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Abstract

Voice imitation aims to transform source
speech to match a reference speaker’s timbre
and speaking style while preserving linguistic
content. A straightforward approach is to train
on triplets of (source, reference, target), where
source and target share the same content but
target matches the reference’s voice characteris-
tics, yet such data is extremely scarce. Existing
approaches either employ carefully designed
disentanglement architectures to bypass this
data scarcity or leverage external systems to
synthesize pseudo-parallel training data. How-
ever, the former requires intricate model design,
and the latter faces a quality ceiling when syn-
thetic speech is used as training targets. To ad-
dress these limitations, we propose MimicL.M,
which takes a novel approach by using syn-
thetic speech as training sources while retaining
real recordings as fargets. This design enables
the model to learn directly from real speech
distributions, breaking the synthetic quality
ceiling. Building on this data construction ap-
proach, we incorporate interleaved text-audio
modeling to guide the generation of content-
accurate speech and apply post-training with
preference alignment to mitigate the inherent
distributional mismatch when training on syn-
thetic data. Experiments demonstrate that Mim-
icLM achieves superior voice imitation quality
with a simple yet effective architecture, sig-
nificantly outperforming existing methods in
naturalness while maintaining competitive sim-
ilarity scores across speaker identity, accent,
and emotion dimensions.

1 Introduction

Voice imitation aims to transform source speech

to match a reference speaker’s voice characteris-

tics while preserving the linguistic content. Un-
1 Corresponding author.

Resources available at https://fff-ttt.github.io/
MimicLM_demo/

like voice conversion that focuses solely on timbre
transfer (Sisman et al., 2020), voice imitation ad-
ditionally captures the complete speaking style in-
cluding prosodic and expressive patterns (Liu et al.,
2020; Zhou et al., 2022; Zhang et al., 2025).

A straightforward approach is to train on triplets
(source, reference, target), where source and tar-
get share the same linguistic content but differ in
speaker identity, while reference provides the tar-
get speaker’s voice characteristics. However, such
triplet data is extremely scarce in real-world speech
corpora (Yoshino et al., 2016), and manual collec-
tion at scale remains prohibitively expensive.

Existing methods address this parallel data bot-
tleneck through two primary strategies. The
first approach bypasses the need for parallel data
by explicitly disentangling content, timbre, and
prosody through specialized architectural compo-
nents (Qian et al., 2019, 2020; Ju et al., 2024,
Zhang et al., 2025). While effective, these meth-
ods require multi-stage training with carefully bal-
anced objectives and complex inference pipelines
involving multiple learned modules (Ju et al.,
2024; Lajszczak et al., 2024). The second ap-
proach leverages external zero-shot text-to-speech
(TTS) (Wang et al., 2023a; Anastassiou et al., 2024;
Du et al., 2024; Wang et al., 2024) or voice con-
version (VC) (Qin et al., 2023) systems to con-
struct pseudo-parallel training pairs by generating
synthetic speech with different speaker characteris-
tics, creating (real source, real reference, synthetic
target) triplets (Li et al., 2025; Tu et al., 2025).
However, since the model learns to reproduce these
synthetic targets, its output quality is inherently
bounded by the external system’s capabilities. Re-
cent advances attempt to preserve real speech as tar-
gets to overcome this ceiling. SeedVC (Liu, 2024)
employs an external voice conversion system (Qin
et al., 2023) to generate timbre-perturbed inputs
paired with real targets, but initially focuses solely
on timbre transfer rather than complete speaking
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style imitation, and requires an external model dur-
ing training. SynthVC (Guo et al., 2025) trains on
synthetic sources with real targets, yet is limited to
a fixed set of speakers and exhibits lower natural-
ness than its external VC system (Liu, 2024). These
limitations motivate the need for a zero-shot voice
imitation approach that learns from real speech dis-
tributions without sacrificing naturalness.

To address these limitations, we introduce a
novel data construction strategy: inverting the role
of synthetic speech from training targets to train-
ing sources. Specifically, given a real utterance
spoken by speaker A, we use a TTS model (Du
et al., 2024) to re-synthesize the same linguistic
content in a different voice (speaker B). We then
construct training triplets where the synthetic utter-
ance serves as the source, another real recording
from speaker A serves as the reference, and the
original real utterance becomes the farget. The
model learns to transform the synthetic source to
match the reference speaker’s voice while preserv-
ing content. This construction is valid because the
source and target share identical textual content by
design. By learning to generate real human speech
rather than synthetic outputs, MimicLM breaks
the quality ceiling that constrains methods trained
on synthetic targets. Moreover, since both refer-
ence and target come from real recordings of the
same speaker, the model implicitly learns to capture
and transfer voice characteristics without requir-
ing explicit feature extraction or disentanglement.
However, this inversion introduces new challenges:
training on synthetic inputs while performing in-
ference on real inputs creates a distributional gap
that leads to systematic performance degradation
in real-world conditions. Additionally, voice im-
itation itself is inherently more challenging than
timbre-only voice conversion: transforming both
timbre and prosodic patterns simultaneously alters
the temporal structure of speech, making it harder
to preserve linguistic content and often resulting in
higher word error rates (WER). This elevation is
an inherent characteristic of voice imitation, also
observed in prior work (Zhang et al., 2025).

To address these challenges, we propose Mimi-
cLM, an end-to-end voice imitation model incorpo-
rating two key techniques. First, to mitigate con-
tent corruption when transforming complete speak-
ing styles, we incorporate interleaved text-audio
modeling: text tokens are interleaved with audio
tokens in the input sequence, providing explicit
content anchors that guide the model to preserve

semantic information during voice transformation.
Second, to bridge the synthetic-to-real gap (Su
et al., 2024), we apply preference alignment dur-
ing post-training. Specifically, we conduct post-
training by feeding the model real source-reference
pairs, sampling multiple candidate outputs, and
ranking them by WER. These ranked candidates
form preference pairs that guide the model to gen-
erate content-faithful, natural outputs when pro-
cessing real speech, effectively adapting it from
the synthetic-input training regime to real-world
conditions.

Experimental results demonstrate that MimicLM
achieves strong naturalness while maintaining com-
petitive similarity to state-of-the-art voice imitation
systems. Notably, preference alignment yields a
significant reduction in WER on real inputs, ef-
fectively bridging the distributional gap. Further-
more, scaling analysis reveals consistent improve-
ments as data volume increases, suggesting substan-
tial potential for further gains with larger datasets.
Our main contributions are: (1) We propose a
role-swapping data construction strategy that uses
TTS-generated speech as source inputs and real
recordings as targets, enabling scalable training
while learning from high-quality real speech dis-
tributions. (2) We introduce interleaved text-audio
modeling and preference alignment to address the
intelligibility degradation and distributional gap
inherent in role-swapped training. (3) Through
extensive evaluation, we demonstrate that this uni-
fied framework achieves competitive performance
across naturalness, intelligibility, and similarity,
offering a conceptually simpler alternative to com-
plex disentanglement-based architectures.

2 Related Work

2.1 From Timbre to Voice Imitation

Voice conversion (VC) traditionally transforms
only speaker timbre while preserving content and
prosody (Sisman et al., 2020), whereas voice im-
itation (VI) reproduces both timbre and speaking
style (Zhang et al., 2025).

Early VI work used sequence-to-sequence mod-
els (Zhang et al., 2019; Wang et al., 2023b) or
explicit prosody modeling (Choi et al., 2023; Lee
et al., 2025). Recently, zero-shot TTS (Wang et al.,
2023a; Anastassiou et al., 2024; Wang et al., 2024;
Ju et al., 2024; Du et al., 2024) has become dom-
inant but requires external ASR (Radford et al.,
2022) for speech-to-speech scenarios, introducing
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Figure 1: Overview of MimicLM architecture for voice imitation. The model processes reference audio (ref token)
for target timbre/style and source audio (src token), then generates the conversion farget in two phases: a chunked
phase with interleaved text-audio prediction, followed by a continuous phase for remaining speech tokens. Both the
audio tokenizer and decoder are frozen during training (snowflake icons). Special control tokens are annotated at

bottom right.

latency and error propagation.

Recent work has revisited VI from the VC per-
spective through direct speech-to-speech transfor-
mation. Vevo (Zhang et al., 2025) achieves state-
of-the-art results using VQ-VAE information bot-
tlenecks (Van Den Oord et al., 2017). Similarly,
SeedVC (Liu, 2024) introduced a new version with
explicit quantization and ASR-supervised feature
learning to better support VI tasks. We explore
whether simpler end-to-end VC architectures can
achieve voice imitation by rethinking training data
construction and model design.

2.2 Addressing Parallel Data Scarcity

A fundamental bottleneck in training speech-to-
speech conversion models is the scarcity of natu-
rally parallel data. Recent approaches construct
pseudo-parallel training pairs through two strate-
gies.

Learning from Synthetic Targets. StarVC (Li
etal., 2025) employs a VC system (Qin et al., 2023)
to generate speaker variations, while O_O-VC (Tu
et al., 2025) uses multi-speaker TTS (Kim et al.,
2021) to synthesize paired speech from the same
linguistic content. While enabling scalable training,
these approaches inherit quality limitations from
their external synthesis systems.

Learning from Real Targets. Recent work pre-
serves real speech as training targets. SeedVC (Liu,
2024) applies timbre perturbation via external
VC (Qin et al., 2023), reducing timbre leakage but
requiring auxiliary models. SynthVC (Guo et al.,
2025) trains on synthetic sources with real targets

but supports only fixed speaker sets rather than
zero-shot conversion. We instead propose zero-
shot voice imitation that learns from real rargets
while capturing both timbre and speaking style,
achieving natural output unconstrained by external
TTS quality.

2.3 Disentanglement or End-to-End Learning

Current approaches rely on explicit disentan-
glement through knowledge distillation (Polyak
et al., 2021; Ju et al., 2024), information bottle-
necks (Qian et al., 2019; Zhang et al., 2025), or
acoustic perturbation (Choi et al., 2021). How-
ever, complete disentanglement remains difficult
and requires multi-stage training with adversarial
objectives (Ju et al., 2024; Lajszczak et al., 2024).

The availability of pseudo-parallel data enables
end-to-end learning that bypasses explicit disentan-
glement. Large-scale models (Wang et al., 2023a;
Le et al., 2023; Anastassiou et al., 2024) demon-
strate that in-context learning can implicitly capture
speaker characteristics when sufficient paired data
is available.

3 MimicLM

3.1 Overview

As illustrated in Figure 1, our system consists of
three components: (1) a frozen audio tokenizer
that converts waveforms to discrete tokens, (2) a
decoder-only Transformer that transforms source
tokens to target tokens conditioned on reference,
and (3) a flow-matching-based decoder that recon-
structs waveforms. We adopt the tokenizer and
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Figure 2: Four-stage pipeline for pseudo-parallel data construction. We randomly sample two speakers with their
utterances (Stage 1), synthesize cross-speaker audio using TTS (Stage 2), apply role-swapping to ensure real speech
serves as training farget (Stage 3), and filter low-quality pairs via ASR-based verification (Stage 4).

decoder from CosyVoice 2.0 (Du et al., 2024),
which produces 25 tokens per second. Our ap-
proach achieves effective voice imitation through
three key designs: (1) a role-swapping strategy
that constructs pseudo-parallel training pairs with
real speech as targets (Section 3.2), (2) inter-
leaved text-audio modeling that enhances content
fidelity through explicit textual representation (Sec-
tion 3.3), and (3) preference alignment that bridges
the synthetic-to-real distribution gap during infer-
ence (Section 3.4).

3.2 Pseudo-Parallel Data Construction

Motivation. Parallel voice conversion corpora,
recordings of the same content spoken by differ-
ent speakers, are scarce (Yoshino et al., 2016),
and manual collection is expensive and time-
consuming. Recent zero-shot TTS models (Wang
et al., 2024; Du et al., 2024; Xie et al., 2025; Zhou
et al., 2025) offer a scalable alternative through syn-
thetic data generation, but using synthetic speech
as training objects introduces a quality ceiling. We
address this through a role-swapping strategy that
uses real speech as targets while leveraging TTS
for content transformation.

Four-Stage Pipeline. As shown in Figure 2, our
data construction pipeline comprises four stages:
Stage 1: Random Speaker Pairing. From the
filtered Emilia dataset (He et al., 2024) containing
over 620K English-speaking speakers (each with
at least four utterances), we randomly sample two
speakers, denoted as spk1 and spk2, and retrieve
three utterances: two adjacent utterances Utt_A1

and Utt_A2 from spk1, and one utterance Utt_B1
from spk2.

Stage 2: Cross-Speaker Synthesis. We em-
ploy CosyVoice 2.0 (Du et al., 2024), a zero-shot
TTS model, to synthesize speech Syn_B1 using the
text content of Utt_A1 (e.g., “I am so happy”) and
the timbre/style reference from Utt_B1. A conven-
tional approach would construct a training triplet
(Utt_A1,Utt_B1, Syn_B1), where the model learns
to map Utt_A1 (source) to Syn_B1 (target) condi-
tioned on Utt_B1 (reference).

However, this configuration suffers from two fun-
damental limitations: (1) Synthetic quality ceiling:
Training the model to generate synthetic speech cre-
ates an upper bound on output quality, as the targets
themselves are imperfect despite advances in mod-
ern TTS systems. (2) Reference-target mismatch:
Syn_B1 may not accurately inherit the timbre and
style from Utt_B1 due to inherent voice cloning
errors in the TTS model, creating inconsistency
between the target and reference during training.

Stage 3: Role-Swapping Strategy. To address
these issues, we propose a role-swapping strategy
that inverts the conventional data configuration.
The key insight is: instead of teaching the model to
convert real speech Utt_AT into synthetic speech
Syn_B1, we teach it to convert synthetic speech
Syn_B1 back into real speech Utt_AT.

Concretely, we construct the training triplet as
(Syn_B1, Utt_A2, Utt_A1), where Syn_B1 serves
as the source (synthetic speech providing content),
Utt_A2 as the reference (real speech from spki
providing target timbre/style), and Utt_A1 as the
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target (real speech from spk1 as ground truth out-
put).

This inversion is valid because Syn_B1 and
Utt_AT1 share the same textual content by construc-
tion (Stage 2), making the task equivalent to voice
conversion. This design brings two key advan-
tages: (1) Real speech targets: The model learns
to generate real human speech directly, removing
the quality ceiling imposed by synthetic training
objects and potentially exceeding the quality of the
TTS system used for data construction. (2) Bet-
ter reference alignment: Since Utt_A1 (target) and
Utt_A2 (reference) are both from spk1, they nat-
urally share the same speaker identity and exhibit
similar timbre and style characteristics. This re-
duces the reference-target mismatch present in the
conventional approach, where the synthetic farget
may deviate from the reference due to TTS cloning
eITorS.

Stage 4: ASR-Based Quality Control. Prior
to ASR filtering, we apply voice activity detection
(VAD)'! to trim leading and trailing non-speech
segments from the synthesized utterances. This
step addresses a common artifact in TTS-generated
speech, where variable-length silence may pre-
cede the actual spoken content. We then apply
Whisper-large-v3 (Radford et al., 2022) to tran-
scribe both Syn_B1 and Utt_AT, retaining only
pairs with WER below 0.1. This filtering removes
33% of the data, yielding 8.5M high-quality train-
ing triplets (approximately 18K hours). We chose
this threshold to balance data quantity and quality;
a stricter threshold of 0.01 would remove 61% of
the data.

3.3 Interleaved Text-Audio Modeling

Motivation. Recent work in speech language
models has demonstrated that incorporating text
prediction as an auxiliary task significantly im-
proves speech intelligibility (Xie and Wu, 2024;
Ding et al., 2025; Xiaomi, 2025). For voice imi-
tation tasks, this is particularly important: unlike
timbre-only conversion, imitating speaking style
while preserving content fidelity presents greater
challenges to maintaining intelligibility. We there-
fore adopt an interleaved text-audio architecture
where textual predictions provide semantic guid-
ance during audio synthesis. As shown in Table 4,
this design substantially reduces WER compared
to audio-only training.

1https ://huggingface.co/nvidia/frame_vad_
multilingual_marblenet_v2.0

Interleaved Sequence Construction. We extend
Qwen2’s (Yang et al., 2024) vocabulary with 6,561
speech tokens from CosyVoice 2.0’s frozen au-
dio tokenizer (Du et al., 2024) and special con-
trol tokens for sequence management. As illus-
trated in Figure 1, the input sequence consists of
three components: (1) reference tokens providing
target timbre/style, (2) source tokens prefixed by
<|SOURCE_START | >, and (3) interleaved text-audio
chunks representing the conversion farget. This
sequence operates in two phases:

Chunked Phase. We alternate between text
chunks and audio chunks with sizes Ciex = 5 and
Cadio = 25 respectively. Each text chunk is en-
closed by <| TEXT_START|> and <| TEXT_END | > to-
kens (omitted in Figure 1 for clarity), immediately
followed by the corresponding audio chunk. This
1:5 ratio is deliberately designed: while natural
temporal correspondence exhibits approximately
three text tokens per 25 audio tokens (reflecting se-
mantic density differences), we increase text chunk
size to five, ensuring text predictions temporally
lead audio synthesis. This temporal offset allows
the model to leverage richer textual context as guid-
ance for more intelligible audio generation.

Continuous Phase. After the chunked phase,
any remaining content is generated continuously:
remaining text tokens between <|REMAIN_START |>
and <|TEXT_END | >, followed by remaining audio
tokens ending with <|REMAIN_END|>. This two-
phase design accommodates variable-length inputs
while maintaining structured guidance during the
critical chunked generation phase.

Dual-Task Learning. The model is trained
to simultaneously predict text and audio to-
kens. For loss computation, control tokens
following text chunks (<|TEXT_END|>) con-
tribute to text loss, while those following audio
tokens (<|TEXT_START|>, <|REMAIN_START|>,
<|REMAIN_END|>) contribute to audio loss. The
training objective is:

L= 0'5£text + 0-5£audioa (1)

where both losses are cross-entropy computed at
their respective token positions.

3.4 Preference Alignment

Motivation. While role-swapping ensures high-
quality rarget speech via real recordings, the source
speech remains synthetic during training. This cre-
ates a distributional mismatch at inference time. As
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shown in Table 3, our SFT model achieves 4.30%
WER when evaluated on Syn/Real pairs (matching
the training distribution), but performance degrades
to 15.80% WER on Real/Real pairs (real-world in-
ference scenario). To bridge this synthetic-to-real
gap (Su et al., 2024), we employ Direct Preference
Optimization (DPO) (Rafailov et al., 2023) to align
the model with real-world acoustic conditions.

Preference Data Construction. We construct
two-stage preference data from 150K speaker pairs
in Emilia. For each (source, reference) pair, we
generate ' = 8 candidate outputs using nucleus
sampling and rank them using automatic metrics
(Section 4.1). Stage 1 uses the base model to gener-
ate candidates and prioritizes speech intelligibility
(WER) to align with real source characteristics. Af-
ter Stage 1 optimization, Stage 2 generates new
candidates and focuses on acoustic similarity in-
cluding voice timbre, accent, and emotional expres-
sion. Full construction details are in Appendix B.

Training Objective.
2023), the DPO loss is:

Following (Rafailov et al.,

_ 7o (Yw|T) 7o (yi]x)
Lppo = —Ep | log ((log Z2kelth —1og Teuln))) ],
2)

where 7y is the policy being optimized, mes is
the frozen reference model (our SFT model), and
(2, yw,y;) denotes the (input, chosen, rejected)
triplet. We set 3 = 0.1 following the default con-
figuration in (Rafailov et al., 2023).

4 Experiments and Results

4.1 Experimental Settings

Training Data. We construct a pseudo-parallel
corpus following Section 3.2 based on Emilia (He
et al.,, 2024), a large-scale multilingual speech
dataset with 1.13M English and 0.91M Chinese
speakers. We select 620K speakers per language
(each with at least four utterances), generating
8.5M English pairs (18K hours) and 0.74M Chinese
pairs (1.6K hours). All experiments use English
data unless noted; multilingual training results are
in Appendix A.

Evaluation Data. We evaluate on two bench-
marks: (1) SeedTTS test-vc-en (Anastassiou et al.,
2024): A zero-shot TTS/VC benchmark from Com-
mon Voice (Ardila et al., 2020). We select all utter-
ances longer than 4 seconds. (2) MimicLM-Test:
To analyze the synthetic-to-real gap, we construct

a diagnostic set with 833 speaker pairs (1,666 utter-
ances) from Emilia. Each pair is evaluated under
three conditions based on input types: Real/Real,
Syn/Real, and Real/Syn, where the format indicates
Source/Reference audio types.

Evaluation Metrics. We employ both objective
and subjective metrics. For naturalness, we use
DNSMOS? (Reddy et al., 2021) to evaluate speech
quality (SIG), background noise (BAK), and over-
all quality (OVRL), and UTMOSV2? (Baba et al.,
2024) for automatic Mean Opinion Score (MOS)
prediction. For intelligibility, we transcribe outputs
with Whisper-Large-v3 (Radford et al., 2023) and
compute Word Error Rate (WER). For similarity,
we compute cosine similarity between embeddings
of generated and reference audio using WavLM-
Large* (Chen et al., 2022) for speaker similarity (S-
SIM), CommonAccent (Ardila et al., 2020) for ac-
cent (A-SIM), and emotion2vec® (Ma et al., 2024)
for emotion (E-SIM). We also conduct subjective
evaluation where human raters score naturalness
(N-MOS), speaker similarity (S-MOS), accent sim-
ilarity (A-MOS), and emotion similarity (E-MOS)
on a 1-5 scale. Details are in Appendix C.

Baselines We compare against open-source state-
of-the-art zero-shot voice conversion systems in
two categories. Timbre-only systems including
CosyVoice 2.0 (Du et al., 2024), FACodec (Ju
et al., 2024), OpenVoice v2 (Qin et al., 2023),
LSCodec (Guo et al., 2024b), and SeedVC (Liu,
2024) transfer speaker identity while preserving
source prosody. Full voice imitation systems in-
cluding SeedVC v2 (Liu, 2024) and Vevo (Zhang
et al., 2025) transfer both timbre and style.

Training and Inference Setup We train the
model in two stages on NVIDIA A800 GPUs.
Stage 1 performs supervised fine-tuning for 4
epochs with effective batch size of 128, learning
rate 5 x 1074, and warmup ratio 0.03. Stage 2
applies DPO alignment with effective batch size of
32, learning rate 1 x 1075, 8 = 0.1, and warmup
ratio 0.05 for 4 epochs. We perform inference in
bfloat16 precision. Text generation uses temper-
ature 0.7, top-p 0.92, and repetition penalty 1.05,
while audio generation uses temperature 0.8, top-p

2https://github.com/microsoft/DNS-Challenge
Shttps://github.com/sarulab-speech/UTMOSV2
4https://github.com/BytedanceSpeech/
seed-tts-eval
Shttps://github.com/dd1BoJack/emotion2vec
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Table 1: Performance comparison on SeedTTS fest-vc-en. We compare our method against two groups of baselines:
(1) Timbre-only systems, and (2) Full Voice Imitation systems (our direct baselines: Vevo and SeedVC v2), which
transfer both timbre and style. “1” indicates higher is better, and “}” indicates lower is better. WER comparison is

only made among voice imitation systems.

Model

Naturalness & Speech Quality

Intelligibility Speaker Similarity

UTMOS+ OVRL+ SIGT BAK{ WER (%)

S-SIMt A-SIMt E-SIM

Timbre-only Voice Conversion

FACodec (Ju et al., 2024) 2.13 3.65 4.22 3.87 4.86 0.372 0.571 0.912
MeanVC (Ma et al., 2025) 2.84 3.65 4.04 4.14 17.82 0.419 0.450 0.909
OpenVoice v2 (Qin et al., 2023) 2.55 4.15 4.47 4.43 4.15 0.424 0.552 0.918
LSCodec (Guo et al., 2024b) 2.84 3.94 433 4.25 8.76 0.445 0.583 0911
CosyVoice 2.0 (Du et al., 2024) 3.04 3.98 4.31 4.38 4.28 0.539 0.647 0.919
SeedVC (Liu, 2024) 2.79 3.71 4.19 4.03 3.25 0.587 0.684 0.922
Full Voice Imitation (Timbre + Style Transfer)

SeedVC v2 (Liu, 2024) 2.94 3.65 4.14 4.01 6.32 0.553 0.653 0.917
Vevo (Zhang et al., 2025) 2.833 3.77 4.27 4.00 9.10 0.652 0.727 0.926
Ours (SFT) 3.31 4.12 443 442 12.80 0.571 0.692 0912
Ours (DPO) 3.22 4.15 4.45 4.45 8.25 0.601 0.699 0.925

Table 2: Subjective evaluation results with Mean Opin-
ion Scores (MOS) on a 1-5 scale. Scores are reported
as mean £ 95% confidence interval.

Model | N-MOS S-MOS A-MOS E-MOS

SeedVCv2 [ 3.14+0.11 3.03+0.12 382+0.12 3.61+0.16
Vevo 3852014 4324013 4.64+0.09 4.23+0.09
Ours (DPO) | 4.71+£0.08 4.62+£0.10 453+0.11 3.94+0.13

Table 3: Synthetic-to-real gap analysis on MimicLM-
Test. Column headers indicate source/reference input
types, where source provides linguistic content and ref-
erence provides target voice. All values are WER (%).

Model | Real/Real Syn/Real Real/Syn
Vevo 17.99 13.90 20.44
Ours (SFT) 15.80 4.30 18.48
Ours (DPO) 13.81 3.63 15.58

0.9, and repetition penalty 1.2. More details are in
Appendix D.

4.2 Main Results

Comparison with Baselines. Table 1 presents
our method’s performance on SeedTTS test-vc-en
against state-of-the-art baselines. Our SFT model is
trained on 8.5M pseudo-parallel pairs (18K hours)
constructed from real speech via role-swapping,
while our DPO model further applies preference
alignment as post-training. Overall, our method
achieves competitive performance across natural-
ness, intelligibility, and similarity metrics. (1) Nat-
uralness and Speech Quality. Our method demon-
strates strong naturalness, with both SFT and DPO
versions achieving competitive scores across qual-

ity metrics. After DPO alignment, these natural-
ness metrics remain stable, indicating that prefer-
ence optimization maintains speech quality while
improving other performance dimensions. (2) In-
telligibility. Voice imitation systems generally ex-
hibit higher WER than timbre-only approaches, as
transforming both timbre and speaking style in-
creases content preservation complexity. Among
full imitation systems, our SFT model’s WER falls
between SeedVC v2 and Vevo. The DPO pro-
cess substantially reduces WER, demonstrating
that post-training alignment on real speech inputs
effectively bridges the synthetic-to-real gap encoun-
tered during inference. (3) Similarity Performance.
Our method achieves competitive similarity perfor-
mance across all dimensions. For speaker identity
similarity (S-SIM), our DPO model outperforms
timbre-only VC systems and achieves results com-
parable to other full imitation methods, surpass-
ing SeedVC v2 and approaching Vevo’s perfor-
mance. For accent similarity (A-SIM), our DPO
model demonstrates advantages over timbre-only
baselines, with performance positioned between
SeedVC v2 and Vevo among full imitation systems.
For emotion similarity (E-SIM), our DPO model
closely matches the best-performing Vevo on this
test set. The consistent improvements from SFT
to DPO across all similarity metrics demonstrate
that preference alignment effectively enhances the
model’s ability to capture comprehensive voice
characteristics. (4) Subjective Evaluation. We con-
duct human evaluation to complement the objec-
tive metrics. As shown in Table 2, our DPO model
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Table 4: Ablation study on key components using base-scale data. RS = Role-Swapping, IT = Interleaved Text
modeling. The baseline uses standard triplets (Utt_AT, Utt_B1, Syn_B1) without IT. RS uses role-swapped triplets
(Syn_B1, Utt_A2, Utt_A1). All configurations are evaluated on SeedTTS test-vc-en. Training hyperparameters

follow the SFT stage setup described in Appendix D.

Configuration | OVRL1T SIGT BAK? | WER(%) | | S-SSIMT A-SIM? E-SIM 1
w/o RS, w/o IT 3.99 4.39 4.25 18.25 0.547 0.678 0.903
w/ RS, w/o IT 4.05 441 4.33 20.69 0.555 0.684 0.910
w/o RS, w/IT 4.03 4.41 4.31 15.34 0.547 0.681 0.896
w/ RS, w/ IT (SFT) 4.11 4.43 4.41 18.64 0.560 0.691 0.913
SFT + DPO 4.12 4.44 4.42 14.73 0.573 0.688 0.905
30 0.58 large (8.5M), keeping architecture and hyperparam-
eters fixed. Figure 3 shows that performance con-
g 251 056 >  sistently improves with scale. The transition from
£ é tiny to base demonstrates strong improvements in
'g 20 L 0.54 @ both WER and speaker similarity, indicating sub-
o % stantial benefits in the small-data regime. As data
5 ;’-,- scale increases further, gains follow typical scaling
=15 05 law patterns with diminishing returns, though nei-
ther metric saturates at the largest scale, suggesting
10 0.50

840K 2.6M 8.5M

Training Samples

Figure 3: Impact of training data scale on WER and
speaker similarity (S-SIM) evaluated on SeedTTS test-
vc-en.

achieves the highest scores in N-MOS and S-MOS.
These subjective results validate the effectiveness
of our approach.

Addressing Synthetic-to-Real Gap. Table 3
quantifies the distributional shift between train-
ing and inference conditions on our diagnostic
set MimicLM-Test. As discussed in Section 3.4,
our SFT model performs well on Syn/Real pairs
(matching the training distribution) but exhibits
substantially higher WER on Real/Real pairs (real-
world inference scenario), confirming the synthetic-
to-real gap. DPO effectively bridges this gap,
achieving the lowest WER across all input con-
figurations and surpassing Vevo under Real/Real
conditions despite Vevo being trained on real
data. Notably, DPO maintains strong performance
on Syn/Real pairs while successfully adapting to
Real/Real pairs, demonstrating that preference op-
timization generalizes across different input distri-
butions without sacrificing quality on the training
domain.

Data Scaling. To investigate scaling behavior,
we train models on datasets of varying sizes: tiny
(100K samples), base (840K), medium (2.6M), and

potential for further improvement with more data.
Notably, WER exhibits steeper improvements than
S-SIM across scales, suggesting that content preser-
vation and voice characteristic modeling may have
different scaling dynamics.

4.3 Ablation Studies

We validate the effectiveness of role-swapping
(RS), interleaved text modeling (IT), and DPO
through systematic ablations on base-scale data
(840K samples). Table 4 presents results on
SeedTTS test-vc-en. All ablated models are trained
from scratch under identical training configura-
tions, ensuring a fair comparison of each compo-
nent’s individual contribution. (1) Role-swapping
(rows 1 vs. 2, rows 3 vs. 4) consistently improves
naturalness and similarity, confirming that real tar-
get speech enhances voice characteristic transfer.
(2) Interleaved text modeling (rows 1 vs. 3, rows
2 vs. 4) substantially reduces WER by provid-
ing explicit linguistic anchors that prevent content
collapse. Their combination in the SFT model
achieves the best naturalness with strong similarity
and reasonable WER, validating synergistic effects.
(3) Preference alignment further reduces WER and
improves speaker similarity while maintaining nat-
uralness. Note that this DPO uses base-scale data
optimized for WER and S-SIM, whereas our main
model uses large-scale data with multi-stage opti-
mization (Section 3.4).

20399



5 Conclusion

We presented MimicLM, a voice imitation system
that learns from real speech distributions by using
synthetic speech as training sources rather than tar-
gets. This role-swapping data construction strategy
breaks the quality ceiling imposed by synthesis
systems while ensuring natural alignment between
references and targets. Combined with interleaved
text-audio modeling for content preservation and
preference alignment for handling real speech in-
puts, MimicLM achieves competitive performance
compared to state-of-the-art systems while offering
a simpler alternative to complex disentanglement-
based architectures. Our work demonstrates that
inverting the role of synthetic data enables effective
voice imitation without sacrificing naturalness or
requiring elaborate architectural designs.

Limitations

Our approach has several limitations worth noting.
First, while avoiding synthetic fargets, our method
still depends on TTS quality for generating training
sources. Poor TTS outputs require filtering (33%
removal rate), potentially limiting data efficiency
and introducing biases from the external synthe-
sis system. Second, despite DPO alignment, our
model exhibits higher WER than timbre-only sys-
tems when processing real inputs, indicating that
the synthetic-to-real gap and the complexity of joint
timbre-prosody transformation remain challenging.
Third, our two-stage pipeline and large-scale data
construction (8.5M pairs with TTS synthesis and
preference optimization) demand substantial com-
putational resources, which may limit accessibility
for researchers with limited budgets. Finally, our
evaluation focuses primarily on English with lim-
ited multilingual analysis. Real-world diversity in
accents, speaking styles, and acoustic conditions
may present challenges not fully covered by cur-
rent benchmarks, warranting further investigation
into edge cases and challenging scenarios.
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A Multilingual Training Results

To demonstrate language generalizability, we train
models on Chinese data constructed following the
same Role-Swapping procedure (Section 3.2). We
generate 740K Chinese pairs (1.6K hours) from
Emilia and evaluate on SeedTTS test-zh (Anastas-
siou et al., 2024), reporting Word Character Error
Rate (CER) for Chinese. Following the English
evaluation setup, we filter the test set to retain only
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Table 5: Performance on Chinese (SeedTTS test-zh)
and English (SeedTTS test-vc-en) test sets for different
training data configurations.

Training Data English Chinese

WER (%)} S-SIM1 CER (%)} S-SIM%
English-only (0.84M) 18.64 0.560
English-only (2.6M) 15.62 0.564 - -
Chinese-only (0.74M) - - 13.16 0.630
Chinese (0.74M) + English (0.84M) 19.49 0.558 12.84 0.632
Chinese (0.74M) + English (2.6M) 15.21 0.566 13.68 0.631

examples with reference utterances longer than 4
seconds.

Table 5 presents results for monolingual and mul-
tilingual training configurations. The Chinese-only
model demonstrates our approach works effectively
for this language. For multilingual training, out-
comes vary with data balance: on Chinese evalua-
tion, adding balanced English data improves perfor-
mance, but disproportionately large English data
causes degradation; on English evaluation, Chinese
data slightly hurts performance with small English
datasets but provides gains with larger ones.

B DPO Preference Pair Construction

We conducted two rounds of DPO training, each
utilizing 150,000 input samples from the training
set. The preference pair construction process con-
sists of two stages:

Stage 1: Candidate Generation. For each
input sample, we employ a multi-process infer-
ence framework to generate 8 candidate responses
(both text and audio). The generation process uses
nucleus sampling with configurable temperature
and top-p parameters for both text (Txy = 0.7,
Prext = 0.92) and audio modalities (7,ugi0 = 0.8,
Paudio = 0.9). The framework supports distributed
inference across 8 GPUs with checkpoint-based
resumption capabilities.

Stage 2: Pareto-Optimal Pair Selection. We
employ a multi-objective optimization strategy
based on Pareto dominance to construct preference
pairs. For each sample, all candidate pairs are eval-
uated using three metrics: (1) Audio WER (lower is
better), measuring speech recognition accuracy; (2)
SIM (higher is better), measuring overall similarity
to the reference; and (3) eSIM (higher is better),
capturing fine-grained similarity.

A candidate c; is considered to dominate co
(forming a chosen-rejected pair) if and only if:

* ¢ is no worse than cs on all metrics (Pareto con-
dition);
* ¢ is strictly better than co on at least one metric;

* The improvement on each metric exceeds a mini-
mum threshold dpin;

* Both ¢; (chosen) and ¢y (rejected) satisfy quality
constraints.

Filtering Criteria. We denote the minimum im-
provement threshold as 6i,, the maximum allowed
value for chosen samples as v5,,,, and the maxi-
mum allowed value for rejected samples as v}, .

The specific criteria are:

Round 1: Audio WER: 6pin = 0.05, v§,, = 0.30,
Vhax = 0.60; SIM: dpin = 0.01, no v, OF Vpax
constraints; eSIM: dpin = 0.01, no v§,, or v} .,
constraints.

Round 2: Audio WER: 6pin = 0.00, v§,,, = 0.30,

Vhax = 0.60; SIM: dpmin = 0.02, no constraints;
eSIM: dnin = 0.02, no constraints.

Round 1 enforces stricter minimum improve-
ments (0min = 0.05 for WER) to ensure high-
quality pairs, while Round 2 relaxes the WER
threshold to 0.00 but increases similarity require-
ments to 0.02, encouraging more diverse training
signals. The quality constraints ensure that cho-
sen samples maintain low WER (< 0.30) while
preventing overly poor rejected samples (WER

< 0.60).

C Subjective Evaluation Protocol

We conduct subjective evaluation on a randomly
selected subset of 20 audio pairs from the SeedTTS
test-vc-en dataset. Each sample is evaluated by
10 trained listeners using a 5-point Likert scale (1:
Bad, 2: Poor, 3: Fair, 4: Good, 5: Excellent).

The evaluation covers four dimensions: Natural-
ness (N-MOS), Speaker Similarity (S-MOS), Ac-
cent Similarity (A-MOS), and Emotion Similarity
(E-MOS). For N-MOS, listeners assess the over-
all naturalness and audio quality of the generated
speech, disregarding any differences in speaker
characteristics or content accuracy. For S-MOS,
listeners evaluate how closely the generated speech
matches the target speaker’s timbre and voice char-
acteristics in the reference prompt, while disregard-
ing differences in content or audio quality. For
A-MOS, listeners assess how well the generated
speech preserves the accent and pronunciation pat-
terns of the target speaker. For E-MOS, listeners
evaluate how closely the generated speech matches
the emotional tone and expressiveness of the tar-
get speaker. For each dimension, listeners are in-
structed to focus solely on that specific aspect while
ignoring other characteristics. The final MOS score
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for each model is computed as the average of all lis-
tener ratings, with confidence intervals calculated
based on the standard error.

D Training Details

Stage 1: Supervised Fine-Tuning We train
the MimicLM model based on the Qwen2.5-
0.5B (Yang et al., 2024) architecture on § NVIDIA
A800 GPUs for 4 epochs. The training config-
uration is as follows: per-device batch size of 4
with gradient accumulation steps of 4, resulting
in an effective batch size of 128. We employ the
AdamW optimizer with a learning rate of 5 x 1074,
B2 = 0.999, weight decay of 0.01, warmup ratio
of 0.03, and cosine learning rate scheduling. The
model uses Flash Attention 2 (Dao, 2024) and gra-
dient checkpointing for training efficiency. The
maximum sequence length is set to 2560 tokens,
and the text and audio loss weights are both set to
0.5. Text chunks and audio chunks are configured
with sizes of 5 and 25 tokens, respectively.

Stage 2: DPO Alignment We perform Direct
Preference Optimization (DPO) training on 4 GPUs
using the checkpoint from Stage 1. The training
runs for 4 epochs with per-device batch size of 4
and gradient accumulation steps of 2, yielding an
effective batch size of 32. We reduce the learn-
ing rate to 1 x 10~ with the DPO j3 parameter
set to 0.1, warmup ratio of 0.05, weight decay of
0.01, and maximum gradient norm clipping of 1.0.
Both training stages utilize bfloat16 mixed preci-
sion training.

E Broader Impact and Potential Risks

While MimicLLM advances voice imitation technol-
ogy for legitimate applications such as personalized
voice assistants, audiobook narration, and accessi-
bility tools, we acknowledge potential misuse risks
that warrant careful consideration.

The primary concern is unauthorized voice
cloning for impersonation or fraud. Our model
can generate speech that imitates a target speaker’s
voice using only a 3-second prompt, which could
potentially be exploited for social engineering at-
tacks, spreading misinformation through fake au-
dio, or creating non-consensual voice replicas. Al-
though our system is designed for research pur-
poses and legitimate use cases, malicious actors
could adapt similar techniques for harmful pur-
poses.

To mitigate these risks, we recommend several
safeguards for practical deployment. First, imple-
ment speaker verification and consent mechanisms
before allowing voice cloning of any individual.
Second, incorporate watermarking or fingerprint-
ing techniques to trace generated audio back to
its source. Third, develop and deploy detection
systems capable of identifying synthetic speech
generated by voice imitation models. Fourth, es-
tablish clear usage policies and legal frameworks
that criminalize unauthorized voice cloning and
impersonation.

We emphasize that voice imitation technology
itself is neutral—its impact depends on how it is
deployed and regulated. The research community,
policymakers, and technology developers must
work collaboratively to ensure these technologies
are used responsibly. We release our work to ad-
vance scientific understanding while encouraging
ongoing dialogue about ethical deployment prac-
tices and appropriate regulatory frameworks.

Our model’s current limitations (higher WER on
real inputs, dependency on high-quality prompts)
provide some natural barriers against trivial misuse,
but these technical limitations should not be relied
upon as primary safeguards. As the technology
matures, proactive measures become increasingly
important to prevent harm while preserving benefi-
cial applications.

F Use of Large Language Models

During the preparation of this manuscript, a Large
Language Model (LLM) was utilized as a writing
aid to improve the overall linguistic quality and clar-
ity. This assistance was confined to copy-editing
tasks, such as correcting grammatical and spelling
errors, rephrasing sentences for enhanced flow and
readability, and ensuring conciseness. All scientific
contributions, including the research ideas, experi-
mental design, analysis, and conclusions presented
herein, are entirely the original work of the human
authors.

G TTS Model Selection

To select the TTS system used for cross-speaker
synthesis in Stage 2, we evaluated several state-of-
the-art open-source zero-shot TTS models on the
SeedTTS test-en and test-zh benchmarks (Anastas-
siou et al., 2024), following the evaluation protocol
in (Wang et al., 2025b). Table 6 reports WER and
speaker similarity (SIM) for each system.
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Table 6: Comparison of zero-shot TTS systems on
SeedTTS test-en and test-zh. Results are from (Wang
et al., 2025b). SIM denotes cosine speaker similarity.

System Frame Rate English Chinese
WER| SIMT WER| SIM?
FireRedTTS (Guo et al., 2024a) 25 8.53 0.46 1.27 0.65
SparkTTS (Wang et al., 2025a) 50 2.50 0.57 1.78 0.66
Llasa (Ye et al., 2025) (16 kHz) 50 3.94 0.58 8.02 0.64
F5-TTS (Chen et al., 2025) 93.75 3.02 0.63 3.87 0.71
CosyVoice 2 (Du et al., 2024) 25 2.89 0.66 1.29 0.76

CosyVoice 2 achieves the best bilingual speaker
similarity while maintaining competitive WER on
both test sets, and operates at a low frame rate of
25 Hz—reducing synthesis cost relative to higher-
rate alternatives. These properties make it the most
suitable choice for large-scale pseudo-parallel data
construction in our pipeline.

H Audio Tokenizer Selection

We selected the audio tokenizer by evaluating
multiple codec systems on the SeedTTS fest-en
benchmark using a reconstruction protocol, follow-
ing (Wang et al., 2025b). Table 7 reports WER,
speaker similarity (SIM), and UTMOS for each
tokenizer.

Table 7: Comparison of audio tokenizers evaluated via
speech reconstruction on SeedTTS fest-en. Results are
from (Wang et al., 2025b). “Semantic Distill” indicates
whether the tokenizer incorporates semantic distillation.

System Rate (Hz) Codebooks Semantic WER| SIM?T UTMOS T
EnCodec (Défossez et al., 2022) 75 2 x 5.36 0.48 1.54
Mimi (Défossez et al., 2024) 12.5 6 v 4.51 0.52 3.09
BigCodec (Xin et al., 2024) 80 1 X 325 0.61 3.59
X-Codec2 (Ye et al., 2025) 50 1 v 2.63 0.62 3.68
Vevo Tokenizer (Zhang et al., 2025) 50 1 v 3.04 0.53 3.50
CosyVoice 2 (Du et al., 2024) 25 1 v 4.10 0.68 3.65

CosyVoice 2’s semantic tokenizer achieves the
highest speaker similarity (0.68) among all com-
pared tokenizers, with competitive WER (4.10) and
UTMOS (3.65). Its low frame rate of 25 Hz with
a single codebook is particularly advantageous for
autoregressive language modeling: the reduced se-
quence length lowers both training and inference
cost, while a single codebook eliminates the archi-
tectural complexity of multi-codebook generation
strategies (e.g., delayed patterns or residual predic-
tion). The tokenizer is decoupled from our main
contributions and can be replaced as better alterna-
tives emerge.
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