (Pryzant et al., 2023).

In this paper, we focus on steering, and specifi-
cally on the vector-based approach, which we apply
to strengthening multilingual summarization evalu-

ation on non-English languages.

3 Experimental Setup

3.1 Vector-based metric steering
Figure 1 provides an overview of our steering
methodology. Specifically, we perform a vector-
based intervention via the following steps.

Steering direction learning We examine two al-
ternative approaches: a monolingual intervention
for a specific source language (Section 4) and a
multilingual intervention for all languages (Section
5). For the monolingual intervention, we derive a
steering direction between a source language and
English from parallel data. Specifically, given rep-
resentations in the source (lower-resourced) lan-
guage hs and English (the target language) ht, we
compute a per-layer steering vector by subtracting
the mean of hs from the mean of ht over all time
steps, capturing the direction from the source to the
target language in activation space:

h̄v,l = h̄t,l − h̄s,l

We also experiment with a single, multilingual vec-
tor, mapping from all languages to English, in line
with previous work (Lu et al., 2025). To do so,
we average across language-specific vectors, and
obtain our final steering vector as:

h̄v,l =
1

|M |
∑

m∈M

(
h̄t,l − h̄m,l

)

where m is a source language in our language set
M and |M | = 5 in our experiments.

All representations are taken from the residual
stream at the output of layer l, i.e., the hidden state
produced by block l before it is passed to block
l + 1. Note that the parallel data used to learn
the steering vector is disjoint from the summariza-
tion evaluation data, and any parallel corpus can in
principle be used for this purpose.

Test time intervention Keeping the language
model frozen, we then steer its internal representa-
tions. Specifically, at test time, we add the mono-
lingual or multilingual steering vector to the activa-
tions of a single layer l:

hsteered
q,l = hq,l + σ h̄v,l

where hq,l is the unsteered representation of test
input q at layer l, and σ is a scalar parameter con-
trolling the strength and sign of the steering.
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For language-specific steering (Section 4), for
every target language, we jointly tune the steering
strength σ and the application layer l on a language-
specific development set with human judgments,
and then evaluate the selected configuration on the
corresponding disjoint test set. Following prior
work (Lu et al., 2025; Bafna et al., 2025), we re-
strict the layer search space to the middle and fi-
nal layers, as these exhibit the greatest representa-
tional mismatch with English for other tasks. For
COMET, we steer the pooling-space embedding
directly (no per-layer selection). We search over
σ ∈ [−5, 5] with a step size of 1. Hyperparame-
ters are selected via joint grid search to maximize
the average Pearson correlation across six evalua-
tion dimensions (see Section 3.2). In the multilin-
gual vector experiments (Section 5), we apply the
steering vector zero-shot without hyperparameter
tuning.

Performance testing We evaluate the metric us-
ing the steered representations and analyze its
agreement with human judgments. Since the Sea-
horse dataset (Clark et al., 2023, which we discuss
in Section 3.2) is annotated with binary labels, we
use Pearson correlation and ROC-AUC, following
the original paper.

3.2 Datasets
Steering direction learning To learn the lan-
guage alignments, we leverage the FLORES mul-
tiparallel dataset (Goyal et al., 2022), which con-
sists of human-translated sentences primarily from
Wikipedia. We follow Wang et al. (2025a) and use
500 parallel sentence pairs.

Parameter tuning and performance testing
We use the Seahorse multilingual summarization
dataset (Clark et al., 2023) as key benchmark, a
high-quality human evaluation dataset containing
binary scores for six languages i.e., English, Ger-
man, Spanish, Russian, Turkish, and Vietnamese.
Source texts are extracted from four datasets in the
GEM benchmark (Gehrmann et al., 2021): XSum
(Narayan et al., 2018, for English only), XL-Sum
(Hasan et al., 2021), MLSum (Scialom et al., 2020),
and WikiLingua (Ladhak et al., 2020). Summaries
are the outputs of eight abstractive summarization
systems based on T5 (Raffel et al., 2023, only
for English), mT5 (Xue et al., 2021) and PaLM
(Chowdhery et al., 2022); human references from
the respective datasets, when available, are also
treated as hypotheses. The dataset is large-scale,

with language-specific test sets of 2,600+ annotated
outputs. Each summary is annotated by trained
raters on six binary dimensions: whether it is a)
comprehensible, b) non-repetitive, c) grammati-
cal, d) concise, e) whether its content is fully at-
tributable to the source article, and f) whether it
captures the main ideas of the source article. We
preserve the original split and use the dataset vali-
dation set to tune the method hyperparameters and
its test set for the final evaluation.2

3.3 Metrics

We primarily examine the following metrics:

Direct prompting We directly prompt a multi-
lingual model to produce a score for each evalua-
tion dimension. However, directly extracting the
score from the model output can be unreliable, as
responses may include additional text or justifica-
tions, an issue even more complex in multilingual
settings. Thus, we rely on token probabilities. We
follow G-Eval (Liu et al., 2023) and compute the
score as a weighted sum over the token probabil-
ities corresponding to the evaluation scale at the
first generated token. The score is computed as:

score =
∑

i

p(si)× si

where si ∈ {0, 1}, mimicking the dataset annota-
tion, and p(si) is the token probability.

GPTScore (prompt-conditioned log-likelihood)
Following Fu et al. (2024), we evaluate a hypothe-
sis using the model’s conditional generation prob-
abilities. Given a prompt that specifies a desired
property (e.g., conciseness), the model is instructed
to generate a summary exhibiting that property.
The summary to be evaluated is thus scored by
computing the average log-probability of its to-
kens under the model, conditioned on the prompt.
Specifically, we compute the final score as:

score =
1

N

N∑

t=1

log p(ht | h<t, P, θ)

where P is the prompt, N is the number of tokens
in the summary, and θ the model parameters.

For both LLM-based metrics, we use Llama-3.2-
3B3 (Grattafiori et al., 2024) and aya-expanse-8b4

2We provide dataset statistics in Appendix D.
3meta-llama/Llama-3.2-3B
4CohereLabs/aya-expanse-8b
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(Dang et al., 2024), as backbones and further ex-
periment with their larger counterparts i.e., Llama-
3.1-8B Instruct5 and aya-expanse-32b6 in Section
5. These models are chosen since they are open,
instruction-tuned, diverse in size, have broad lan-
guage coverage, and have shown good performance
in various multilingual tasks. We prompt each
model both in English and with a machine trans-
lated version in the target language. Appendix 3
details the metrics’ implementation, including the
prompts.

COMET Due to prior work reporting state-of-
the-art performance on many languages by directly
applying COMET on multilingual summarization
evaluation (Mondshine et al., 2025; Krubiński and
Pecina, 2022), we also analyze the effect of steering
on COMET, which is a multilingual neural metric
typically used in machine translation. We rely on
the wmt22-comet-da model, which is built on top
of XLM-R (Conneau et al., 2020) and follow the
experimental design of Mondshine et al. (2025) to
adapt the machine-translation metric to summariza-
tion: we replace the source input with an empty
string, use the system-generated summary as the
hypothesis, and the human-written summary as the
reference. Note that COMET, in contrast to LLM-
based judges, requires a reference summary. In the
Seahorse dataset, reference summaries are them-
selves treated as hypotheses and scored by human
judges. We therefore compute COMET scores only
for the subset of model-generated hypotheses that
have an associated reference, and results are not
directly comparable to those from the LLMs.

4 Language-specific steering

Tables 1 and 2 summarize the main results of
our LLM-as-a-Judge and COMET steering experi-
ments respectively. In this section, we focus on
language-specific steering and later discuss the
zero-shot multilingual average vector setup in Sec-
tion 5. We primarily report results using Pearson
correlation and focus on English prompting in the
main text; detailed results when prompting in the
source language are in Appendix E, while results
using AUC are presented in Appendix F. We report
the average correlation over the six evaluation di-
mensions per language; per-dimension results are
in Appendix A.

5meta-llama/Llama-3.1-8B-Instruct
6CohereLabs/aya-expanse-32b

Baselines show relatively modest and variable
correlation with human judgments. Across all
settings, baseline systems achieve relatively low
positive Pearson correlation, showing that sum-
mary evaluation remains challenging in multilin-
gual settings, and that metrics designed for En-
glish do not necessarily transfer across languages,
corroborating previous results (Clark et al., 2023;
Mondshine et al., 2025). Larger models do not con-
sistently outperform smaller ones: for GPTScore,
aya-expanse-32b shows comparable baseline per-
formance to its smaller (8b) counterpart and, in-
terestingly, lower performance than Llama-3.1-8b
across all languages. No single configuration is
superior across all settings: the choice of metric,
backbone model, and prompt language interact in
non-trivial ways. While comparisons with LLM-
based scores should be taken with care given the
modified test set (see Section 3.3), COMET typi-
cally achieves a strong baseline correlations across
all languages, including for languages like Ger-
man that show consistently low correlations for
LLM-based metrics. This is surprising given that
COMET is a much smaller model trained specifi-
cally for translation quality estimation rather than
summarization evaluation. We hypothesize this im-
provement might be due to the specific supervised
training and to the use of a reference, not available
to the LLMs in our prompts.

Steering consistently improves performance.
Language-specific steering typically improves over
the baseline, with gains in the vast majority of lan-
guages, metrics, and backbone models. While the
advantage is generally incremental, the method
shows consistent improvement across the major-
ity of the configurations, which is notable given
the simplicity and generality of our inference-time
steering method. Steering typically improves over
the baseline across LLM-based metrics, though
the magnitude and consistency of gains vary con-
siderably depending on the configuration. Im-
provements are also observed for COMET, though
these are less consistent over languages when using
language-specific steering.

GPTScore tends to be more stable across back-
bone models, and benefits most consistently
from steering. GPTScore tends to show more
consistent results than Direct Prompting across
backbone models. We hypothesize this stabil-
ity might be due to the log-likelihood signal be-
ing more robust across model sizes when com-
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de es ru tr vi
GPTScore

Llama-3.2-3B
Baseline (EN-prompt) .022±.132 .213±.141 .270±.062 .202±.108 .139±.092

+ vector steer (EN-prompt) .022±.127 .215±.142↑ .276±.062↑ .211±.100↑ .138±.095↓
+ avgvec zero-shot (EN-prompt) .024±.127↑ .221±.149↑ .281±.062↑ .210±.104↑ .139±.097

aya-expanse-8b
Baseline (EN-prompt) .017±.143 .150±.088 .240±.067 .190±.069 .181±.063

+ vector steer (EN-prompt) .018±.145↑ .155±.088↑ .247±.067↑ .198±.070↑ .185±.063↑
+ avgvec zero-shot (EN-prompt) .021±.143↑ .156±.089↑ .248±.067↑ .199±.070↑ .188±.063↑

Llama-3.1-8B-Instruct
Baseline (EN-prompt) .036±.138 .228±.133 .282±.059 .242±.100 .176±.081

+ avgvec zero-shot (EN-prompt) .040±.133↑ .238±.143↑ .294±.058↑ .250±.096↑ .175±.085↓

aya-expanse-32b
Baseline (EN-prompt) .007±.139 .164±.084 .244±.067 .190±.070 .195±.053

+ avgvec zero-shot (EN-prompt) .011±.140↑ .169±.085↑ .250±.065↑ .196±.070↑ .199±.053↑
Direct Prompting

Llama-3.2-3B
Baseline (EN-prompt) .050±.050 −.004±.045 .014±.039 .007±.043 −.001±.040

+ vector steer (EN-prompt) .049±.048↓ −.001±.044↑ .015±.039↑ .008±.045↑ .005±.040↑

aya-expanse-8b
Baseline (EN-prompt) .208±.042 .226±.139 .249±.079 .237±.112 .248±.077

+ vector steer (EN-prompt) .208±.042 .226±.139 .251±.076↑ .239fl±.113↑ .247±.077↓

Table 1: SEAHORSE Pearson r averaged over 6 quality dimensions (Comprehensible, Non-repetitive, Grammatical,
Attributable, Main ideas, Concise) with standard deviation as subscripts (mean±std), per language, using English
prompts. Baseline uses σ=0 (no steering); steered uses the best σ selected on the validation split. Bold indicates the
single highest value per language across the entire table; underline indicates the highest value per language within
each model. Blue/↑ (red/↓) on steered rows indicates improvement (resp. degradation) relative to the baseline.

de es ru tr vi
COMET

Baseline .248±.087 .266±.120 .358±.130 .380±.139 .290±.116

+ vector steer .279±.081↑ .318±.184↑ .351±.155↓ .360±.144↓ .295±.136↑
+ avgvec zero-shot .275±.084↑ .303±.146↑ .364±.152↑ .392±.165↑ .297±.134↑

Table 2: SEAHORSE Pearson r over 6 quality dimensions (Comprehensible, Non-repetitive, Grammatical, At-
tributable, Main ideas, Concise) with standard deviation as subscripts (mean±std), per language for COMET
(wmt22-comet-da). Baseline uses σ=0 (no steering); steered uses the best σ selected on the validation split. Bold
indicates the highest value per language. Blue/↑ (red/↓) indicates improvement (resp. degradation) subscripts
relative to the baseline.

pared to prompting for direct scoring. Interest-
ingly, the Llama-3B model shows typically even
better GPTScore baseline performance than aya-
8B across languages despite the difference in size,
suggesting that GPTScore may be less sensitive
to model capacity than Direct Prompting. Steer-
ing improves GPTScore across nearly all language
and model combinations: aya-expanse-8b and aya-
expanse-32b show gains across all five languages
with no degradations, while Llama-3.2-3B and
Llama-3.1-8B-Instruct show only a single marginal
degradation each, in Vietnamese. This suggests
that the conditional log-likelihood scoring of multi-
lingual models is particularly steerable, regardless
of model size.

Direct prompting requires higher model capac-
ity, and steering results are more mixed. In
contrast to GPTScore, direct prompting appears

to require models with higher capacity to pro-
duce meaningful signal. For Llama-3.2-3B, direct
prompting degrades to near-zero or even negative
correlations when prompting in English, with base-
line values of -.004 for Spanish and -.001 for Viet-
namese, likely due to the backbone’s limited abil-
ity to follow instructions. Despite this weak base-
line, steering recovers some signal across nearly
all languages. With a larger model, direct prompt-
ing is the best-performing configuration, with aya-
expanse-8b reaching the highest baseline correla-
tions across four out of five languages. However,
steering results in limited improvement over base-
lines, producing marginal gains for Russian and
Turkish, with a slight degradation for Vietnamese.

COMET shows strong but less consistent gains
from language-specific steering. As discussed
above, COMET baselines are substantially higher
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than LLM-based metrics across all languages.
Language-specific steering improves German and
Spanish substantially, but degrades Russian and
Turkish, with a marginal gain for Vietnamese. Note
that the multiligual variant, which we discuss in
Section 5, shows a more consistent picture, improv-
ing all five languages and achieving the best results
for Russian, Turkish, and Vietnamese.

Performance across languages does not follow
resourceness levels. German, generally consid-
ered a relatively high-resource language, consis-
tently shows the lowest correlations across all con-
figurations. Under Direct Prompting with aya-
expanse-8b, differences across languages are small,
suggesting that larger and more multilingual mod-
els may be more robust to language variation. Turk-
ish shows notable variability: it is among the
strongest languages under Direct Prompting with
aya-expanse-8b, but weaker under GPTScore with
Llama-3.2-3B, possibly due to its morphological
complexity (which might be challenging for token
log-likelihood scoring). When steering is applied,
degradations are rare and typically marginal, con-
centrated in Vietnamese and German for LLMs.
The pattern is similar for COMET, where the multi-
lingual variant reverses the two degradations under
vector steering (Russian and Turkish).

The effect of prompt language depends on the
model and metric. Prompting in the source lan-
guage (Appendix E) does not show a consistent
advantage over English. Prompting in English and
the source language results in different baseline
strengths depending on the metrics: source lan-
guages typically produce stronger Direct Prompt-
ing baselines, while English tends to yield higher
GPTScore baselines. Steering is more consistently
beneficial when prompting in English.

Performance is highly variable across dimen-
sions Looking at Appendix A, baseline difficulty
varies across dimensions. On average, Compre-
hensible is the easiest dimension, while Gram-
matical is the hardest one. One notable interac-
tion concerns the metric: COMET substantially
outperforms GPTScore and Direct Prompting on
fluency-adjacent dimensions, but this advantage
largely disappears for Grammatical and reverses
for Attributable, where GPTScore outperforms
COMET. Language-specific vector steering typ-
ically leads to larger gains on Comprehensible and
Non-repetitive.

5 Multilingual steering

Prior work in activation steering has found high
level-concepts such as refusal or script to be
broadly similar vectors across languages (Wang
et al., 2025b; Shim et al., 2026; Lu et al., 2025). In
this section, we investigate to what extent language-
specific steering is needed for model-based evalua-
tion metrics. We focus on GPTScore and COMET,
as they show more consistent and interpretable
behaviors than direct prompting for monolingual
steering. For simplicity, we experiment with
prompting in English only.

To study the similarity of cross-language steer-
ing vectors, we measure the extent to which Lan-
guage X → English directions are similar. As such,
we compute the cosine similarity between our Lan-
guage X → English vectors extracted from paral-
lel data. Figure 2 shows the results of projecting
language samples from the parallel data onto the
principal components (PCA, left) and the cross-
language similarity matrix (right) for GPTScore,
for the Llama-3.2-3b model. We focus on the last
model layer, as it is consistently identified as opti-
mal on our development set across languages and
settings. The PCA reveals that samples cluster by
language, suggesting that the model’s internal rep-
resentations encode language identity at this layer.
The similarity matrix, on the other hand, shows
that the Language X → English steering vectors
are relatively similar across languages.

Motivated by this similarity, and in line with
previous work (Lu et al., 2025), we explore the
effect of taking a single steering vector across all
languages, as detailed in Section 3.1.

For GPTScore, we steer the last layer of
the model, following previous observations; for
COMET, similarly to the language-specific steer-
ing, we directly steer the pooling-space embedding
directly. We set σ to -2.5 (the midpoint of our ex-
plored negative interval) for all languages, since the
parameter is consistently negative across language.

Surprisingly, averaged zero-shot vector is at least
as good as, and often better than, the language-
specific tuned vector in nearly all configurations.
Focusing on LLM-based metrics, Table 1 (focusing
on the avgvec zero-shot rows) shows the results.
For Llama-3.2-3B, improvements over the baseline
are observed for all languages except Vietnamese
(for which results are consistent with no interven-
tion), and the averaged vector results in higher cor-
relations than the language-specific tuned vector for
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Figure 2: Projection of the instances from FLORES into the Principal Components (left) and cosine similarity
across steering vectors (right) for Llama-3.2-3B.

all languages except Turkish. For aya-expanse-8b,
improvements are consistent across all languages,
always exceeding language-specific performance.

The effectiveness of a single multilingual vec-
tor is particularly interesting given that we per-
formed no parameter tuning and pre-selected an
average negative σ, a setting that is simpler than
the language-specific one. Since we do not search
for hyperparameters and use a single language-
independent average vector, we can also scale
to larger models with limited computational cost.
Thus, we also explore whether our approach im-
proves for larger models of the same family. After
steering, GPTScore with Llama-3.1-8B achieves
the best performance overall in Spanish, Russian,
and Turkish, improving on non-trivial baselines;
Vietnamese is the only language showing minor
degradation, consistently with previous findings.
aya-expanse-32b also shows improvement with re-
spect to its baseline.

Improvements also stand for COMET, for which
results are shown in Table 2. When using a cross-
lingual vector (without parameter tuning), COMET
results are remarkably strong. Despite requiring
no language-specific tuning, it matches or exceeds
the language-specific steered variant in four out of
five languages, and achieves the best overall result
for Russian (r = .364), Turkish (r = .392), and
Vietnamese (r = .297). Also notice that, unlike
the language-specific vector, the cross-lingual vec-
tor never degrades performance: for Russian and
Turkish, where individual steering vectors hurt, the
cross-lingual vector not only recovers but exceeds
the baseline, suggesting that averaging across lan-
guages might have a natural regularizing effect that
suppresses language-specific noise. Taken together,

these results suggest that encoder-based metrics
have strong potential when references are available,
and can be steered effectively, making our approach
generalizable beyond large decoder-based LLMs.

These results suggest that language-specific
steering vectors might not be necessary: a single av-
eraged vector, applied zero-shot with a fixed hyper-
parameter, might be sufficient to obtain consistent
gains.

6 Conclusion

In this paper, we leverage the insight that LLMs
internally use English as a pivot language (Wendler
et al., 2024) to improve the reliability of neural
metrics for multilingual summarization evaluation.
We showed that test-time activation steering con-
sistently improves metrics’ correlation with human
judgments across a diverse set of languages, met-
rics, and backbone models, with no model retrain-
ing required. Our findings contribute to the grow-
ing body of work that leverages model-internal rep-
resentations for practical downstream tasks (Marks
and Tegmark, 2024), and extend it to the underex-
plored setting of automatic evaluation.

Notably, we find that language-specific steering
is not necessary: a single averaged multilingual
vector, applied zero-shot with a fixed hyperparame-
ter, is sufficient to obtain consistent gains and often
outperforms its language-specific counterpart.

We also apply our method to COMET: despite
being a much smaller encoder-based model, steered
COMET benefits strongly from our intervention
and surpasses LLM-based evaluators in human
agreement across multiple languages.

Several directions remain open for future work.
Our approach assumes the availability of parallel
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data to derive steering vectors; moreover, future
work should study how far the multilingual vector
generalizes to unseen languages not included in the
averaging set. Finally, while our work focuses
on language steering, prior work has leveraged
test-time interventions targeting specific evaluative
dimensions such as fluency (Sheng et al., 2024);
combining language- and dimension-specific inter-
ventions could yield further gains in multilingual
evaluation.

Limitations

Due to the relative lack of large-scale summariza-
tion evaluation datasets with human annotations,
our study is limited by the number of available
languages. For the specific dataset we employ
(Clark et al., 2023), the additional constraint that
this dataset only has binary annotations is a further
limitation.

We optimize our steering hyperparameters on
the average performance improvement across di-
mensions. Future work should investigate to what
extent setting dimension-specific parameters could
improve performance.

While we demonstrate the effectiveness of a
single multilingual steering vector across the lan-
guages in our study, we do not evaluate its general-
ization to unseen languages, i.e., languages not in
the averaging set. Whether the vector transfers to
typologically distant or lower-resourced languages
remains an open question.

Steering representations toward an English pivot
may introduce unwanted biases, e.g., cultural bi-
ases. We leave a systematic analysis of such biases
to future work.

Finally, we limit our analysis to a vector-based
steering intervention. Future work should investi-
gate different steering methods (Wang et al., 2025a)
and other representation interventions, such as rep-
resentation editing (Meng et al., 2022) or prompt
optimization (Pryzant et al., 2023).
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A Dimension-specific Results

Tables 3, 4, 5, 6, 7, and 8 present the results for the
six evaluation dimensions in Seahorse when using
an English prompt.

56451



de es ru tr vi
GPTScore

Llama-3.2-3B
Baseline (EN-prompt) .003 .319 .313 .099 .248
+ vector steer (EN-prompt) .025↑ .320↑ .315↑ .158↑ .244↓
+ avgvec zero-shot (EN-prompt) .023↑ .333↑ .331↑ .140↑ .258↑

aya-expanse-8b
Baseline (EN-prompt) .029 .249 .353 .114 .305
+ vector steer (EN-prompt) .027↓ .255↑ .361↑ .118↑ .308↑
+ avgvec zero-shot (EN-prompt) .029↓ .256↑ .362↑ .118↑ .311↑

Direct Prompting

Llama-3.2-3B
Baseline (EN-prompt) .095 −.001 .055 .056 .044
+ vector steer (EN-prompt) .095↑ −.009↓ .058↑ .067↑ .049↑
+ avgvec zero-shot (EN-prompt) — — — — —

aya-expanse-8b
Baseline (EN-prompt) .207 .335 .386 .477 .338
+ vector steer (EN-prompt) .206↓ .335↑ .385↓ .481↑ .337↓
+ avgvec zero-shot (EN-prompt) — — — — —

COMET

wmt22-comet-da
Baseline .297 .421 .578 .651 .425
+ vector steer .361↑ .555↑ .622↑ .626↓ .454↑
+ avgvec zero-shot .346↑ .489↑ .627↑ .712↑ .451↑

Table 3: SEAHORSE Pearson r for dimension Comprehensible per language, using English prompts. Baseline
uses σ=0 (no steering); steered uses the best σ selected on the validation split; avgvec zero-shot uses a fixed vector
averaged across all source languages. Bold indicates the highest value per language across the entire table; underline
indicates the highest value per language within each model. Blue/↑ (red/↓) on steered rows indicates improvement
(degradation) relative to the baseline.
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de es ru tr vi
GPTScore

Llama-3.2-3B
Baseline (EN-prompt) −.147 .068 .178 .095 .079
+ vector steer (EN-prompt) −.145↑ .067↓ .185↑ .094↓ .079↑
+ avgvec zero-shot (EN-prompt) −.139↑ .075↑ .191↑ .095↓ .075↓

aya-expanse-8b
Baseline (EN-prompt) −.207 .033 .234 .168 .193
+ vector steer (EN-prompt) −.206↑ .038↑ .242↑ .176↑ .196↑
+ avgvec zero-shot (EN-prompt) −.199↑ .040↑ .245↑ .177↑ .200↑

Direct Prompting

Llama-3.2-3B
Baseline (EN-prompt) .088 .012 .057 .045 .059
+ vector steer (EN-prompt) .081↓ .017↑ .060↑ .043↓ .064↑
+ avgvec zero-shot (EN-prompt) — — — — —

aya-expanse-8b
Baseline (EN-prompt) .210 .147 .173 .179 .180
+ vector steer (EN-prompt) .206↓ .146↓ .189↑ .195↑ .177↓
+ avgvec zero-shot (EN-prompt) — — — — —

COMET

wmt22-comet-da
Baseline .301 .338 .406 .414 .427
+ vector steer .347↑ .513↑ .468↑ .450↑ .493↑
+ avgvec zero-shot .345↑ .428↑ .470↑ .468↑ .488↑

Table 4: SEAHORSE Pearson r for dimension Non-repetitive per language, using English prompts. Baseline uses
σ=0 (no steering); steered uses the best σ selected on the validation split; avgvec zero-shot uses a fixed vector
averaged across all source languages. Bold indicates the highest value per language across the entire table; underline
indicates the highest value per language within each model. Blue/↑ (red/↓) on steered rows indicates improvement
(degradation) relative to the baseline.
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de es ru tr vi
GPTScore

Llama-3.2-3B
Baseline (EN-prompt) −.073 −.023 .190 .090 .124
+ vector steer (EN-prompt) −.074↓ −.023↑ .197↑ .090↓ .125↑
+ avgvec zero-shot (EN-prompt) −.070↑ −.033↓ .198↑ .092↑ .121↓

aya-expanse-8b
Baseline (EN-prompt) −.101 .065 .140 .121 .171
+ vector steer (EN-prompt) −.101↑ .068↑ .148↑ .126↑ .174↑
+ avgvec zero-shot (EN-prompt) −.096↑ .066↑ .150↑ .128↑ .177↑

Direct Prompting

Llama-3.2-3B
Baseline (EN-prompt) .013 .010 .010 .023 −.038
+ vector steer (EN-prompt) .014↑ .016↑ .009↓ .025↑ −.031↑
+ avgvec zero-shot (EN-prompt) — — — — —

aya-expanse-8b
Baseline (EN-prompt) .159 −.048 .139 .152 .129
+ vector steer (EN-prompt) .159↓ −.048↑ .139↓ .153↑ .126↓
+ avgvec zero-shot (EN-prompt) — — — — —

COMET

wmt22-comet-da
Baseline .090 .045 .197 .345 .245
+ vector steer .128↑ −.001↓ .170↓ .308↓ .237↓
+ avgvec zero-shot .119↑ .041↓ .183↓ .352↑ .246↑

Table 5: SEAHORSE Pearson r for dimension Grammatical per language, using English prompts. Baseline uses
σ=0 (no steering); steered uses the best σ selected on the validation split; avgvec zero-shot uses a fixed vector
averaged across all source languages. Bold indicates the highest value per language across the entire table; underline
indicates the highest value per language within each model. Blue/↑ (red/↓) on steered rows indicates improvement
(degradation) relative to the baseline.
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de es ru tr vi
GPTScore

Llama-3.2-3B
Baseline (EN-prompt) .279 .368 .334 .336 .278
+ vector steer (EN-prompt) .268↓ .371↑ .342↑ .334↓ .284↑
+ avgvec zero-shot (EN-prompt) .272↓ .388↑ .341↑ .341↑ .280↑

aya-expanse-8b
Baseline (EN-prompt) .249 .101 .190 .197 .182
+ vector steer (EN-prompt) .254↑ .107↑ .196↑ .208↑ .186↑
+ avgvec zero-shot (EN-prompt) .258↑ .111↑ .198↑ .208↑ .189↑

Direct Prompting

Llama-3.2-3B
Baseline (EN-prompt) −.040 −.099 −.044 −.062 −.051
+ vector steer (EN-prompt) −.039↑ −.094↑ −.045↓ −.066↓ −.048↑
+ avgvec zero-shot (EN-prompt) — — — — —

aya-expanse-8b
Baseline (EN-prompt) .293 .344 .266 .222 .314
+ vector steer (EN-prompt) .295↑ .345↑ .265↓ .219↓ .315↑
+ avgvec zero-shot (EN-prompt) — — — — —

COMET

wmt22-comet-da
Baseline .168 .219 .215 .204 .112
+ vector steer .226↑ .258↑ .202↓ .176↓ .123↑
+ avgvec zero-shot .209↑ .250↑ .211↓ .195↓ .121↑

Table 6: SEAHORSE Pearson r for dimension Attributable per language, using English prompts. Baseline uses
σ=0 (no steering); steered uses the best σ selected on the validation split; avgvec zero-shot uses a fixed vector
averaged across all source languages. Bold indicates the highest value per language across the entire table; underline
indicates the highest value per language within each model. Blue/↑ (red/↓) on steered rows indicates improvement
(degradation) relative to the baseline.
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de es ru tr vi
GPTScore

Llama-3.2-3B
Baseline (EN-prompt) .023 .267 .303 .290 .029
+ vector steer (EN-prompt) .021↓ .271↑ .308↑ .285↓ .021↓
+ avgvec zero-shot (EN-prompt) .020↓ .272↑ .308↑ .288↓ .022↓

aya-expanse-8b
Baseline (EN-prompt) .073 .258 .284 .317 .136
+ vector steer (EN-prompt) .074↑ .261↑ .289↑ .324↑ .138↑
+ avgvec zero-shot (EN-prompt) .075↑ .263↑ .289↑ .325↑ .140↑

Direct Prompting

Llama-3.2-3B
Baseline (EN-prompt) .052 .013 −.030 −.039 −.013
+ vector steer (EN-prompt) .052↓ .025↑ −.024↑ −.035↑ −.006↑
+ avgvec zero-shot (EN-prompt) — — — — —

aya-expanse-8b
Baseline (EN-prompt) .182 .303 .274 .241 .304
+ vector steer (EN-prompt) .182↑ .302↓ .272↓ .242↑ .303↓
+ avgvec zero-shot (EN-prompt) — — — — —

COMET

wmt22-comet-da
Baseline .324 .340 .419 .378 .331
+ vector steer .320↓ .331↓ .346↓ .335↓ .287↓
+ avgvec zero-shot .325↑ .357↑ .376↓ .346↓ .293↓

Table 7: SEAHORSE Pearson r for dimension Main ideas per language, using English prompts. Baseline uses
σ=0 (no steering); steered uses the best σ selected on the validation split; avgvec zero-shot uses a fixed vector
averaged across all source languages. Bold indicates the highest value per language across the entire table; underline
indicates the highest value per language within each model. Blue/↑ (red/↓) on steered rows indicates improvement
(degradation) relative to the baseline.
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de es ru tr vi
GPTScore

Llama-3.2-3B
Baseline (EN-prompt) .045 .279 .303 .303 .079
+ vector steer (EN-prompt) .035↓ .284↑ .312↑ .301↓ .075↓
+ avgvec zero-shot (EN-prompt) .037↓ .290↑ .314↑ .306↑ .075↓

aya-expanse-8b
Baseline (EN-prompt) .058 .195 .237 .223 .102
+ vector steer (EN-prompt) .062↑ .199↑ .244↑ .235↑ .106↑
+ avgvec zero-shot (EN-prompt) .062↑ .202↑ .246↑ .236↑ .109↑

Direct Prompting

Llama-3.2-3B
Baseline (EN-prompt) .094 .042 .034 .018 −.008
+ vector steer (EN-prompt) .092↓ .036↓ .029↓ .016↓ −.001↑
+ avgvec zero-shot (EN-prompt) — — — — —

aya-expanse-8b
Baseline (EN-prompt) .197 .274 .257 .153 .220
+ vector steer (EN-prompt) .201↑ .274↑ .257↑ .146↓ .224↑
+ avgvec zero-shot (EN-prompt) — — — — —

COMET

wmt22-comet-da
Baseline .307 .233 .334 .288 .201
+ vector steer .292↓ .253↑ .296↓ .267↓ .179↓
+ avgvec zero-shot .306↓ .254↑ .319↓ .277↓ .182↓

Table 8: SEAHORSE Pearson r for dimension Concise per language, using English prompts. Baseline uses σ=0 (no
steering); steered uses the best σ selected on the validation split; avgvec zero-shot uses a fixed vector averaged across
all source languages. Bold indicates the highest value per language across the entire table; underline indicates the
highest value per language within each model. Blue/↑ (red/↓) on steered rows indicates improvement (degradation)
relative to the baseline.
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B Optimal Hyperparameters
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de es ru tr vi
layer σ layer σ layer σ layer σ layer σ

GPTScore

Llama-3.2-3B
EN-prompt 27 −2.0 27 +2.0 27 −1.0 27 −5.0 22 −2.0
src-prompt 27 −2.0 27 +1.0 27 −1.0 27 −3.0 27 +1.0

aya-expanse-8b
EN-prompt 27 −5.0 31 −3.0 31 −2.0 31 −3.0 31 −2.0
src-prompt 31 −3.0 31 −2.0 31 −1.0 31 −2.0 31 −1.0

Direct Prompting

Llama-3.2-3B
EN-prompt 27 +5.0 27 −5.0 24 +5.0 25 +5.0 22 +3.0
src-prompt 25 +4.0 27 −5.0 21 +2.0 23 +4.0 26 −4.0

aya-expanse-8b
EN-prompt 29 −5.0 31 +5.0 26 −5.0 26 −5.0 25 −5.0
src-prompt 26 −5.0 26 −5.0 26 −2.0 29 −3.0 25 −5.0

Table 9: Best intervention layer and steering σ for LLM-based SEAHORSE evaluation. Layer and σ are selected
jointly on the validation split by mean Pearson r across six quality dimensions. Avgvec rows use a fixed σ and the
layer that maximised cross-lingual vector similarity.

de es ru tr vi
COMET (wmt22-comet-da)

vector steer −5.0 −5.0 −2.0 +5.0 −2.0

Table 10: Best steering σ for COMET
(wmt22-comet-da) SEAHORSE evaluation. COMET
steers the pooling-space embedding directly (no
per-layer selection); σ is chosen on the validation split
by mean Pearson r across six quality dimensions.
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C Prompts
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Figure 3: GPTScore prompt templates per quality dimension and language. [article] is replaced by the source
article; the second line (after the newline) is the continuation cue used for scoring.

Figure 4: Direct Prompting (G-eval) question per quality dimension and language.

Figure 5: Fixed sentence-level labels used in Direct Prompting per language.
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D Dataset

Data is released under a CC-BY 4.0 license, with
which we comply fully.

System DE EN ES RU TR VI

T5-Base 0 236 0 0 0 0
T5-Base (250s) 0 241 0 0 0 0
T5-XXL 0 247 0 0 0 0
mT5-Small 231 239 234 222 218 234
mT5-Small (250s) 226 243 239 218 209 229
mT5-XXL 228 239 242 208 208 238
PaLM (1-shot) 241 250 239 241 207 223
PaLM (fine-tuned) 219 249 245 241 180 230
Reference 228 239 240 213 210 238

Total outputs 1,373 2,183 1,439 1,343 1,232 1,392

Table 11: Number of outputs samples, annotated with
human judgments for the Seahorse validation set.

System DE EN ES RU TR VI

T5-Base 0 484 0 0 0 0
T5-Base (250s) 0 482 0 0 0 0
T5-XXL 0 476 0 0 0 0
mT5-Small 451 482 474 449 495 497
mT5-Small (250s) 459 484 477 427 488 490
mT5-XXL 443 481 479 450 485 492
PaLM (1-shot) 463 495 486 486 440 438
PaLM (fine-tuned) 434 487 473 485 409 483
Reference 435 484 465 439 486 494

Total outputs 2,685 4,355 2,854 2,736 2,803 2,894

Table 12: Number of outputs samples, annotated with
human judgments for the Seahorse test set.
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E Source prompting results

Table 13 presents the results when using a machine-
translated prompt in the source language.
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de es ru tr vi
GPTScore

Llama-3.2-3B
Baseline (src-prompt) .028±.125 .213±.143 .273±.065 .204±.103 .144±.093

+ vector steer (src-prompt) .026±.127↓ .215±.141↑ .278±.064↑ .212±.100↑ .143±.090↓

aya-expanse-8b
Baseline (src-prompt) .004±.145 .129±.079 .195±.065 .154±.069 .158±.068

+ vector steer (src-prompt) .006±.144↑ .137±.081↑ .200±.065↑ .160±.070↑ .161±.067↑
Direct Prompting

Llama-3.2-3B
Baseline (src-prompt) .046±.039 .029±.038 .056±.035 .081±.093 .115±.050

+ vector steer (src-prompt) .051±.043↑ .028±.025↓ .056±.034↑ .083±.094↑ .114±.053↓

aya-expanse-8b
Baseline (src-prompt) .215±.083 .244±.148 .218±.108 .188±.080 .215±.056

+ vector steer (src-prompt) .214±.085↓ .244±.148↑ .218±.108↓ .189±.079↑ .216±.056↑

Table 13: SEAHORSE Pearson r averaged over 6 quality dimensions (Comprehensible, Non-repetitive, Grammatical,
Attributable, Main ideas, Concise) with standard deviation as subscripts (mean±std), per language, using source-
language prompts. Baseline uses σ=0 (no steering); steered uses the best σ selected on the validation split. Bold
indicates the single highest value per language across the entire table; underline indicates the highest value per
language within each model. Blue/↑ (red/↓) on steered rows indicates improvement (degradation) relative to the
baseline.
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F AUC-ROC Results

Tables 14 and 15 present AUC-ROC results for the
small models under English and source-language
prompting respectively, corresponding to the Pear-
son r tables in the main paper (Table 1) and Ap-
pendix E. Table 16 shows AUC-ROC for the large-
model avgvec zero-shot setting.
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de es ru tr vi
GPTScore

Llama-3.2-3B
Baseline (EN-prompt) .483±.112 .631±.080 .698±.024 .628±.069 .604±.051

+ vector steer (EN-prompt) .483±.111↓ .632±.082↑ .702±.024↑ .626±.069↓ .603±.052↓

aya-expanse-8b
Baseline (EN-prompt) .457±.135 .597±.046 .679±.055 .625±.060 .641±.063

+ vector steer (EN-prompt) .459±.136↑ .600±.046↑ .684±.056↑ .631±.059↑ .643±.064↑
Direct Prompting

Llama-3.2-3B
Baseline (EN-prompt) .551±.044 .497±.027 .510±.034 .499±.026 .502±.035

+ vector steer (EN-prompt) .550±.043↓ .498±.027↑ .511±.033↑ .499±.025↑ .505±.034↑

aya-expanse-8b
Baseline (EN-prompt) .650±.064 .669±.098 .676±.067 .662±.085 .676±.055

+ vector steer (EN-prompt) .651±.063↑ .668±.097↓ .674±.066↓ .661±.086↓ .678±.055↑

Table 14: SEAHORSE AUC-ROC averaged over 6 quality dimensions (Comprehensible, Non-repetitive, Grammati-
cal, Attributable, Main ideas, Concise) with standard deviation as subscripts (mean±std), per language, using English
prompts. Baseline uses σ=0 (no steering); steered uses the best σ selected on the validation split. Bold indicates the
single highest value per language across the entire table; underline indicates the highest value per language within
each model. Blue/↑ (red/↓) on steered rows indicates improvement (degradation) relative to the baseline.

de es ru tr vi
GPTScore

Llama-3.2-3B
Baseline (src-prompt) .484±.108 .631±.083 .697±.026 .631±.065 .607±.052

+ vector steer (src-prompt) .482±.112↓ .633±.082↑ .701±.027↑ .631±.066↓ .607±.050↓

aya-expanse-8b
Baseline (src-prompt) .451±.138 .582±.041 .651±.059 .600±.060 .627±.061

+ vector steer (src-prompt) .453±.137↑ .588±.043↑ .655±.060↑ .604±.059↑ .629±.062↑
Direct Prompting

Llama-3.2-3B
Baseline (src-prompt) .533±.031 .529±.032 .550±.030 .551±.069 .575±.041

+ vector steer (src-prompt) .539±.037↑ .529±.031↑ .551±.029↑ .552±.068↑ .575±.043↓

aya-expanse-8b
Baseline (src-prompt) .621±.030 .656±.102 .631±.057 .611±.047 .631±.040

+ vector steer (src-prompt) .621±.029↑ .656±.103↓ .630±.057↓ .611±.047↑ .632±.038↑

Table 15: SEAHORSE AUC-ROC averaged over 6 quality dimensions (Comprehensible, Non-repetitive, Gram-
matical, Attributable, Main ideas, Concise) with standard deviation as subscripts (mean±std), per language, using
source-language prompts. Baseline uses σ=0 (no steering); steered uses the best σ selected on the validation split.
Bold indicates the single highest value per language across the entire table; underline indicates the highest value per
language within each model. Blue/↑ (red/↓) on steered rows indicates improvement (degradation) relative to the
baseline.

de es ru tr vi
GPTScore

Llama-3.1-8B-Instruct
Baseline (EN-prompt) .480±.120 .643±.077 .711±.028 .659±.059 .631±.051

+ avgvec zero-shot (EN-prompt) .487±.113↑ .649±.084↑ .717±.029↑ .660±.058↑ .629±.051↓

aya-expanse-32b
Baseline (EN-prompt) .448±.131 .603±.039 .680±.048 .626±.061 .642±.055

+ avgvec zero-shot (EN-prompt) .451±.131↑ .607±.040↑ .683±.049↑ .631±.060↑ .645±.056↑

Table 16: SEAHORSE AUC-ROC averaged over 6 quality dimensions (Comprehensible, Non-repetitive, Gram-
matical, Attributable, Main ideas, Concise) with standard deviation as subscripts (mean±std), per language, using
English prompts. Baseline uses σ=0 (no steering); avgvec zero-shot uses a fixed steering vector averaged across
all source languages with a pre-set σ. Bold indicates the single highest value per language across the entire table;
underline indicates the highest value per language within each model. Blue/↑ (red/↓) on steered rows indicates
improvement (degradation) relative to the baseline.
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