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Abstract We address this gap with SEAM (Spectral Em-

Expanding the vocabulary of conditional text-
to-speech (TTS) models typically requires ex-
tensive fine-tuning with paired audio, creating
a major bottleneck for low-resource and cross-
lingual adaptation. To address this, we intro-
duce SEAM, a zero-audio initialization method
that constructs embeddings for unseen tokens
from known subtokens. Unlike standard pool-
ing strategies that ignore sequential structure,
SEAM applies a spectral filter to preserve tem-
poral phonetic order and uses closed-form ridge
regression to align the new embeddings with
the pretrained conditioning manifold. Across
three languages and two TTS architectures,
SEAM approaches or matches baseline perfor-
mance using up to four times less training data,
reducing sample complexity by 75% compared
to random initialization and mean pooling. Our
approach provides a lightweight, reproducible,
and theoretically grounded solution for vocabu-
lary expansion in low-resource speech synthe-
sis.

1 Introduction

The rapid proliferation of Agentic Al has posi-
tioned text-to-speech (TTS) systems as founda-
tional voice interfaces for autonomous, multimodal
agents. As these agents scale to global deploy-
ments, the ability to rapidly adapt to new languages
particularly low-resource and under-documented
ones has become a critical bottleneck. Extending
conditional TTS models to novel linguistic settings
is fundamentally constrained by vocabulary ex-
pansion: every unseen phonetic or graphemic unit
requires a corresponding embedding in the model’s
conditioning space. In practice, these tokens are
initialized randomly and fine-tuned with extensive
paired audio, a requirement that is infeasible when
target-language data is scarce or costly to collect.
This initialization bottleneck severely limits cross-
lingual generalization and perpetuates a stark ac-
cessibility gap in speech technology.

bedding Alignment & Merging), a principled, self-
calibrating initialization method. SEAM treats
subtoken embeddings as a discrete signal, ap-
plies spectral low-pass filtering to preserve low-
frequency phonetic compositionality, and projects
the result onto the pretrained embedding manifold
via closed-form ridge regression. Grounded in the
Lipschitz continuity of conditional generation, our
approach is designed to promote acoustic stabil-
ity and compositional faithfulness from the initial-
ization stage. Our contributions are: 1) A spec-
trally grounded merging operator that preserves
temporal phonetic structure and suppresses bound-
ary artifacts; 2) A closed-form, self-calibration
protocol that requires no gradient-based optimiza-
tion or target-language audio; 3) Data-efficiency
gains over standard initialization heuristics, en-
abling rapid vocabulary expansion for low-resource
TTS.

2 Related Work

Recent cross-lingual and low-resource TTS re-
search has focused on model-level adaptation strate-
gies, including zero-shot multi-speaker transfer
via external speaker encoders (Casanova et al.,
2022), cross-lingual phoneme sharing (Huang et al.,
2022b), and meta-learning for rapid speaker align-
ment (Huang et al., 2022a). While these methods
improve transferability, they typically assume ac-
cess to substantial target-language data for embed-
ding alignment or rely on gradient-based optimiza-
tion that becomes unstable when data is extremely
scarce. Consequently, the foundational step of vo-
cabulary expansion remains underexplored. Cur-
rent practice adapts heuristics from language mod-
eling, most notably decomposing unseen tokens
into known subtokens and averaging their embed-
dings (Tikhomirov and Chernyshev, 2024). Al-
though computationally trivial, this permutation-
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invariant pooling discards the strict temporal or-
der and articulatory dynamics essential to speech
synthesis, forcing the model to relearn sequential
structure from scratch during fine-tuning and inflat-
ing sample complexity. Our method provides an
order-preserving, spectrally grounded initialization
that aligns novel embeddings with the pretrained
manifold, thereby stabilizing optimization and dras-
tically reducing the target-language data required
for subsequent adaptation. To our knowledge, no
prior work proposes an audio-guided initialization
specifically for vocabulary expansion in autoregres-
sive transformer-based TTS, making the zero-audio
property of SEAM particularly important.

3 Method

We address the problem of initializing condition-
ing embeddings for novel phonetic tokens in llm-
diffusion based TTS systems. Let V,q denote
a pretrained vocabulary with embedding lookup
E : Voga — RY and let ®y be the conditional
generator. For a new token ¢ € Ve, decompos-
able into known subtokens {s1,...,$nm} C Voud,
we seek a conditioning vector ¢; € R? that satis-
fies: (i) stability under the generative process, (ii)
preservation of temporal phonetic order, and (iii)
alignment with the pretrained embedding manifold.
We achieve this via a spectral merging operator U,
calibrated in closed form.

3.1 Continuity Principle

Well-trained conditional TTS generators assume
that the mapping from conditioning embeddings to
audio is locally smooth: small, structured changes
in the input should produce bounded, predictable
changes in the output. To respect this property,
our initialization must construct new token em-
beddings as smooth functions of their constituent
subtokens, explicitly preserving their sequential or-
der. This prevents distributional shifts during early
fine-tuning. A formal continuity assumption and
order-sensitivity analysis are provided in Appendix
A.land A.2.

3.2 Spectral Merging Operator

We define a spectral merging operator W

U%Zl R™*4 — R? that maps a variable-length
sequence of subtoken embeddings to a single con-
ditioning vector. To preserve sequential structure
while satisfying the continuity principle, we treat
the embedding matrix S = [ey;...;e,,] € R™*4

as a set of d discrete signals and apply a two-stage
pipeline.

Fourier Downsampling. For each embedding di-
mension j € {1,...,d}, we compute the discrete
Fourier transform (DFT) S (k). In speech represen-
tations, low-frequency components capture slow,
global phonetic compositionality, whereas high-
frequency components often reflect sharp boundary
artifacts between subtokens (Rabiner and Juang,
1993). We therefore apply a Gaussian low-pass
filter:

. k2
S0 =8, 00 (<35 ). )

retaining only the first K¢ frequency bins, where
Keg = min(K, |m/2] + 1), to obtain S+ €
CHKexd Tn practice, we use K = 4 as the default
maximum number of retained bins. This opera-
tion projects the subtoken sequence onto a smooth,
bandlimited subspace that naturally suppresses dis-
continuities at token boundaries.

Linear Readout. We reconstruct a conditioning
vector by flattening the real and imaginary compo-
nents of the filtered coefficients into a feature vector
#(S) € R?K4_followed by a linear projection:

U(S) = We(S) +b, W e R>2Ed b e RY,
2
Critically, by preserving the complex DFT coef-
ficients, ¥ remains sensitive to phase informa-
tion, which directly encodes the temporal progres-
sion of the subtoken sequence. Unlike mean pool-
ing, which is permutation-invariant, under the con-
ditions of Proposition 1, our operator is order-
sensitive: reversing the input order produces a
different output embedding. (U(S) # W(S™)
for non-palindromic sequences). A formal order-
sensitivity analysis is provided in Appendix A.2.

3.3 Closed-Form Self-Calibration

To align the spectral operator ¥ with the geome-
try of the pretrained conditioning space C without
requiring target-language audio, we derive the pro-
jection parameters (W, b) analytically. For each
token t € Vg4 that admits a valid subtoken de-
composition, we construct a self-supervised pair
(8@, ct(;)get = E(t)). Decompositions are obtained
using the original BPE tokenizer that generated
Vold, ensuring all constituent subtokens belong to
the pretrained vocabulary. Stacking /N such pairs
yields a feature matrix X € RV*2Kd and target
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matrix Y € RV*? We solve the ridge regression
objective:

. T T 2 2
mmHXW +1b —YH +AW[E, 3
W.b F

which admits the closed-form solution:

* T —

[V]:;T ] - (X"X+2R) XY, @
where X = [X | 1] augments the features with a
bias column, and R = diag(1,...,1,0) excludes
the bias term from Ly regularization. The ma-
trix W* and vector b* are obtained from the first
2K d rows and the final row of the solution, re-
spectively. This calibration protocol ensures: (i)
manifold alignment by minimizing projection er-
ror onto C; (ii) order consistency by learning from
linguistically ordered subtoken sequences; and (iii)
continuity preservation by bounding the condition-
ing error, which directly limits acoustic deviation
via Assumption 1.

Non-Latin Script Handling. For languages with
non-Latin orthographies (e.g., Cyrillic), we first
transliterate the target token into an English IPA
representation using a standard mapping table. This
phonetic string is then segmented into subtokens
from V|4, yielding the sequence si,...,S,,. At
inference, the novel embedding is computed as
Cnew = U*(Snew) = W*@(Spew) + b* and subse-
quently norm-normalized to match the statistical
distribution of the pretrained embeddings. Default
values for the hyperparameters are K = 4,0 = 2.0
and A = 1le~°® we refer to Appendix.A.2 for more
details.

SEAM Algorithm Summary. Given subtoken embed-
dings si,...,sm € R% let Keg = min (K, |[m/2] + 1):

m
g(k) _ Z Sne—Q‘/r'Lk(n—1)/'m7
n=1

Sip(k) = S(k) - e ¥/ k=0, Keg — 1,
¢(s1.m) = [Re(Ste(0)), Im(Stp(0)), . . .,
Re(Stp(Ketr — 1)), Im(Sep(Keir — 1))] T,
Chew = W ¢(Slim) + b,
IS

T ] = (XX + ) R)'X"Y.

Implementation summary. The SEAM algo-
rithm proceeds in two stages:

1. Learning the projector. From the old vocabu-
lary Vo4, we collect self-supervised training pairs
(S, ct(;r)get) by decomposing each existing token
t into its constituent subtokens {si, ..., s} (all

also in V,|q) using the original BPE tokenizer, and
setting ct(;r)get = FE(t). For each such pair we com-
pute the spectral feature vector ¢(S(*)) and then
solve the ridge regression problem (Eq. 3) to obtain
the closed-form linear projection W, b.

2. Embedding a new token. For a novel token
thew (e.g., a Kazakh Cyrillic word), we first map
it to an English IPA representation using a stan-
dard transliteration table. We then decompose this
IPA string into subtokens present in V4, obtaining
S1,...,Sm. The final embedding is computed as
Chew = W (81, ...,8,) + b and normalized to
match the average norm of the original ones.

4 Experiments

We evaluate SEAM across three diverse languages
Russian (Slavic, Cyrillic), Kazakh (Turkic, Cyril-
lic/Latin), and French (Latin) to assess its effective-
ness in low-resource and cross-lingual adaptation.
All primary experiments use Chatterbox (Resemble
Al 2025) as the TTS backbone. In this paper we
mainly focus on three core evaluation dimensions:
(1) sample efficiency under fixed training bud-
gets (Sh, 25h, and 100h), quantified via automatic
speech recognition metrics (CER); and (2) percep-
tual quality, validated through a native-speaker
Side-By-Side comparison (SBS) study. (3) New
Vocabulary size investigate how other methods
perform in comparison with SEAM when the num-
ber of new added tokens increases. Experiments
with a different architecture, VibeVoice (Peng et al.,
2025), and dataset-split robustness are provided in
Appendix B.

4.1 Experimental Setup

Evaluation metrics. We evaluate model perfor-
mance using the Character Error Rate (CER),
computed via pretrained automatic speech recog-
nition (ASR) models.  Specifically, we em-
ploy nvidia/stt_kk_ru_fastconformer_hybrid_large,
nvidia/stt_fr_fastconformer_hybrid_large_pc for
Russian, Kazakh and French; refer to Appendix B.2
for a detailed analysis of these ASR baselines. All
reported results are averaged across three inde-
pendent random seeds. Evaluation is performed
on a fixed set of 100 audio samples drawn from
rulibrispeech, KazakhTTS, and AdrienB134/french-
unique-speaker-tts.

Baselines. We compare against: 1) Random:
¢ ~ N(0,0%1) with o matched to pretrained em-
bedding norm.
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Mean: ¢; = L 3" F(s;), the arithmetic mean
of subtoken embeddings.

All methods are fine-tuned under identical op-
timization schedules. Implementation details and
additional metrics are provided in Appendix B.1.

Transliteration We transliterate non-Latin
scripts using the transliterate library (En-
glish/Russian), qazaq_transliterator (Kazakh), and
standard text normalization (French).

4.2 Sample Efficiency Under Fixed Budgets

Table 1 reports CER after training on 5h, 25h and
100h budgets. SEAM provides its largest gains in
low-resource regimes. At 25h, SEAM improves
over mean initialization by 2.22 CER points on
Russian, 10.63 points on Kazakh, and 0.87 points
on French. Against random initialization, the corre-
sponding improvements are 9.16, 27.34, and 3.77.
Notably, SEAM approaches or matches the perfor-
mance of baselines trained on 100h, corresponding
to a 4x reduction in required data. At 100h, all
methods converge, with differences falling within
ASR evaluation variance, confirming that SEAM’s
primary advantage is sample efficiency rather than
asymptotic performance. It is important to mention
that the increase in CER from 5h to 25h for Ran-
dom/Mean on Kazakh is attributable to word-level
overlap variance across data splits in this extremely
low-resource regime

4.3 Human Evaluation

We conduct a blind Side-by-Side (SBS) preference
study with 5 native speakers per language. Each
annotator evaluates 25 synthesized utterances, com-
paring audio from two conditions: (1) Model A
(Ours): SEAM-initialized embeddings, fine-tuned
on 25h of speech. (2) Model B (Baseline): mean
initialization, fine-tuned on 100h of speech.

For each pair, annotators select their preferred
sample based on overall quality (naturalness + intel-
ligibility), or indicate a tie. Evaluation criteria and
annotator instructions are provided in Appendix C.
Figure 1 visualizes the SBS preference distribution.
Model A (SEAM) against mean initialization that
was trained on 4x more data across three languages.

We refer to Appendix C.3 for detailed information
about the SBS study.

4.4 Sensitivity to Vocabulary Expansion Size

We investigate the sensitivity of our method
to vocabulary expansion size by varying the

Table 1: CER (%) after training on fixed data budgets.
Lower is better. SEAM achieves comparable perfor-
mance to baselines with up to 4x less data for some
languages.

Language Budget Init CER WER
Random  20.8 4249

5h Mean 17.53  36.73

SEAM  14.88 3441

. Random 17.66 27.18
Russian 25h  Mean 1072 2458
SEAM 8.50  20.01

Random  7.62 18.40
100 h Mean 9.64 19.87

SEAM  7.68 16.92
Random 11.62 263
5h Mean 8.55 20.9

SEAM 499 1512

Random 32.60 39.89
25h Mean 15.89  21.60
SEAM 526 13.19

Random  9.54 16.90
100 h Mean 8.50  16.02
SEAM 439 1111

Random 19.07 34.27
5h Mean 18.28  34.61
SEAM 17.86 31.7

Random 1570 29.68
25h Mean 12.80 25.82
SEAM 1193 23.20

Random 16.93 23.85
100 h Mean 9.06 17.20
SEAM 9.26 17.59

Kazakh

French

number of newly added tokens (|Vpew| €
{200,400, 600, 800,1000}) and evaluating CER
after fine-tuning on 25 hours of data. As shown
in Figure 2, SEAM scales gracefully, exhibiting
only marginal performance degradation as |Vyew|
increases. In contrast, both random and average
initialization suffer sharp deterioration beyond 500
tokens, demonstrating that SEAM produces robust
embeddings even under substantial vocabulary ex-
pansion. While we constrained | Vpew| = 200 in our
main experiments to ensure a competitive compari-
son, larger vocabularies inherently yield shorter
token sequences and faster inference. Notably,
SEAM’s relative advantage becomes increasingly
pronounced at higher expansion sizes, highlight-
ing its strong scalability and efficiency in practical
deployment scenarios.

4.5 Extended Baseline Comparison

We compare SEAM with three additional order-
aware initialization strategies on Russian with a 5-
hour budget under identical optimization schedules.
Position-Aware Pooling extracts permutation-
variant statistics (mean, max, first, last, and po-
sitionally weighted sum) and projects them via
closed-form ridge regression with A\ = 1076,

Attention Pooling applies fixed random query vec-
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Figure 1: Side-by-Side human preference results:

SEAM-initialized model (25h training) vs. mean-
pooling baseline (100h training). Green indicates pref-
erence for SEAM despite using 4 x less data. Results

are shown for Russian. French. and Kazakh.
CER Comparison: SEAM vs. Embedding Initialization Methods

—e— Average Initialization
50 | @ Random Initialization
SEAM (Ours) A

Character Error Rate (CER) [\%]

200 400 600 800 1000
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Figure 2: CER versus vocabulary expansion size.
SEAM maintains robust performance as vocabulary size
increases, while mean and random initialization degrade

tors for scaled dot-product attention over subto-
ken embeddings, followed by ridge projection,
with no learned parameters. Learned Attention
trains a single-head attention layer via AdamW (Ir
= 5x 10~%) on the same self-supervised pairs used
by SEAM, and is the strongest order-aware base-
line. SEAM outperforms all baselines because its
spectral low-pass filter suppresses high-frequency
tokenizer-boundary artifacts, explaining the poor
results of Position-Aware Pooling (CER 23.37%)
and Attention Pooling (CER 20.14%), which treat
all frequency components equally. Learned At-
tention is competitive (CER 15.30%) but con-
verges poorly under the limited calibration data,
yielding approximately 10% lower cosine similar-
ity to ground-truth embeddings and higher MSE
than SEAM’s closed-form solution. This confirms
that gradient-based attention requires substantially
more data than SEAM’s analytic ridge regression
in the extreme low-resource initialization setting.

4.6 Ablation: Order Sensitivity

To test whether temporal order preservation drives
SEAM'’s gains, we disrupt subtoken order before

Table 2: Extended baseline comparison on Russian (5h
fine-tuning). Lower is better.

Initialization Method  CER (%) WER (%)
Random 20.80 42.49
Mean Pooling 17.53 36.73
Position-Aware Pooling 23.37 54.70
Attention Pooling 20.14 50.03
Learned Attention 15.30 42.86
SEAM (Ours) 14.88 34.41

spectral filtering on Russian with a 5-hour fine-
tuning budget.

Table 3: Order sensitivity ablation on Russian (Sh).

Method CER (%) WER (%)
SEAM (Original) 14.88 34.41
SEAM (Reversed) 19.67 51.99
SEAM (Shuffled) 2291 53.66

Reversed strictly inverts the subtoken sequence
(1,..-,8m — Sm,...,81), while Shuffled ran-
domly permutes it (seed=42), completely destroy-
ing temporal order. In both cases, spectral filtering
and ridge regression are applied identically to the
original SEAM pipeline.

Reversal increases CER by 4.79 absolute points
(14.88% — 19.67%), while shuffling increases it
by 8.03 points (14.88% — 22.91%). Shuffling also
nearly doubles WER (34.41% — 53.66%). Since
shuffling is more damaging than reversal, SEAM
relies not only on sequence directionality but on the
precise temporal phonetic trajectory encoded in the
DFT phase. This confirms that order-preserving
spectral merging, rather than ridge alignment alone,
is the primary source of SEAM’s advantage.

5 Conclusion

We presented SEAM, a zero-audio initialization
method for low-resource TTS vocabulary expan-
sion. By spectrally merging subtoken embed-
dings and aligning them via closed-form regres-
sion, SEAM preserves phonetic order and reduces
sample complexity by up to 4x across languages
and architectures. While dependent on subtoken
decomposability and IPA transliteration, SEAM
offers a lightweight, reproducible pathway to stabi-
lize early-stage TTS adaptation.
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as part of the ITMO University Research Projects
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6 Limitations

Despite its data efficiency, SEAM operates within
three primary constraints:

* Subtoken & IPA Dependency: Initialization
requires reliable decomposition into known
subtokens. For non-Latin scripts or languages
lacking robust IPA transliteration tables, map-
ping errors may propagate to the conditioning
space.

* Fine-Tuning Requirement: SEAM ad-
dresses the initialization bottleneck but does
not replace downstream adaptation; acoustic
alignment still requires paired target-language
audio but much less than other initialization
methods.

* Evaluation Variance in Extreme Low-
Resource Regimes: At very small budgets,
word-level overlap between training and test
splits can inflate metrics non-monotonically,
as observed for Kazakh.

7 Ethical Considerations

SEAM aims to reduce barriers for low-resource lan-
guage TTS, promoting equitable access to speech
technology. However, like all voice synthesis meth-
ods, it carries dual-use risks: malicious actors could
exploit improved initialization for unauthorized
voice cloning or disinformation. We mitigate this
by releasing only embedding initialization code
not full model weights and requiring explicit con-
sent for any deployment involving human voices.
All experiments use publicly available, ethically
sourced corpora. We encourage adopters to fol-
low local regulations and community guidelines,
particularly when working with under-documented
languages.
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A Theoretical Overview

A.1 Continuity Principle and Acoustic
Stability

Let C C RY denote the pretrained conditioning
space and X C RP the acoustic output space. The
TTS generator defines a stochastic mapping x =
®y(c,z), where ¢ € C is a conditioning vector and
z ~ N(0,1) represents diffusion or autoregressive
noise. Under standard regularity conditions for
modern generative audio models, the conditional
expectation operator is Lipschitz continuous (Chen
et al., 2023):

Assumption 1 (Lipschitz Continuity). There exists
a constant L > O such that for all c,, ¢y, € C:

|E2[®6(Ca, 2)] = Eq[@o(ch, 2)] ||, < Lllca—cbl2-
(5)

Intuition for TTS. Assumption 1 formalizes a fun-
damental property of stable generative models: the
acoustic output space is metrically aligned with the
conditioning manifold. Consequently, large or er-
ratic perturbations to a token embedding can cause
disproportionate acoustic artifacts, distributional
shift, or gradient instability during fine-tuning. To
mitigate this, the embedding c; for a novel to-
ken must be constructed as a smooth, structure-
preserving function of its subtoken embeddings
{e; = E(s;)}",. By enforcing temporal order
and spectral smoothness (Section 3.2), SEAM en-
sures that ||c; — Cyef||2 remains small for phoneti-
cally similar tokens, thereby bounding the expected
acoustic deviation during early adaptation stages
and stabilizing optimization from step zero.

A.2  Order-Sensitivity Analysis
Proposition 1 (Order sensitivity; sufficient condi-

tions). Let

S =[s1;...;8,] € R™*4, m > 2,

and let

STV = [$m; .. .3 81]

denote the linearly reversed sequence. Let

Ko — min (K {%J + 1) ©6)

denote the number of unique retained DFT bins.
Suppose that:

I Kegg > 2;

2. at least one retained non-DC bin is
reversal-asymmetric, i.e., there exist k €
{1,..., Keg — 1} and embedding dimension
J such that

efZﬂik(mfl)/m g][k]* 7& Sj[k], )

3. the projection matrix W does not annihilate
the corresponding feature difference.

Then
Y(S™) £ U(S). ®)

Proof. For each embedding dimension j, define
the DFT coefficient

m—1

Si[k] =Y Sj[n] e~ 2mkn/m. )

n=0

For the linearly reversed sequence S™[n| =
S[m — 1 — n], the DFT satisfies

m—1
Sr;eV[k,] _ Z Sj [m 1 n] e—27rikn/m
n=0

_ e—27rik(m—1)/m S[T’] eQwik‘r/m

_ 6727rik(m71)/m Aj [—k]
_ e—27rik(m—1)/m5«j [k‘]*, (10)
where the last equality follows because each em-
bedding dimension is real-valued.

Thus, reversal changes the complex phase struc-
ture of the retained spectrum. For real-valued em-
bedding dimensions, this generally affects the imag-
inary components retained by ¢(S). If at least one
retained non-DC frequency component is reversal-
asymmetric, then

P(5™) # o(5). (11)

If, in addition, VW does not annihilate this differ-

ence, i.e.,

W (¢(5™) —

¢(5)) # 0, (12)

then
U(S™) = Wo(S™)+b# Wo(S)+b=T(S).

(13)
O

5342



This is a sufficient-condition statement rather
than an unconditional guarantee. If all retained
spectral coefficients are reversal-invariant, for ex-
ample when only the DC component or other per-
fectly symmetric components are retained, the oper-
ator may map S and 5™V to the same conditioning
vector. The proposition therefore requires asym-
metry in at least one retained non-DC frequency
bin.

Choice of K and 0. We set K = 4 as the default
maximum number of retained frequency bins and
o = 2.0. For short subtoken sequences, K should
be interpreted as an upper bound: the number of
unique retained DFT coefficients is effectively
Keg = min (K, {%J + 1) .
The low-pass argument is strongest when the se-
quence length permits Ko < m/2, so that the
retained coefficients remain well below the Nyquist
region where boundary artifacts dominate. For
very short decompositions, the sufficient condi-
tions of Proposition 1 may not hold, and the order-
sensitivity claim is instead supported empirically
by the order-perturbation ablation in Table 3.
Empirical spectral analysis (Figure 3) shows that
cumulative energy exceeds 99% by k = 3, indicat-
ing that the subtoken embedding trajectory is effec-
tively bandlimited. Retaining bins k£ € {0, 1,2, 3}
therefore preserves the dominant low-frequency
phonetic structure while strongly attenuating high-
frequency boundary artifacts. The Gaussian gain
with o = 2.0 satisfies

G(k) = exp (—2‘;) ,

giving
G(0) = 1.0, G(1) =~ 0.88,
G(2) = 0.61, G(3) = 0.32, G(4) ~ 0.14.

Thus, high-frequency components are suppressed
by more than 85% by k = 4.

B Further Experiments

B.1 Implementation details.

All experiments were conducted on a single work-
station equipped with an NVIDIA RTX 3090 GPU
(24 GB VRAM) and an Intel Core 19-14900K CPU
(24 cores, 32 logical processors, 3.2 GHz base
clock). Training pipelines were implemented using
the Hugging Face transformers and accelerate
ecosystems with mixed-precision (bf16) enabled.

Spectral Energy Decay in Subtoken Embedding Space
1009 ~<

90 A
80
70 A
60 -

Percentage (%)

501 =—e— Cumulative Spectral Energy

==+ K=4 cutoff (bins 0-3 retained)
——- Gaussian gain (o =2.0)

40

30 -

T T T T T T T T +
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Frequency Bin k

Figure 3: Spectral energy decay in subtoken embed-
ding sequences. Cumulative energy (blue) exceeds 99%
by k = 3, confirming bandlimited compositionality.
The Gaussian filter 0 = 2.0 (green) suppresses high-
frequency noise while retaining bins & € {0,1,2,3}
(red dashed line). This empirically validates (K =
4,0 = 2.0) without hyperparameter tuning.

Chatterbox (0.5B) Fine-Tuning. We perform
full-parameter fine-tuning of the English-only Chat-
terbox base model. Optimization uses AdamW
with a learning rate of 5 x 1074, 10% warmup
steps, and a cosine decay schedule. The per-device
batch size is 8 with 8 gradient accumulation steps
(effective batch size 64) over 1 epoch. Data loading
utilizes 8 workers with pinned memory disabled to
optimize CPU-GPU transfer. All automatic met-
rics are computed post-hoc on the held-out test set.

VibeVoice (1.5B) Fine-Tuning. For cross-
architecture validation, we adapt VibeVoice
using Low-Rank Adaptation (LoRA). We apply
LoRA to all linear projection layers (gq_proj,
k_proj, v_proj, o_proj, gate_proj, up_proj,
down_proj) with rank » = 128 and scaling factor
o = 256. The diffusion head is frozen , and loss
weights are set to 1.4 for the diffusion objective
and 0.04 for cross-entropy. Training uses a
learning rate of 5 x 107>, a cosine scheduler with
3% warmup, maximum gradient norm of 0.8, and
voice prompt dropout of 0.2. The effective batch
size is 16 (4 per device x 4 accumulation steps)
over 3 epochs, with a DDPM set to 10 steps to
stabilize diffusion sampling.

All runs use fixed random seeds for reproducibil-
ity, and hyperparameters are kept constant across
languages to ensure fair comparison.

Ridge Regularization. The ridge regression reg-
ularization coefficient in Eq. 3 is set to A = 1076
for all experiments across all languages and archi-
tectures. This value provides minimal regulariza-
tion sufficient to ensure numerical stability of the
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closed-form solution (Eq. 4) without biasing the
projection away from the least-squares optimum.
No language-specific or architecture-specific tun-
ing of A was performed.

IPA Transliteration Setup. For languages with
non-Latin orthographies, SEAM requires mapping
target-language tokens to an English IPA represen-
tation before subtoken decomposition. We use the
following tools:

* Russian: The transliterate Python library
maps Cyrillic graphemes to their English IPA
equivalents. Standard Russian phonological
rules (vowel reduction, consonant palataliza-
tion) are applied during normalization.

e Kazakh: The qazag_transliterator li-
brary handles Cyrillic-to-Latin conversion,
followed by IPA mapping. Kazakh-specific
vowel harmony and consonant assimilation
rules are respected during transliteration.

* French: Standard orthographic-to-phonemic
normalization is applied, handling liaison, eli-
sion, and nasal vowel conventions.

The resulting IPA strings are segmented using the
original BPE tokenizer that generated V4, ensur-
ing all constituent subtokens belong to the pre-
trained vocabulary.

B.2 ASR Evaluation Baseline

To establish the error floor of our automatic eval-
uation pipeline, we evaluated the pretrained ASR
models on the original, human-recorded audio from
each test set (i.e., ground-truth speech, not syn-
thesized). Table 4 reports the resulting Charac-
ter and Word Error Rates. These values represent
the irreducible lower bound for CER/WER in our
TTS evaluations: synthesized output is unlikely to
achieve a lower error rate than the ASR model’s
performance on clean, native speech.

Table 4: ASR baseline performance on original human-
recorded audio. Lower is better. These values define the
error floor for TTS evaluation.

Language CER (%) WER (%)
Russian 4.88 14.68
French 0.63 3.30
Kazakh 0.98 5.68

These results indicate that the ASR models ex-
hibit high accuracy on French and Kazakh (CER

< 1%), while Russian presents a more challeng-
ing evaluation setting (CER ~ 5%). Consequently,
when interpreting the TTS results in Table 1, the
effective TTS-induced error for Russian should be
understood relative to this 4.88% baseline. For
instance, SEAM’s 7.68% CER at 100h corre-
sponds to an approximate TTS-specific error of
7.68 — 4.88 = 2.80%, confirming that the synthe-
sized speech remains close to human-level intelligi-
bility. This baseline analysis ensures that reported
improvements reflect genuine gains in synthesis
quality rather than artifacts of ASR model variance.

B.3 Evaluation metrics.

In this research, we reported:

* Objective: Character Error Rate (CER) using
pretrained ASR models.

* Efficiency: training data count with the corre-
sponding CER at each count.

e Human:
tion 4.3).

Side By Side (SBS) (see Sec-

B.4 LLM Usage

We acknowledge the use of a large language model
(LLM) for editing aid during manuscript prepa-
ration. The LLM was employed exclusively for
language polishing, including grammar correction,
syntactic refinement, and improving the clarity and
formatting of figures and visualizations.

B.5 Ablation: Sensitivity to Dataset Splits

To evaluate SEAM’s sensitivity to training data
composition, we conduct an ablation study on
the Kazakh corpus using three independent ran-
dom splits. Each split preserves the same dataset
size, speaker diversity, and phonemic coverage
while varying the exact utterance selection. All
models are fine-tuned under identical optimiza-
tion schedules and evaluated on a fixed held-out
test set. Performance remains highly consistent
across partitions: the WER ranges from 14.97% to
16.51% (mean: 15.61%, o0 = 0.66) and the CER
ranges from 4.79% to 5.67% (mean: 5.27%, 0 =
0.36). The low standard deviations (03/zg = 0.43,
G%ER = 0.13) confirm that SEAM’s performance
is robust to partition-level variations in the training
data. The low standard deviation across splits indi-
cates that SEAM’s initialization is robust to dataset
composition and does not rely on high-quality sub-
sets.
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Non-Monotonic Kazakh Trend (5h — 25h). Ta-
ble 1 reveals a counter-intuitive increase in CER
from the 5h to the 25h budget for Random and
Mean initialization on Kazakh (e.g., Random:
11.62% — 32.60%). We clarify that this non-
monotonic behavior is an artifact of word-level
(token-level) lexical overlap between the training
and test splits, rather than a failure of model ca-
pacity. Although we enforce strict utterance-level
disjointness between training and test sets, in ex-
tremely low-resource regimes the specific utter-
ances randomly sampled for the 5h subset may
contain a higher density of words that also appear
in the 100-utterance test set, artificially inflating
performance metrics. Conversely, the 25h subset
introduces greater lexical diversity and reduced
overlap with the test set, making evaluation inher-
ently harder. Critically, this pattern is consistent
across all initialization methods, SEAM also ex-
hibits a modest increase (4.99% — 5.26%) con-
firming that the trend is driven by data composi-
tion rather than any method-specific deficiency. At
100h, all methods stabilize, and SEAM achieves its
lowest Kazakh CER of 4.39%, well above the ASR
error floor of 0.98% (Table 4).

B.6 Ablation: Cross-Architecture
Generalization

To assess the architectural agnosticism of our ap-
proach, we apply SEAM to VibeVoice, a decoder-
based speech model. We fine-tune VibeVoice on a
5-hour Russian corpus using three embedding ini-
tialization strategies. As shown in Table 5, SEAM
achieves a CER of 6.14%, significantly outperform-
ing both average (8.34%) and random (9.26%) ini-
tialization. This result confirms that SEAM’s em-
bedding quality generalizes beyond the primary
architecture, maintaining a consistent performance
advantage under low-resource fine-tuning condi-
tions.

Table 5: CER (%) for VibeVoice fine-tuned on Russian
(5 hours) under different embedding initialization strate-
gies. Lower is better.

Language Initialization Hours CER (%)
Russian Random 5 9.26
Russian Average 5 8.34
Russian SEAM (Ours) 5 6.14

B.7 Ablation: Audio-Guided Initialization

To assess whether incorporating target-language
audio during initialization improves upon SEAM’s

zero-audio design, we conduct an ablation com-
paring zero-audio SEAM against an audio-guided
variant. We note that, to the best of our knowl-
edge, no prior published work proposes an inde-
pendent audio-guided initialization method specif-
ically for vocabulary expansion in autoregressive
transformer-based TTS. We therefore position this
experiment as an ablation validating the zero-audio
property, rather than a comparison against an exist-
ing baseline.

The Audio-Guided variant proceeds in two
stages: (1) SEAM initialization is applied iden-
tically to the zero-audio setting; (2) the newly ini-
tialized embeddings and the LM head are further
refined via AdamW optimization on 1 hour of cali-
bration audio from the target language before the
main fine-tuning phase begins.

Results. Table 6 reports the training loss dynam-
ics for both variants on Russian (5h budget).

Table 6: Training loss dynamics: Zero-audio SEAM vs.
Audio-Guided variant (Russian, Sh). The audio-guided
variant exhibits severe optimization instability.

Variant Initial Loss  Final Loss
SEAM (Zero-Audio) 10.2 ~4.0
Audio-Guided 7.2 ~10.0

While audio-guided refinement achieves a lower
initial training loss (7.2 vs. 10.2), it introduces se-
vere optimization instability. The refinement step
causes embedding norms to inflate to atypical val-
ues, distorting the geometric alignment established
by SEAM’s closed-form calibration. When the
main fine-tuning phase begins from this checkpoint,
the loss spikes from 7.2 to 15.0 before slowly re-
covering to approximately 10.0 still substantially
worse than zero-audio SEAM’s converged loss of
~4.0. In contrast, zero-audio SEAM converges
smoothly and monotonically from 10.2 to ~4.0.

This result demonstrates that SEAM’s zero-
audio initialization is not merely a convenience but
a deliberate design choice. The closed-form ridge
regression produces embeddings that are geomet-
rically well-calibrated to the pretrained manifold;
subsequent audio-guided refinement disrupts this
calibration, causing the model to fall into a poor lo-
cal minimum that requires significantly more data
to escape. The absence of any independent audio-
based initialization baseline in the literature further
underscores that SEAM’s zero-audio property fills
a genuine methodological gap.
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C Side-by-Side (SBS) Human Evaluation
Guidelines

Annotators evaluated synthesized audio samples
using a Side-by-Side (SBS) preference framework,
focusing on two orthogonal dimensions: Realism
(acoustic naturalness) and Linguistic Correctness
(fidelity to orthographic and phonological norms
of the target language). Below are the standardized
criteria and decision protocols provided to annota-
tors.

C.1 Dimension 1: Realism (Naturalness)

Annotators rated each sample on a 5-point scale.
The following anchors guided the assessment:

* 5 (Excellent): Indistinguishable from profes-
sional human speech. Prosody is fluid, timbre
is natural, and paralinguistic cues (e.g., breath,
micro-pauses) are appropriately integrated.

* 4 (Good): Largely natural but exhibits mi-
nor artifacts, such as slight pitch irregularities,
mild robotic timbre, or subtle prosodic mis-
matches (e.g., flattened intonation on interrog-
atives). Comprehension remains effortless.

e 3 (Fair): Noticeable synthesis artifacts or
pacing irregularities (e.g., unnatural pauses,
fragmented rhythm), but speech remains fully
intelligible. Pronunciation may occasionally
mismatch syntactic context.

* 2 (Poor): Severe articulation errors, phoneme
hallucinations, or repetitive stuttering. Speech
is strained or partially unintelligible, signifi-
cantly impeding comprehension.

* 1 (Bad): Highly robotic, garbled, or com-
pletely unintelligible. Contains nonsensical
syllable sequences or arbitrary breaks that de-
stroy syntactic coherence.

C.2 Dimension 2: Linguistic Correctness

Linguistic correctness measures adherence to the
phonological, morphological, and orthographic
conventions of the target language (French, Kazakh,
or Russian). Annotators identified and penalized
the following error categories:

¢ Phoneme & Stress Accuracy:

— Russian/Kazakh: Correct realization of
vowel reduction (akanye), palatalization
(soft vs. hard consonants), and lexical

stress placement. Misplaced stress that
changes word meaning is a critical error.

— French: Correct liaison, elision, and
nasal vowel production. Failure to apply
obligatory liaison (e.g., les_amis) or in-
correct nasalization (e.g., bon vs. bonne)
is penalized.

— Kazakh: Accurate pronunciation of
vowel harmony and consonant assimi-
lation rules. Errors in front/back vowel
alignment within a word constitute a lin-
guistic error.

* Lexical & Orthographic Fidelity:

— Any substitution, omission, or addition
of words compared to the reference text
is penalized.

— Numbers, abbreviations, and proper
nouns must be pronounced according to
target-language conventions (e.g., Rus-
sian: “1995” — tysyacha devyatsot de-
vyanosto pyat’; French: “M. Dupont” —
monsieur Dupont; Kazakh: “2024” —
eki myn jiyrma tort).

— For Cyrillic scripts (Russian/Kazakh),
the model must distinguish visually simi-
lar letters with distinct phonemes.

* Prosody & Intonation:

— Intonation contours must match sentence
type (e.g., rising pitch for questions in
French/Russian; declarative fall for state-
ments).

— Sentence-level stress and phrasing
should reflect syntactic boundaries.
Arbitrary pauses within phrases or
unnatural emphasis on function words
are penalized.

C.3 Scoring and Preference Decision

For each side-by-side trial, annotators assessed
both Model A and Model B against the above cri-
teria. The final preference was determined as fol-
lows:

e If one model demonstrated significantly
higher realism and/or fewer linguistic errors,
it was selected as preferred.

* If both models exhibited comparable levels of
quality and error rates, the annotator selected
“Tie.”

5346



* Each linguistic error (phoneme, stress, lexical,
or prosodic) resulted in a proportional down-
grade in the overall quality assessment for that
sample.

* Annotators were instructed to prioritize intel-
ligibility over minor prosodic artifacts when
making close calls.

Annotator Instructions.

1. Listen to both samples (A and B) for the same
input text before making a decision.

2. Evaluate each dimension independently, then
aggregate for the final preference.

3. If audio quality issues (e.g., clipping, back-
ground noise) affect both samples equally, ig-
nore them and focus on synthesis artifacts.

4. When in doubt, select “Tie” rather than guess-
ing.

Statistical Reliability. To quantify the reliabil-
ity of the SBS preferences, we analyze the aggre-
gate preference counts (N = 125 per language;
5 annotators x 25 samples), excluding ties. We
compute the SEAM preference proportion among
non-tie judgments and report 95% Wilson confi-
dence intervals (Table 7). An exact binomial test
against the null hypothesis of equal preference
(p = 0.5) indicates that SEAM’s preference is
statistically significant across all three languages:
Russian (p = 0.041), Kazakh (p = 0.002), and
French (p < 0.001). This confirms the robustness
of the perceptual quality gains.

Lang. SEAM % (Non-Tie) 95% CI p-val
Russian 61.4% [50.4,71.4] 0.041
Kazakh 65.1% [55.6,73.6] 0.002
French 70.6% [60.2,79.2] <.001

Table 7: SBS preference statistics (N = 125 per lan-
guage; 5 annotators X 25 samples). “SEAM % (Non-
Tie)” represents the preference rate excluding ties. 95%
Wilson confidence intervals and exact binomial p-values
(against p = 0.5) demonstrate statistical significance
across all evaluated languages.

D Extended Related Work

Cross-Lingual and Zero-Shot TTS Adaptation.

Recent advances in zero-shot and cross-lingual

TTS have dramatically expanded speaker and lan-
guage coverage. Models such as VALL-E, Voice-
Craft, and CosyVoice leverage discrete acous-
tic tokenizers and autoregressive or diffusion-
based decoding to synthesize speech from short
prompts (Wang et al., 2023; Peng et al., 2024;
Du et al., 2024). While highly effective for well-
resourced languages, their adaptation to under-
documented languages remains constrained by
the need for paired text-speech data or language-
specific phoneme inventories . Cross-lingual trans-
fer methods typically rely on shared phoneme
spaces, speaker-invariant conditioning, or meta-
learning for rapid alignment (Casanova et al., 2022).
However, these approaches still require substantial
target-language fine-tuning to stabilize novel to-
ken embeddings, leaving the foundational step of
vocabulary expansion underexplored.

Vocabulary Expansion and Subtoken Initial-
ization. The standard pipeline for handling out-
of-vocabulary (OOV) tokens decomposes unseen
units into known subtokens via byte-pair encod-
ing (BPE) or phoneme-grapheme mappings, then
initializes embeddings using random draws or arith-
metic mean pooling (Tikhomirov and Chernysheyv,
2024). While computationally trivial, mean pool-
ing is permutation-invariant and discards the se-
quential articulatory structure essential to speech
synthesis.

Positioning. SEAM bridges these research
threads by introducing a unified, zero-audio
pipeline that combines spectral low-pass filtering
with closed-form ridge regression. Unlike iterative
alignment methods, SEAM computes the optimal
projection analytically, ensuring geometric stability
from step zero. By explicitly retaining DFT phase
information, it overcomes the permutation invari-
ance of mean pooling while avoiding the data de-
pendencies of contrastive alignment. This positions
SEAM as a lightweight, theoretically grounded
complement to modern zero-shot and cross-lingual
TTS frameworks, specifically targeting the sample-
efficiency bottleneck in vocabulary expansion.
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