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Abstract—In this study, we propose a voice conversion method
that replaces the decoder of DDPMVC with the consistency
trajectory model (CTM), a form of diffusion model distillation.
DDPMVC is a voice conversion (VC) framework that consists of
an encoder that suppresses speaker information from the input
speech through a forward diffusion process, and a decoder that
generates the target speaker’s mel-spectrogram via multi-step
reverse diffusion. While this framework achieved high conversion
accuracy, its major drawback is the long inference time due to
the sequential nature of the sampling process. To address this
issue, we introduce the CTM into the decoder of DDPMVC.
CTM directly predicts the endpoint of diffusion inference and has
demonstrated improved generation quality and faster sampling
compared to conventional diffusion models. Experimental results
show that the proposed method outperforms DDPMVC in voice
conversion accuracy while reducing the sampling steps from
thousands to just 10 steps.

I. INTRODUCTION

Voice conversion (VC) is a technique that converts the
speaker identity of a given utterance while preserving its
linguistic content. VC methods are typically categorized by
the type of training data: parallel data, consisting of utterances
with identical content spoken by different speakers, and non-
parallel data, which does not require such alignment. Depend-
ing on the conversion target, VC tasks include one-to-one,
many-to-many, and any-to-many conversion, where arbitrary
source speakers are converted to multiple predefined target
speakers.

Recent advances in VC have been driven by deep learn-
ing frameworks such as variational autoencoders (VAEs) [1]
and generative adversarial networks (GANs) [2]. Recently,
diffusion-based VC methods [3], [4] emerged, demonstrating
superior performance to previous deep learning-based VC
approaches [5], [6]. For example, VoiceGrad [7] adopted a
score-based generative model (SBM) [8] and a denoising
diffusion probabilistic model (DDPM) to achieve non-parallel
any-to-many voice conversion.

In non-parallel VC, it is commonly assumed that speech
can be decomposed into speaker-independent (phonetic) in-
formation and speaker-dependent features. A typical approach
involves extracting phonetic representations using an encoder
and generating the target speech with a decoder conditioned
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on the target speaker label [9]. However, VoiceGrad performed
sampling without an encoder and did not explicitly separate
speaker information, which may have hindered conversion
accuracy when the source and target speakers differed greatly.

To address this limitation, DDPMVC [10] was proposed.
While adopting the sampling strategy of VoiceGrad, it in-
troduced a rule-based diffusion process in the encoder to
extract speaker-independent information. By using diffusion
models in both the encoder and decoder, DDPMVC simplified
the overall VC pipeline and reduced training costs. However,
since the decoder still relies on iterative reverse diffusion, the
inference requires multiple steps, resulting in slow generation.
This undermines the advantage of a lightweight encoder, as
decoding becomes the main bottleneck.

In this study, we propose a voice conversion method that
integrates the consistency trajectory model (CTM) [11] into
the decoder of DDPMVC to mitigate slow inference. CTM
simultaneously learns the integrand (score function) and the
integral (jump) of the probability flow ordinary differential
equation (PF ODE), enabling direct generation of high-quality
mel-spectrograms in just a few steps. Unlike conventional
distillation methods, CTM achieves more accurate generation
with fewer steps and does not suffer degradation as sampling
steps increase. This reduces the required steps from about
1000 in conventional reverse diffusion to only a few, while
preserving naturalness and speaker similarity in any-to-many
VC. Since CTM was originally proposed for computer vision,
applying it to speech presents challenges. In particular, the
consistency loss relies on LPIPS [12] as a feature distance,
which is designed for image-based similarity and is not suitable
for speech. We propose to replace this with mel-cepstral
distortion (MCD), a widely used similarity metric in voice
conversion that captures differences in spectral envelope to as-
sess speaker characteristics. Unlike LPIPS, MCD does not rely
on a pretrained model, reducing training costs significantly.
In our experiments, we distill CTM as a student model from
DDPMVC as the teacher. Results show that CTM outperforms
DDPMVC in conversion accuracy with only a fraction of the
steps.



II. PRELIMINARY
A. Diffusion Models

The denoising diffusion probabilistic model (DDPM) [4]
consists of two processes: a forward diffusion process that
gradually adds noise to a data sample xy, and a reverse
diffusion process that removes the added noise. By treating the
noisy samples as latent variables, DDPM performs maximum
likelihood estimation in a latent variable modeling framework,
generating data by sequentially sampling from the reverse dif-
fusion process. Song et al. [13] extended discrete-time DDPMs
into a continuous-time formulation using stochastic differential
equations (SDEs). The diffusion SDE is represented as:

dxy = p(x, t)dt + o(t)dwy, (1)

where t € [0,7] with T > 0, and p(-,-), o(t), w; and dw;
denote the drift coefficient, the diffusion coefficient, a standard
Wiener process (Brownian motion) and a Gaussian random
variable with mean 0O and variance 7 over an infinitesimal time
interval 7, respectively. This SDE can be converted into an
ordinary differential equation, i.e., probability flow ODE (PF
ODE), as:

1
dey = |p(xe, t) — §a(t)2V10gpt(a:t) dt, (2)

where V log p; () is the score function. Song er al. proposed
the variance preserving (VP) SDE, where they used p(x,t) =
—1B(t)x and o(t) = \/B(t) [13]. Karras et al. then proposed
an alternative setting with p(z,t) = 0 and o(t) = /2t [14],
which is the primary setting used in this study. Under this
formulation, the following empirical PF ODE can be derived:

d x; — E x|x
R P P e Y e
dt t

The term Epto(w\wt)[$|mt] = x; + tVlog p;(x;) denotes the

denoiser function, which serves as an alternative representation
for the score function. In this case, pi(€) = Pdata(T) ®
N(0,#%T), where paata(z), ®, and N (u, X) denote the data
distribution, the convolution operation, and Gaussian distri-
bution with mean g and covariance 3, respectively. The
denoiser E[x|x;| is approximated by a neural network D
with parameters ¢ trained to minimize the denoising score
matching (DSM) loss:

Eazo.por (ala) [0 — D (¢, 1)][3], 4)

where po:(x|x:) denotes the transition probability from time 0
to ¢ starting from xy. When using an approximated denoiser,
the empirical PF ODE becomes:

dll?t Ly — D¢($t, t)

== TP 5

dt t )
Sampling in diffusion models corresponds to solving this PF

ODE, which is equivalent to computing the following integral:

/O L /0 z = Do(@it)
o dt - t

0
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Ty = T +/ wdt. (6)
T

—

Generation processes in diffusion models are generally catego-
rized into two types: score-based sampling [8], [14]-[16] and
distillation-based sampling [17], [18]. Score-based sampling
solves the ODE using numerical integration over discretized
time steps, which typically leads to long generation times. Im-
proving sample quality under a low number of function evalu-
ations (NFE) remains a challenge. Distillation-based sampling,
in contrast, trains a neural network to directly approximate the
above integral, enabling single-step generation. However, as
NFE increases, the sample quality tends to degrade.

B. consistency trajectory model

The CTM [11] serves as a bridge between score-based mod-
els (SBMs) and distilled models by simultaneously estimating
both the integrand and the integral of the PF ODE. CTM
enables jump estimation over arbitrary time intervals along the
PF ODE trajectory, supporting both infinitesimal jumps (as
in score functions) and long-range transitions (as in integral
over any time horizon). This makes CTM capable of flexible
anytime-to-anytime generation. Consequently, the solution to
(6) can be formulated as:

G(xy,t,s) = §a:t + (1 - ;) g(xe, t, s) @)

t p—
t / <:1:u ]E[a:|wu]) du,
t—s ./, U

where G(z¢,t,s) denotes the solution of the PF ODE from
initial time ¢ to terminal time s < t. To stabilize training,
G is formulated as a linear interpolation between x; and the
function g.

Let 6 denote the parameters of the student model. To match
the neural network prediction Gg (neural jump) with the true
jump G, we train Gg by comparing it with the output of a
pretrained numerical solver Solver(xy,t, s; ¢), which solves
the PF ODE defined in (5) and serves as the teacher model.
As shown in Eq. (8), the jump prediction comprises the teacher
and the student: the teacher solves the PF ODE over the
interval (u,t) and jumps to the output of the stop-gradient
student.

GH (wtv t, 8) ~ ng(ﬂ) (SOIVCI'(:Et, ta Uu; ¢)7 u, S) (8)

Here, sg(0) denotes the stop-gradient operator, typically im-
plemented via exponential moving average (EMA) for stabi-
lization.

To quantify the mismatch between the student pre-
diction Gg(x,t,s) and the teacher’s reference output
Gig0) (Solver(xy,t,u; @), u,s), CTM uses a feature dis-
tance d(-,-) computed in the clean data space. Specifically,
both predictions at time s are mapped to time O via the
stop-gradient student ng(g)(', s,0). Let the student-estimated
sample be: Xew(x:,t,5) = Gy o) (Go(xt,t,5),5,0) and
the target output from the teacher be: @ (x¢,t,u,s) :=
G (0) (ng(g) (Solver(zy, t, u; @), u, s), s, 0). The CTM loss
is defined as:

g(a:t,t,s) =z +

Letm(0; @) = Eicio,1],5€[0,6),uels.t),z0,2¢ | 2o
[d (xtgt(xtytvuas)a mest(mtat78))] . (9)
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Fig. 1: Overview of the proposed method

Minimizing this loss encourages the learned neural jump Gg
to approximate the empirical jump obtained by solving the PF
ODE.

C. Conventional Method:DDPMVC

DDPMVC [10] is a voice conversion (VC) method inspired
by the VoiceGrad[7] framework. It incorporated a rule-based
diffusion process as the encoder (referred to as the diffusion
encoder) and used reverse diffusion sampling as the decoder.
VoiceGrad is a diffusion-based VC model built upon denoising
diffusion probabilistic models (DDPMs). It is trainable with
non-parallel data and supports any-to-many voice conversion.
A key characteristic of VoiceGrad is that it does not use
an encoder. As a result, the source speech during sampling
contains both phonetic and speaker-specific information, which
can lead to residual source speaker characteristics in the
converted output. To address this issue, DDPMVC introduced a
rule-based diffusion process as an encoder to suppress speaker
information in the input speech while preserving phonetic
content.

The diffusion noise added by the encoder is designed to
perturb fine-grained structures such as speaker identity, with-
out significantly degrading the phonetic information. Given a
source log-mel spectrogram, the encoder applies the rule-based
diffusion process to inject controlled levels of noise. This helps
retain content information and prevent undesired changes in
phonetic content during decoding.

The diffusion encoder uses the noise schedule of a variance-
preserving SDE (VPSDE), along with the following forward
and reverse diffusion processes shown in (10) and (11), re-
spectively:

de = f%ﬂ(t)mdt +/B(t)dw, (10)
de = [;,B(t)a: - B(t)Ve logpt(m)} dt ++/p(t)dw. (11)

The training objective is defined as:

0" = argminEy, , {)\(t)IEmO,m“mg
0

(36wt tk) = Va, log pou(@ilzo)l3] . (12)

where A(t), k ~ p(k), and xg ~ p(x|k) denote the weighting
coefficient at time ¢, the speaker index, and the clean log-
mel spectrogram, respectively. The noise-injected, speaker-
independent representation, i.e., 1, is then processed by the
decoder, which performs reverse diffusion sampling based on
the VPSDE to generate the target speaker’s log-mel spectro-
gram.

In conventional diffusion-based VC methods [19], [20],
separate modules are introduced in the encoder to remove
speaker information, and only phonetic content is fed into
the diffusion-based decoder. In contrast, DDPMVC adopted
a unified architecture where both the encoder and decoder
are formulated as diffusion models. This allows for joint
optimization across the entire pipeline and results in improved
conversion accuracy compared to VoiceGrad. However, despite
the simplicity of the encoder design—which consists solely of
the noise injection process—the overall generation time re-
mains long due to the sequential nature of diffusion sampling.

III. PROPOSED METHOD

This study aims to improve the inference speed and gen-
eration quality of DDPMVC by focusing on naturalness and
speaker similarity. To this end, we propose replacing the
decoder of DDPMVC with a CTM-based decoder adapted
for voice conversion. Since CTM can estimate arbitrary-length
jumps along the PF ODE in a single step, it is expected to gen-
erate high-quality mel-spectrograms with significantly fewer
steps than the reverse diffusion sampling used in DDPMVC.
While various distillation methods have been proposed for
diffusion models, they tend to degrade in sample quality as the
NFE increases. Moreover, their stochastic sampling can lead to
semantic inconsistencies in the generated outputs. Therefore,
this study focuses on the CTM. In our approach, DDPMVC
serves as the teacher model to distill trajectory consistency into
CTM.

For the encoder, we adopt the diffusion encoder used in
DDPMVC, based on a VPSDE diffusion process. The noise
schedule is set to 8(¢t) € [0.1,2]. Under this schedule, the
intelligibility of the noised speech was evaluated using the
short-time objective intelligibility (STOI) [21], yielding an
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average score of approximately 0.52, indicating that the added
noise is weak enough to preserve most of the phonetic content.

In the decoder, conditional generation using speaker labels
is introduced, which requires modifications to the CTM loss
formulation. Letting k£ denote the speaker label, the neural
jump is defined as:

s s
Go(xy,t,8, k) = ;xt + (1 — ;) go(xe,t, 8, k). (13)

Accordingly, the consistency loss for training the neural
jump is defined as:

‘CCTMVC = ]Ek,t,s,u,mo,wt|w0|: d(wlgta west):| ) (14)

where Zeq = G0y (Gol(Ti,t,5,k),5,0,k) and xy :=
Gse(6) (Gsg(o) (Solver(xy, t,u, k; @), u,s,k) ,5,0,k). The pa-
rameter ¢ corresponds to the DDPMVC teacher model. While
CTM [11] originally employed learned perceptual image patch
similarity (LPIPS) [12] as the feature distance d(-,-), LPIPS
computes perceptual similarity based on features extracted
from intermediate layers of convolutional networks pretrained
on computer vision tasks. This enables it to capture visual
perceptual similarity more effectively than conventional losses
such as L2 or L1, and it has shown superior performance
in training CTM. However, LPIPS is specifically designed
for image-based applications and is not directly applicable
to speech synthesis tasks. Therefore, we adopt mel-cepstral
distortion (MCD) as the distance metric, which is widely used
in the speech domain to evaluate auditory perceptual similarity.
MCD effectively captures spectral envelope differences crucial
for voice conversion quality assessment and provides compu-
tational efficiency by requiring no pretrained models.

In the original CTM [11], both denoising score match-
ing (DSM) loss and adversarial loss were used as auxiliary
objectives. In this study, we adopt only the DSM loss. We
exclude adversarial loss since our experiments showed that it
tended to degrade generation quality, likely due to difficulties
in identifying a suitable discriminator. A similar issue was
reported in SoundCTM [22]. The DSM loss is defined as:

‘CDSMVC(G) = Ek,t,mo,mﬂmo HwO - g@(wta t7 t7 k) ||§:| . (15)
The overall training loss is given by:

L(0) := Lctmve + AbsMve £DSMyve (16)

where Apsmve 1S an adaptive weight determined by gradient
norm balancing [23].

For sampling, we use y-sampling [11]. Finally, the converted
acoustic features are passed through a neural vocoder to
synthesize waveform audio. An overview of the full conversion
pipeline is illustrated in Fig. 1.

IV. EXPERIMENTS

A. Experimental settings

We conducted experiments using the CMU Arctic speech
corpus [24], which contains recordings of multiple English
speakers. Four speakers were selected for training: two male
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Fig. 2: RTF and MCD versus the number of sampling steps

speakers (aew, ksp) and two female speakers (clb, 1nh).
For each speaker, 1000 utterances were used for training, 100
for validation, and 32 for testing. Additionally, to evaluate
the performance of voice conversion on unseen speakers, 32
utterances from each of four unseen speakers—two male (bd1,
rms) and two female (slt, jmk)—were used for testing.
All audio signals were downsampled to 16kHz and converted
into 80-dimensional log-mel spectrograms, which were used
as acoustic features. The spectrograms x4 ,,, where $d$ and
$m$ denote the mel filterbank channel and the frame index,
respectively, were normalized as x g, < ””5”7;(4 using mean
(q and standard deviation &; computed over the training set.

We adopted DDPMVC as the baseline model. It also serves
as the teacher model for training the proposed method, re-
ferred to as CTM-DDPMVC. DDPMVC employs a diffusion
model based on a variance-preserving SDE (VP-SDE) with
1000 timesteps and a noise schedule of 3(t) € [0.1,2]. For
sampling, we used the Predictor-Corrector (PC) method [13].
For the proposed CTM-DDPMVC, we used a CTM with 1000
timesteps. The training setup followed the training details
provided in [11], with o, = 0.002 and opax = 4.0 as
modified hyperparameters. Sampling was performed using -
sampling with v = 0. HiFi-GAN [25] was used as the neural
vocoder for waveform synthesis.

We used three objective evaluation metrics: mel-cepstral
distortion (MCD), UTMOS [26], and real-time factor (RTF).
UTMOS is a machine learning-based speech quality metric
that estimates naturalness on a scale from 1.0 to 5.0. RTF was
computed as RTF = At /tyjaypack, Where At is the processing
time from the input mel spectrogram of the source speaker to
the converted spectrogram, and fyjaypack 1S the duration of the
synthesized audio.

B. Analysis of Sampling Steps Effects

We conducted an experiment to determine an appropriate
number of sampling steps for y-sampling in CTM-DDPMVC.
Prior studies [11], [22] have shown that increasing the number
of sampling steps generally leads to improved generation
accuracy. However, this improvement comes at the cost of
longer generation time, suggesting a trade-off between fidelity
and efficiency. To investigate this trade-off, we measured both
RTF and MCD for various sampling steps settings. The number
of sampling steps was varied from 1 to 1000. For steps 1
through 20, the interval was set to 1, and for steps beyond 20,
we increased the sampling steps in increments of 10.
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TABLE I: Comparison of Voice Conversion Performance Using MCD, UTMOS, and RTF

. MCD
Type Sampling Steps NOM F NOF N NIl UTMOS RTF

DDPMVC,T = 50 50 6.66 £ 0.05 6.14 £0.07 6.84 £0.05 6.59 £ 0.04 6.58 £0.03 2.73 £0.03 2.35+£0.24
DDPMVC. T = 1000 50 8.09 £0.04 7.91£0.06 8.50 £0.05 8.01 £0.04 8.15£0.03 1.4440.01 1.95+0.19
’ 1000 6.50 £ 0.06 5.99 £ 0.07 6.62 £ 0.06 6.48 £ 0.05 6.4240.03 | 3.17£0.03 | 25.17 £ 2.63
10 6.23 £0.05 6.27 £0.05 6.52 £0.04 6.30 £ 0.04 6.34 £0.02 2.144+0.03 | 0.23+0.05
20 6.12 £0.05 6.00 £0.05 6.31 £0.04 6.19 £ 0.04 6.17 £0.02 2.58 £0.03 0.46 £ 0.09
CTM-DDPMVC 30 6.10 £0.05 5.94 £0.05 6.26 £ 0.04 6.18 £0.04 6.13 £0.02 2.66 £0.03 0.68 £0.13
40 6.10 £ 0.05 5.92 £0.05 6.25 £ 0.04 6.16 £ 0.05 6.12 £0.03 2.70 £0.03 0.90 £0.12
50 6.09 +0.05 | 5.90 +0.05 | 6.23 +0.04 | 6.16 £0.05 | 6.11 +0.03 | 2.73+0.03 1.12+£0.13

The experimental results are shown in Fig. 2. The RTF
increases proportionally with the number of sampling steps.
Fig. 2 presents the results for MCD. Note that the horizontal
axis is plotted on a logarithmic scale. We observe a sharp drop
in MCD within the first 10 steps, indicating that generation
quality improves rapidly in the early stages. Although the 1
step generation fails under our experimental conditions, the
model exhibits consistent improvement as the number of steps
increases, demonstrating the effectiveness of CTM. However,
the MCD stabilizes around 50 steps, and no significant im-
provement is observed up to 1000 steps. Based on these
findings, we used five sampling step settings—10, 20, 30, 40,
and 50—in subsequent experiments to evaluate performance
under varying inference-efficiency conditions.

C. Result

We compare the conversion performance between the base-
line DDPMVC and the proposed CTM-DDPMVC. The evalua-
tion metrics used are similarity (MCD), naturalness (UTMOS),
and generation speed (RTF). DDPMVC was evaluated with
50 and 1000 sampling steps. For 50 steps, DDPMVC trained
with both 50 and 1000 diffusion timesteps is reported. CTM-
DDPMVC is evaluated with sampling steps of 10, 20, 30, 40,
and 50.

Fig. 1 presents the results. In terms of MCD, CTM-
DDPMVC consistently outperforms DDPMVC across all sam-
pling steps and conversion pairs. DDPMVC with 7" = 1000
showed noticeable degradation at 50 sampling steps due to
artifacts and noise. In contrast, CTM-DDPMVC distilled from
the same 7" = 1000 model achieved the best MCD score at
50 steps. At 50 steps, CTM-DDPMVC achieves comparable
UTMOS scores to DDPMVC. The results also indicate that
UTMOS improves as the number of sampling steps increases.
One possible reason for the relatively lower UTMOS is that the
use of MCD as a feature distance emphasizes spectral envelope
similarity during distillation, which may result in the loss of
phonetic content. A potential workaround is to adopt an L2
distance such as mean squared error (MSE), which considers
the entire mel-spectrogram and may help preserve phonetic
structures. However, we found that training with MSE led
to lower performance in both MCD and UTMOS compared
to using MCD. Therefore, we conclude that using MCD as
the feature distance is the most effective choice under the
current setup. In terms of RTF, CTM-DDPMVC achieved a
score of only 0.44 £ 0.05 at 10 sampling steps while outper-
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forming DDPMVC trained and sampled with 1000 steps in
terms of MCD. This result indicates that CTM-DDPMVC not
only significantly improves inference speed compared to the
teacher model, DDPMVC, but also achieves better conversion
accuracy.

V. CONCLUSION

In this paper, we proposed a voice conversion method
that replaces the diffusion-based decoder in DDPMVC with
a consistency trajectory model (CTM). Experimental results
demonstrated that the proposed method significantly improves
generation speed while achieving comparable or superior per-
formance in speaker similarity compared to the baseline. Fur-
thermore, we observed that increasing the number of sampling
steps up to a certain point leads to improved performance,
enabling a trade-off between speed and accuracy depending on
the application requirements. However, in terms of naturalness,
there remains a performance gap between CTM-DDPMVC and
the teacher model DDPMVC with 1000 sampling steps. In
future work, we plan to improve naturalness by incorporating
adversarial training with an appropriate discriminator and
exploring alternative feature distances for distillation.
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