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Supplementary Material

Summary

This appendix contains additional materials for the paper

“DiFlowDubber: Discrete Flow Matching for Automated

Video Dubbing via Cross-Modal Alignment and Synchro-

nization”. The appendix is organized as follows:

» Section A presents dataset details, including LibriTTS
for zero-shot TTS pre-training and the Chem and GRID
benchmarks for video dubbing.

 Section B provides implementation details, covering pre-
processing, model architectures for both the zero-shot TTS
pre-training stage and the video dubbing adaptation stage,
as well as training configurations.

* Section C describes the baseline methods used for com-
parison.

» Section D reports additional qualitative results, includ-
ing alignment visualizations of the Synchronizer and mel-
spectrogram comparisons with baseline systems.

* Section E discusses the limitations of the proposed
method.

A. Dataset Details

We adopt a two-stage training process. In the zero-shot TTS
pre-training stage, we train on the LibriTTS dataset, while
in the video dubbing adaptation stage, we use the Chem and
GRID benchmarks.

LibriTTS. The LibriTTS [22] is a large-scale multi-speaker
English speech corpus designed for text-to-speech (TTS)
research. It contains recordings from numerous speakers
with diverse accents, vocal styles, and speaking rates. Each
utterance is carefully segmented and aligned with its cor-
responding text transcript. In our work, we use 470 hours
of the LibriTTS dataset as the text-speech corpus for the
zero-shot TTS pre-training stage.

Chem. The Chem dataset [10] consists of classroom lec-
ture videos featuring a chemistry instructor, collected from
publicly available YouTube recordings [10]. It spans ap-
proximately nine hours of content and is segmented at the
sentence level to facilitate precise dubbing alignment. The
dataset contains 6,082 samples for training, 50 for validation,
and 196 for testing.

GRID. The GRID corpus [6] is a standard benchmark for
evaluating multi-speaker video dubbing systems. It features
recordings from 33 distinct speakers, each contributing 1,000
short English utterances. All recordings were captured under
controlled studio conditions with a consistent visual back-

ground. The dataset includes 32,670 training instances and
3,280 test instances.

B. Implementation Details

B.1. Preprocessing

We use FACodec [11] as the audio tokenizer, detokenizer,
and speaker extractor. Audio is sampled at 16 kHz and
tokenized using FACodec at 80 tokens/s, while videos are
sampled at 25 FPS, resulting in a fixed 5:16 length ratio
between video frames and speech tokens. Each lip-cropped
frame is resized to 96 x 96 pixels. The numbers of quantizers
are m = 1 for prosody, n = 2 for content, and k£ = 3 for
acoustic tokens, each with a vocabulary size of 1024. To ob-
tain the ground-truth alignment matrices for video-text and
speech-text alignment, we first extract the duration of each
phoneme using the Montreal Forced Aligner (MFA) [15].
Based on these durations, we construct the video-text align-
ment matrix by multiplying each phoneme’s duration by the
video frame rate (25 FPS) to determine the number of frames
corresponding to each phoneme. Similarly, the speech-text
alignment matrix is constructed by multiplying the phoneme
durations by the token rate (80 tokens/s) to obtain the number
of speech tokens aligned with each phoneme.

B.2. Model Details
B.2.1. Zero-shot TTS Pre-training Stage

Content Modeling. Following conventional duration-based
alignment modules [12, 18, 19], our architecture consists of a
Phoneme Encoder, a Duration Predictor, a Length Regulator,
and Feed-Forward Transformer (FFT) layers. We model the
content by adapting existing duration-alignment mechanisms
to the discrete token modeling setting. Specifically, we em-
ploy the duration predictor from [ 18] to estimate the duration
(i.e., the number of tokens) for each input phoneme. Each
phoneme is then duplicated by the length regulator based on
the predicted durations and passed through 2 FFT blocks to
refine the representations. Each FFT block contains 4 atten-
tion heads, a hidden size of 256, an output dimension of 768,
convolutional filter sizes of 1024 with kernel sizes [9, 1], a
dropout rate of 0.2, and a maximum sequence length of 5000.
After the FFT blocks, the Content Predictor employs two
FFT blocks with the same configuration to generate two tex-
tual representations that capture progressively richer features
through the stacked FFT layers. The final output consists of
two branches: the first is projected through a linear layer to
obtain the final hidden state, while the second is projected



onto the vocabulary space to produce logits representing the
distribution of content tokens.

Discrete Flow Matching Overview. The objective of Dis-
crete Flow Matching is to transform source samples xy ~ p
into target samples x; ~ ¢. In our formulation, the source
distribution corresponds to all-mask tokens [MASK], while
the target distribution x; = [x,1;%X,;] € NHR*E
is factorized into prosodic x,; € N™*L and acoustic
Xq.1 € N¥*L components, enabling structured joint learning.
Following [8], we employ a monotonic scheduler x; € [0, 1]
with boundary conditions ko = 0 and k1 = 1, where
t € [0, 1] denotes continuous time. In our implementation,
we set k; = t2. This scheduler progressively interpolates be-
tween the source and target distributions, smoothly transition-
ing from x to x; as k; increases. We then construct a condi-
tional probability path, referred to as the mixture path, which
linearly interpolates between the source and target distribu-
tions: p(x'[xo,x1) = (1 — K¢) po(x*[%0) + ke p1(X'[x1).
This path defines an evolution of discrete states governed by
a probability velocity field u;, expressed as:

Rt
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(', %) = o prpe(X'[xe, €;0) — pe(x'[xe) |, (1)
where £; denotes the time derivative of the scheduler, 6 rep-
resents the learnable parameters of the probability denoiser,
and py(+|x¢, c; 0) is the posterior distribution of x; given
the partially corrupted sequence x; and the conditioning
context c.

Denoiser Architecture. We use a Diffusion Transformer
(DiT) [17] as the denoiser in our discrete flow matching
framework. The DiT consists of 8 layers with a hidden size
of 768 and 8 attention heads, and is enhanced with rotary
position embeddings (RoPE) [20]. The time step is embed-
ded using an MLP that maps it to a 768-dimensional vector,
while the speaker embedding, originally of dimension 256,
is linearly projected to the same 768-dimensional space. The
global conditioning vector ¢, is then formed by summing
the resulting the time embedding t and the speaker embed-
ding s projected via an MLP, which are used to condition the
Adaptive Layer Normalization (AdaLN) layers. We employ
a long skip connection from the input to the output of the
final Transformer block. The final prediction stage performs
a non-affine layer normalization followed by AdaLN modu-
lation and a linear projection. The global conditioning vector
is processed through a SiL.U-activated [7] MLP to generate
shift and scale parameters that modulate the normalized hid-
den states. The final linear projection produces an output
of (1 + 3) x 768 dimensions, corresponding to one prosody
quantizer and three acoustic quantizers.

Contextual Modeling. We describe the construction of
the input to the Denoiser. The input consists of two parts:
the conditioning input, denoted as ey, and the current

denoising target, e, at time step .

For econg, given a reference speech sample S”, we use
FACodec [11] to extract discrete speech tokens along with
a speaker embedding, yielding x, € NmxL' xr g NnxL'|
x" € N**L' and s € RP+, representing the prosody, con-
tent, and acoustic token sequences, and the speaker embed-
ding, respectively. Here, m, n, and k denote the number of
Residual Vector Quantization (RVQ) codebooks for prosody,
content, and acoustic representations, each with a vocabu-
lary size of v. L’ is the token sequence length, and Dy is
the speaker embedding dimension. We pass x; and x;, to
dedicated embedders to encode them into latent representa-
tions e}, € R™*L*D and ef, € R¥*L'*P_In the zero-shot
TTS setting, which aims to mimic the speaker style of the
reference speech, we omit the content tokens x[ and replace
them with zero embeddings. The final conditioning vector is
defined as eong = [€]; 0; €] € RO HnHR)XLxD,

For e, given the current denoising target tokens x; =
[Xp.t;Xas] € NOPHOXLwe feed x,, € N™*E and
Xq1 € NF*L into the dedicated embedders to obtain la-
tent representations: e,; = E,(x,:) € R™*LxD and
ewt = Eu(x,4) € RF*EXDP - Since speech rhythm also
depends on linguistic content [25], we incorporate the con-
tent information from the final hidden state of the content
modeling module, denoted as h,. The final denoising target
is then defined as e; = [e,;; he; €4 ] € RUMHHR)XLXD,

Finally, the complete input to the Denoiser is constructed
by concatenating e.,nq and e; along the temporal dimen-
sion: € = [econg; €] € ROMHnHR)X(L'+L)XD  The input
e is permuted to shape R(ZE'+L)x(m+ntk)D  proiected to
R(Z'+L)xD “and fed into the Denoiser. The resulting output
is then passed through a final transformation layer compris-
ing layer normalization, AdalLN-based modulation condi-
tioned on ¢4, and a linear projection, yielding features of
shape R(Z'+L)x(m+k)D e discard the conditioning por-
tion and permute the result to obtain the final hidden repre-
sentation in R(™TF)XLxD ‘which is then passed through a
dedicated MLP to produce the posterior distributions over
prosody and acoustic tokens in R("+k)xLxv

Total Loss. The overall training objective in this stage con-
sists of three components. First, we optimize the Duration
Predictor using the Mean Squared Error loss on the loga-
rithmic scale, denoted as £;. Second, L, corresponds to
the content modeling loss, computed as the Cross-Entropy
between the predicted logits and the target content sequence.
Third, we employ the discrete flow matching loss, Lppym
(described in the main paper). The overall loss is formulated
as follow:

Lrrs = M La+ AL + A3Lpeum, )

where A\; = 0.5, Ao = 1.0, and A3 = 1.0 are the weighting
coefficients that balance the contribution of each term.
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Figure 1. The detailed architecture of Synchronizer.

B.2.2. Video Dubbing Adaptation Stage

FaPro Module. The architecture is composed of a learnable
upsampling layer, a ConvNeXt V2 [21] encoder stack, layer
normalization, and a Transformer decoder. The upsampling
layer applies linear interpolation followed by 4 sets of learn-
able convolutional transformations. Each set consists of a
1D convolution (kernel size 3, stride 1, padding 1), a group
normalization layer with 1 group, and a Mish activation [16]
function. A final 1D convolution projects the features to the
target hidden dimension of 256. The upsampled features are
then processed by a stack of 8 ConvNeXt V2 [21] blocks,
each with hidden dimension 256 and intermediate dimension
1024. Every block contains a depthwise 1D convolution
with kernel size 7, followed by layer normalization and 2
linear projections. Between these projections, we apply a
GELU activation [9] and a Global Response Normalization
(GRN) module, which stabilizes the feature scale by nor-
malizing the response of each channel with respect to its
global L2 magnitude. A residual connection is added around
each block, enabling stable and efficient learning of temporal
dynamics across long facial sequences. After the ConvNeXt
V2 [21] encoder stack, a layer normalization layer is applied
before forwarding the features to one Transformer decoder
that serves as the Prosody Predictor, built on the FFT block
architecture. The decoder uses 4 attention heads, a hidden
dimension of 256, and a feed-forward expansion ratio of 4,
and operates with a maximum sequence length of 5000.

Synchronizer Module. As shown in Figure 1, the module
consists of 2 Transformer stacks, a learnable upsampling
layer, a light fusion network, a ConvNeXt V2 [21] encoder
stack, and two layer normalization layers. We use 8 Trans-
former blocks for both video-text and speech-text alignment,
where the attention mechanism follows a Monotonic Multi-
Head Attention [14] formulation with 4 attention heads, a

hidden dimension of 256, and an intermediate dimension of
1024. The learnable upsampling layer and the ConvNeXt
V2 [21] encoder stack use the same architecture and hyper-
parameters as those in the FaPro module. The light fusion
network is implemented as a linear projection layer.

B.3. Training Details
The training is conducted in 2 stages:

Zero-shot TTS Pre-training. We train on 470 hours of the
LibriTTS dataset [22] using 4 NVIDIA A100 80GB GPUs
with a batch size of 16 for a total of 300k training steps. The
learning rate is set to 10~% with a 10% warm-up ratio and a
weight decay of 0.01, optimized using the AdamW optimizer
[13]. The weighting coefficients A1, A2, and A3 are defined
as in Equation 2.

Video Dubbing Adaptation. Training is performed on the
Chem [10] and GRID [6] datasets using 4 NVIDIA A100
80GB GPUs with batch sizes of 16 and 64, for 150 and 200
epochs, respectively. We use the AdamW optimizer [13]
with a learning rate of 10~3, a weight decay of 0.01, and a
5% warm-up ratio. The weights for the loss Lpypbing (defined
in the main paper) are set to \; = 1.0, Ao = 0.1, A3 = 0.1,
Ay = 1.0, A5 = 0.001, and Ag = 0.001.

C. Baselines Details

We compare our model with previous dubbing systems, in-

cluding:

e V2C-Net [ 1] is the baseline model for the V2C task, which
generates speech from text while conditioning on both
reference audio and video. It fuses visual emotion cues
with text and voice identity to produce speech that matches
the target speaker and reflects video-driven affect.

* HPMDubbing [3] is a hierarchical prosody modeling
framework that bridges video features (lip, face, scene)
and speech prosody to improve emotional alignment and
timing in video dubbing.

» StyleDubber [4] switches dubbing learning from the
frame level to the phoneme level, using a multimodal style
adaptor and phoneme-guided lip aligner to jointly model
pronunciation style and visual emotion while maintaining
lip-sync.

* Speaker2Dubber [23] is a two-stage dubbing method
that first pre-trains a phoneme encoder on large-scale TTS
data to learn clear pronunciation, then adapts it to video
dubbing with prosody and duration consistency learning.

* ProDubber [24] introduces prosody-enhanced acoustic
pre-training and acoustic-disentangled prosody adapting
to fully leverage TTS pre-training, improving acoustic
quality and prosody control in dubbing.

* EmoDubber [5] is an emotion-controllable dubbing ar-
chitecture that uses lip-related prosody aligning, pronun-
ciation enhancing, and a flow-based emotion controller



to achieve high-quality lip sync, intelligibility, and user-
specified emotion type and intensity.

D. Additional Qualitative Results

D.1. Alignment Visualization of Synchronizer

Figure 2 visualizes the attention maps learned by the Syn-
chronizer module. The left panel shows the video-text align-
ment between lip-frame features and phoneme embeddings,
while the right panel shows the speech-text alignment be-
tween discrete speech tokens and phonemes. In both cases,
the attention concentrates along a clear diagonal, indicat-
ing monotonic and fine-grained temporal alignment. This
confirms that the Synchronizer successfully learns to align
visual and speech streams with the textual content, providing
a reliable cross-modal bridge that underpins the strong lip
synchronization and pronunciation accuracy observed in our
experiments.

D.2. Mel-spectrogram Visualization

We provide additional qualitative comparisons in Fig-
ure 3. For 4 representative samples, we visualize the mel-
spectrograms of the ground-truth speech, our DiFlowDubber,
and all baseline methods. The red bounding boxes highlight
regions where different models exhibit noticeable differences
in speech quality. Across all samples, our method produces
spectra most similar to the ground-truth, preserving clear
harmonic structure and temporal dynamics. The voiced re-
gions in our results align well with the visual boundaries,
whereas baseline systems often exhibit temporal drift and
over-smoothed harmonics, resulting in degraded synchro-
nization.

D.3. Expressive Metrics for Prosody Validation

To effectively validate that the DFPA module generates di-
verse yet globally consistent prosody under the guidance of
the FaPro module, we conduct additional evaluations using a
set of expressive prosody metrics that directly measure pitch
modeling accuracy and emotional consistency:

* Gross Pitch Error (GPE) [2]: Measures the percentage of
voiced frames where the relative error between the funda-
mental frequency FO of synthesized speech and the ground
truth exceeds a predefined threshold (typically 20%), indi-
cating major pitch deviations.

¢ Voicing Decision Error (VDE) [2]: Computes the percent-
age of frames with incorrect voiced/unvoiced decisions
relative to the reference, reflecting rhythmic consistency.

¢ FO Frame Error (FFE) [2]: Combines GPE and VDE,
representing the percentage of frames with either gross
pitch error or incorrect voicing decisions, thereby summa-
rizing overall F{; modeling accuracy.

¢ Emotion Similarity (Emo-SIM): Measures emotional
consistency by computing the cosine similarity between

Table 1. Evaluation of prosodic expressiveness and emotional
consistency on the Chem dataset (Setting 2.0).

Model ‘ FFE| GPE| VDE| Emo-SIMT
HPMDubbing 0.535 0473  0.289 0.979
StyleDubber 0.583  0.493  0.360 0.976
Speaker2Dubber 0.639 0.519 0.408 0.979
ProDubber 0.653 0.562 0.436 0.959
EmoDubber 0.426 0408  0.220 0.977

DiFlowDubber (ours) ‘ 0.395 0.361  0.209 0.983

emotion embeddings extracted from the synthesized and
reference speech using a pretrained emotion recognition
model. In our experiments, we adopt the Emo2Vec' model
for embedding extraction.
Since the global prosody prior is derived from facial expres-
sions, the target expressive intent is implicitly encoded in
the corresponding ground-truth speech. Therefore, we use
the ground-truth audio directly as the reference when com-
puting these metrics, enabling us to measure how faithfully
the synthesized speech aligns with the intended prosodic and
emotional characteristics. As shown in Table 1, we conduct
the evaluation under Setting 2.0 to simulate a more chal-
lenging scenario for expressive dubbing. The results show
that DiFlowDubber achieves the best performance across all
expressive metrics. Specifically, our model significantly re-
duces pitch and voicing errors compared to strong baselines
like EmoDubber (0.395 vs. 0.426 FFE), while achieving the
highest emotional consistency (0.983 Emo-SIM). These find-
ings confirm that leveraging facial dynamics as a prosody
prior effectively guides the DFPA module to generate speech
that is both prosodically and emotionally consistent with the
visual content.

E. Limitations

Although our proposed method significantly enhances the
quality of generated dubbing, it still faces certain limitations.
The framework depends on the third-party FACodec [11],
from which it inherits certain constraints. In future work, we
plan to adapt our system to operate with alternative codec
models. Furthermore, the current design does not fully meet
expectations in voice cloning. Developing more effective
approaches to mimic speaker timbre from audio in real-world
video dubbing remains an open area for improvement.
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