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Dubbing Movies via Hierarchical Phoneme Modeling
and Acoustic Diffusion Denoising

Liang Li , Gaoxiang Cong , Yuankai Qi , Zheng-Jun Zha , Qi Wu, Quan Z. Sheng , Member, IEEE,
Qingming Huang , Fellow, IEEE, and Ming-Hsuan Yang , Fellow, IEEE

Abstract—Given a piece of text, a video clip, and reference audio,
the movie dubbing (also known as Visual Voice Cloning, V2C)
task aims to generate speeches that clone reference voice and align
well with the video in both emotion and lip movement, which is
more challenging than conventional text-to-speech synthesis tasks.
To align the generated speech with the inherent lip motion of the
given silent video, most existing works utilize each video frame
to query textual phonemes. However, such an attention operation
usually leads to mumble speech because different phonemes are
fused for video frames corresponding to one phoneme (video frames
are finer-grained than phonemes). To address this issue, we propose
a diffusion-based movie dubbing architecture, which improves pro-
nunciation by Hierarchical Phoneme Modeling (HPM) and gener-
ates better mel-spectrogram through Acoustic Diffusion Denoising
(ADD). We term our model as HD-Dubber. Specifically, our HPM
bridges the visual information and corresponding speech prosody
from three aspects: (1) aligning lip movement with the speech
duration based on each phoneme unit by contrastive learning;
(2) conveying facial expression to phoneme-level energy and pitch;
and (3) injecting global emotions captured from video scenes into
prosody. On the other hand, ADD exploits a denoising diffusion
framework to transform the noise signal into a mel-spectrogram via
a parameterized Markov chain conditioned on textual phonemes
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and reference audio. ADD has two novel denoisers, the Style-
adaptive Residual Denoiser (SRD) and the Phoneme-enhanced
U-net Denoiser (PUD), to enhance speaker similarity and improve
pronunciation quality. Extensive experimental results on the three
benchmark datasets demonstrate the state-of-the-art performance
of the proposed method. The source code and trained models will
be made available to the public.

Index Terms—Visual voice cloning, speech synthesis, hier-
archical phoneme modeling, contrastive learning, acoustic
diffusion denoising.

I. INTRODUCTION

MOVIE dubbing, also known as visual voice cloning
(V2C) [1], aims to convert a paragraph of text to speech

with both desired voice specified by reference audio and de-
sired emotion and duration presented in the reference video,
as shown in the top panel of Fig. 1. V2C is more challenging
than conventional speech synthesis tasks (e.g., text-to-speech or
voice cloning) in two aspects: First, it requires synchronization
between lip motion and generated speech; Second, it requires
proper prosodic variations of the generated speech to convey
the speaker’s emotion displayed in the video (i.e., movie’s plot).
V2C promises significant potential in real-world applications,
such as personal speech AIGC or movie post-production.

Although significant progress has been made, existing speech
synthesis methods cannot handle the challenges in V2C well.
For example, text-to-speech synthesis methods [2], [3], [4], [5]
construct speeches from given text conditioned on the different
speaker embeddings but do not consider audio-visual synchro-
nization. On the other hand, lip-to-speech synthesis schemes [6],
[7], [8] predict mel-spectrograms directly from the sequence of
lip movements. Since one lip movement may roughly correspond
to different words, they suffer a high word error rate in generated
speech. As for talking heads generation methods [9], [10], [11],
they focus on reconstructing realistic image regions based on au-
dio. However, these methods usually do not re-synthesis a speech
to reflect targeted emotion and identity as intended in V2C. Re-
cently, the multi-modal Large Language Models (LLMs) [12],
[13], [14] have brought impressive speech synthesis effects. For
instance, given a prompt, GPT-4o can synthesize expressive
emotional speech. However, such models cannot serve dubbing
tasks because the speaking voice is specified during pre-training,
which cannot clone from user-specified reference audio.

In our prior work, FL-Dub [15], we present a mel-
spectrogram-frame level dubbing architecture to address the
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Fig. 1. (a) Illustration of the V2C task. (b) We propose a diffusion-based movie
dubbing architecture consisting mainly of Hierarchical Phoneme Modeling
(HPM) and Acoustic Diffusion Denoising (ADD).

issues mentioned above. Specifically, FL-Dub uses multi-head
attention between the video frame sequence and input text
phonemes to achieve temporal alignment, using the video
frame sequence as the query. The output of multi-head
attention is a video frame sequence containing attended text
phoneme information. Then, an upsampling process with a
fixed coefficient is used to expand the video frame sequence to
the length of mel-spectrogram frame sequence, which serves
as intermediate speech representations. To incorporate prosody,
FL-Dub predicts pitch and energy on the mel-spectrogram
frame level by associating facial expressions with intermediate
speech representations. Finally, FL-Dub utilizes cross-modal
attention to fuse each mel-spectrogram frame-level feature with
the scene representation to absorb the global emotion. Owing to
visual-acoustic alignments, the generated speech achieves large
improvements over previous methods. Despite progress, it still
faces two issues. First, its pronunciation is still not that good.
Using video frames to query textual phonemes makes it hard to
learn clear pronunciations because different phonemes are fused
for video frames. Second, the predicted mel-spectrogram might
be blurry and over-smoothing. FL-Dub adopts a transformer
decoder for generating mel-spectrograms, which fails to handle
the complex and diverse spectrum changes due to its simple
objective functions (e.g., L1 or L2).

In this work, we propose a diffusion-based movie dubbing
architecture, which improves FL-Dub from two aspects (see
Fig. 1(b)). First, we propose Hierarchical Phoneme Modeling
(HPM), which focuses on phoneme-level modeling while ag-
gregating visual information. It consists of a phoneme duration
aligner, a phoneme prosody adaptor, and an affine emotion
booster. Specifically, our phoneme duration aligner gets rid of

traditional video-frame level alignment. Instead, it perceives the
duration of each phoneme from related lip-phoneme contextual
sequences by contrastive learning. Our prosody adaptor learns
pitch and energy at the phoneme level, rather than the mel-
spectrogram frame level, based on relevant textual phonemes
and facial expressions. Our affine emotion booster is designed to
introduce global emotion by converting the scene vector into bias
and gain without destroying phoneme pronunciation. Second,
to alleviate spectrum over-smoothing and improve generation
quality, we propose Acoustic Diffusion Denoising (ADD). It is
a parameterized Markov chain that iteratively converts the noise
into mel-spectrograms conditioned on the textual phoneme from
the script and style embedding from reference audio. Unlike
previous works, our ADD not only improves the quality of
mel-spectrograms but also strengthens style and pronunciation
during the process of recovering the spectrum from noise. This
is achieved by two diffusion denoisers in ADD: Style-adaptive
Residual Denoiser (SRD) which learns to enhance the speaker’s
style similarity by affine transform in each residual block, and
Phoneme-enhanced U-net Denoiser (PUD) which focuses on
improving pronunciation by duration-based downsampling and
phoneme-level attention mechanism. Equipped with these novel
designs, the proposed method performs favorably against the
state-of-the-art approaches on three widely used benchmark
datasets.

The main contributions of this work are:
� We propose a diffusion-based movie dubbing architecture,

an enhanced version of FL-Dub, which improves pronun-
ciation and mel-spectrogram quality.

� We design a hierarchical phoneme modeling module,
which focuses on phoneme-level modeling while aggre-
gating visual information, including phoneme duration
aligner, a phoneme prosody adaptor, and an affine emotion
booster.

� We devise an acoustic diffusion denoising module, where
the style-adaptive residual denoiser improves the speaker’s
style similarity in each residual block and phoneme-
enhanced U-net denoiser strengthens phoneme level pro-
nunciation details.

� Extensive experimental results demonstrate favorable per-
formance of the proposed method against state-of-the-art
models on three benchmark datasets.

II. RELATED WORK

A. Text-to-Speech Synthesis

Text-to-speech (TTS) [16], [17] has advanced rapidly and
been widely applied in real-life scenarios. The classic TTS
approaches [2] address speech synthesis by decoding the mel-
spectrogram in parallel. In FastSpeech2s [2], a fully end-to-end
model is proposed to eliminate the cascade structure (acoustic
model and vocoder) and directly generate waveform from the
text. To improve style adaptability, StyleSpeech [18] introduces
the transformer-based TTS architecture for multi-speaker sce-
narios, which utilizes a learnable style encoder [19] and meta-
learning. To achieve monotonic alignment between text and
speech, Glow-TTS [20] designs a flow-based generative TTS
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model, which combines the properties of flows and dynamic
programming. Besides, SC-GlowTTS [21] and YourTTS [22]
introduce speaker embeddings into the affine coupling layers of
flow-based decoder blocks to enhance speaker similarity. Then,
StyleTTS 2 [23] takes advantage of pre-trained large speech
language models (SLMs) to achieve human-level TTS synthesis
by adversarial training. Most recently, NaturalSpeech 3 [24]
and MaskCGT [25] achieve state-of-the-art performance by
using a factorized diffusion model and masked generative codec
transformer, respectively. Despite the impressive progress in
TTS, these methods lack visual processing ability and therefore
cannot synchronize speech with visual frames required in V2C.
In contrast, we propose HD-Dubber with Hierarchical Phoneme
Modeling (HPM), which integrates visual information at three
granularities (i.e., lip motion, facial expression, and scene emo-
tion) to improve the expressiveness of speech synthesis while
ensuring audio-visual synchronization.

B. Lip-to-Speech Synthesis

Since sound and lip movements usually convey the same
speech information [26], [27], several methods generate audio
by lip reading [28]. Lip2Wav [29] is a sequence-to-sequence
architecture focusing on learning mappings between lip and
speech for individual speakers. A few methods [30], [31]
focus on obtaining more robust lip movement representations
through contrastive learning [32], [33], [34]. ADC-SSL [35]
proposes dual-contrastive learning to improve the audio-visual
synchronization from local and global embedding with multi-
scale temporal convolution networks (MSTCN). To solve the
slow inference in autoregressive, FastLTS [7] introduces an
end-to-end unconstrained lip-to-speech synthesis system, which
adopts a full transformer architecture (both spatial and tempo-
ral). Recently, some works have focused on generating speech
in challenging wild environments. For example, Kim et al. [36]
propose two different types of content supervision (feature-level
and output-level) with connectionist temporal classification [37]
and pre-train an automatic speech recognition model to correct
words. However, these methods struggles to maintain clear
pronunciation and accurately clone the specified style from
the reference audio when applied to V2C tasks. To address
these issues, we propose HD-Dubber with Acoustic Diffusion
Denoising (ADD), which includes a Phoneme-enhanced U-net
Denoiser (PUD) and a Style-adaptive Residual Denoiser (SRD)
to improve pronunciation clarity and enhance speaker similarity.

C. Talking Heads Generation

The talking heads task [38], [39] aims to reconstruct realistic
image regions from input audio and align them with audio
signals. Some works focus on synthesizing only the lip mo-
tion regions, achieved by mapping audio signals directly to lip
movements. For example, DiffDub [40] utilizes a person-generic
visual dubbing methodology, underpinned by the Denoising
Diffusion Probabilistic Model (DDPM), to generate seamlessly
blended lower facial regions (i.e., changing lip motion). On
the other hand, several methods extend the construction re-
gion to encompass a wider range of facial expressions and

head movements driven by the audio input. For instance, the
SadTalker [11] separates the generation targets into lips, eye
blinks, and head poses. The Neural Emotion Director (NED) [9]
emphasizes emotion editing by altering facial expressions while
preserving the original mouth motion, enabling the attachment
of a specific style to the target actor. Recently, VASA [10]
has supported the online generation of 512 × 512 videos at
up to 40 FPS, which consists of diffusion-based holistic facial
dynamics and head movement generation models. Instead of
generating speeches as required by V2C tasks, these methods
focus on changing the visual content of the silent video driven
by audio. In contrast, we propose a diffusion-based movie dub-
bing architecture HD-Dubber, which improves pronunciation
via hierarchical phoneme modeling (HPM) and generates better
mel-spectrograms via acoustic diffusion denoising (ADD).

D. Visual Voice Cloning

Visual Voice Cloning aims to generate vivid speech for
videos/films based on the tone of reference audio [1]. Con-
get al. [15] propose a hierarchical prosody dubbing model to
enhance audio-visual association by bridging acoustic details
with three visual granularities. To handle multi-speaker scenes,
Hassidet al. [41] unify identity by normalizing all utterances
of each speaker to the unit norm and using an RNN-based
autoregressive decoder to generate a mel-spectrogram. In ad-
dition, some works focus on automatic video dubbing [8] to
generate speech synchronized with a given video without us-
ing reference audio. For instance, Neural Dubber [42] adopts
image-based speaker embedding to provide gender and age
information from face regions. Face-TTS [43] uses biometric
information extracted from face images as style to improve iden-
tity using a diffusion model. Furthermore, Automatic Voice Over
(AVO) [44] uses a learning objective of self-supervised discrete
speech unit prediction to provide more direct supervision for
the alignment learning. However, these methods have advanced
audio-visual aligning and voice cloning through attention-based
fusion mechanisms, the generated pronunciation and audio qual-
ity are still far from satisfying. Although audio-visual speech
recognition [45] and visual forced alignment [46] methods focus
on visual feature extraction and word level alignment, they
ignore the alignment between lip movement and phoneme-level
information by contrastive learning. In this work, we mitigate
pronunciation problems and improve acoustic quality by hierar-
chical phoneme modeling and acoustic diffusion denoising.

E. Cross-Modal Interaction and Alignment

Visual Voice Cloning (V2C) is closely related to cross-modal
interaction and alignment, which requires aligning text modality
with visual modality (lip movements). Many methods have
been proposed to explore cross-modal alignment. For instance,
CMRAN [47] is an effective architecture to leverage both audio
and visual information for accurate event localization by a
relation-aware module. FiLM [48] proposes feature-wise linear
modulation to improve the accuracy of visual reasoning tasks
on the CLEVR benchmark. To synthesize sound from videos,
REGNET [49] designs a time-dependent module to extract
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Fig. 2. The proposed HD-Dubber consists of two main components: HPM (Section III-A) and ADD (Section III-B). HPM aggregates visual representation at
three granularities (i.e., lip motion, facial expression, surrounding scenes) to generate intermediate speech representations Ohpm, containing desired duration,
prosody, and emotion. ADD consists of a parameter-free diffusion process and a parameterized reverse process implemented by a diffusion decoder. The diffusion
decoder contains two carefully designed denoisers (SRD and PUD) to improve style adaptation and pronunciation enhancement. Two discriminators (Section III-C)
approximate the noise and mel-spectrogram distribution, respectively. Finally, we use a vocoder to obtain the speech waves from the mel-spectrogram predicted
by our diffusion decoder. The black and blue arrows represent the generation and discrimination pipelines, respectively.

visual features and an audio forwarding regularizer to obtain
bottlenecked real sound information. Note that “sounds” in these
works refer to natural sounds (e.g., dog barking, fireworks, and
drums etc.), which are different from the human speech of V2C.
Besides, Video-LLaMA [50] is a large multimodal model to
achieve video content understanding by capturing the temporal
changes in visual scenes and integrating audio-visual signals.
Recently, RLHMN [51] is proposed for video captioning by
a hierarchical modular network and reinforcement learning. It
learns multi-level visual representations at four granularities by
associating linguistic counterparts: entity, verb, predicate, and
sentence. In contrast, we propose a hierarchical phoneme mod-
eling method to align video representations with phoneme-level
counterparts directly at three granularities: lip movement, facial
expression, and scene atmosphere.

III. METHOD

As shown in Fig. 2, the proposed diffusion-based movie
dubbing architecture (HD-Dubber) consists of two main com-
ponents: Hierarchical Phoneme Modeling (HPM) and Acoustic
Diffusion Denoising (ADD). Given a reference audio Ra, a raw
text sequence Tr, and a video frame sequence Vf , the goal of
HD-Dubber is to synthesize a piece of time-domain audio Ŷ for
dubbing:

Ŷ = Gθ (Ra, Tr, Vf ) , (1)

where Gθ denotes the generation pipeline of HD-Dubber (see
black arrow in Fig. 2). Specifically, HPM aims to generate
intermediate speech representations with duration, prosody vari-
ations, and emotional information. Then, the output of HPM
is fed into the diffusion decoder, which consists of two de-
noisers to iteratively recover mel-spectrograms from Gaussian
noise conditioned on the textual phoneme sequence and style

embedding from reference audio. There are two discriminators
in ADD to improve spectrogram quality by adversarial training
with multi-frequency channels and denoising distribution (see
blue arrow in Fig. 2). We detail each module in the following
sections.

A. Hierarchical Phoneme Modeling

HPM contains three modules: 1) Phoneme Duration Aligner,
which predicts speech duration via contrastive learning between
lip movement and textual phonemes; 2) Phoneme Prosody Adap-
tor, which predicts phoneme level pitch and energy variations
from facial expression; and 3) Affine Emotion Booster, which
introduces global emotion embedding to phoneme-level prosody
variation from video scenes.

1) Phoneme Duration Aligner: Our phoneme duration
aligner takes the script and lip motion sequence as input, and
then the duration of each phoneme is predicted by lip-phoneme
context sequences through contrastive learning.

Extracting Textual Phoneme and Lip-motion Embedding:
The open-source grapheme-to-phoneme tool1 (G2P) is used

to obtain the textual phoneme sequence from raw scripts. Then,
the phoneme encoder [15], which is composed of stacked Feed-
Forward-Transformer (FFT) blocks, is used to extract textual
phoneme embeddings:

O = PhoEncoder
(
Tr∈ R

P , Sid

)
, (2)

where O ∈ R
P ×dm is the textual phoneme embeddings. dm and

P represent the hidden dimension and length of the phoneme
sequence, respectively.

Compared to the phoneme encoder PhoEncoder(·) [1], [15]
that obtains phoneme embedding without style information, we

1https://github.com/Kyubyong/g2p
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introduce the style affine transform (SAT) to each layer normal-
ization (LN) of PhoEncoder(·) to improve the speaker identity.
The principle of SAT is to perform additional scaling and shifting
transformation based on speaker identity vector Sid ∈ R

1×dm

of reference audio during normalizing the phoneme hidden
features:

SAT(h, Sid) = γ(Sid) · hL + δ(Sid), (3)

where γ(Sid) = FC1(Sid) and δ(Sid) = FC2(Sid) denote the
learnable gain and bias to bring scaling and shifting for style
expression by two Fully Connected (FC) layers on Sid, respec-
tively. hL = h−μ

σ denotes the normalized feature by traditional
layer normalization (LN). μ and σ denote the mean and variance
of vector h.

To obtain the lip-motion embedding from the input video
frame sequence Vf , we adopt the same extracting pipeline
as [15]:

E = LipEncoder
(
Mroi ∈ R

Tv×Dw×Dh×Dc
)

, (4)

where Mroi indicates the mouth Region of Interest (ROI) frame
sequence cropped by face landmarks from Vf , following [15].
Dw, Dh, and Dc indicate the number of width, height, and
channels of images in the mouth ROI frame sequence. Tv denotes
the total length of mouth ROI frame sequence. E ∈ R

Tv×dm

denotes the output lip motion embedding from LipEncoder(·).
Attention Constraints based on Contrastive Learning: The

phoneme duration aligner aims to align lip motion and textual
phonemes. To this end, we first use a multi-head attention to
learn the relation between textual phonemes embedding O and
lip motion embedding E :

Clip = sim(E , O)E� = softmax

( O�E√
dm

)
E�, (5)

where Clip ∈ R
P ×dm denotes the lip-phoneme context se-

quences. sim(E , O) indicates the weight matrix between textual
phonemes embedding O and lip motion embedding E by multi-
head attention. Specifically, O and E are projected into mul-
tiple subspaces by eight attention heads. Each head computes
attention independently, and their outputs are concatenated and
linearly transformed to produce the final lip-phoneme context
representation. The differences from FL-Dub [15] are: (a) We
utilize textual phonemes embedding O as Query and lip motion
embedding E as Key and Value to encourage the model to
capture related lip movement based on the textual phoneme.
This facilitates the preservation of more phoneme pronunciation.
(b) We enforce alignment by constraining the attention weight
matrix sim(E , O) to meet monotonicity and surjectivity using
contrastive learning:

Lcl = − log

∑
exp ((PAttn(E , O))/τ)∑

exp((sim(E , O)))
, (6)

where

PAttn(E , O) = sim(E , O) × Mgt
lip,pho. (7)

In this formulation, PAttn(E , O) is a positive attention matrix for
contrastive learning, and Mgt

lip,pho is a “0-1” matrix with P rows
and Tv columns and satisfies the monotonicity and surjectivity.

We visualize Mgt
lip,pho in Fig. 4(a), where the highlighted

part denotes the value “1” of Mgt
lip,pho, showing the correct

correspondence. The monotonicity means that lip movements
progress in a time-ordered sequence, consistently matching
phoneme order without jumps or backward movements. The
surjectivity means that every phoneme sequence of speech has
at least one corresponding lip movement frame. We set the tem-
perature coefficient τ as 0.1. As such, contrastive learning loss
Lcl pulls sim(E , O) close to positive pairs and drives away other
pairs, thus encouraging surjectivity and monotonicity between
phoneme units and their corresponding lip movement sequences.

Duration Predictor: The duration predictor is formulated as:

dp = T otalLength · ESoftplus(Clip)∑P
i=1 ESoftplus(Ci

lip)
, (8)

where Ci
lip indicates the ith lip-phoneme context sequences

Clip, and i ∈ [1, P ]. P is the total length of the sequence Clip.
dp ∈ R

P ×1 indicates the predicted duration for all phoneme
units to ensure the pronunciation boundary. ESoftplus(·) denotes
the function of duration predictor, which consists of 2-layer 1D
convolutional layers, layer normalization, dropout layer, and
softplus activate function [52] to predict dp. Since the total
dubbing time T otalLength is known, we can re-scale duration by
dividing the predicted phoneme sum to achieve time consistency.
dp is optimized using MSE loss Ldura = MSE(dp, log(gd)),
where log(gd) represents the ground truth duration in the log
domain.

2) Phoneme Prosody Adaptor: Instead of learning mel-
spectrogram frame-level prosody as in FL-Dub [15], we focus
on phoneme-level prosody learning. Specifically, we bridge
facial arousal with phoneme-level energy and valence with
phoneme-level pitch, respectively. The facial arousal embedding
A and valence embedding V are extracted by a pre-trained
emotional face-alignment network (EmoFAN) as [15]. Then,
we use phoneme level energy attention (PEA) and phoneme
level pitch attention (PPA) to compute the relevance between the
facial embedding (A and V) and textual phoneme embedding
O, respectively:

Al = softmax

(O�A√
dm

)
A�, V l = softmax

(O�V√
dm

)
V�,

(9)
where Al ∈ R

P ×dm and V l ∈ R
P ×dm are the contextual

arousal-phoneme and valence-phoneme, respectively.
Then, V l and Al are fed into two predictors consisting of sev-

eral fully connected layers, Conv1D blocks, and layer normal-
ization. The two predictors output the phoneme-level energy em-
bedding Earo ∈ R

P ×dm and pitch embedding Pval ∈ R
P ×dm ,

respectively, optimized by pitch loss Lpitch = MSE(Pval, Pgt)
and energy loss Lenergy = MSE(Earo, Egt). The Pgt and Egt

denote the ground truth pitch and energy, respectively. Finally,
we fuse the variation information (i.e., pitch and energy) into O
by elements adding operation:

OP ro = O ⊕ Earo ⊕ Pval, (10)

where OP ro ∈ R
P ×dm denotes the phoneme level prosody vari-

ations by associating the facial expression from the video.
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Fig. 3. Architecture of the proposed diffusion decoder in acoustic diffusion denoising (Section III-B). It consists of two main components: SRD (Section III-B1),
which learns to strengthen speaker’s style similarity when recovering initial mel-spectrogram from noise, and PUD (Section III-B2), which learns to improve the
pronunciation by duration-based downsampling and phoneme-level attention mechanism.

Fig. 4. Visualization of attention matrix of the alignment between lip motion and text phoneme. In each attention matrix, the horizontal axis represents the length
of the lip sequence (i.e., video frame), and the vertical axis represents the length of the text phoneme. Generally, the video frame is much longer than the text
phoneme length. We use red rectangles to highlight the differences between our and other methods.

3) Affine Emotion Booster: We further take into account the
effect of movie scenes to inject global emotion into OP ro. To
this end, we first use the pre-trained I3D model [53] to extract the
emotional scene representation Semo ∈ R

1×dm from the whole
video, following [1], [15]. Then, instead of capturing the global
emotion relevance by broadcasting the Semo as in FL-Dub [15],
we utilize the transformer encoder with Emotional Affine Layer
Norm (EALN) to fuse the emotional scene representation into
OP ro:

OEmo
P ro = EmoEncoder (OP ro, Semo) , (11)

where the EmoEncoder(·) indicates the transformer encoder
with EALN, including multi-head attention, EALN, and 1D

convolution layer (see Fig. 2(a)). The EALN aims to replace
the original layer norm to introduce learnable gain and bias
based on Semo to the input hidden feature, similar to (3). The
OEmo

P ro ∈ R
P ×dm is the output of EmoEncoder(·), which de-

notes the phoneme level prosody variations with global emotion
learned from the whole visual scene.

Finally, we expand phoneme level OEmo
P ro to mel-spectrogram

length representation based on duration dp:

Ohpm = LR
(OEmo

P ro ⊕ O, dp

)
, (12)

where LR(·) is the length regulator [2], used to repeat the cor-
responding duration of each phoneme. O enhances the original
textual phoneme representation by elements adding operation.
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The whole HPM aims to generate intermediate speech repre-
sentations Ohpm. It centers around the phoneme modeling and
learns the desired duration dp using contrastive learning, the
phoneme level prosody variation from facial expression, and
global emotion OEmo

P ro from scene representation.

B. Acoustic Diffusion Denoising

As shown in Fig. 2(b), the output of HPM (Ohpm) is fed into
Acoustic Diffusion Denoising (ADD), which is a parameter-
ized Markov chain to generate target mel-spectrograms. ADD
consists of a parameter-free T -step diffusion process and a
parameterized T -step reverse process.

Diffusion Process: The diffusion process is a Markov chain
with fixed parameters [54], which gradually adds small Gaussian
noises into ground truth mel-spectrogram x0 until the data
structure is destroyed at step T . Let x1, . . . , xT be a sequence
of variables with the same dimension where t = 0, 1, . . . , T
is the index for diffusion time steps. Each transition step is
predefined with a variance schedule β = {β1, . . . , βT }. Each
transformation in the diffusion process is performed according
to the Markov transition probability q(xt|xt−1) as follows:

q (xt|xt−1) := N
(

xt;
√

1 − βtxt−1, βtI
)

. (13)

The whole diffusion process q(x1:T |x0) is the Markov process
and can be factorized as follows:

q (x1, . . . , xT | x0) =

T∏
t=1

q (xT | xt−1) . (14)

After the diffusion process, we obtain the noise mel-
spectrogram xT , which is fed into the reverse process.

Reverse Process: The reverse process is a Markov chain with
learnable parameters from noise xT to data x0. Since the exact
reverse transition distribution q(xt−1|xt) is intractable, it is
approximated by diffusion decoder:

pψ (xt−1|xt) := N (
xt−1; μψ (xt, t) , σ2

t I
)

, (15)

where μψ(xt, t) and σ2
t are the mean and variance for the

diffusion decoder and ψ denotes its parameters. Thus, the whole
reverse process can be formulated as:

pψ(x0:T ) = p(xT )
T∏

t=1

pψ (xt−1 | xt) . (16)

To implement the reverse process, we propose a style-adaptive
residual denoiser and a phoneme-enhanced U-net denoiser as a
diffusion decoder, which learns to recover the mel-spectrogram
from the noise of the diffusion process conditioned on textual
phoneme from script and style embedding from reference audio.

1) Style-Adaptive Residual Denoiser (SRD): As shown in
Fig. 3(a), SRD aims to recover the initial mel-spectrogram
M̃init from noise data xt conditioned on intermediate speech
representations Ohpm (12), diffusion step t, and speaker identity
vector Sid.

First, SRD projects noise data xt to the hidden sequence
H by 1 × 1 convolution and Relu layer, and then we feed H
into the residual block. In each residual block, there are three

inputs: 1) Step t is fed to a step encoder, which consists of
sinusoidal position embedding and linear layers to convert the
discrete step t to continuous hidden Et. Subsequently, Ht is
computed by Et ⊕ H, where ⊕ denotes the element-wise adding
operation. 2) Intermediate speech representations Ohpm are fed
to 1 × 1 convolution to obtain fused hidden sequence Z =
Conv1×1(Ohpm) ⊕ Conv3×3(Ht). 3) Speaker identity vector
Sid is introduced to affine transform to provide additional scaling
and shifting:

Zstyle = γ(Sid) · ZL + δ(Sid), (17)

where ZL = (Z − μ)/σ denotes the normalized feature. μ and
σ represent the mean and variance of Z to perform normal-
ization. γ(Sid) and bias δ(Sid) are learnable parameters based
on speaker identity vector Sid to provide the gain and bias to
improve style expression. Zstyle ∈ R

Lm×C denotes the fused
features with style expression, where Lm is the length of mel-
spectrogram and C is the channel number. Next, the sigmoid
function σ(·) and tanh function tanh(·) are used to form a gated
activation unit [55], [56] to process fused features Zstyle. Finally,
a residual block is used to split the merged hidden into two
branches with C channels (the residual as the following H and
another as the current output Ui). The initial mel-spectrogram is
obtained by M̃init =

∑N−1
i=0 Ui, where N indicates the number

of the residual blocks.
2) Phoneme-Enhanced U-Net Denoiser (PUD): Inspired by

the success of U-net architecture in image diffusion denois-
ing [57] and speech enhancement [58], we propose PUD to
improve restoration quality further and enhance pronunciation
from M̃init.

As shown in Fig. 3(b), the M̃init is first fed into the U-net
encoder, which consists of convolutional layers, layer normal-
ization, and Relu activation to obtain hidden initial sequence
M̃h

init. Then, a duration-based downsampling is used to extract
low-resolution features Lpho ∈ R

P ×C from M̃h
init, which high-

lights the pronunciation by average pooling based on duration
boundary dp. Next, we leverage the phoneme-level attention
mechanism to capture the relevance between Lpho and original
textual phoneme sequence O:

Epho = Lpho ⊕ softmax

(
Lpho

�O√
dm

)
O�, (18)

where the Lpho is used as the query, while O is used as key and
value. ⊕ denotes the element-wise adding.

Then, we use the length regulator LR(·) [2] to expand Epho

to mel-spectrogram length:

Eup
pho = LR (Epho, dp) , (19)

where Eup
pho indicates the phoneme enhanced feature after up-

sampling. Next, the Skip-Connection connecting the “parallel”
layers of the Decoder is used to recover more detailed informa-
tion and improve the accuracy of the final result:

M̃h
fine = Conv1×1

(
SkipConnect

([
M̃h

init, Eup
pho

]))
, (20)

where the initial mel-spectrogram M̃h
init and phoneme enhanced

feature Eup
pho are concatenated along the channel dimension.
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M̃h
fine denotes the refined the mel-spectrogram. The role of

Conv1×1(·) is to reduce the channel dimension to 256. Fi-
nally, we use the 1 × 1 convolutional layer to project M̃h

fine

to 80-dimensions M̃fine for converting time-domain wave Ŷ
by pre-trained vocoder.

The predicted mel-spectrogram M̃fine is optimized by mel-
reconstruction loss Lrec and structural similarity index loss [59],
[60] LSSIM:

Lrec =
(

E

[∥∥∥x0 − M̃fine

∥∥∥
1

])
, (21)

LSSIM =
(

1 − SSIM
(

x0 − M̃fine

))
, (22)

where the x0 represents the ground-truth mel-spectrogram. The
mel-reconstruction loss Lrec is based on L1 differences. The
SSIM loss LSSIM is used to measure structural information and
texture from mel-spectrograms.

C. Full-Stage Discriminator

Inspired by the diffusion GAN model [55], [61], we in-
troduce a full-stage discriminator, which contains two sub-
discriminators, a process discriminator and a terminal discrimi-
nator, to approximate the denoising distribution.

1) Process Discriminator: It aims to reduce the num-
ber of denoising steps by using predicted noise distribution
pψ(xt−1|xt) (15) to approximate the true denoising distribu-
tion q(xt|xt−1) (13). Formally, we use an adversarial loss that
minimizes a divergence Dadv per denoising step, following [61]:

min
θ

∑
t≥1

Eq(x t) [Dadv (q(xt|xt−1)|pψ(xt−1|xt))] , (23)

where we adopt the Least Squares Generative Adversarial Net-
work (LS-GAN) training formulation [62] to minimize Dadv

thanks to its various successful practices in audio generation
domain [18]. Specifically, to set up the adversarial training, we
denote the process discriminator as DPro(xt−1, xt, t) : R

N ×
R

N × R → [0, 1]. It takes the N -dimensional xt−1, xt, and time
step t as inputs, and decides whether xt−1 is a plausible denoised
version of xt on t step. The discriminator is trained by:

LD
Pro =

∑
t≥1

Eq(x t)q(x t−1 |x t)

[
(DPro (xt, xt−1, t) − 1)2

]
+ Epθ(x t−1 |x t)

[
DPro

(
xt, P os

(
M̃fine

)
, t

)2
]

, (24)

where fake samples from P os(M̃fine) are contrasted against
real samples from xt. The P os(·) represents the posterior
sampling distribution q(x′

t−1|x′
0, xt), where x′

0 indicates the

predicted 80-dimensions mel-spectrogram M̃fine and xt is the
noise distribution at step t from (13).

2) Terminal Discriminator: Although the process discrim-
inator is beneficial for acceleration, the quality of the mel-
spectrogram receives less attention in adversarial training. Ob-
serving that different frequency bands of the mel-spectrogram
contain different details, we propose a terminal discriminator
that adopts multi-band discrimination to focus on denoising

quality in the final step output of the reverse process. Specifically,
we define the terminal discriminator as DTer(M̃fine) : R

N →
[0, 1]. It takes the N -dimensional M̃fine as input and evaluates
whether it has the same mel-spectrogram details with original
mel-spectrogram x0 by multi-band discrimination:

DTer

(
M̃fine

)
=

∑
j=0

Mulk×k

([
M̃fine

]Sw∗(j+1)

Sw∗j

)
, (25)

where Sw indicates the sub-band bandwidth in the channel
dimension, and j = [0, 1, . . . , 80

Sw
∈ N

+]. Mulk×k(·) denotes
the convolution layers with different kernel. The convolution
kernel size k used in the top sub-band is smaller to preserve
high-frequency details, and the k used in the bottom sub-band is
larger to capture more contextual information of low-frequency,
respectively. The terminal discriminator is trained by:

LD
Ter = E(x 0 )

[
(DTer(x0) − 1)2 +

(
DTer

(
M̃fine

))2
]

, (26)

it aims to distinguish the real samples from fake ones generated
by the final step output of the reverse process. The real sample
is the ground truth mel-spectrogram x0, and the fake sample is
the predicted mel-spectrogram M̃fine.

Finally, the generation loss of HD-Dubber is defined as the
sum of the adversarial loss for each discriminator:

Ladv = E

[
(DPro(P os(Gθ(Ra, Tr, Vf )), xt, t) − 1)2

]
+ E

[
DTer (Gθ (Ra, Tr, Vf ) − 1)2

]
, (27)

where the adversarial loss follows LSGAN [62] to replace the
binary cross-entropy terms of the original GAN [63] objective
with least squares loss functions. Besides, we adopt the feature
matching loss Lfm to evaluate the difference in intermediate fea-
ture maps of each discriminator sub-module between a ground
truth sample and a generated sample by summing L1 distances:

Lfm = Eq(x t)

[
N∑

m=1

(||Dm
Pro(·)||1, ||Dm

Ter(·)||1
]

, (28)

where N represents the total number of hidden layers in the
discriminator. The ||Dm

Pro(·)||1 and ||Dm
Ter(·)||1 denote the L1

distances of output hidden layer m of the process discriminator
and terminal discriminator, respectively, where m ∈ [1, N ].

D. Training Loss

Overall, we conduct the adversarial training for HD-Dubber
by alternating between the updates of the generation part (includ-
ing HPM and ADD’s diffusion decoder, see components with a
black arrow in Fig. 2) that minimizes LG loss, and the updates
of the full-stage discriminator (see components with blue arrow
in Fig. 2) that minimizes LD loss:

LG = �1Lrec + �2LSSIM + �3Lfm + �4Ladv

+ �5Lpitch + �6Lenergy + �7Lcl + �8Ldura, (29)

LD = ε1LD
Pro + ε2LD

Ter, (30)
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where the loss weights are empirically set as �1 = 6.5, �2 = 5.5,
�3 = 0.2, �4 = 0.45, �5 = 0.1, �6 = 0.1, �7 = 0.01, �8 = 5.0,
ε1 = 1.0, and ε2 = 1.0, respectively.

IV. EXPERIMENTS AND RESULTS

A. Datasets

We conduct experiments on three dubbing datasets, including
Disney cartoon character dubbing, real-person dubbing in a
recording studio, and YouTube real-person dubbing. Below, we
describe the characteristics of each dataset.

V2C-Animation: This dataset [1] is currently the only publicly
available dataset for multi-speaker movie dubbing. Specifically,
it contains 153 diverse characters extracted from 26 Disney
cartoon movies, specified with speaker identity and emotion
labels. The dataset has 9,296 video clips, and the audio samples,
which contain background music and environment sound, are
collected at 48 kHz with 32 bits. The split of training and test
sets follows FL-Dub [15].

GRID: This dataset [65] is a popular benchmark for multi-
speaker dubbing. The whole dataset has 33 speakers (originally
34, but one is corrupted), each with 1,000 short English samples.
All participants are recorded in a noise-free studio with a unified
screen background. All audio is sampled at 25 000 Hz. GRID
does not have speaker emotion labels or various movie back-
grounds compared to V2C-Animation. The train set consists of
29 694 samples, nearly 900 sentences from each speaker. In the
test set, there are 100 samples of each speaker.

Chemistry Lecture (Chem): This dataset [42] is a single-
speaker dataset of a chemistry teacher speaking in the class. It
comprises 6,640 short video clips collected from YouTube, with
a total video length of approximately nine hours. The Chem
dataset is originally used for the unconstrained single-speaker
lip-to-speech synthesis [29]. For fluency and complete dubbing,
each video clip has sentence-level text and audio based on
the start and end timestamps extracted by NeuralDubber [42].
There are 6,132 and 196 dubbing clips for training and testing,
respectively.

B. Evaluation Metrics

Objective Metrics: We adopt the Mel Cepstral Distortion
Dynamic Time Warping (MCD-DTW) metric following [1],
[66] to measure the difference between the generated dubbing
and the ground truth. To further assess the duration consistency
between the generated dubbing and the video, we utilize the
MCD-DTW-SL metric, which adjusts the weights based on du-
ration consistency [1]. Furthermore, to assess the pronunciation
quality of the generated dubbing, we utilize the state-of-the-art
automatic speech recognition (ASR) model Whisper [67] from
OpenAI for dubbing recognition and computing the word error
rate (WER) [68] against the script to evaluate the accuracy of the
generated dubbing. To evaluate the timbre consistency between
the generated dubbing and the reference audio, we employ the
speaker encoder cosine similarity (SECS) following [21], [22]
to compute the similarity of speaker identity. In addition, we
utilize a speech emotion recognition model [69] to evaluate the

emotion accuracy (EMO-ACC) of the generated dubbing (For
the V2C-Animation benchmark only because there is no emotion
label in the other datasets).

Subjective Metrics: For subjective evaluation, we conduct
human evaluations of mean opinion score (MOS) in aspects of
naturalness (NMOS) and similarity (SMOS). Both metrics are
rated on a 1-to-5 scale and reported with the 95% confidence
intervals (CI). Following the settings in [1], [15], participants
are asked to assess the dubbing quality of 30 randomly selected
audio samples from each test set.

C. Implementation Details

Data Preprocessing: The video frames are sampled at 25 FPS,
and all audios is resampled to 22 050 Hz. Note that for the V2C-
Animation dataset, audio compression from multi-channel to
mono-channel is required. We use the Montreal Forced Aligner
(MFA) [70] to extract the ground truth of phoneme duration. The
window length, frame size, and hop length in short-time Fourier
transform (STFT) are 1,024, 1,024, and 256, respectively. The
max wave value and mel-spectrogram channel are 32 768 and
80, respectively. For energy extraction, we compute the mean
L2-norm of the amplitude of each STFT frame within a phoneme
duration [2]. The face image is extracted by S3F D [71] face
detection model, following [15]. The lip region is resized to
a 96 × 96 grayscale image, and then a pre-trained temporal
convolutional network is used to extract lip embedding with
512-dimension [15], [72], [73].

Model Architecture: The phoneme encoder and lip encoder
in the hierarchical phoneme modeling module follow Neural
Dubber [42], which consists of feed-forward transformers (FFT)
blocks to encode phoneme hidden sequences. Note that we use
Conv1D 1×1 layer to replace the original Position Embed-
ding (PE) in the phoneme encoder and lip encoder to model
the relative position information [74]. The one-dimensional
convolution’s hidden size, number of attention heads, kernel
size, and filter size in the FFT block are set as 256, 8, 9, and
1,024, respectively. The pitch predictor and energy predictor
have the same network structure and hyper-parameters as in
FL-Dub.2 Diffusion step t is encoded using the same sinusoidal
positional encoding as in [75]. We use VPSDE for the diffusion
process of each variable with βmin = 0.1 and βmax = 40.0,
following [55]. In addition, the diffusion time step is set to
4. The mel-spectrogram feature maps are added with the dif-
fusion step embedding and fed into 20 residual blocks with
a hidden dimension of 256. The gated mechanism is used to
process the feature maps before the style adaption layer. The
phoneme level attention head in PUD is 1, with a drop rate
of 0.2. The skip connection is to reconnect M̃h

init and Eup
pho

along the channel dimension. The process discriminator has the
same network structure as joint conditional and unconditional
(JCU) network [55], which consists of the 1D convolutional
layers with the 64, 128, 512, 128, and 1 channel and 3, 5, 5, 5,
and 3 kernel sizes. The sub-band bandwidth Sw in the terminal

2The source code of our prior work is available at https://github.com/
GalaxyCong/HPMDubbing. All the source code of this paper will be released.
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TABLE I
EXPERIMENTAL SETTINGS FOR V2C

discriminator is 20, and the initial convolution kernel sizes are 5,
3, 3, and 2, respectively. The spectral normalization is applied to
each sub-discriminator in the terminal discriminator to stabilize
training.

Training Details: For training, we use the Adam [76] opti-
mizer with β1 = 0.5, β2 = 0.9, ε = 10−9 to optimize HPM and
ADD. The initial learning rate of the Adam optimizer is 0.0001.
We use the AdamW [77] optimizer with β1 = 0.5, β2 = 0.9, ε =
10−9 to optimize the full-stage discriminator. The initial learning
rate of the AdamW optimizer is 0.0002. We set the batch size to
32, 64, and 16 on V2C-Animation, GRID, and Chem datasets,
respectively. In this work, the vocoder’s parameters are frozen,
which is used to transform the generated mel-spectrograms into
audio samples. Both training and inference are implemented
with PyTorch on a GeForce RTX 4090 GPU.

D. Performance Comparison

To evaluate the performance of our HD-Dubber, we compare it
with different kinds of state-of-the-art speech synthesis methods:

1) FL-Dub (CVPR’23) [15]: It is a mel-spectrogram frame-
level movie dubbing architecture, which models the rele-
vance between three visual representations (i.e., lips, facial
expressions, and scenes) with their counterparts.

2) Face-TTS (ICASSP’23) [43]: It is a zero-shot speech
synthesis model with face-styled diffusion. Face-TTS in-
troduces a score-based diffusion model and cross-modal
biometrics to preserve speaker identity between face im-
ages and generated speech.

3) V2C-Net (CVPR’22) [1]: This movie dubbing model for
the V2C task fuses speaker style from reference audio, text
information from the raw script, and emotion from video
by element-wise addition.

4) CDFSE (Interspeech’22) [64]: It is a zero-shot speaker
adaptation method for speech synthesis, which learns
fine-grained style features by extracting local content
embeddings and speaker embeddings from a reference
speech.

5) Meta-StyleSpeech (ICML’21) [18]: It is a multi-speaker
speech synthesis method to clone the style in unseen
scenes, which learns speaker style by a mel-style encoder
under the meta-learning episode with adversarial training.

6) Fastspeech2 (ICLR’21) [2]: It is a transformer-based, non-
autoregressive speech synthesis method to improve speech
quality by explicitly modeling energy, pitch, and duration
as variation information.

1) Experimental Setup: We evaluate our method in three
experimental settings as shown in Table I: 1) Setting 1 is same
as in [1], which uses ground-truth audio as reference audio;
2) Setting 2 uses non-ground truth audio of the same speaker as

reference audio, simulating real-world applications; 3) Setting
3 uses the audio of unseen characters (from another dataset) as
reference audio simulating real-world applications.

2) Results on the V2C-Animation: Setting 1 on V2C-
Animation: The results are presented in Table II left. The pro-
posed HD-Dubber achieves the best performance on all met-
rics. Specifically, in terms of pronunciation quality, our method
achieves 28.45% on WER, which significantly surpasses the
current SOTA method (FL-Dub) and is much closer to human
performance. In terms of MCD-DTW and MCD-DTW-SL, the
proposed method achieves relative 7.21% and 25.34% improve-
ments over SOTA baseline CDFSE, respectively. Considering
these methods use the same vocoder to generate audio, the
above improvement demonstrates the proposed HD-Dubber can
achieve better mel-spectrogram reconstruction quality and du-
ration consistency. Additionally, the proposed method achieves
80.03% SECS, which significantly outperforms the previous
methods regarding speaker similarity. These experimental re-
sults demonstrate the proposed method can better capture and
convey the speaker’s timbre, which is crucial for movie dubbing.

Setting 2 on V2C-Animation: We report the results of setting
2 on the V2C-Animation benchmark in Table II right. Note that
setting 2 is more challenging than setting 1, which requires the
model to be robust. The proposed method achieves outstanding
performance on all metrics. For instance, its SECS and WER
are far ahead of the SOTA method FL-Dub, and do not degrade
obviously as other methods, showing the effectiveness of the
proposed HD-Dubber. In terms of metrics MCD-DTW and
MCD-DTW-SL, although all the performance degrades com-
pared to setting 1, our method still achieves the best performance.
Last but not least, the human subjective evaluation results (see
MOS-N and MOS-S in Table V) also show that the proposed
method can generate better speeches according to naturalness
and timbre similarity.

3) Results on the GRID: Setting 1 on GRID: As shown
in Table III left, the proposed model achieves the best
performance across all metrics on the real-person dubbing
dataset GRID. In terms of MCD-DTW, the proposed method
achieves the lowest mel-cepstral distortion, demonstrating that it
can generate high-quality mel-spectrograms closer to the ground
truth. Regarding speaker similarity (see SECS), the proposed
method outperforms other models with an absolute margin of
2.7% over the SOTA baseline Meta-StyleSpeech. Last but not
least, our method achieves the lowest WER, producing clearer
pronunciation in real-person dubbing.

Setting 2 on GRID: As shown in Table III right, the proposed
HD-Dubber performs best on almost all metrics under setting 2
on the GRID benchmark. Our method performs slightly worse
regarding MCD-DTW than the SOTA TTS method CDFSE. Re-
garding speaker similarity (see SECS), our method outperforms
other models with an absolute improvement of 3.43% over the
second-best method CDFSE. In addition, the proposed method
improves by 7.2% in terms of WER compared with the second-
best method, CDFSE. Furthermore, the lowest MCD-DTW-SL
demonstrates that our HD-Dubber achieves better duration sync
than other methods. Finally, as shown in Table V, our method
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TABLE II
RESULTS ON THE V2C-ANIMATION BENCHMARK

64

64

43

TABLE III
RESULTS ON THE GRID BENCHMARK WITH COMPARISONS AGAINST STATE-OF-THE-ART METHODS UNDER THE SETTING 1 AND SETTING 2

TABLE IV
RESULTS ON THE CHEM BENCHMARK WITH COMPARISONS AGAINST STATE-OF-THE-ART METHODS UNDER THE SETTING 1 AND SETTING 2

TABLE V
SUBJECTIVE EVALUATION ON V2C-ANIMATION AND GRID BENCHMARKS

achieves the best MOS-N and MOS-S, demonstrating the pro-
posed method can generate speech with high naturalness and
identity similarity.

4) Results on the Chem: Setting 1 on Chem: As shown
in Table IV left, the proposed method achieves the best

performance across all metrics on the Chem benchmark. Unlike
V2C-Animation and GRID, samples in Chem are recordings of
only one chemistry teacher, which does not present exaggerated
prosody variation or diverse speaking styles. Therefore, the pro-
nunciation accuracy of all compared methods is generally better
than that of the V2C-Animation and the GRID benchmark. Nev-
ertheless, the proposed model achieves a lower WER than the
SOTA method (CDFSE [64]), rendering clearer pronunciation.
The lowest MCD-DTW and MCD-DTW-SL demonstrate the
ability of our model to generate dubbing closest to ground truth.
Furthermore, our model achieves the lowest MCD-DTW-SL,
indicating that it can generate speech that is well synchronized
with the video.

Setting 2 on Chem: We report the setting 2 results on the
Chem dataset in Table IV right. Despite setting 2 being much
more challenging than setting 1, the proposed method performs
best on all metrics. According to the SECS metric, our method
significantly improves the performance by 15.78% and 28.72%
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TABLE VI
RESULTS ON ZERO-SHOT TEST (SETTING 3)

than FL-Dub (CVPR’23) and V2C-Net (CVPR’22), respec-
tively. The proposed method achieves the lowest MCD-DTW,
showing minimal acoustic difference even in challenging setting
2. Last but not least, our method achieves the lowest WER,
which shows that the proposed HD-Dubber can produce the most
accurate pronunciation in real-person dubbing.

E. Zero-Shot Generalization

For setting 3, we use the speakers from the GRID benchmark
as unseen reference audio to evaluate the model’s generalizabil-
ity trained on the V2C-Animation benchmark, following [78].
Since there is no ground-truth audio under this setting, we only
report performance on metrics SECS and WER and provide
subjective evaluations.

As shown in Table VI, the proposed method achieves the
best generation quality on all four metrics. The higher SECS
and MOS-S (mean opinion score of similarity) show that our
method generates better speeches for unseen speakers. Com-
pared to previous methods (e.g., FL-Dub [15]), the proposed
model maintains good pronunciation (see WER). The superior
performance of WER and SECS in such challenging scenarios
demonstrates the robustness of the proposed HD-Dubber. The
proposed HD-Dubber performs favorably in the most challeng-
ing zero-shot scenarios.

F. Ablation Study

1) Ablation Study of Main Modules: In this section, we study
the effectiveness of the main module: hierarchical phoneme
modeling (HPM), diffusion denoiser in Acoustic Diffusion De-
noising (ADD), and adding adversarial training. Experiments are
carried out on the V2C-Animation benchmark under setting 1.
The results are shown in Table VII. It shows all modules of
HD-Dubber achieve consistent improvement on all metrics.
Comparing Rows 1, 2, and 3 of Table VII, the HPM module con-
tributes the most. Especially in terms of WER, the HPM achieves
a performance of 34.11%, which far exceeds the 96.38% of
ADD’s Diffusion Decoder. This demonstrates that learning on
the phoneme level (including duration, prosody, and emotion)
improves the consistency of speaker identity while ensuring pro-
nunciation quality. The results on Row 2 and Row 3 of Table VII
show that ADD’s Diffusion Decoder improves MCD-DTW
more significantly than Adversarial Training, which indicates
the importance of diffusion-based denoiser for high-quality mel-
spectrogram reconstruction. Finally, compared with Row 4 in
Table VII, the MCD-DTW in Row 5 shows further improvement,

which is brought by the designed discriminator structure that
focuses on the spectral details of multiple frequency bands.

2) Ablation Study Within HPM: To verify the effectiveness of
each component in HPM, we conduct detailed ablation studies,
and the results are shown in Table VIII. Specifically, we conduct
the following ablation studies: (1) To evaluate the effectiveness
of the style encoder, we remove the style affine transform of
each layer of FFT in the phoneme encoder. The results are
presented in Row 1 of Table VIII. We find that SECS decreases
to 75.93%, indicating that introducing style information in the
phoneme encoding stage enhances the similarity of speakers.
(2) To verify the effectiveness of the phoneme duration aligner
in hierarchical modeling, we remove the contrastive learning
and the input of lip motion, forcing the duration prediction to
be controlled by the textual phoneme. As shown in Row 2,
MCD-DTW-SL significantly worsens, indicating a large audio-
visual mismatch. (3) We remove the phoneme prosody adaptor
so that the model cannot predict phoneme-level energy and pitch
from facial expressions. Row 3 shows a certain degradation in
MCD-DTW, demonstrating the effectiveness of incorporating
phoneme level prosody variations (i.e., energy and pitch). (4)
Finally, we remove the affine emotion booster to verify its impact
on emotions. As shown in Row 4, EMO-ACC incurs a significant
drop, which indicates that the synthesized audio deviates from
the real emotional class without our booster.

3) Ablation Study Within ADD: To verify the effectiveness
of each component in ADD, we conduct the detailed ablation
studies as shown in Table IX: (1) We use DiffGAN-TTS [55]
as the baseline, equipped with a basic denoiser conditioned on
speaker-ID by broadcasting and includes a process discrimina-
tor. The results in Row 1 of Table IX show that ordinary diffusion
denoisers are not enough for challenging movie dubbing. (2) We
replace the decoder in DiffGAN-TTS [55] with the proposed
SRD and keep the remaining modules unchanged. As shown in
Row 2, all metrics have been improved, among which SECS has
the largest improvement. This result reflects the effectiveness
of our Style-adaptive Residual Denoiser (SRD) in diffusion
modeling. (3) We add the Phoneme-enhanced U-net Denoiser
(PUD) to evaluate its effectiveness. Except for SECS, the model
performs better (see row 3), especially regarding WER. Thanks
to the unique skip-connection architecture of U-net, the mel-
spectrogram quality of SRD output is further enhanced (see
MCD-DTW), but SECS has no improvement because PUD does
not involve style adaptation.

G. Evaluation of Duration Aligner

To evaluate the effectiveness of the proposed contrastive
learning-based duration aligner, we compare it with several
counterparts in the literature: (1) The unconstrained Duration
Aligner (Uncon-DA) [15]: no constraints are added between
the aligned lips and the textual phonemes in the multi-head
attention mechanism. (2) The Diagonal Constraint-based Du-
ration Aligner (DC-DA) [79] is used to solve the text-to-speech
alignments in multi-speaker scenarios, which constrains the
attention weight matrix of text and lips through diagonal loss
with a fixed bandwidth. (3) The Stepwise Monotonic Attention
Duration Aligner (SMA-DA) [80], which meets the criteria
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TABLE VII
ABLATION STUDY OF THE MAIN MODULES ON THE V2C-ANIMATION BENCHMARK UNDER THE SETTING 1

TABLE VIII
ABLATION STUDY OF THE HIERARCHICAL PHONEME MODELING (HPM) ON THE V2C-ANIMATION BENCHMARK UNDER THE SETTING 1

TABLE IX
ABLATION STUDY OF THE ACOUSTIC DIFFUSION DENOISING (ADD) ON THE V2C-ANIMATION BENCHMARK UNDER THE SETTING 1

TABLE X
ABLATION STUDY OF THE DURATION ALIGNER ON THE V2C-ANIMATION

BENCHMARK UNDER THE SETTING 1

of locality and monotonicity. It helps reduce misalignment
and improve the robustness of the speech synthesis system.
(4) This paper proposes Phoneme Duration Aligner (PDA),
which constrains the relevance between lip motion and text
sequences by contrastive learning.

The quantitative results are shown in Table X. It shows that
the proposed PDA achieves the best MCD-DTW-SL, demon-
strating better audio-visual synchronization when capturing re-
lated lip motion spans than others. In addition, our method
achieves lower WER than other methods in Table X, which
shows that the proposed PDA can provide clear pronunciation.
In contrast, although the MCD-DTW-SL of the frame-level
alignment in Uncon-DA is relatively small, its WER is high.
We also visualize the attention matrix obtained by our method
and other speech alignment methods in Fig. 4. We highlight
the regions where significant differences are observed (see red
rectangle). Our method achieves attention closest to the ground
truth: the curve shows monotonicity and trend consistency. In
contrast, all other methods produce obvious disconnections.
That is, the other approaches fail to capture the correspondence
well.

TABLE XI
ABLATION STUDY ON DIFFERENT HYPERPARAMETERS OF LCL WEIGHTS

TABLE XII
ABLATION STUDY ON DIFFERENT HYPERPARAMETERS OF LSSIM WEIGHTS

H. Evaluation of Different Loss Weights

To ensure the stability of adversarial training, we empiri-
cally determine the GAN loss weights according to previous
works [15], [55], [81]. Furthermore, we conduct a detailed abla-
tion study across a wide range of values for the contrastive learn-
ing loss LCL and the structural similarity index loss LSSIM .
As shown in Tables XI and XII, the results demonstrate that
a loss weight of 0.01 for LCL and 5.5 for LSSIM achieve
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Fig. 5. The visualization of the mel-spectrograms of ground truth (GT) and synthesized audios obtained by different models. The red and white bounding boxes
highlight regions where different models exhibit significant differences in duration pausing and mel-spectrograms details.

Fig. 6. Additional qualitative examples for core components of HD-Dubber. The white and red rectangles highlight key regions that have significant differences
in reconstruction details and duration pause, respectively.

the best trade-off across multiple metrics. For the SSIM loss,
we observe that gradually increasing its weight significantly
improves the MCD-DWT metric, as it encourages the predicted
mel-spectrogram to better match the structural and textural
details of the ground truth. However, this trend does not hold
indefinitely. When the weight exceeds 6.0, the performance
begins to degrade noticeably in our experiments.

I. Qualitative Analysis

We visualize the mel-spectrogram of reference audio, ground-
truth audio, and the audio generated by the proposed method
and the other two state-of-the-art methods in Fig. 5. The red
and white rectangles highlight regions where different models
exhibit significant differences in duration consistency and mel-
spectrogram details compared to the ground truth. It shows that
our model outperforms others in maintaining duration pauses.
Besides, comparing white rectangle regions, we observe that the
proposed method achieves distinct horizontal lines and clearer
details in the mel-spectrogram, which is more similar to the
ground truth than other methods.

Besides, we provide qualitative results to analyze the impact
of each component of HD-Dubber on mel-spectrograms gen-
eration in Fig. 6. It shows that when the Duration Aligner is

removed, the model can synthesize clear mel-spectrograms, but
it cannot ensure a reasonable duration (see the red bounding
box part). This shows the key role of the Phoneme Duration
Aligner (PDA) in maintaining audio-visual synchronization. In
addition, when HPM is removed, the entire mel-spectrogram
becomes very blurry, indicating that the speech intelligibility is
poor.

J. Failure Case and Future Work

Although the proposed HD-Dubber achieves SOTA perfor-
mance on all three publicly available dubbing benchmarks,
failure cases may still occur. Compared to the ground truth
(Fig. 7(a)), the generated result (Fig. 7(b)) lacks a clear high-
pitched reconstruction in the corresponding high frequency re-
gion of the mel-spectrogram (see white bounding boxes). Over-
all, singing-style dubbing differs from traditional speech-style
dubbing. It often involves dramatic turns, such as high-pitched
transitions. In addition, the ground truth of singing clips is usu-
ally accompanied by background music, which further increases
the difficulty for the model to learn singing reconstruction.
Future work can focus on improving robustness to such chal-
lenges by incorporating music-voice separation and expressive
modeling.
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Fig. 7. Visualization of a representative failure case. This clip is taken from
the movie “Frozen II” in the V2C-Animation benchmark. This clip shows the
character Elsa performing a soprano solo accompanied by background music.
The white bounding boxes highlight regions with large discrepancies in high-
frequency reconstruction.

V. CONCLUSION

In this work, we propose a diffusion-based movie dubbing ar-
chitecture, which consists of two main components: Hierarchical
Phoneme Modeling (HPM) and Acoustic Diffusion Denoising
(ADD). HPM learns to directly align video representations with
phoneme-level counterparts at three granularities: lip movement
(phoneme level duration), facial expression (pitch and energy),
and scene atmosphere (global emotion). The ADD module with a
parameterized Markov chain iteratively converts noise into the
mel-spectrogram conditioned on textual phoneme from script
and style embedding from reference audio. Extensive experi-
ments on three widely adopted benchmarks show the favorable
performance of the proposed method.
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