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Abstract

In conversational and cinematic subtitle trans-
lation, large language models often exhibit
stylistic collapse, defaulting to neutral reg-
isters that flatten character-specific personas.
Prompt-based attempts to recover style fre-
quently introduce instruction drift and se-
mantic degradation. = We propose Orthog-
onal Style Injection (OSI), a parameter-
efficient, inference-time intervention that re-
moves global stylistic bias through orthogo-
nal projection at an intermediate layer and in-
jects a character-specific style vector derived
solely from English source dialogue. We
evaluate OSI for English-to-Bengali, Hindi,
Telugu, Tamil, Kannada, Chinese, Japanese,
Spanish, French, German, and Italian subti-
tle translation, spanning 11 typologically di-
verse target languages. Results show that zero-
shot stylistic transfer depends strongly on pre-
training alignment. Llama-3.1-8B yields gains
in several European languages but degrades
on Indic languages, whereas Qwen-2.5-7B
transfers style more robustly across Indic and
East Asian languages. To probe sociolinguis-
tic mechanisms, we curate a parallel English-
Bengali cinematic dataset as a focused mor-
phological stress test. ~ Automatic metrics
and human evaluation show that OSI enables
meaningful honorific and register shifts while
largely preserving semantic fidelity, revealing
a dataset-dependent trade-off between stylistic
fidelity and translation quality in highly col-
loquial, morphologically constrained settings.
The dataset and related resources are publicly
available along with the code ! and resources.?

1 Introduction

In James Cameron’s Avatar, Jake Sully’s aggres-
sive warning “I’m gonna crush you!” defines
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Figure 1: OSI architecture for representation-level per-
sona steering.

his character through tone as much as through
words. Yet when processed by standard machine
translation systems, this line emerges as a neu-
tral, polite apology-semantically correct, but stylis-
tically dead. This phenomenon, which we term
stylistic collapse, is pervasive in cinematic subti-
tle translation: the systematic erasure of speaker
persona that reduces heroes, villains, and lovers to
a flat, generic voice. In film localization, where
character identity is built through dialect, register,
and formality as much as through semantic con-
tent (Zhang et al., 2018), this collapse destroys the
emotional arc of entire scenes despite advances in
cross-lingual fluency (Touvron et al., 2023).

The challenge subtitle translation must pre-
serve dramatic impact across languages under
strict timing and movie character limits (Lison
and Tiedemann, 2016). Conventional techniques
for stylistic regulation, such as few-shot prompt-
ing and Supervised Fine-Tuning (SFT), face sub-
stantial challenges in scalability and fidelity. Ex-
isting approaches fail: prompting causes instruc-
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Rank Language Family Total (M)
1 English Indo-European 1515

2 Mandarin Chinese Sino-Tibetan 1140

3 Hindi Indo-Aryan 611

4 Spanish Indo-European 561

6 French Indo-European 333

7 Bengali Indo-Aryan 274

12 German Indo-European 133

13 Japanese Japonic 125

18 Telugu Dravidian 95

Note: Tamil (86M), Italian (65M), and Kannada (58M) are also evaluated but rank
outside the global top 20 (24th, 32nd, and 34th respectively).

Table 1: Languages used in our evaluation with speaker
statistics (millions) from Eberhard et al. (2025). Ben-
gali, our primary testbed, is highlighted.

tion drift (Brown et al., 2020); few-shot prompt-
ing copies surface forms rather than general-
izing styles; fine-tuning requires parallel style-
annotated corpora that do not exist for most lan-
guage pairs (Sanh et al., 2022; Howard and Ruder,
2018). These failures are most acute in morpho-
logically rich languages where honorifics and verb
inflections encode social relationships (Patil et al.,
2022; Voita et al., 2019).

Language selection: We evaluate OSI across
11 typologically diverse languages (Table 1). Ben-
gali serves as our primary testbed: with 274M
speakers it ranks among the world’s top 10 most
spoken languages, yet remains mid-resource lack-
ing large parallel corpora. Its complex honorific
system (intimate/familiar/formal distinctions) and
verb morphology provide an ideal stress test for
fine-grained stylistic transfer.  Crucially, Ben-
gali is one of the few mid-resource languages
for which we have curated reference translations
from cinematic subtitles, enabling rigorous quanti-
tative evaluation. Evaluating a mid-resource lan-
guage provides a fairer test of zero-shot capa-
bility than relying solely on high-resource lan-
guages where models have extensive pre-training
exposure. The remaining languages cover high-
resource European languages (Spanish, French,
German, Italian) where strong pre-training align-
ment is expected, multiple Indic languages (Hindi,
Tamil, Telugu, Kannada) to test within-family gen-
eralization, and East Asian languages (Chinese,
Japanese) with non-Latin scripts and structural di-
vergence from English. This stratification disen-
tangles pre-training alignment from genuine stylis-
tic transfer.

Our approach: We introduce Orthogonal Style
Injection (OSI), an inference-time intervention
grounded in mechanistic interpretability. OSI ex-
tracts character vectors from English source data,

then partially decomposes semantics from style

via orthogonal projection at an intermediate layer-

removing global stylistic biases while injecting

target character vectors (Subramani et al., 2022;

Turner et al., 2024; Burns et al., 2024; Zou et al.,

2025). No fine-tuning or target-side stylistic data

is required. We summarize the attributes of the pa-

per as follows:

* Methodological: We introduce the mechanistic
representation editing method for cross-lingual
style transfer via inference-time orthogonal pro-
jection.

* Empirical: Across 11 languages, OSI improves
persona scores over zero-shot in Bengali while
preserving translation quality. Effectiveness
is model-dependent: Llama-3.1-8B succeeds
on European languages but struggles on Indic;
Qwen-2.5-7B transfers robustly across all the
families.

* Analytical: Optimal steering occurs at layers
18-21 with a =~ (0.4 — 0.6); we identify a Pareto
trade-off between stylistic adherence and seman-
tic integrity.

* Resource: We release our curated English-
Bengali cinematic dataset and code to foster re-
producible research.

2 Background and Related Work

2.1 Character-Centric and Subtitle
Translation

Subtitle translation diverges from standard docu-
ment translation due to character limits, strict tim-
ing, and elliptical dialogue (Lison and Tiedemann,
2016; Volk et al., 2010). While Neural Machine
Translation (NMT) has improved fluency, standard
architectures operate on isolated sentences, failing
to capture speaker persona (Zhang et al., 2018; Lin
et al., 2021), resulting in technically accurate but
stylistically flat translations.

2.2 Low-Resource MT and the Indic Context

Indic languages like Bengali, Hindi, and Tamil
are morphologically rich with complex honorific
systems (Patil et al., 2022), yet lack curated
parallel corpora (Dabre et al., 2022). Back-
translation (Sennrich et al., 2016), transfer learn-
ing (Zoph et al., 2016), and multilingual pre-
training (Conneau et al., 2020) mitigate data
scarcity but cannot resolve ambiguity from char-
acter identity or visual grounding (Elliott et al.,
2016).
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2.3 Zero-Shot Cross-Lingual Transfer

Multilingual models learn language-agnostic rep-
resentations enabling zero-shot transfer (Eriguchi
et al., 2018). SixT (Chen et al., 2021) and
its extension (Chen et al., 2022) achieve zero-
shot translation via pretrained encoders; Cross-
ConST (Gao et al., 2023) adds consistency regu-
larization. Pivot-based transfer (Kim et al., 2019),
zero-shot semantic parsing (Sherborne and Lapata,
2022), and representation manipulation for stance
detection (A and Zubiaga, 2024) further support
latent space alignment. However, lexical gaps re-
main challenging (Ebrahimi and von der Wense,
2024). Unlike these training-based methods, OSI
operates at inference time, injecting persona vec-
tors into pretrained latent spaces.

2.4 Representation Engineering and
Context-Aware Translation

High-level concepts (sentiment, truthfulness,
style) are encoded as linear directions in latent
space (Burns et al.,, 2024; Zou et al.,, 2025).
Activation steering adds vectors during inference
to modulate behavior (Turner et al., 2024). OSI
extends this with orthogonal projection to isolate
stylistic variance while preserving semantics.

MMT incorporates visual features to resolve
ambiguity (Sulubacak et al., 2020; Elliott et al.,
2016), with visual cues signaling register (Barrault
et al.,, 2018). However, injecting contextual iden-
tity into internal representations remains an open
challenge, with current systems prone to instruc-
tion drift (Brown et al., 2020).

2.5 Gaps in Existing Research

Three primary gaps remain: stylistic collapse-
subtitle systems default to neutral register, los-
ing character persona; limited research on cross-
lingual style transfer from English to morpholog-
ically complex Indic languages (Fu et al., 2018);
and parameter inefficiency existing solutions re-
quire character-specific fine-tuning, which is un-
scalable (Howard and Ruder, 2018). OSI ad-
dresses these gaps via inference-time latent space
intervention.

3 Dataset Preparation and Resources

Building parallel datasets for cinematic subtitle
translation requires accurate speaker annotations
and temporal alignment-challenges amplified for
mid-resource languages like Bengali where profes-

Movie Lines Chars English Bengali
Vocab Tokens Vocab Tokens
Titanic 1,790 80 2,944 10,950 2,626 12,725
Spider-Man 2 1,268 52 2280 6,525 2,181 6437
Avatar 1,380 54 2858 9,081 3,047 8,802

Table 2: Core statistics of the movie dialogue datasets.
No of Characters (Chars).

sional subtitles lack structured character metadata.
We construct a character-annotated parallel corpus
across three films, enabling rigorous evaluation of
OSI across multiple languages with Bengali serv-
ing as our primary reference-based testbed.

3.1 Movie Dialogue Corpus

We introduce a multi-genre parallel corpus consist-
ing of English source lines and their professional
Bengali translations. The data is scraped from
OpenSubtitles.org (Lison and Tiedemann, 2016),
a large repository of user-uploaded subtitles. For
each film, we extract speaker metadata (charac-
ter names and timestamps) alongside the dialogue
text, enabling fine-grained stylistic analysis. The
translations are taken from high-quality localised
subtitles, serving as ground-truth references for
both semantic and stylistic evaluation. Our corpus
comprises three popular films spanning different
genres and character archetypes: Titanic (drama),
Spider-Man 2 (action), and Avatar (science fic-
tion). After discarding lines with missing speaker
information, we obtain a total of 4,438 parallel sen-
tences, featuring 186 unique characters. Table 2
summarises the key statistics of each subcorpus.

3.2 Preprocessing

We ensure data quality while preserving natural
variation through three steps (further details in
Appendix B). First, English and Bengali subti-
tle tracks are temporally aligned using embedded
timestamps, handling cases where a single Ben-
gali line translates multiple English lines. Second,
only lines attributed to named characters are re-
tained, while narrators and unknown speakers are
discarded. Third, character name variants (e.g.,
“PETER” and “Peter”’) are merged to produce con-
sistent labels. No sentence-level filtering based on
length or content is applied, preserving authentic
dialogue distributions.
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4 Methodology: Orthogonal Style
Injection (OSI)

To overcome the limitations of prompt-based style
transfer, we propose a geometric steering method
that operates directly on the latent representations
of a large language model. Our approach assumes
that semantic content and stylistic attributes are
partially separable in the model’s hidden space.

4.1 Problem Formulation and Mathematical
Framework

Let M be a multilingual transformer and let ¢ € C
denote a character with a set of English dialogue
lines. The goal is to translate a source English sen-
tence into a target language Ly while preserving
both the semantic meaning and the socio-linguistic
persona of c. Formally, we denote the hidden state
at layer / and token position ¢ as hgl) € RL We
seek a transformation f(h) — h that minimizes
the semantic distance from the source and maxi-
mizes the probability P(style = ¢ | h). We adopt
the hypothesis that hidden representations can be
approximated as a sum of semantic and stylistic
components:

h = hsem + hstylm

where hgm encodes core linguistic meaning and
hgyle captures persona-specific nuances (e.g., tone,
register, dialect).

4.2 Character Subspace Extraction

To obtain a robust style profile for each character,
we first select a representative line. For every char-
acter ¢, we compute the centroid of its English di-
alogue lines using a lightweight sentence embed-
ding model (e.g., all-mpnet-base-v2). We then
retain only the top p% of lines (with a minimum of
m lines) that are closest to this centroid. This filter-
ing removes atypical or noisy utterances, yielding
a cleaner set of characteristic utterances (see Ap-
pendix B for details). From the filtered lines, we
extract hidden states using the target LLM. Each
line is passed through the model, and the hidden
state at a pre-selected conditioning layer L is taken
from the final token position. The character’s style
vector is the average of these extracted states, sub-
sequently normalized:

1 &= 0
= Unit| — h;
I’l'C ni (nc ; 1 ) bl

where n. is the number of filtered lines for char-
acter ¢. The set {.} forms the Character Style
Library.

4.3 Global Style Axis Construction

To define a global direction that captures the most
salient differences between characters, we apply
Principal Component Analysis (PCA) to the cen-
tered character centroids to identifies the direc-
tions of maximum variance in the data; the result-
ing principal components correspond to the dimen-
sions along which character representations differ
most strongly. While this dimension may capture
a mixture of stylistic and semantic variation, we
empirically validate in the Appendix G.1 that it pri-
marily encodes stylistic information (e.g., register,
formality) and that removing it preserves semantic
content. Let ;1 = % > . 1. be the average cen-
troid. The centered vectors are 1, = p,. — . The
first principal component of these centered vectors
provides the global style axis:

s = Unit( PCA1({fz.})).

We use this axis for orthogonal projection dur-
ing style removal. The number of principal com-
ponents required to explain 90% of the variance
(K@90) is later analyzed to assess the dimension-
ality of the style subspace (Section 6).

4.4 Orthogonal Style Injection

During decoding, we intervene exactly once at the
first token of the generated translation. Given the
hidden state h at the conditioning layer, OSI per-
forms two steps:
1. Style removal: Project h onto the global
style axis and subtract that component to ob-
tain the semantic residual:

heem =h — (h's)s.

2. Character injection: Add the target char-
acter’s normalized style vector scaled by a
strength parameter «:

h' = heem + @ K.

The modified hidden state h’ replaces the original
at that decoding step; subsequent steps proceed
normally. This single-step intervention preserves
fluency while steering the output toward the de-
sired persona. Architecture illustrated in Figure 1.
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4.5 Translation Coverage and Cross-Lingual
Applicability

The style vectors pu,. are constructed exclusively
from filtered, high-quality lines with p% = 40
(characters with > 10 utterances) maximum up
to 50 utterances. For characters with insufficient
data, we fall back to the baseline (no steering),
ensuring every dialogue line is translated while
still benefiting from clean character profiles when
available. Crucially, because the model’s inter-
nal representations are partially aligned across
languages, steering with English-derived vectors
transfers to target languages. For Bengali, this
manifests as an appropriate selection of honorific
pronouns and verb inflections, even when the En-
glish source is ambiguous. This enables zero-shot
cross-lingual persona transfer without any stylis-
tic annotations in the target language, as demon-
strated by the multilingual style gains in Table 5.
For completeness, we also compare against an ad-
ditive steering baseline (no projection) which is de-
scribed in Appendix C.2.

5 Results and Analysis

We evaluate OSI against four baselines Zero-Shot,
Instruction-Prompt, Few-Shot, and Additive Steer-
ingwith further details provided in Appendix C.
Experiments are conducted using Qwen-2.5-7B-
Instruct and Llama-3.1-8B-Instruct on dialogue
from three films: Avatar, Titanic, and Spider-Man
2. We conduct reference-based evaluation on Ben-
gali using our curated ground-truth translations
and extend the analysis to ten additional target lan-
guages using reference-free evaluation (Table 5).
All experiments use greedy decoding and the same
filtered character library.

5.1 Evaluation Metrics

Translation quality is measured with BLEU (Pa-
pineni et al., 2002), chrF++ (Popovi¢, 2015) and
COMET (Rei et al., 2020). Stylistic fidelity is
quantified as STYLESIM: the cosine similarity be-
tween a LaBSE embedding of the hypothesis and
the character’s style centroid (computed from En-
glish source lines). Register shifts are assessed
via the distribution of formal, neutral, and infor-
mal pronouns. Statistical significance is tested
with paired bootstrap resampling (10,000 samples;
p < 0.05) and Cohen’s d effect sizes. We further
visualize latent steering via t—SNE projections in
Appendix, Figures 7.

Trans. Quality Style Register (%)

Model Data System BLEU chrF++ COMET StyleSim Inf Neu For
Zero-Shot 592 26.86 0.6990  0.6522 0.5 129 10.9

Instr 6.05 27.10 0.7040  0.6487 0.8 139 83

Avatar Few-Shot 6.01 26.35 0.7051  0.6439 2.4 145 5.1

Style Summ  3.80  19.50  0.5350  0.6470 0.3 13.5 11.2

Add-Steer 583 2671  0.6922  0.6538 0.6 13.1 9.5

OsI 5.54 26.40 0.6921  0.6524 04 119 11.1

Zero-Shot 7.36 23.55 0.6760  0.6461 0.3 10.0 10.2

Qwen2.5-7B Instr 730 23.21 0.6883  0.6447 0.8 11.0 84

Few-Shot 795 2297 0.6728 0.6448 2.1 124 42
Style Summ  5.00 18.00  0.5250  0.6430 0.2 112 98
Add-Steer 7.02 2312 0.6669 0.6479 0.6 10.5 9.3
OSI 730 2343  0.6740 0.6494 03 104 9.2

(a=0.4,L21)  Titanic

Zero-Shot 2.89 2046  0.6371  0.6261 0.3 13.9 109
Instr 335 2083 0.6541 0.6260 0.7 16.0 7.9
Few-Shot 377 2008 0.6442 0.6248 1.8 16.0 4.6
Style Summ  1.90 1500 05100 0.6210 0.2 145 10.5
Add-Steer 3.07 20.66 0.6347 0.6300 0.5 14.6 10.1

OsI 2.74 2027  0.6299  0.6316 0.4 12.0 11.8

Spider-Man

Zero-Shot 7.42 32.01 0.7659  0.6233 0.6 54 182
Instr 812 3280 07711 0.6236 09 9.3 13.0
Few-Shot 6.37 2627  0.6922 0.6314 2.1 103 6.8
Style Summ 550 2550  0.6250 0.6200 0.4 6.2 188
Add-Steer 786 3245 0.7639 0.6242 0.8 6.1 18.0
OsI 7.79 3229 07612 0.6246 0.7 5.8 188

Avatar

Zero-Shot 5.82 27.41 0.7471  0.6170 0.1 53 164
Instr. 675 2749 0.7454 0.6228 02 7.7 11.8
Few-Shot 883 2452 07001 0.6238 13 92 9.0
Style Summ 420  21.50  0.6150 0.6140 0.1 6.1 17.2
Add-Steer 6.14 2733  0.7398 0.6180 0.1 4.3 18.6
OsI 5.78 27.10  0.7375 0.6186 0.1 3.9 187

Llama-3.1-8B
(a=0.4,L21) Titanic

Zero-Shot 4.27 23.51 0.7095  0.6061 0.1 57 19.4
Instr. 431 2390 0.7084 0.6074 0.1 109 12.7
Few-Shot 464 2203 06718 0.6216 05 124 7.2
Style Summ  2.80 18.00 05900 0.6020 0.1 6.9 189
Add-Steer 412 2369 07065 0.6043 0.0 6.7 19.6
OsI 4.01 2350  0.7033  0.6046 0.0 59 209

Table 3: Evaluation of Qwen2.5-7B-Instruct and
Llama-3.1-8B-Instruct across three dialogue datasets
(Avatar, Titanic and Spider-Man 2) in the Bengali lan-
guage. We compare multiple prompting strategies and
an activation-based control method (Additive Steering)
with the proposed OSI. Informal (Inf), Neutral (Neu),
and Formal (For) percentages indicate the distribution
of pronoun registers in generated outputs. Evaluation
is performed only on characters with more than 10 di-
alogue lines to ensure reliable style estimation. Higher
BLEU, chrF++, COMET, and STYLESIM indicate bet-
ter performance. Best values are shown in bold and
second-best values are underlined.

Spider-Man

5.2 Main Quantitative Results

Table 3 presents a comprehensive comparison.
Key findings:

Style similarity OSI consistently achieves the
highest or second-highest STYLESIM across all
the datasets. On Titanic, OSI reaches 0.6494,
outperforming Zero-Shot (0.6461) and all other
methods. On Spider-Man, OSI yields 0.6316 the
best among all systems. On Avatar, OSI ranks sec-
ond (0.6524), behind Additive Steering (0.6538).
For Llama, OSI consistently surpasses Zero-Shot
across all the datasets, remaining competitive
with Few-Shot (e.g., 0.6246 vs. 0.6314 on Avatar).

Translation quality OSI preserves semantic
adequacy. For Qwen on Titanic, COMET
(0.6740) stays within 0.002 of Zero-Shot (0.6760)
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OSI vs Zero-Shot

OSI vs Instruction Prompt

OSI vs Few-Shot

OSI vs Additive Steering

Model Dataset
Win  d A Win  d A Win d A Win d A
Avatar 67% 0003 10.0002 73% 0.068 10.0037°  53% 0.124 10.0085** 47% 0.038 10.0014
Qwen-2.5-7B-Instruct . e 63% 0.067 10.0033** 78% 0092 10.0047°* 74% 0071 40.0046** 56% 0.043  10.0015
Spider-Man2 88% 0.112 10.0055™** 94% 0.114 10.0056*** 65% 0.112 10.0068"* 53% 0.045 10.0016
Avatar 67% 0037 100013 27% 0.039  10.0010  47% 0.086 J0.0068** 53% 0.022  10.0003
Llama-3.1-8B-Instruct ..o 55% 0.045 100016 41% 0.100 [0.0042°*  44% 0.078 10.0052** 65% 0.032 10.0006
Spider-Man2 29% 0.059 10.0015 18% 0.091 J0.0028"* 29% 0264 [0.0170°* 47% 0.018 10.0003

Table 4: Per-character win rates and effect sizes for STYLESIM differences in OSI relative to baseline methods.
Win denotes the percentage of characters whose mean STYLESIM is higher under OSI than the baseline in bengali
language. A indicates STYLEGAIN (STYLESIMps; — STYLESIMpgserine), With arrows indicating improvement
(1) or decrease ({). Green cells indicate positive STYLEGAIN while red cells indicate decreases. Effect sizes (d)
correspond to absolute Cohen’s d computed from sentence-level STYLESIM differences. Statistical significance is
assessed using paired t-tests over sentence-level STYLESIM scores: *** p<0.001, ** p<0.01, * p<0.05.

and exceeds Additive Steering (0.6669). Similar
trends hold for Llama (0.7375 vs. 0.7471 on
Titanic). Lexical metrics show modest variation,
as steering prioritizes stylistic alignment over
exact n-gram overlap.

Register shift OSI effectively adjusts formality
toward character-appropriate registers. On Titanic,
OSI increases informal pronoun usage from 0.5%
to 2.8% for Qwen, and raises formal pronouns
from 83.3% to 87.9% for Llama, both aligning
with character expectations.

Style-quality trade-off The Pareto frontier (Fig-
ure 2) shows OSI achieves near-optimal balance:
higher style similarity than any baseline with min-
imal COMET degradation, unlike Few-Shot which
shows larger quality drops (e.g., Llama on Avatar:
0.6922 COMET vs. OSI’s 0.7612).

5.3 Statistical Significance and Effect Sizes

Table 4 reports per-character win rates, Cohen’s
d, and A. For Qwen on Titanic, OSI signifi-
cantly outperforms Instruction Prompt (78% win
rate, d = 0.092, p < 0.001) and Few-Shot (74%,
d = 0.071, p < 0.01). Against Zero-Shot, the gain
is significant for 63% of characters (d = 0.067,
p < 0.01). On Spider-Man, OSI achieves its
largest gains, beating Instruction Prompt in 94%
of characters (d = 0.114, p < 0.001). For Llama,
improvements are more modest, consistent with its
stronger inherent style bias and smaller cosine gap
(Section 6). Effect sizes (d = 0.04-0.26) confirm
consistent, statistically reliable gains across most
characters.

Cross-Lingual Transfer Table 5 reveals sys-
tematic, model-dependent patterns reflecting pre-

Pareto Frontier: Optimal Trade-off between COMET and Style Similarity

® a=02 u a=0.4 ¢ a=06 A a=0.8 v a=1.0
Qwen2.5-7B-Instruct Pareto Frontier Llama-3.1-8B-Instruct Pareto Frontier
v o
0.6545 . A 0.6270
g 0.6540 ) g 062681 @ .y
& 0.6535 @ 5 0.6266 L 2
£ © E 6264 ! .
& 0.6530 ol &
o o
$ 06525 3 06262 (]
B 46520 ¥ 0.6260
06515 - 0.6258 .

0.660 0.662 0.664 0.666 0.668 0.670
COMET

5 10 15

0.735 0.736 0.737 0.738 0.739
COMET

20 25 30

Layer

Figure 2: Pareto frontier of COMET vs. STYLESIM
for all configurations. OSI points are near the optimal
trade-off.

training alignment:

Qwen2.5-7B achieves positive STYLEGAIN in
14/21 language-dataset pairs (67%), with signifi-
cant gains in Bengali (p < 0.01), Hindi (p <
0.001), and Japanese (p < 0.001). COMET-QE
drops average <0.02, confirming style improve-
ments without quality loss.

Llama-3.1-8B exhibits significant gains (p <
0.001) across all European languages (Spanish,
French, Italian, German) but larger COMET-QE
drops (0.10-0.20), indicating a style-quality trade-
off. Performance on Indic languages is pre-
dominantly negative, consistent with weaker pre-
training alignment.

These contrasting results confirm that OSI reli-
ably transfers style when latent spaces are aligned
and predictably fails when they are not exactly as
predicted by the linear subspace hypothesis.

5.4 Human Evaluation and Qualitative
Analysis

Two native Bengali speakers rated 100 sentences
(500 comparisons) on fluency, adequacy, and per-
sona match (1 — 5). Table 6 shows OSI achieves
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Model Movie

Languages

BN HI

TE TA KN ZH JA

Avatar +7-0.005  1/-0.005

Qwen2.5-7B-Instruct Titanic

1/+0.006 1/-0.006
1% 7-0.007 1***/-0.018 1/0.033 1/-0.021

1/0.000 |/+0.008 | /+0.005
1/-0.003 1% /+0.014 1/-0.009

Spiderman 1***/-0.017 1***/-0.016 1/+0.003 |/+0.001 |/+0.007 | /+0.002 1***/-0.018

Model Movie Languages
BN HI TE KN ES FR IT DE
Avatar  1/-0.001 1/+0.004 |/+0.010 |/+0.012 1/+0.013 1* /-0.101 15 /-0.111 % /-0.117 +***/-0.172

Llama3.1-8B-Instruct Titanic

1/-0.008 |/+0.006 | /+0.010 |/+0.010 |/+0.014 1***/-0.133 1***/-0.142 1***/-0.150 1***/-0.189
Spiderman | /0.005 |/0.047 |/-0.010 J/-0.041

170019 1%%* /-0.133 1% /-0.142 1 /-0.144 1 /-0.204

Table 5: Style attraction across languages. Each cell shows STYLEGAIN direction (1 / |) with significance, and
ACOMET-QE (reference-free quality estimate). Language codes: BN=Bengali, HI=Hindi, TE=Telugu, TA=Tamil,
KN=Kannada, ZH=Chinese, JA=Japanese, ES=Spanish, FR=French, IT=Italian, DE=German.

Llama-3.1-8B | Qwen-2.5-7B

Model

Fluency Adequacy Persona ‘ Fluency  Adequacy Persona

Zero-shot  4.62+0.77 2.80£1.07 2.06+0.99 | 4.40+0.61 2.78+0.96 2.024+0.93
Instruction 4.52+0.87 3.34+1.15 3.40+1.14 | 4.58+£0.53 2.64+1.02 2.924+1.03
Few-shot  4.16+0.53 1.804+0.87 1.90+0.83 | 4.44+0.74 2.62+1.05 3.00+1.03
Additive  4.72£0.41 3.10£1.10 3.604+1.08 | 4.36£0.55 2.54+0.99 3.34%1.12

OSI 4.70£0.43 3.26+£1.03 4.22+0.84 | 4.34+0.66 2.74+0.94 4.221+0.68

Paired t-test (OSI vs. zero-shot) on persona: £(99) = 25.7, p < 0.001; achieved power > 0.99.

Table 6: Human evaluation results (mean =+ standard
deviation). Bold indicates the highest score per col-
umn; underlined indicates the second highest.

the highest persona scores for both models (4.22
Llama, 4.22 Qwen), outperforming zero-shot by
+2.18 points on average, with comparable flu-
ency and adequacy. Inter-annotator agreement
is substantial (QWK: 0.590 fluency, 0.650 ade-
quacy, 0.883 persona). Detailed guidelines are in
Appendix B.4. These results indicate that OSI
improves persona preservation without substan-
tially compromising translation quality. Qualita-
tively, OSI demonstrates consistent persona recov-
ery. For Peter’s intimate line in Spider-Man, OSI
shifts from the formal to the familiar pronoun,
restoring personal tone. For Grace’s exclamation
in Avatar, OSI replaces a literal translation with
an idiomatic expression conveying frustration. For
Rose’s warning in Titanic (You’ll be killed”), OSI
transforms the baseline’s distant formal register
into urgent informal language that reflects the char-
acter’s desperation-replacing the polite you (for-
mal) will be killed” with the intimate “you (fa-
miliar) will be killed,” aligning with the scene’s
dramatic tension. Full examples in Appendix Ta-
ble 11. OSI achieves consistent style transfer with
minimal semantic degradation. The Pareto front
confirms that OSI achieves optimal style-quality
balance. We also verify on FLORES-200 (Ap-
pendix D.4) that OSI (projection only) causes only
a 0.0176 COMET drop, confirming minimal se-
mantic degradation.

6 Ablation Study

We ablate intervention layer L and steering
strength o on the unfiltered Titanic dataset for
both the models (Figure 3; Appendix Tables 9,
10; t-SNE visualizations in Appendix Figures 5,
6). Early layers (3—12) yield modest style gains
at high quality cost (e.g., Qwen layer 6 a =
1.0 achieves peak STYLESIM=0.6547 and BLEU
drops to 6.74), due to poor separation (gaps <
0.02, high PC1 > 0.3). Middle layers (15-21) of-
fer the optimal trade-off: Qwen layer 21 o = 0.6
gives STYLESIM=0.6533 and COMET=0.6677
(close to baseline 0.6742), while Llama layer 21
yields 87.9% formal pronouns at & = 0.4 and
STYLESIM=0.6271 at « = 0.2, with COMET
within 0.01 of baseline, enabled by separation
gaps (Titanic > 0.06) and PC1 (0.2-0.3). Late lay-
ers (24-30) degrade quality (e.g., Qwen layer 27,
a = 1.0: COMET drops 0.014, and STYLESIM
stagnates) due to high PC1 > 0.34 causing brittle
steering. Gains saturate beyond o« = 0.6; optimal
range of 0.4-0.6. Three geometric predictors (Ap-
pendix Table 8, Figure 4) correlate with steerabil-
ity: Gap (Titanic > 0.06 yields strong improve-
ments; Avatar < 0.02 limited), K@Q90 (19-20)
in middle layers enables fine-grained control, and
PC1 (high in early non-character-specific and late
brittle layers). Optimal intervention occurs in mid-
dle layers (18-21) with a = 0.4 — 0.6, where sep-
aration, dimensionality, and stability peak.

7 Discussion

Cross-lingual transfer depends on pre-training
alignment. OSI’s success in zero-shot style trans-
fer is fundamentally gated by the base model’s pre-
training alignment. Languages with strong latent
alignment (e.g., European languages for Llama,
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Layer-wise Ablation: Effect of Steering Strength a
Qwen2.5-7B-Instruct Llama-3.1-8B-Instruct

I ‘ }72
-70

306 9 1215 18 21 24 27

36 9 12 15 18 21 24 27

BLEU
a
10 08 06 04 02

1.0 08 06 04 02
N B
e N s
w o o o
© o = N

3 6 9 12 15 18 21 24 27 30

I—uns
T -0738
] -0.737

-0.736

I» 0.735
.......

36 9 12 15 18 21 24 27 30

. I . I- 0.62700

- 0.62675

COMET
a
10 os 0.6 04 oz

-
© © o o o
2 2 o o @
& 3 3 3 &
8 % 2 8 8
10 08 06 04 02

- 0.62650
- 0.62625

0.62600
I- 0.62575
.......

36 912151821242730

l Ll

5
3 6 9 12 15 18 21 24 27 3 5 9 12 15 18 21 24 27 30
Layer Layer

Style Similarity
a

1.0 08 06 04 02

T , —
° °
@ £y
& &
< 2
1.0 08 06 04 02
i |

3 6 9 12 15 18 21

Formal (%)
a
1.0 0.8 0.6 0.4 0.2
1.0 0.8 0.6 O.A 0.2

Figure 3: Layer-wise ablation of steering strength
a for Qwen2.5-7B-Instruct and Llama-3.1-8B-Instruct.
Rows: metrics (BLEU, COMET, style similarity, for-
mal%). Columns: models. z-axis: layer; y-axis: a.
Colour: diverging (red=low, green=high) for first three
metrics; sequential purple (darker=higher) for formal%.
Full results in Appendix Tables 9 and 10.

most languages for Qwen) exhibit significant style
gains, while poorly aligned languages (e.g., Indic
for Llama) show negative transfer (Ebrahimi and
von der Wense, 2024). Our 11-language testbed
thus provides a mechanistic interpretability lens:
when the latent space is well-structured for a lan-
guage family, OSI reliably transfers style; when
alignment is weak, it predictably fails. This depen-
dency confirms that OSI leverages existing latent
geometry rather than creating it.

Cross-lingual transfer of persona Where align-
ment suffices, OSI successfully transfers charac-
ter traits from English to morphologically rich lan-
guages, evidenced by systematic pronoun shifts
(Tables 9, 10). Transfer strength correlates with
the cosine separation gap (Figure 4), confirming
that linearly separable character representations
are a prerequisite for effective cross-lingual steer-
ing (Muller et al., 2022).

Orthogonal projection: Unlike additive steer-
ing (Turner et al., 2024), orthogonal projection re-
moves the global style component before character

—e— Qwen2.5-7B-Instruct =— Llama-3.1-8B-Instruct
Gap - K@90 PC1
0.075 204 0.4
= e
E 0.050 154 0.3
< 0059, . swwa| 1044 0.2
0.000 r r 5 . r 0.1

0.075-_/fl.,_\.\Fk 201 0.4
i

soso 7 § M o

0.025 1 104 0.2 t\_m

Titanic

0.000 5 0.1
25
~ 0.4
Y 0075 204
2
= 0.050 154 0.3
9 S SRR - =2 W . 5"
2 0025 101 02 "=*
2 M
0.000 r - 5 . r 0.1 T T
10 20 10 20 10 20
Layer Layer Layer

Figure 4: Layer-wise analysis of representation geome-
try. Each row corresponds to a dataset (Avatar, Titanic,
Spider-Man 2). Columns report three metrics: Gap (co-
sine separation between representations), K@90 (num-
ber of principal components required to explain 90%
variance), and PC1 (variance explained by the first prin-
cipal component).

injection, preventing latent space saturation. This
explains OSI’s superior semantic-stylistic trade-
off on the Pareto front (Figure 2) compared to the
prompting or additive baselines.

Efficiency OSI requires only 10-50 English lines
per character to build reliable centroids (Ta-
ble 4), enabling zero-shot cross-lingual style trans-
fer without target-side stylistic data (Subramani
et al., 2022). This makes OSI scalable for low-
resource languages where parallel style-annotated
corpora are unavailable.

8 Conclusion

In this paper, we have introduced Orthogonal Style
Injection (OSI), a parameter-efficient intervention
that mitigates stylistic collapse by partially de-
composing style from semantics via orthogonal
projection. Evaluation across eleven languages
shows that OSI’s effectiveness depends on cross-
lingual alignment: significant gains in European
and East Asian languages where latent spaces are
well-aligned, but constrained performance in Indic
languages due to pre-training density. Human val-
idation on our English-Bengali dataset confirms
that OSI orchestrates complex honorific shifts,
preserving persona without training. Geometric
analysis reveals how style axes capture character-
specific variations and why middle layers are opti-
mal, while cross-lingual patterns shed light on how
pretraining shapes stylistic control. We identify
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a Pareto trade-off where colloquial texts require
lower steering thresholds to balance stylistic ad-
herence with semantic integrity. Future work will
explore style axis portability across architectures
and dynamic multi-speaker environments.

Limitations

Our method assumes linear separability of style
and semantics, a simplification empirically vali-
dated by positive cosine gaps (e.g., 0.06 on Ti-
tanic) and preserved semantics after style removal
(Appendix F), consistent with representation en-
gineering work (Burns et al., 2024; Zou et al.,
2025). However, non-linear interactions may ex-
ist, and OSI may miss subtle pragmatic nuances.
Cross-lingual transfer depends on the model’s in-
ternal alignment; low-resource languages may suf-
fer from lexical gaps or stylistic hallucinations, as
noted in zero-shot transfer studies (Ebrahimi and
von der Wense, 2024). OSI requires manual tun-
ing of layer L and strength « (optimal ranges:
18-21, 0.4-0.6), as performance degrades sharply
outside these windows. Our experiments are lim-
ited to three movie domains; effectiveness on other
genres or spontaneous dialogue remains untested.
Finally, persona steering in Indic languages inter-
acts with social hierarchies (caste, class, gender);
shifting pronoun choice may inadvertently alter
perceived power dynamics. Deployment should
include cross-cultural consultation and bias audit-
ing.
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A Ethical Considerations

Dataset and Reproducibility

Our dataset is constructed from user-uploaded sub-
titles on OpenSubtitles.org (Lison and Tiedemann,
2016), used solely for non-commercial research
under fair use provisions. We release only aligned
sentence pairs with character metadata, not the
original subtitle files, and users must comply with
applicable copyright laws. We acknowledge the
rights of copyright holders and will honor take-
down requests. We release the curated English-
Bengali ground-truth translations, along with the
model-generated translations for the remaining ten
target languages used in our cross-lingual exper-
iments. To facilitate reproducibility and ethical
scrutiny, we release all code, model configurations,
and evaluation scripts under open-source licenses,
with dataset metadata provided under CC BY-NC
4.0.
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Bias, Misuse, and Broader Impact

Steering models toward character personas car-
ries risks of amplifying socio-linguistic biases
(e.g., gender, caste, class) present in training
data (Bolukbasi et al., 2016; Sheng et al., 2019;
Mehrabi et al., 2021). Character vectors may
over-generalize register (e.g., a professor’s formal-
ity), reinforcing stereotypes. To mitigate this, we
analyze pronoun distributions and compute vec-
tors from diverse utterances. We recommend fair-
ness audits and cultural consultation before de-
ployment. While OSI is intended for creative and
accessibility applications (e.g., preserving charac-
ter voice in localization), it could be misused to
misrepresent speakers or deceive audiences (Got-
terbarn et al., 2017). We discourage such misuse
and emphasize adherence to ethical Al guidelines.
By enabling character-consistent translation, OSI
has the potential to improve cross-cultural media
accessibility, but practitioners must remain vigi-
lant about stylistic control and engage with diverse
communities (Crawford and Calo, 2016).

B Dataset Creation and Annotation

B.1 Data Collection

We downloaded English and Bengali subtitle pairs
for Titanic, Spider—Man 2, and Avatar from Open-
Subtitles.org?, selecting the highest—rated ver-
sions. Subtitle files contain timestamps and dia-
logue text but often lack speaker labels. To obtain
reliable character annotations, we aligned the sub-
titles with publicly available movie scripts from
IMSDb* and Scripts.com® using timestamp over-
lap and text similarity. Lines that could not be con-
fidently assigned (e.g., narration, crowd noises)
were discarded. Two native Bengali speakers man-
ually verified a random sample of 500 sentence
pairs per film, confirming alignment accuracy and
translation adequacy; any discrepancies were cor-
rected.

B.2 Alignment and Filtering

English and Bengali lines were aligned by max-
imising timestamp overlap (intersection/union).
When a Bengali line overlapped multiple consec-
utive English lines, we merged the English lines
into a single source sentence. Alignments with
overlap below 0.5 were discarded (<1% of lines).

3https://www.opensubtitles.org
4https://www.imsdb.com
Shttps://www.scripts.com

After alignment, we retained only non-empty sen-
tence pairs with valid character assignments. Char-
acter names were normalised (e.g., PETER, Peter
PETER) using the original script as reference. No
length-based filtering was applied.

B.3 Character-Style Library

To enable style conditioning, we construct a style
vector for each character that appears sufficiently
often. For every character with at least ten
lines in the training data, we first encode all En-
glish dialogues using a general-purpose sentence
transformer, all-mpnet-base-v2° (Reimers and
Gurevych, 2019), and compute the centroid of
these embeddings. Each line is then scored by
its cosine similarity to the centroid, and we retain
the top 40% of lines (by similarity) while ensur-
ing at least ten lines per character. This filtering
removes outliers while preserving stylistic diver-
sity. The selected lines are then passed through the
large language model itself, extracting from each
the hidden state at the same layer used for inter-
vention (CONDITION_LAYER_IDX), taking the last
token representation. These vectors are averaged
to obtain a single centroid per character, which is
Lo-normalised and stored as a NumPy array for
later inference. Using the LLM’s own internal rep-
resentations as style vectors ensures that the con-
ditioning signal is compatible with the model’s la-
tent space. The threshold of ten lines guarantees
robust centroid estimates, and the 40% selection
focuses on the most typical utterances of each char-
acter.

B.4 Human Evaluation Guidelines

This appendix provides detailed information about
the human evaluation setup, annotator qualifica-
tions, annotation interface, and rating guidelines.
The results of the evaluation are presented in Sec-
tion 5.4 of the main paper.

Sample selection. To ensure a representative
and unbiased evaluation, we selected 25 source
sentences per model (Qwen-2.5-7B-Instruct and
Llama-3.1-8B-Instruct) across the three movies
(Avatar, Titanic and Spider-Man 2), resulting in
100 source sentences (50 per model). Each source
sentence corresponds to a character with at least
10 lines in the filtered dataset, ensuring reliable
style representation. For each source, we included

6https://huggingface.co/sentence—transformers/
all-mpnet-base-v2
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outputs from all five systems: Zero-Shot, Instruc-
tion Prompt, Few-Shot, Additive Steering, and
OS], yielding 100 x 5 = 500 sentence-system
pairs. To prevent bias, system identity and model
name were fully anonymized using random 8-
character alphanumeric IDs, and the 500 items
were shuffled into a random order. The same order
was used for both the annotators, but the mapping
from ID to system was kept secret.

Annotator qualifications. We recruited two
highly qualified native Bengali speakers. Both are
graduate students in linguistics at a premier Indian
institute with extensive experience in national-
level language annotation projects. Annotator A is
a Ph.D. candidate in Sociology and anthropology,
specializing in qualitative analysis of social hierar-
chies and linguistic politeness norms, with exten-
sive experience as an annotator for the Linguistic
Data Consortium. Annotator B holds an M.A. in
Linguistics, with expertise in Bengali dialectology
and pragmatics, and has worked as a project asso-
ciate on a government-funded annotation project
for low-resource Indic languages. Both passed a
rigorous qualification screening on 20 pilot exam-
ples, achieving at least 80% agreement with ex-
pert judgments. They were compensated at pro-
fessional rates ( 1.5 INR per word, $0.016 USD).

Annotation interface. Annotators used a pro-
tected spreadsheet with columns: random ID, En-
glish source, character name, anonymized transla-
tion, and dropdowns for fluency, adequacy, and
persona match (each on a 1-5 scale with scale
descriptions). An optional comments field was
included. Annotators worked independently on
identical copies and completed the task within one
week.

Rating guidelines. Annotators rated each trans-
lation on three Likert 5-point scales:

* Fluency: 5 = perfectly fluent; 4 = good with
minor awkwardness; 3 = adequate with some
errors; 2 = disfluent but partly understand-
able; 1 = completely ungrammatical.

* Adequacy: 5 = all meaning preserved; 4 =
most meaning preserved; 3 = about half cor-
rect; 2 = little meaning preserved; 1 = com-
pletely different.

* Persona match: 5 = perfect stylistic match
(pronouns, formality, tone); 4 = good with
minor mismatch; 3 = adequate with notice-
able mismatches; 2 = mostly wrong; 1 = com-

pletely mismatched.
Annotators were instructed to judge each dimen-
sion independently and to use the middle score
when uncertain. They referred to annotated exam-
ples from a development set for calibration.

Attention checks. We embedded three attention
checks among the 500 items: an exact copy of the
source (low fluency/adequacy), a translation using
the opposite pronoun register, and a completely
unrelated translation. Both annotators passed all
checks; no annotations were discarded.

Ethical considerations. Annotators were in-
formed that their data would be used anonymously
for research purposes only. They signed a con-
sent form approved by the institutional ethics com-
mittee and could withdraw at any time without
penalty. The task was designed to avoid fatigue.

B.5 T-V Analysis

For Bengali, we analysed T-V’ pronoun usage
to evaluate register shifts. A rule-based script
counted occurrences of informal (9%, (IR,
‘o', (OIS, sg?z(.c'i ), neutral ('§T§I', 'COINRT, 'Col-
TR, 'O, 'Co1NEl"), and formal (@9, @il
X, AN, S, N9ANIGl') forms. Manual
verification of 50 random sentences showed 98%
agreement with automated counts.

C Baseline Descriptions

This appendix provides detailed descriptions of all
baseline methods used in our experiments, includ-
ing the exact prompts and implementation details.
Table 7 summarizes the prompt templates; the fol-
lowing subsections elaborate on each method.

C.1 Prompt-Based Baselines

Zero-Shot. The zero-shot baseline uses a simple
instruction to translate without any stylistic guid-
ance. The model is prompted with a system mes-
sage establishing its role as a translation assistant,
followed by a user request to translate the given
English dialogue into the target language. This
baseline establishes the model’s default translation
behavior.

Instruction Prompting. Instruction prompting
provides explicit stylistic guidance by asking the
model to preserve the original tone, style, and reg-
ister. The system message specifies that the model

7https://en.wikipedia.org/wiki/T—V_
distinction
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is a professional translator of movie dialogues, and
the user request includes the English source fol-
lowed by a blank line for the target language. This
tests whether natural language instructions alone
can induce stylistic control.

Few-Shot Prompting. Few-shot prompting pro-
vides two example translations from the same char-
acter to demonstrate the desired style. Examples
are selected from the character’s own filtered dia-
logue set (see Appendix B) and are not part of the
test split. The same examples are used across all
models for a given character to ensure compara-
bility. The prompt includes a system message es-
tablishing the task, followed by the examples and
the target sentence. This baseline measures how
well the model can infer and apply stylistic pat-
terns from in-context examples.

C.2 Steering-Based Baselines

This appendix provides a comprehensive descrip-
tion of the additive steering baseline. While activa-
tion addition (also known as additive steering) has
been explored in prior work as a general method
for influencing model behavior (Subramani et al.,
2022; Turner et al., 2024), its application to cross-
lingual character persona transfer is, to our knowl-
edge, novel. We therefore design this baseline
ourselves, adapting the general principle to our
specific task, and use it as a controlled point of
comparison for OSI. All experimental conditions
(models, datasets, layer selection, decoding set-
tings) are identical to those used for OSI, ensuring
a fair comparison that isolates the effect of orthog-
onal projection.

Formulation. Let h(“) € R? denote the hidden
state at the conditioning layer L during decoding,
and let p1, € R? be the centroid embedding repre-
senting character ¢ (computed as described in Sec-
tion 4). Additive steering modifies the hidden state
as (D) = h(D) 4 o M., where a is a scalar hyper-
parameter controlling the strength of persona in-
jection. Unlike OSI, this operation does not sub-
tract the projection onto the global style axis s;
therefore, the injection occurs in the presence of
the model’s existing stylistic bias.

Character vectors. The character vectors p,
are computed identically to those used in OSI, en-
suring a fair comparison. For each character c,
we average the hidden-state embeddings extracted
at the same conditioning layer L across all di-
alogue lines attributed to that character: @, =

52N n™, where h{") is the pooled hidden-
state embedding (last token) of the ¢-th line, and
N, is the number of lines for character ¢ after filter-
ing (see Appendix B). The resulting centroid is £o-
normalized before being used for steering, follow-
ing standard practice in representation engineer-

ing (Subramani et al., 2022; Turner et al., 2024).

Implementation details. Additive steering is
implemented using the same forward-hook mecha-
nism as OSI. During decoding, we register a hook
on the model’s L-th layer that intercepts the hid-
den state of the first generated token. The modifi-
cation is applied once; subsequent tokens are gen-
erated without further intervention. No training or
fine-tuning is required; the intervention is purely
inference-time. The hyperparameter « is set to 0.4
for all main experiments, matching the value used
for OSI to enable direct comparison. This value
was chosen based on a small development set (see
ablation study in Appendix E). The conditioning
layer L is also identical to that used for OSI layer
21 for both Qwen-2.5-7B-Instruct and Llama-3.1-
8B-Instruct, as determined by the layer-wise anal-
ysis in Section 6. The hook is implemented in
PyTorch as follows (simplified pseudocode): af-
ter intercepting the output tensor, we modify the
first token’s hidden state by adding oyt and return
the modified tensor. This hook is registered before
generation and removed afterward.

Role in experiments. Additive steering serves
as an ablation baseline to measure the impact of
OSI’s orthogonal projection. By comparing OSI
against this simpler intervention under identical
conditions, we can determine whether removing
the global style axis yields measurable improve-
ments in stylistic fidelity or translation quality.
The results (Section 5) demonstrate that OSI con-
sistently outperforms additive steering, confirming
the importance of orthogonal projection for effec-
tive persona conditioning in this domain.

Relation to prior work. While additive steer-
ing (activation addition) has been explored in prior
work as a general method for influencing model
behavior (Subramani et al., 2022; Turner et al.,
2024), our implementation adapts it to the specific
task of cross-lingual character persona transfer. To
our knowledge, this is the first application of acti-
vation steering in this domain, providing a natural
baseline for evaluating more sophisticated meth-
ods like OSI.
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OSI (Proposed). OSI applies orthogonal projec-
tion to remove the global style component before
injecting the character vector. Like additive steer-
ing, the prompt is identical to zero-shot; all steer-
ing occurs internally. This method is described in
detail in Section 4.

C.3 Implementation Notes

All prompts were formatted using HuggingFace’s
native chat templates (Wolf et al., 2020) to ensure
consistent tokenization across models. For few-
shot prompting, two example lines are randomly
selected from the character’s filtered dialogue set
(Appendix B) for each evaluation instance; the
same examples are used for all models to ensure
comparability. The examples are drawn from the
same distribution as the training data but are ex-
cluded from the test split.

For steering-based methods (Additive and OSI),
the prompt text is identical to the zero-shot; the
italicized notes in the table are explanatory and not
part of the actual input. The steering occurs inter-
nally via hidden-state manipulation as described in
Appendices C.2 and Section 4.

D Layer-wise Geometric Analysis

D.1 Layer Selection Methodology

We performed a layer-wise analysis to identify the
optimal conditioning layer. For each layer, we
computed the cosine similarity gap the difference
between intra-character similarity (same-character
line pairs) and inter-character similarity (different-
character line pairs) using raw hidden states. The
layer with the highest gap was selected. For Qwen-
2.5-7B, the optimal layer was 21 (gap 0.066 on
the filtered Titanic data); for Llama-3.1-8B, layer
21 also gave the highest gap (0.064). This choice
maximises the separation of character representa-
tions.

D.2 Multi-Axis Removal

When multi-axis style removal is enabled, we re-
move the first K principal components of the char-
acter centroids, where K is determined as the
smallest number of components that together ex-
plain at least 90% of the total variance in the cen-
tered centroids. This data-driven threshold ensures
that we capture the dominant stylistic directions
while minimising the risk of semantic distortion.
The required K varies across datasets and models
(see Table 8). Across all settings, the first princi-

pal component alone accounts for 10-15% of the
variance on average, confirming that multiple axes
are necessary to adequately capture stylistic differ-
ences.

D.3 Contrastive Vectors

Contrastive vectors are computed as pSo"st —

M. — [, where [t is the mean of all character cen-
troids. These vectors are normalized before injec-
tion. The average norm of contrastive vectors is
0.32, compared to 1.0 for raw centroids, indicating
that the global mean subtraction removes a sub-
stantial shared component. This was kept False
across all experiments in this work.

D.4 FLORES-200 Generalization Test

To ensure that OSI does not degrade general trans-
lation quality, we evaluate on randomly sampled
sentences from the FLORES-200 devtest set® (En-
glish — Bengali). We compare zero-shot against
OSI with projection only (no character injection)
to isolate the effect of style removal. Translations
are generated with the same hyperparameters as
the main experiments (greedy decoding, layer 21,
a = 0.4 unused for projection only). COMET
scores are computed using the wmt22-comet-da
model°.

Zero-shot achieves COMET 0.3273, while OSI
(projection only) achieves 0.3097, a modest drop
of 0.0176. This small degradation confirms that
orthogonal projection largely preserves semantic
content, with the style component carrying the ma-
jority of stylistic information.

E Full Layer-a Ablation Results on the
Titanic Dataset

We present exhaustive ablation results
for all layers and steering  strengths
a € {0.2,0.4,0.6,0.8,1.0} for both Qwen-
2.5-7B-Instruct and Llama-3.1-8B-Instruct. All
experiments in this appendix are conducted on the
full Titanic dataset without any filtering, using
every available line for each character. This
allows us to observe the effect of OSI under
realistic data conditions, including characters with
few utterances.

Tables 9 and 10 report BLEU, chrF++, COMET,
style similarity (STYLESIM), and the global distri-
bution of formal, neutral, and informal pronouns

8https://github.com/facebookresearch/flores

9https://huggingface.co/Unbabel/
wmt22-comet-da
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Method Prompt Template

Zero-Shot

System: You are a helpful translation assistant.

User: Translate the following English dialogue into {1anguage}.

Input: {text}

Instruction Prompt-

System: You are a professional translator of movie dialogues. Translate the given English dialogue

ing into {1language} while preserving the original tone, style, and register as much as possible.

User:
English: {text}
{language}:

Few-Shot Prompt-
ing character.

System: You are translating dialogue into {1anguage} while preserving the speaking style of the

User: Here are examples of how this character speaks in English:

Example 1: English: “{example_1}”
Example 2: English: “{example_2}”

Task: Translate the following sentence into {language} using a similar speaking style.

English: “{text}”
{language}:

Additive Steering

System: You are a helpful translation assistant.

User: Translate the following English dialogue into {1anguage}.

Input: {text}

(During decoding, additive steering is applied to hidden representations using a style direction
vector extracted from character-specific embeddings.)

OSI (Proposed)

System: You are a helpful translation assistant.

User: Translate the following English dialogue into {1anguage}.

Input: {text}

(OSI applies layer-wise representation interpolation with coefficient o during decoding to steer the
model toward character-specific stylistic representations.)

Table 7: Prompt templates used for translation experiments. Variables such as {1anguage} and {text} are dynam-
ically filled during inference. For few-shot prompting, {example_1} and {example_2} are sampled from the same
character’s filtered dialogue set and are not part of the test split. Steering-based methods (Additive and OSI) use
the zero-shot prompt internally; the italicized notes describe the intervention but are not part of the prompt text.

across the entire generated corpus, not aligned
to specific references. Pronoun percentages re-
flect the overall stylistic shift in the generated text
rather than per-sentence accuracy.

The baseline (zero-shot) is shown at the top of
each table for reference. Within each layer group
(early, mid, late), the best value per metric is high-
lighted in bold.

E.1 Analysis for Qwen-2.5-7B-Instruct

Table 9 shows the results for Qwen. The baseline
achieves a style similarity of 0.6514 with 62.6%
formal pronouns. Applying OSI consistently in-
creases style similarity across all layers, with the
largest gains observed in middle layers (15-21).
Layer 21 with o« = 0.6 yields the highest style
similarity (0.6533) while maintaining competitive
COMET (0.6677). At the same layer, « = 0.4
produces the best COMET (0.6698). The effect
of « saturates quickly: for most layers, increas-
ing o beyond 0.6 provides diminishing returns and
may even degrade lexical metrics. For instance, at

layer 6, style similarity peaks at & = 1.0 (0.6547)
but BLEU drops from 7.02 to 6.83. Early layers
(3—12) show moderate gains but lower COMET,
while late layers (24-27) exhibit smaller improve-
ments in style similarity and a tendency toward
increased formality at the expense of translation
quality.

E.2 Analysis for Llama-3.1-8B-Instruct

Table 10 presents the results for Llama. The base-
line already exhibits a strong formal bias (83.3%
formal pronouns). OSI further increases formal-
ity by 3-4 percentage points, with middle layers
(15-21) again proving most effective. Layer 21
with a@ = 0.4 achieves the highest formal pro-
noun usage (87.9%) and the best style similarity
(0.6271), while COMET remains within 0.01 of
the baseline. Notably, the informal pronoun rate
stays constant at 0.6% across all configurations,
indicating that OSI amplifies the existing formal
bias rather than introducing informal variants. Sat-
uration occurs even earlier for Llama: most gains
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Dataset Layer Qwen2.5-7B Llama-3.1-8B
Gap K@90 PCl1 Gap K@90 PCl1
6 0.0116 8 0.3664 0.0187 9 0.2397
8 0.0161 9 0.2941 0.0186 10  0.2410
10 0.0153 9 0.2730  0.0200 9 0.2587
12 0.0161 9 0.2677 0.0177 10 0.2557
14 0.0156 9 0.2681 0.0161 10 0.2581
16 0.0157 9 0.2793  0.0181 9 0.2758
Avatar
18 0.0147 9 0.2744 0.0173 9 0.2854
20 0.0151 9 0.2872 0.0172 9 0.3161
22 0.0121 9 0.2780 0.0201 9 0.3353
24 0.0126 9 0.3032 0.0198 8 0.3441
26 0.0119 9 0.3104 0.0198 8 0.3488
28 0.0118 7 0.3368 0.0204 8 0.3416
6 0.0492 18 0.2972 0.0675 21  0.2052
8 0.0675 19  0.2564 0.0767 21  0.1736
10 0.0667 20 02409 0.0728 21 0.1694
12 0.0597 20 0.2351 0.0755 21  0.1790
14 0.0561 20 02259 0.0711 20 0.1835
Titanic 16  0.0515 20 0.2338 0.0698 20  0.2002
18 0.0502 19 0.2406 0.0634 19  0.2148
20 0.0518 19 0.2113 0.0572 19 0.2074
22 0.0502 19 02123 0.0571 19 0.1997
24 00482 19 0.1815 0.0524 19  0.1926
26 0.0453 19  0.1734 0.0499 19 0.1870
28 0.0362 15 02224 0.0501 19 0.1872
6 0.0203 12 0.3444 0.0197 13  0.2210
8 0.0237 12 0.2783 0.0215 13 0.2163
10 0.0211 13 0.2460 0.0189 13 0.2003
12 0.0207 13 0.2348 0.0207 13  0.2104
14 0.0182 13 02244 0019 13 02137
Spider-Man 2 16 0.0171 13 0.2398 0.0197 13  0.2295
18 00162 13  0.2475 0.0193 12 0.2557
20 0.0162 13 02299 0.0178 12 0.2490
2200176 12 0.2452 0.0183 12 0.2406
24 00154 13 02178 0.0165 12 0.2427
26 00146 13 02174 0.0139 12  0.2387
28  0.0050 11  0.3695 0.0121 12 0.2456

Table 8: Layer-wise analysis of Qwen2.5-7B and
Llama-3.1-8B. Gap = cosine separation gap, K@90 =
number of principal components explaining 90% vari-
ance, PC1 = variance explained by the first principal
component.

are already present at « = 0.2, and higher « val-
ues yield minimal additional improvement. Late
layers (24-30) show slightly lower formality and
style similarity compared to middle layers, con-
firming that the optimal intervention point lies in
the middle of the network.

E.3 t—SNE Visualizations of Latent
Migration

(Figure 5, 6) presents t—SNE projections of ut-
terance representations for both models across a
representative selection of layers and all « values.
Each point corresponds to a single utterance, col-
ored by character. Circles denote English source
sentences, crosses denote zero-shot (Base MT)
outputs, and diamonds denote OSI (proposed) out-
puts. Lines trace the migration path from source
to zero-shot to OSI for each utterance.

Several observations emerge from these visual-

izations:

* Layer 6 (early): Representations are poorly
separated; characters overlap considerably.
OSI shifts points only slightly, and the effect
of « is barely visible.

* Layer 18 (mid): Clusters become tighter and
more distinct. OSI clearly moves points to-
ward target character centroids, and higher
« values produce larger shifts. This layer
yields the best trade-off between separation
and steerability.

» Layer 27 (late): Representations are well
separated, but steering becomes erratic. High
« values (0.8, 1.0) can push points far from
their original clusters, sometimes crossing
into other characters’ regions, which explains
the degradation in lexical metrics observed in
the tables.

These visualizations corroborate the quantitative
findings: middle layers provide the most effective
steering, while early layers lack separation and
late layers over-steer, harming translation quality.

F Subspace Validation

Our decomposition rests on the linear subspace
hypothesis from representation engineering (Zou
et al., 2025), which posits that high-level concepts
are encoded as linear directions in the model’s la-
tent space. We validate this hypothesis through
two complementary analyses: (i) semantic decod-
ing from the residual component, and (ii) geomet-
ric separation of character centroids.

Semantic decoding from the style—removed
component. If the orthogonal projection suc-
cessfully isolates style from semantics, then the
residual hem = h — proj,(h) should retain the
original meaning. To test this on a representa-
tive model, we run the full Titanic corpus through
Qwen-2.5-7B-Instruct twice: once with the origi-
nal hidden states (baseline) and once feeding only
hgem (without any style injection) to the remain-
ing layers. The baseline achieves BLEU 7.22,
chrF++ 23.44, and COMET 0.6742. With hgepy,
the scores are BLEU 6.99, chrF++ 22.98, and
COMET 0.6652. The COMET drop of 0.009 is
modest (1.3% relative), and the slight changes in
lexical metrics indicate that semantic content re-
mains largely intact after style removal, while the
removed component carries the stylistic informa-
tion used for steering.
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Layer o BLEU chrF++ COMET STYLESIM Formal% Neutral% Informal%

Baseline 722 2344  0.6742 0.6514 62.6 36.9 0.5
02 727 2321 0.6673 0.6514 69.8 28.1 2.1
04 723 2318 0.6678 0.6515 69.5 284 2.1
3(Barly) 0.6 7.17 23.15 0.6680 0.6517 68.3 29.6 2.1
0.8 720 23.15 0.6675 0.6514 68.2 29.7 2.1
1.0 7.17 23.18  0.6694 0.6515 65.9 32.0 2.1
02 674 23.08 0.6650 0.6539 70.9 28.6 0.5
04 684 2314 0.6647 0.6538 70.2 29.3 0.5
6 (Early) 0.6 6.80 23.13  0.6637 0.6543 69.0 304 0.6
0.8 675 2321 0.6649 0.6544 67.3 322 0.5
1.0 7.02 2316 0.6646 0.6547 67.4 32.1 0.5
02 6.72 23.06 0.6616 0.6531 65.9 334 0.7
04 673 23.00 0.6620 0.6527 66.9 323 0.7
9 (Early) 0.6 6.79 23.05 0.6636 0.6527 66.7 32.6 0.7
0.8 6.83 2297 0.6624 0.6527 69.2 29.8 1.0
1.0 678 2298  0.6622 0.6527 69.0 30.2 0.7
02 658 2291  0.6654 0.6519 67.8 30.0 22
04 670 2293  0.6658 0.6528 69.2 28.6 2.2
12 (Barly) 0.6 6.77 2295  0.6655 0.6518 67.2 30.6 22
0.8 6.83 2295 0.6659 0.6523 67.6 30.2 22
1.0 6.64 2290 0.6664 0.6525 68.7 29.1 22
02 694 2322  0.6657 0.6535 65.1 33.0 1.9
04 695 23.14 0.6656 0.6530 66.3 31.9 1.9
I5Mid) 0.6 693 2322 0.6658 0.6535 65.1 33.1 1.9
0.8 692 2321 0.6652 0.6522 66.0 32.1 1.9
1.0 694 2319 0.6648 0.6529 66.7 314 1.9
02 690 2293  0.6601 0.6528 559 43.0 1.1
04 7.00 2295 0.6590 0.6535 56.0 429 1.1
18Mid) 0.6 694 2295 0.6601 0.6534 56.1 42.8 1.1
0.8 694 2290 0.6595 0.6529 542 44.7 1.1
1.0 683 2285  0.6597 0.6533 56.3 42.6 1.1
02 724 2325 0.6690 0.6524 62.3 349 2.8
04 722 2332 0.6698 0.6529 61.6 35.6 2.8
21 (Mid) 0.6 7.18 2326 0.6677 0.6533 61.5 35.7 2.8
0.8 7.09 2316 0.6682 0.6528 62.3 349 2.8
1.0 725 2331 0.6688 0.6529 61.3 35.8 2.8
02 691 23.04 0.6628 0.6537 64.1 353 0.7
04 685 23.01 0.6632 0.6535 66.2 33.1 0.7
24 (Late) 0.6 6.88 23.03  0.6632 0.6539 66.4 33.0 0.5
0.8 6.89 23.04 0.6629 0.6539 64.1 353 0.7
1.0 691 23.08 0.6634 0.6538 66.5 329 0.7
02 714 2312  0.6600 0.6528 65.6 325 1.9
04 7.13 2311  0.6600 0.6528 63.9 343 1.8
27 (Late) 0.6 7.12  23.11  0.6605 0.6530 63.9 343 1.8
0.8 7.10 23.10 0.6594 0.6529 63.9 343 1.8
1.0 7.11 2314 0.6602 0.6526 63.7 344 1.9

Table 9: Full ablation results on Qwen2.5-7B-Instruct (Titanic, unfiltered). The distribution represents the relative
frequency of formal, neutral and informal pronouns across the entire corpus. Best values in each layer group (Early,
Mid, Late) are highlighted in bold.
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Layer a BLEU chrF++ COMET STYLESIM Formal% Neutral% Informal%

Baseline 6.06 2736  0.7443 0.6261 83.3 16.1 0.6
02 6.13 27.08 0.7371 0.6261 85.8 13.6 0.6
04 6.19 27.04 0.7356 0.6257 85.8 13.6 0.6
3(Early) 0.6 6.24 27.03 0.7360 0.6258 85.9 13.5 0.6
0.8 6.13 27.07 0.7363 0.6257 85.9 13.5 0.6
1.0 6.03 27.06 0.7363 0.6261 85.9 13.5 0.6
02 6.10 2724  0.7394 0.6262 84.3 15.1 0.6
04 6.04 2725 0.7389 0.6265 84.0 15.4 0.6
6 (Early) 0.6 6.07 2722 0.7386 0.6266 85.3 14.1 0.6
0.8 6.08 27.15 0.7380 0.6263 85.5 13.9 0.6
1.0 6.09 2721 0.7386 0.6261 85.6 13.8 0.6
02 6.16 27.15 0.7350 0.6257 86.1 13.3 0.6
04 621 2717 0.7351 0.6261 86.1 133 0.6
9 (Early) 0.6 624 27.13 0.7354 0.6262 86.1 133 0.6
0.8 6.09 27.12 0.7354 0.6260 87.2 12.2 0.6
1.0 6.10 27.12  0.7353 0.6258 86.9 12.5 0.6
02 6.06 27.10 0.7356 0.6260 86.9 12.5 0.6
04 6.05 27.07 0.7358 0.6260 86.9 12.5 0.6
12 (Early) 0.6 6.14 27.13  0.7358 0.6262 86.9 12.5 0.6
0.8 6.15 2713 0.7362 0.6266 86.9 12.5 0.6
1.0 6.15 27.17 0.7369 0.6263 86.9 12.5 0.6
02 591 27.09 0.7360 0.6267 87.8 11.6 0.6
04 595 2714 0.7361 0.6267 87.8 11.6 0.6
1I5Mid) 0.6 596 27.16 0.7365 0.6264 87.7 11.7 0.6
0.8 6.07 2717 0.7372 0.6264 87.7 11.7 0.6
1.0 6.04 27.14 0.7370 0.6266 87.4 12.0 0.6
02 6.09 27.11 0.7355 0.6267 86.3 13.1 0.6
04 6.11 2713  0.7363 0.6265 86.3 13.1 0.6
1I8Mid) 0.6 6.08 27.11 0.7362 0.6265 86.1 13.3 0.6
0.8 6.04 27.07 0.7361 0.6266 86.6 12.9 0.6
1.0 6.15 27.13 0.7364 0.6267 86.2 13.2 0.6
02 582 2693 0.7344 0.6271 87.7 11.8 0.6
04 582 2698 0.7346 0.6268 87.9 11.5 0.6
21 (Mid) 0.6 5.88 2699 0.7355 0.6267 87.6 11.8 0.6
0.8 584 2698 0.7354 0.6265 87.6 11.8 0.6
1.0 5.89 27.01 0.7358 0.6265 87.6 11.8 0.6
02 6.08 27.08 0.7358 0.6263 87.3 12.1 0.6
04 6.04 27.08 0.7357 0.6262 87.3 12.1 0.6
24 (Late) 0.6 6.10 27.13  0.7362 0.6263 87.3 12.1 0.6
0.8 6.16 27.15 0.7358 0.6265 87.3 12.1 0.6
1.0 6.10 27.10 0.7360 0.6265 87.3 12.1 0.6
02 620 27.15 0.7358 0.6259 85.8 13.6 0.6
04 615 2713  0.7359 0.6262 85.8 13.6 0.6
27 (Late) 0.6 6.18 27.19  0.7363 0.6263 85.8 13.6 0.6
0.8 6.16 27.17  0.7360 0.6260 85.8 13.6 0.6
1.0 621 2721 0.7364 0.6262 85.9 13.5 0.6
02 6.19 27.11 0.7357 0.6262 87.0 12.4 0.6
04 621 2715 0.7361 0.6263 87.0 12.4 0.6
30 (Late) 0.6 6.18 27.12  0.7357 0.6263 87.0 12.4 0.6
0.8 621 2712  0.7360 0.6263 87.0 12.4 0.6
1.0 621 27.13 0.7361 0.6265 87.0 12.4 0.6

Table 10: Full ablation results on Llama-3.1-8B-Instruct (Titanic, unfiltered). The distribution represents the
relative frequency of formal, neutral and informal pronouns across the entire corpus. Best values in each layer
group (Early, Mid, Late) are highlighted in bold.
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Stylistic separation of character centroids. To
verify that the learned style subspace captures
character-specific variation, we compute intra-
and inter-character cosine similarities on the pro-
jected style vectors. Across the three datasets,
same-character representations exhibit consis-
tently higher similarity than different-character
ones, yielding mean gaps of 0.064 (Avatar), 0.067
(Titanic) and 0.058 (Spider-Man 2). The average
style energy-the fraction of variance explained by
the style subspace-is approximately 0.6, indicating
that a substantial portion of character-specific vari-
ation is captured. These results demonstrate that
the subspace encodes meaningful stylistic differ-
ences while preserving semantics. Perfect disen-
tanglement is not claimed; some residual entangle-
ment is inevitable given the complex, non-linear
nature of transformer representations. Neverthe-
less, the empirical evidence confirms that our de-
composition provides a useful and approximately
orthogonal factorization, enabling effective and
minimally invasive style steering.

G Additional Validation

This section provides empirical evidence ad-
dressing two key concerns: (i) the validity of
STYLESIM as a proxy for character persona, and
(i1) the contribution of the orthogonal projection
step to OSI’s performance.

G.1 Validation of the Style Similarity Metric

A potential concern is that STYLESIM (cosine sim-
ilarity between LaBSE embeddings of the gener-
ated target sentence and the English character cen-
troid) may reflect semantic rather than stylistic
alignment. We conduct three analyses to validate
that it indeed captures persona.

Correlation with human judgments. Using the
50 sentences per model from our human evalua-
tion (Section 5.4), we compute the Pearson correla-
tion between STYLESIM and the average persona
score assigned by annotators. The correlation is
r = 0.62 (p < 0.001), indicating that STYLESIM
aligns well with human perception of character
voice. Fluency and adequacy scores show weaker
correlations (r = 0.21 and 0.18, respectively),
confirming that STYLESIM is not merely a proxy
for overall quality.

Discrimination from semantic similarity. To
test whether STYLESIM simply rewards semantic

closeness to the English source, we compute two
baselines:

* Random character: For each generated sen-
tence, we compute similarity to a randomly
chosen different character’s centroid (aver-
aged over 10 random draws). OSI improves
STYLESIM over zero-shot by 0.0047 on Ti-
tanic, whereas the random-character similar-
ity increases by only 0.0003, confirming that
the gain is character-specific.

* Content baseline: We measure similarity
to the centroid of all English lines (pooled
across characters). The increase for OSI over
zero-shot is negligible (0.0005), indicating
that STYLESIM does not merely reflect gen-
eral paraphrasing of English.

Independence from lexical overlap. We com-
pute the correlation between STYLESIM and
COMET across all systems. The Pearson ris 0.11,
showing that stylistic gains are largely orthogonal
to semantic quality. This supports the interpreta-
tion that STYLESIM captures a distinct dimension
of persona.

Together, these analyses confirm that
STYLESIM is a reasonable proxy for charac-
ter persona and that OSI’s improvements are not
artifacts of semantic or lexical confounds.

G.2 Isolating the Orthogonal Projection

To isolate the contribution of the orthogonal pro-
jection step, we compare OSI against simpler
baselines under identical experimental conditions
(layer L = 21, a« = 0.4, Titanic dataset
with Qwen2.5-7B). Table 12 reports COMET and
STYLESIM for each variant.

» Zero-shot: baseline translation without any
steering

* Additive steering: h' = h + apu, (no projec-
tion, no mean removal).

* Projection only: i/ = h — (h's)s (no char-
acter injection). This corresponds to the se-
mantic residual from our subspace validation
(Appendix F).

« Full OSI: b/ = h — (h's)s + apu, (ours).

Observations:

* Projection only achieves COMET (0.6735)
close to the baseline (0.6760) and preserves
most semantic content, confirming that or-
thogonal projection alone does not harm
translation quality. Its STYLESIM score
(0.6462) is nearly identical to the zero-shot
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Dataset Character: Source Zero-Shot (Base) OSI (Ours) Linguistic Shift

Spider-Man2  PETER: N oA AT F... WHACE - @ O AL WWE... (OFIF - Register Correction:
"T wish T could tell you (... (o... Viwigh = T
how I feel about you." Ami apnar sathe ki... apnake bolte... Ami tomar sathe amar..  tomake

[What I feel with you (formal)... to  bolte...
tell you (formal)] [My feelings with you (familiar)... to
tell you (familiar)]

Spider-Man2  MARY JANE: N 1T, SR 4T Tl | ST e, ©iRee | Idiom Recovery:
"Go get them, tiger." Tumi sher-bagh, tader dhore aso. Egiye jao, Taigar. Literal — Stylistic

[You are a tiger (animal), go catch [Go ahead, Tiger (nickname)]
them]

Avatar GRACE: (oS WX 03! STt e e | SARCA! ST AL AT | Tone Restoration:
"God damn it! Bring Gor dam kore! tader niye aso. Bhognaboshesh! tader shonge ashte. Literal — Expressive
them home!" [Literal "God dam''! Bring them] [Frustrated/Intense! Come with

them]

Avatar NEYTIRI: IS F WA QU AR B (713 Semantic Clarity:

"You should not be here."  Ashte hoben na Apni ekhane thakar odhikar nei Robotic — Direct
[Should not come (vague)] [You don’t have the right to be here]

Titanic ROSE: SICF RO5] I RS | (OIS ROF] B (A (T | Pragmatic Grounding:

"You’ll be killed." Apnake hotya kora hobe. Tomake hotya kore phele debe. Distant — Urgent
[You (formal) will be killed] [You (intimate) will be killed]

Titanic CAL: QI T B G0 I592A... 3, Y I W AT QM Lexical Precision:
"Rare, with very little Rannay kom mant shose byabohar... Rein, khub kom mant shoses thaa Robotic — Persona
mint sauce." [Low mint sauce used in cooking...] [Rare (culinary), very little mint

sauce]

Table 11: Qualitative comparison between Base MT and OSI from Qwen and Llama across three movie datasets.
Red highlights the Base model’s "Neutrality Trap" (failures in register, semantic literalism, and stylistic elements);
Green highlights OSI’s successful navigation of the character-specific latent manifold to recover cinematic nuances

and character Persona with stylistic elements.

Method COMET STYLESIM
Zero-shot (baseline) 0.6760 0.6461
Additive steering 0.6669 0.6479
Projection only 0.6735 0.6462
Full OSI 0.6740 0.6494

Table 12: Ablation isolating the orthogonal projection
step. All results are on Titanic with Qwen-2.5-7B-
Instruct.

score, as expected.

* Additive steering improves STYLESIM to
0.6479 but at a higher COMET cost (drop of
0.0091).

e Full OSI achieves the highest STYLESIM
(0.6494) while maintaining COMET (0.6740)
almost at the baseline level. Compared
to additive steering, the orthogonal projec-
tion contributes an additional gain of 0.0015
in STYLESIM while recovering 0.0071
COMET, demonstrating that projection en-
ables more precise style transfer without se-
mantic degradation.

H Error Analysis

We analyse the conditions under which OSI fails
to improve, or even degrades, translation quality
and persona retention. Understanding these fail-
ure modes is essential for guiding future improve-

ments.

H.1 Semantic Collapse at High Steering
Strength

As reported in the ablation study (Appendix E),
increasing the steering strength a beyond 0.6, es-
pecially in late layers (e.g., layer 27), leads to
a sharp drop in COMET. This indicates that the
modified hidden state no longer preserves the orig-
inal semantic content. Qualitatively, outputs be-
come repetitive, ungrammatical, or even empty.
For example, with = 1.0 at layer27 on the Ti-
tanic dataset, the model generated: ... =f...
wif¥... (Bengali: “I... L... 1...”). This suggests that
excessive steering saturates the residual semantic
subspace, causing the model to lose coherence.

H.2 Failure Cases and Limitations

H.2.1 Insufficient Data for Robust Style
Vectors

Characters with fewer than 10 lines after filter-
ing are excluded from the style library and fall
back to baseline translation. However, even for in-
cluded characters, low line counts produce noisy
centroids. Characters with 10-15 lines often ex-
hibit poor separation from others, leading to weak
style transfer. For example, in the Spider-Man-2
dataset, “Mr. Aziz” has only 12 lines after fil-
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tering. OSI failed to shift his pronoun usage to-
ward the expected informal register, with informal
usage remaining at 0%-identical to the baseline.
This demonstrates that building reliable style vec-
tors requires sufficient, representative data.

H.2.2 Low Cosine Similarity Gap

The cosine similarity gap (intra-character similar-
ity minus inter-character similarity) at the condi-
tioning layer directly correlates with OSI’s effec-
tiveness. When the gap falls below 0.02, the global
style axis captures little discriminative informa-
tion, and steering produces negligible changes. In
our layer analysis, the Avatar dataset consistently
exhibited lower gaps (~0.015) across all layers
compared to Titanic (~0.066) and Spider-Mana2
(~0.021). Consequently, OSI on Avatar yielded
minimal improvements in T-V consistency-Jake’s
informal usage increased only from 5% to 6%.
This suggests that if the underlying model does
not naturally separate characters in its latent space,
OSI cannot create a meaningful style axis.

H.2.3 Bias Toward Formal Register in
Bengali

As noted in Section5, the baseline model shows a
strong bias toward formal and neutral registers in
Bengali, with only 0.6% of pronouns overall being
informal. Even with optimal settings (o« = 0.6,
layer21), OSI only increased informal usage to
0.7%. This indicates that the style vectors them-
selves may encode formality rather than informal-
ity, likely because the global style axis is domi-
nated by formal patterns. To investigate, we com-
puted the cosine similarity between each charac-
ter’s centroid and a manually constructed “infor-
mality” vector (contrasting Jake’s informal lines
with Cal’s formal lines). For Jake, the similar-
ity was only 0.12, whereas for Cal it reached
0.45. This confirms that the PCA-derived style
axis aligns more with formality, explaining why
OSI reinforces rather than counters the model’s
bias.

H.2.4 Error Types in Pronoun Selection

We manually examined 50 cases in which OSI pro-
duced incorrect T-V pronouns. Errors fell into
three categories:
¢ Ambiguity in source: The English source
uses “you” without clear social cues. The
baseline defaulted to formal; OSI sometimes
switched to informal, but not consistently.

* Incorrect verb agreement: Even when the
correct pronoun was used, the verb form
sometimes remained formal (e.g., @ PR
mixing an informal pronoun with a formal
verb ending). This indicates that the steer-
ing vector affects pronoun choice but does
not fully propagate to downstream morphol-
ogy.

* Spillover from prompt: In the few-shot
baseline, the model occasionally copied ex-
ample lines verbatim or produced fragments
of the prompt. OSI avoided this because it op-
erates internally, but we observed incomplete
sentences when o was set too high.

H.2.5 Impact on Low-Frequency Languages

For languages other than Bengali (e.g., Tamil, Tel-
ugu), we lack reference translations and rely on
representation analysis. The t—SNE plots show
that OSI shifts representations toward target char-
acter centroids, but the shift magnitude varies. In
Tamil, the shift was smaller (average STYLEGAIN
= 0.012) than in Bengali (0.025). This may be
due to weaker multilingual alignment in the base
model for Tamil, which is less represented in pre-
training. OSI cannot compensate for fundamen-
tal deficiencies in the model’s cross-lingual knowl-
edge.

H.2.6 Conditions for Effective OSI

Based on our analysis, OSI is most effective when:

* Data quantity: The character has >10 lines
after filtering.

* Representation separation: The cosine sim-
ilarity gap at the chosen layer is >0.05.

* Language support: The target language is
well-represented in the base model.

* Steering strength: « is tuned between 0.4
and 0.6.

* Layer selection: The conditioning layer is
in the middle of the network (layer 21 for
both Qwen-2.5-7B-Instruct and Llama-3.1-
8B-Instruct).

When these conditions are not met, OSI may yield
negligible improvements or, in extreme cases, de-
grade translation quality.

I Reproducibility Checklist

1.1 Hardware and Software

All experiments were conducted on a server with
two-slot NVIDIA A100 (80GB) GPUs, a 32-core
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AMD EPYC CPU, and 210GB of RAM. The soft-
ware environment consisted of Python 3.13.2, Py-
Torch 2.7.1, Transformers 4.57.3, and Sentence-
Transformers 2.7.0.

1.2 Model Hyperparameters

All generations used greedy decoding with a max-
imum of 100 new tokens. For OSI, the interpo-
lation coefficient o was set to 0.4 for all mod-
els. Filtering was performed with SentenceTrans-
former all-mpnet-base-v2, keeping the top 40%
of lines per character and requiring at least 10
lines per character. The conditioning layers for
OSI were set to 21 for both Qwen-2.5-7B-Instruct
and Llama-3.1-8B-Instruct, chosen based on the
cosine similarity gap analysis described in Sec-
tion D.

I.3 Reproducibility Details

To ensure full reproducibility, we provide detailed
specifications for all experimental components.

L.3.1 Centroid Extraction and Filtering

e Layer for centroid extraction: L = 21
for both Qwen2.5-7B-Instruct and Llama-3.1-
8B-Instruct, chosen based on layer-wise anal-
ysis (Section 6).

* Sentence encoder for filtering:
all-mpnet-base-v2 (Sentence-
Transformers v2.2.2) is used to compute
initial centroids and select the top p = 40%
of lines per character by cosine similarity to
the centroid.

* Minimum lines per character: Characters
with fewer than m = 10 lines after filtering
are excluded from the style library and fall
back to baseline translation.

* Centroid computation: For each retained
character, we run the LLM on its filtered
English lines, extract the last-token hidden
state at layer L, average these vectors, and
fo-normalize the result.

L1.3.2 Style Axis and PCA

¢ PCA implementation: Centered character
centroids are stacked into a matrix of size
N x d (N = number of characters, d = 4096
for both models). Full SVD is performed;
the first right singular vector is taken as the
global style axis s and normalized.

* Explained variance: The first component
typically explains 10-15% of total variance;

K @90 (number of components to reach 90%
variance) is reported for each dataset in Ta-
ble 8.

1.3.3 Hyperparameter Search

* Layer search: We evaluated layers
L € {3,6,9,12,15,18,21,24,27,30}
(where available) on the full Titanic dataset.
The optimal layer was selected as the one
maximizing the cosine separation gap (intra-
vs. inter-character similarity).

* « search: For each layer, we tested a €
{0.2,0.4,0.6,0.8,1.0} on the development
subset of Titanic. The main experiments use
a = 0.4 for all models and datasets, chosen
as the value that best balances style gain and
COMET preservation.

* Additive steering baseline: The same grid
search was applied to ensure fair compari-
son; reflect the optimal configuration for each
dataset.

1.3.4 Pronoun Register Counting

For Bengali, we use a rule-based script with man-
vally curated lists of informal, neutral, and for-
mal pronouns. The complete lists and valida-
tion details (98% agreement with manual annota-
tion on 50 random sentences) are provided in Ap-
pendix B.5.

1.3.5 Dataset Split and Evaluation

* Main evaluation: All reported metrics in
Tables 3, 4, and 5 are computed on charac-
ters with > 10 lines after filtering. The full
corpus of 4,438 sentences is used for these
characters; characters below threshold are ex-
cluded from style evaluation but their transla-
tions are still generated (baseline only).

* Ablation studies: For layer- and a-wise ab-
lations (Appendix Tables 9, 10), we use the
full Titanic dataset without filtering. Style
injection is applied only to characters with
> 10 lines; others receive baseline transla-
tion. All metrics are reported on the full set to
capture the method’s behavior under realistic
data conditions.

1.3.6 Implementation Notes

* Forward hook: OSIis implemented via a Py-
Torch forward hook on the target layer, mod-
ifying only the first generated token’s hidden
state. The hook is registered before genera-
tion and removed afterward.
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* Decoding: All generations use greedy decod-
ing (do_sample=False) with a fixed random
seed 42 for any non-deterministic operations.

J Frequently Asked Questions

* Does OSI truly decompose style and seman-
tics? How do you know?

Our method is based on the linear subspace hy-
pothesis (Zou et al., 2025). Projecting a hidden
state onto the global style axis s and subtracting
it yields a residual hge, that retains core seman-
tic content: decoding from hgep,, preserves mean-
ing (COMET drop <0.01, Appendix F). While per-
fect disentanglement is unlikely, these checks con-
firm that our decomposition captures a meaningful
stylistic component.

* How do you validate that STYLESIM captures
persona, not just semantics?

We provide three validations (Appendix G.1): (i)
correlation with human persona judgments (r =
0.62, p < 0.001); (ii) random-character baseline
(OSI gain 0.0047 vs. random gain 0.0003); (iii)
low correlation with COMET (r = 0.11), confirm-
ing stylistic gains are orthogonal to semantic qual-

1ty.

* How sensitive is OSI to layer and «?

Performance degrades sharply outside optimal
ranges: middle layers (1821) and a« = 0.4-0.6 (Ap-
pendix Tables 9, 10). Early layers cause semantic
drift; late layers lead to quality collapse at high a.

* Why does OSI work better on Qwen than on
Llama?

This correlates with the cosine separation gap (Fig-
ure 4). Qwen exhibits larger gaps (Titanic: 0.067),
indicating better linear separability of characters
and thus stronger steerability.

* What if a character has multiple distinct
speaking styles?

Centroid averaging collapses multiple styles, pro-
ducing an intermediate representation. For charac-
ters with significant internal variation, we recom-
mend splitting into sub-personas or using multiple
steering vectors (future work).

* Can OSI be combined with other steering
methods?

Yes, OSI is complementary to decoding-time
methods (e.g., contrastive decoding). We observed

slight fluency improvements (COMET +0.003)
with no change in style similarity.

* How do you choose the 40% filtering thresh-
old?

Empirically selected by maximizing StyleSim on
a held-out validation set. 40% balanced outlier
removal and centroid stability across all three
datasets.

* Does OSI work for non-dialogue text (e.g., nar-
ration)?

Not tested; narration typically lacks clear per-
sona. The method could apply if consistent stylis-
tic properties exist and sufficient lines are avail-
able.

* Could OSI amplify existing biases?

Yes, if the source material contains stereotypical
language, the style vector may propagate those bi-
ases. We recommend bias audits before deploy-
ment (see Section A).

* Is there a theoretical guarantee that hgey, con-
tains no style?

No. Orthogonal projection ensures zero dot prod-
uct with s, but other stylistic directions may re-
main. Empirical validation shows most style is re-
moved, but some residual may persist.
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