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Abstract

Video-to-Speech (VTS) generation aims to synthesize
speech from a silent video without auditory signals, and
holds substantial promise for applications such as film dub-
bing and voice restoration for individuals with aphonia.
However, existing VTS methods disregard the hierarchical
nature of speech, which spans coarse speaker-aware se-
mantics to fine-grained prosodic details. This oversight
hinders direct alignment between visual and speech fea-
tures at specific hierarchical levels during property match-
ing. In this paper, leveraging the hierarchical structure
of Residual Vector Quantization (RVQ)-based codec, we
propose HiCoDiT, a novel Hierarchical Codec Diffusion
Transformer that exploits the inherent hierarchy of dis-
crete speech tokens to achieve strong audio-visual align-
ment. Specifically, since lower-level tokens encode coarse
speaker-aware semantics and higher-level tokens capture
fine-grained prosody, HiCoDiT employs low-level and high-
level blocks to generate tokens at different levels. The low-
level blocks condition on lip-synchronized motion and fa-
cial identity to capture speaker-aware content, while the
high-level blocks use facial expression to modulate prosodic
dynamics. Finally, to enable more effective coarse-to-fine
conditioning, we propose a dual-scale adaptive instance
layer normalization that jointly captures global vocal style
through channel-wise normalization and local prosody dy-
namics through temporal-wise normalization. Extensive ex-
periments demonstrate that HiCoDiT outperforms baselines
in fidelity and expressiveness, highlighting the potential of
discrete modelling for VTS. The code and speech demo are
both available at https://github.com/Jiaxin—
Ye/HiCoDiT.
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1. Introduction

Video-to-Speech (VTS) [9, 10, 63] generation aims to infer
and synthesize speech from visual cues alone. This capabil-
ity enables transformative applications, including silent film
dubbing and assistive communication for aphonic individu-
als, to seamless interaction in noise-sensitive [13], privacy-
critical [41] or embodied [ 18] environments.

The fundamental challenge in VTS lies in addressing the
inherent information asymmetry between visual and acous-
tic modalities when generating natural and lip-synchronized
speech from visual without acoustic input guidance. Specif-
ically, although facial video and speech share consistent
content [43], identity [44], and emotional prosody [58, 61,
62], visual features are inherently sparse and insufficient to
capture the dense representations of speech, making it diffi-
cult to build accurate cross-modal alignment.

Existing approaches predominantly focus on representa-
tion alignment for guiding generative models [4, 5, 20, 22],
spanning semantic content, vocal identity, and emotional
prosody from vision to speech: (i) for semantic con-
tent alignment, NaturalL.2S [29] leverages multimodal self-
supervised representations to enhance the alignment be-
tween visual semantics and speech content; (ii) for vocal
identity alignment, Face2Speech [20] aligns features from a
face recognition encoder and a speaker recognition encoder
to map facial identity to timbre information, while Face-
StyleSpeech [23] further incorporates contrastive learning
to improve face-to-speech alignment; (iii) for emotional
prosody alignment, FTV [26] aligns facial emotion em-
beddings with pitch and energy to enhance prosody ex-
pressiveness. However, existing VTS methods typically
inject visual features into holistic speech representations
while overlooking the hierarchical structure of speech, from
coarse speaker-aware semantics to fine-grained prosodic de-
tails, which ultimately exacerbates the inherent informa-
tion asymmetry between visual and acoustic modalities.
Therefore, the principal bottleneck in high-quality video-
to-speech generation lies in visual conditioning, and how to
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exploit the speech hierarchy as a prior to improve genera-

tion quality remains unresolved.

In this paper, we propose HiCoDiT, a novel Hierarchical
Codec Diffusion Transformer that fully leverages the inher-
ent hierarchy of discrete speech tokens to enable more ef-
fective vision-speech alignment. To the best of our knowl-
edge, HiCoDiT is the first to introduce an explicit speech hi-
erarchy prior into a discrete diffusion framework for video-
to-speech generation. Specifically, leveraging the hierar-
chical structure of the Residual Vector Quantization (RVQ)
codec in Figure 2, the low-level tokens primarily capture
rich speaker-aware semantic content, whereas the high-level
tokens encode more abstract prosodic details. Therefore,
the hierarchy prior dictates that visual features such as lip
motion and facial identity should primarily refine low-level
speech tokens, while facial emotion features should modu-
late high-level tokens. Motivated by this prior, we design a
hierarchical codec diffusion transformer composed of low-
level and high-level blocks, progressively conditioning on
speech tokens across different levels. The low-level blocks
generate tokens conditioned on synchronized lip-motion
representations and facial identity features for semantic and
timbre alignment, while the high-level blocks produce to-
kens guided by facial emotion sequences for prosody align-
ment. To achieve more effective conditioning in the high-
level block, we introduce a dual-scale Adaptive Instance
Layer Normalization (AdaLN) that employs channel-wise
normalization to model global vocal style, and temporal-
wise normalization to capture local prosody dynamics. Ex-
tensive experiments demonstrate that HiCoDiT surpasses
state-of-the-art baselines in semantic alignment and expres-
sive prosody. Our contributions are summarized as follows.

* To our knowledge, HiCoDiT is the first discrete diffusion
framework for VTS to explicitly integrate speech hierar-
chy prior, bridging the gap between video and speech.

* We propose a novel hierarchical diffusion transformer
that models the speech hierarchy while disentangling
visual conditioning, and a dual-scale AdaLN to inject
global vocal style and local prosody into speech genera-
tion, enhancing expressiveness and fidelity.

» Extensive experiments demonstrate superior perfor-
mance in semantic consistency and speech diversity,
highlighting the potential of discrete speech tokens mod-
elling for efficient VTS generation.

2. Related Work

Video-to-Speech (VTS) generation. Video-to-speech
(VTS) seeks to generate speech that accurately reflects both
linguistic content and speaker identity from visual cues
alone [5, 27, 64]. Current approaches typically enforce
alignment through auxiliary objectives: some predict text or
mel-spectrograms jointly with visual input [27], others con-
dition speaker embeddings on lip motion [5] or minimize

cross-modal embedding distances [20]. While effective in
isolation, these methods treat speech as a flat sequence with-
out hierarchy and impose multiple supervision signals, lead-
ing to suboptimal alignment.

Recent advances have explored more sophisticated gen-
erative frameworks. For example, FTV [26] employs flow
matching with a hierarchical visual encoder to gradually in-
ject visual features into continuous mel-spectrogram space,
while VoiceCraft-Dub [50] adapts pretrained autoregres-
sive discrete text-to-speech models [39] to incorporate vi-
sual context. However, both obscure the inherent hierar-
chical structure of speech representation, in which coarse
linguistic content emerges at early token levels and fine
prosodic detail is resolved later. In contrast, HiCoDiT in-
troduces the first discrete diffusion model for VTS trained
from scratch, which explicitly integrates the speech hierar-
chy prior, bridging the gap between video and speech.
Hierarchical speech generation.  Given the intrinsic hi-
erarchy of speech, extensive research has focused on hi-
erarchical representation modelling to achieve high-quality
speech generation. In text-to-speech (TTS), Lee et al. [28]
propose a hierarchical conditional variational autoencoder
(VAE) that leverages self-supervised speech representations
to bridge the information gap between text and speech, and
Hsu et al. [21] likewise propose a conditional VAE with two
levels of hierarchical latent variables, which captures coarse
acoustic information and refines specific attribute config-
urations. Similarly, in video-to-speech, Kim et al. [26]
develop a hierarchical visual encoder that learns a condi-
tional representation by progressively aligning content, tim-
bre, and prosody for a flow-matching decoder. In contrast
to prior works that design entangled conditioning for hier-
archical speech attributes, we exploit the inherent hierar-
chy of speech tokens themselves, modelling speech tokens
from coarse semantics at lower levels to fine-grained acous-
tic details at higher levels, enabling disentangled condition-
ing and improving the fidelity of speech generation.

3. Preliminary: Discrete Diffusion Models

Recently, continuous diffusion models (CDM) [3, 5, 16, 32,
53, 54, 57, 65] have achieved state-of-the-art results in mul-
timedia generation, while they are limited by computational
inefficiency, frustrating practical application. An intuitive
solution is to utilize discrete speech tokens [14, 56, 68] to
build discrete diffusion models (DDMs), which have shown
potential in language modeling [2, 31, 36] and speech gen-
eration [59, 60]. In this paper, we introduce a masked-based
DDM to generate speech tokens under cross-modal guid-
ance and outline below the forward and reverse processes
of the DDM, along with its training objective.

Forward diffusion process. Given a token sequence
x = [2',..., 2% with length d, where each token belongs
to a discrete state sapce X = {1, ...,n}. The diffusion pro-
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cess can be modelled as a continuous-time discrete Mglrk%v
chain, parameterized by the diffusion matrix Q; € R™ *",
also known as the transition rate matrix at time ¢, as follows:

p(xi+At|xi) = 5mf+Atwi +Qt(xi+Ata xi)AtJFO(At% (1)

where ¢ is Kronecker delta, aci denotes i-th element of x;,
and Q¢ (x, o, ;) is the (2}, 5, 7}) element of Q;, which
represents the transition rate from state x; to state z}, 5,
at time t. To further achieve efficient computation, exist-
ing methods [31, 37] adopt the assumption of dimensional
independence, conducting a one-dimensional diffusion pro-
cess for each dimension with the same token-level diffusion
matrix QI = o (t)Q"" € R"*", where o(t) is the noise
schedule and Q' is designed to diffuse towards an masked
state [MASK]. Now, the forward equation can be formu-
lated as P(x}, xf)) = exp (o()Q"*(xf, {)), where transi-
tion probability matrix P(z}, x}) := p(x}|xo), and cumu-
lative noise 7 (t) = fot o(s)ds. There are two probabilities
in the Pyo: 1 — e~7() for replacing the current tokens with
[MASK], e for remaining unchanged. Finally, the cor-
rupted sequence x; can be sampled from x( in one step.

Reverse unmasking process. Given the diffusion
matrix ‘t‘)k, we need a reverse transition rate ma-
trix Qt [24, 49] to formulate reverse process, where

P(zi—m)Qtok

Qt(xi—Atvxi) = @) t (xi7xi—At) and xi—At #
aj, of Qu(T)_ap i) = — 2.4, Qi(z,2}). The reverse
equation is formulated as follows:

+ Qi (T ap, Th) At +0(AL). (2)

i A
Pl adler) = 51;%#@
The core of the reverse unmasking process is to estimate the

R N N .
aeti = pah) - OF Qu, representing to

measure the transition probability or closeness from a state
x' at time t to a state &° at time ¢ — At. We can intro-

i ) ~ [P@Eoady
duce a score network sg(zy,t),: A~ [ o) ]x#x%_m
to learn the score, so that the reverse matrix is parameterized
to model the reverse process gg(x}_ 5,|%}) (i.e., parameter-
ize the concrete score).
Training objective.  Denoising score entropy (DSE) [31]

is introduced to train the score network sg:

T
/0 Eampodan) . @i (#h21) [s0 (2i.0),,

TiFTy 3)

concrete score Cmi

[JGHED)
where the concrete score c and a normal-

izing constant function N(c) := clogc — ¢ that ensures
loss non-negative. During sampling, we start from xr filled
with masked token [MASK], and iteratively sample new set
of tokens @;_1 from py(x;—1|x:) by replacing the concrete

score with the trained score network on Eq. (2).

4. Methodology
4.1. Overview of HiCoDiT

Given a silent video V, the goal of VTS system is to synthe-
size high-fidelity speech that aligns with the extracted vi-
sual features from the input video, including lip motion ¢,
identity ¢;q4, and emotional expression Cenmo. To explicitly in-
tegrate speech hierarchy prior, we formulate VTS as a hier-
archical masked token prediction task, employing an RVQ
codec to tokenize speech for high-fidelity generation [14]
and a discrete diffusion model to decode masked tokens for
strong in-context perception [31]. Specifically, as shown in
Figure. 1, HiCoDiT takes masked speech token sequence
x; as input and decomposes it into low-level component
x!° = 272 and high-level component " = 73712,
Then, according to the inherent hierarchy of speech tokens,
we disentangle the visual features extraction from the in-
put video V and inject them into HiCoDiT. The lip mo-
tion features cj;p, and identity features c¢;q are embedded into
the low-level blocks to refine the generation of content- and
timbre-centric tokens, while the emotional expression fea-
tures Cemo are injected into the high-level blocks for enhanc-
ing prosody-related tokens generation. Finally, HiCoDiT
outputs concrete scores for the reverse diffusion process to
recover the masked tokens, which are decoded by the codec
to synthesize high-fidelity speech.

4.2. Disentangled Visual Conditioning

Lip adapter for content modelling. Due to the
strong temporal alignment between lip motion and speech
content [12], we extract visual features using AV-
HuBERT [47], taking the last-layer hidden states as they en-
code the most discriminative audio-visual semantics. These
features are projected via a Multilayer Perceptron (MLP) to
obtain ¢, € REXC, where L and C denote the sequence
length and channel dimension, respectively, matching those
of the masked low-level speech tokens m*"

Identity adapter for timbre modelling. Since both
speech timbre and facial appearance encode speaker iden-
tity—despite lacking direct correspondence, we align their
representation through cross-modal identity modelling.
Specifically, visual identity features are extracted from fa-
cial images using ArcFace [15] and projected via an MLP
into ¢jqg € RLXCuze where Cgere matches the channel di-
mension of acoustic identity features extracted by the GE2E
model [52]. The two modalities are aligned by minimizing
the ¢, distance between their embeddings. The ¢4 is then
fed into an MLP to generate modulation parameters for our
dual-level AdaLLN for timbre conditioning.

Emotion adapter for prosody modelling. Prosody
refers to the non-lexical acoustic properties that convey the
emotion of the speaker [19]. We leverage facial expres-
sion as a proxy signal by employing Poster2 [35], which
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Figure 1. Overall framework of HiCoDiT. We formulate video-to-speech generation as a hierarchical masked token prediction task.
Speech is tokenized using an RVQ codec and split into low-level components @;' "2 and high-level components x;3"'2, reflecting the
intrinsic hierarchy of speech tokens. Guided by this structure, we disentangle visual features from the input video V into lip motion cjip,
identity cig, and emotion cemo, and inject them into the corresponding diffusion blocks. Finally, score heads take output features hlt"w and

h};igh from both blocks to predict concrete scores of all level token

is a strong video facial expression recognition model. To
suppress identity-biased fluctuations, we only predict emo-
tional class over all frames and apply temporal smoothing
over 0.5-second windows, reducing the sequence to length
L. A learnable embedding layer then maps the smoothed
class sequence to emotional features cepo € RLemoxC con-
ditioning high-level speech tokens to modulate prosody.

4.3. Hierarchical Masked Token Prediction

Hierarchical speech tokenization and diffusion. Given
a single-channel speech signal, we utilize the RVQ-based
codec [56] to compresses it into tokens represented as
22 = {1, Ceode } 2%, where 7; is the i-th level
of token, L is the length of the token sequence, respec-
tively. The number of RVQ layers is 12 with a codebook
size Ceoge = 1,024 in each level. We partition RVQ tokens
into low-level z!°" = 27" and high-level z!'&" = z737712,
reflecting the hierarchical structure of speech and consistent
with the hierarchy analysis in Figure 2. The tokens are then
masked via the discrete diffusion process of SEDD [31], as
formalized in Eq. (1), yielding '™ and ="¢" at step ¢.

Hierarchical codec diffusion transformer. The pro-
posed HiCoDiT serves as the score network in Eq. (3),
predicting concrete scores for masked speech tokens that
parametrize the transition rate from the masked state to each
valid token. To align visual cues with the hierarchical struc-
ture of speech, we employ two complementary condition-
ing mechanisms: (i) direct concatenation for fine-grained
and frame-synchronized signals such as lip motion, and (ii)
dual-scale AdaLLN for class-like attributes like speaker iden-

s for unmasking.

tity and emotion. For the content conditioning, the masked
features mi*¥ € R are first concatenated with lip mo-
tion features cj;, along the channel dimension, followed by a
linear layer to enhance temporally synchronized fusion. For
the timbre conditioning, we utilize a MLP predicts channel-
level scale and shift parameters oy, v, 8L, 2,73, B3 €
R€ based on both identity features cjg and time ¢ features.
We can formulate the identity conditioning of the single-
scale AdaLN as:

%

hi — u(hy)
id»

“)
where ¢ = {1, 2} for multi-head attention and feed-forward
network, and h; € RE*C is the hidden embedding after
layer normalization in low-level blocs. p(-) and o(-) are
the mean and standard deviation for h; across the chan-
nel dimension. Furthermore, for the prosody condition-
ing, we introduce a temporal MLP to predict temporal-
level scale parameters 72,720 € RE" using emo-
tion features cem, and time ¢ features, and a channel
MLP to predict channel-level scale and shift parameters
aémo,c? ’Yelmo,ca 5elmo,cv agmo,cv ’Yezmo,m ezmo,c € RC USiIlg pOOI'
ing emotion features and time features. We can formulate
the prosody conditioning of the dual-scale AdaLN as:

hy — p(hy)
o(ht)

Channel-level

’yglmo,l ® 195 - ((1 + Vémo,c) : + ﬁeimo,c) ) &)
—_——

Temporal-level

where i = {1,2}, ® denotes Kronecker product, and 135 €

R% is an all-ones vector to up-sample 7, With Lemo = 2
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Figure 2. Hierarchy analysis of speech token. (a) RVQ codec encodes and decodes speech through multiple VQ layers. (b) The x-axis
denotes cumulative decoding across token levels, and the y-axis reports scores for semantic fidelity, timbre similarity, and prosody quality.
It can be observed that speaker-aware semantics improvements concentrate in lower layers, while prosody gains emerge in higher layers.

parameters to align with the hidden embedding with 50 Hz
sampling rate. Finally, for the output, we incorporate 12
linear score heads to predict concrete scores for each level.
These conditioning mechanisms enable HiCoDiT to faith-
fully modulate speech generation according to the cross-
modal prior, bridging the gap between video and speech.

4.4. Training and Inference

Training. HiCoDiT is optimized by multi-level DSE loss
based on Eq. (3) with the sum across all 12 RVQ levels as
Locore = 221 Lpse(x",t,¢). For conducting predictor-
free guidance, we randomly set & with 10% probability for
each condition and enforce all conditions set to & for 10%
samples. An additional loss £;q = ¢1(¢ig, coror) aligns the
visual identity embedding c;q with the GE2E speech embed-
ding cgpop to reinforce speaker consistency. To summarize,
the total loss function L., is defined as follows:

Etotal = ACscore + /\Eid> (6)

where A is set to 100.0 in our experiments.

Inference. Following Eq. (2), the reverse process is exe-
cuted with Euler sampling [3 1] and enhanced predictor-free
guidance [63] with 64 sampling steps. Notably, to ensure
training stability, we utilize ground truth acoustic features
to replace cjq and ¢, during training, whereas only visual
features are used during inference.

5. Experimental Results

5.1. Experimental Setups

Datasets. Our HiCoDiT is trained on the VoxCeleb2 [8]
dataset, which provides large-scale speaker-diverse audio-
visual recordings. To ensure well-aligned data, we per-
form a multi-stage data preprocessing pipeline. We first re-
sample all audio to 16 kHz and employ a speech language
identification model [44, 51] to filter out non-English ut-
terances. We then apply a speaker diarization model [40]

to remove multi-speaker segments, followed by the Clear-
erVoice speech separation model [66] to enhance signal-
noise ratio. Finally, we leverage [43] to discard misaligned
text—speech pairs. Finally, the pre-processing dataset com-
prises 261.5 hours of audio recordings with 169k utterances
across 7 basic emotions and 3,438 speakers. For evaluation,
we test our models on two in-the-wild datasets without any
specific training, LRS2 [48] and LRS3 [1].

Evaluation metrics. The generation performance is
evaluated using both subjective and objective metrics. For
subjective assessment, we conduct a Mean Opinion Score
(MOS) and A/B testing. For objective assessment, we first
quantify spectral differences with Mel Cepstral Distortion
(MCD) [4], DNSMOS [45], and UTMOS [46], which are
widely used networks to estimate perceptual audio quality.
We also calculate the Word Error Rate (WER) [43, 55] to
gauge intelligibility. For the synchronization, we report the
distance and confidence scores of lip sync errors (LSE-C
and LSE-D) between speech and video using the pre-trained
SyncNet [7]. For the expressiveness, we calculate cosine
similarity metrics based on ECAPA-TDNN [17] to obtain
speaker identity similarity (SpkSim). Additionally, we eval-
uate emotion accuracy (EmoAcc) using a strong speech
emotion recognition model [33, 34].

Implementation details. For the speech tokeniza-
tion, we employ a pre-trained RVQ-based codec from
MaskGCT [56], and adopt a log-linear noise schedule
o(t) [31] for the diffusion process, where the expectation
of the number of masked tokens is linear with time ¢. For
the disentangled visual conditioning, AV-HuBERT-Large,
ArcFace, and Poster2 are used for lip, identity, and emo-
tion feature extraction, respectively. For the transformer,
the numbers of low- and high-level blocks are 8 and 8, re-
spectively. The channel dimension C' is set to 768 with 12
attention heads. During training, we use the AdamW opti-
mizer [30] with a learning rate of le-4, batch size 32. The
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Table 1. Quantitative results on LRS3. A/V indicate use of audio/video guidance (v/X). The superscript  indicates that the model is not
trained on LRS3. 1 (|) indicates that higher (lower) is better. Best results are highlighted in deeper blue , second-best in lighter blue .

Methods Venue AV Naturalness Synchronization Expressiveness
WER| DNSMOSt UTMOST MCDJ) LSE-Ct LSE-D] EmoAcct SpkSim?t
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EmoDubber [11] CVPR’25 v v 4760 2.84 2.77 7.02 7.42 6.60 66.76 0.5252
DiffV2Ss [5] ICCV’23 X v 5486 2.36 2.95 - - - - -
LTBST [25] AAAI'24 X v 9430 2.17 2.29 - - - - -
AlignDiTt [6] ACMMM™25 X v 4226 3.13 3.65 8.46 7.50 6.58 67.01 0.5187
FTV [26] CVPR’25 X v 38.09 3.11 3.88 12.91 7.71 6.35 67.84 0.5368
. . X v 3999 3.35 3.68 8.74 7.95 6.17 68.21 0.5222
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Table 2. Quantitative results on LRS2. A/V indicate use of audio/video guidance (v/X). The superscript  indicates that the model is not

trained on LRS2. 1 ({) indicates that higher (lower) is better. Best results are highlighted in deeper blue , second-best in lighter blue .

total number of iterations is 200k. During inference, we
employ an Euler sampler to perform the reverse process in
64 steps. For multi-conditional guidance, we adopt the en-
hanced predictor-free guidance [63], setting the joint guid-
ance scale to w,; = 2.5/2.25 and the compositional scales
to wig = 1.25/1.25, wig = 1.5/1.5, and wy;, = 2.0 for the
LRS3 and LRS2 datasets, respectively.

Baseline models. Our method is compared with sev-
eral state-of-the-art approaches: FTV [26], AlignDiT [6],
EmoDubber [11], MTL [27], Lip2Wav [42], LTBS [25], and
DiffV2S [5]. For FTV, the test samples on both LRS2 and
LRS3 are provided by the authors. For AlignDiT, MTL,
and Lip2Wayv, we use the publicly released models for in-
ference. For EmoDubber, we reproduce results using the
official training code. Since no public models or test sam-
ples are available, we report results as cited in their original
publications for both LTBS and DiffV2S.

5.2. Quantitative Evaluation

Objective evaluation. Tables | and 2 summarize the ob-
jective evaluation results on the LRS3 and LRS2 datasets,
respectively. Although our HiCoDiT is not trained on ei-
ther LRS3 or LRS2, it achieves leading performance on key

metrics, including overall speech quality (UTMOS, DNS-
MOS), intelligibility (WER), and lip synchronization (LSE-
C). While EmoDubber achieves the best spectral clarity
on MCD by directly optimizing spectrograms, our method,
which focuses on discrete speech token generation, achieves
the second-best performance. Furthermore, our method ex-
hibits a degradation in speaker similarity relative to FTV, re-
flecting the limited diversity of our training data. However,
when a speech signal is introduced as identity guidance, our
method achieves the highest score on this metric, showing
great voice cloning ability. Similar trends are observed on
LRS2. Overall, these results demonstrate the effectiveness
of our hierarchical masked token prediction for VTS.

Subjective evaluation. We further conduct the sub-
jective evaluation with 20 participants, to compare our
HiCoDiT with SOTA methods. Specifically, we introduce
five MOS with rating scores from 1 to 5 in 0.5 incre-
ments, including MOS,;, MOS,,, MOSgy, for speech nat-
uralness, expressiveness, and lip-synchronization. We ran-
domly generate 30 samples from the test set. The scoring
results of the user study are presented in Table 3, demon-
strating that HiCoDiT outperforms SOTA methods across
nearly all metrics, particularly surpassing 2.94%in MOS,y,
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Figure 3. The visualization of the mel-spectrograms of ground truth (GT) and synthesized speech obtained by different models. As
highlighted in the red boxes, the spectrograms generated by our method exhibit higher clarity with improved signal-to-noise ratio.

with the ground truth. Tables | and 2 summarize the ob-
jective evaluation results on the LRS3 and LRS2 datasets,
respectively. Although our HiCoDiT is not trained on ei-
ther LRS3 or LRS2, it achieves leading performance on key
metrics, including overall speech quality (UTMOS, DNS-
MOS), intelligibility (WER), and lip synchronization (LSE-
C). While EmoDubber achieves the best spectral clarity
on MCD by directly optimizing spectrograms, our method,
which focuses on discrete speech token generation, achieves
the second-best performance. Furthermore, our method ex-
hibits a degradation in speaker similarity relative to FTV, re-
flecting the limited diversity of our training data. However,
when a speech signal is introduced as identity guidance, our
method achieves the highest score on this metric, showing
great voice cloning ability. Similar trends are observed on
LRS2. Overall, these results demonstrate the effectiveness
of our hierarchical masked token prediction for VTS. Fur-
thermore, the proposed model HiCoDiT achieves the high-
est MOS,, (3.17) and MOSgy,,c (3.50), indicating superior
naturalness and synchronization compared to existing meth-
ods like AlignDiT and FTV. Although the expressiveness
is slightly lower than FTV, indicating that a more diverse
speaker dataset can enhance expressiveness.

In addition, the Table 4 compares A/B test preferences
for synthesized speech. Our method demonstrates clear su-
periority over AlignDiT, achieving a 57.0% preference, and
also outperforms FTV with 52.1% preference. Addition-
ally, ground-truth speech is preferred over FTV (51.5%)
and is outperformed by our method with a 53.9% prefer-

Methods MOSp T MOSep T MOSgyn T
Ground Truth 3.07+1.02 3.304+1.19 3.4040.93

AlignDiT [6] 2.47+1.19 2.63£1.30 3.13£0.75
FTV [26] 2.80+1.03 2.90+1.45 3.48+1.02

HiCoDiT (ours) 3.17+1.31 2.88+1.53 3.50+0.86

Table 3. Subjective evaluation on speech naturalness, expressive-
ness, and synchronization, compared with other SOTA methods.

Avs.B A wins (%) Neutral B wins (%)

Ours vs. AlignDiT [6] 57.0 49 38.1
Ours vs. FTV [26] 52.1 6.1 41.8
GT vs. FTV [26] 51.5 14.0 34.5

GT vs. Ours 45.5 0.6 53.9

Table 4. A/B testing results. We report the preferences (%) be-
tween A and B across various aspects of synthesized speech.

ence, showing the strength of our model in generating high-
quality speech nearly indistinguishable from real speech.

5.3. Qualitative Results

Qualitative spectrogram comparisons. As shown in
Figure 3, we compare generated mel-spectrograms with
other methods. For Lip2Wav and MTL, we observe se-
vere over-smoothing or acoustic artifacts, resulting in sig-
nificant degradation of speech quality and limiting their
practical utility, which may be attributed to the insufficient
probabilistic modeling capacity of the generative models
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Datasets  Ablations WER] DNSMOSt UTMOSt MCDJ LSE-Ct LSE-D| EmoAcct SpkSim?t
w/o Hierarchical Modeling ~ 30.65 3.36 3.73 10.07 7.02 6.75 76.98 0.5652
LRS3  w/o Dual Scale AdaLN 29.60 3.45 3.92 9.75 7.12 6.60 78.55 0.5621
HiCoDiT (full) 29.41 3.50 3.84 9.62 7.15 6.58 79.41 0.5678
w/o Hierarchical Modeling  44.57 3.18 348 9.43 7.66 6.47 64.69 0.4946
LRS2  w/o Dual Scale AdaLN 41.01 3.30 3.75 9.33 7.88 6.22 68.61 0.5155
HiCoDiT (full) 39.99 3.35 3.68 8.74 7.95 6.17 68.21 0.5222

Table 5. Ablation study on LRS3 and LRS2. Best results are highlighted in Bold.

Ground Truth AlignDiT

EmoDubber

HiCoDiT (Ours)

Figure 4. Comparison of generated Mels on real-world film data.

Method WER| MCD| DNSMOST Emof Spkt LSE-D|
EmoDubber 88.3 9.9 2.8 76.5 45.1 7.72
AlignDiT 80.8 114 32 752 58.5 8.23
HiCoDiT 58.7 9.8 35 82.0 50.1 7.60

Table 6. Quantitative comparison of real-world OOD film data.

used. Methods based on powerful diffusion models, pro-
duce high-quality speech. However, their mel-spectrograms
still exhibit noise in the silent clip. In contrast, our method
generates clarity mel-spectrograms with richer acoustic de-
tails and precise lip-synchronization, benefiting from the
strong speech reconstruction capability of Codec.

5.4. Ablation Studies

Ablation on hierarchical modeling. We explore the
impact of hierarchical modeling on video-to-speech gen-
eration in Table 5. The removal of hierarchical modeling
collapses the multi-level speech representation into a sin-
gle uniform module, while simultaneously forcing visual
conditioning to be injected across all tokens. Experimen-
tal results demonstrate that performance degrades signifi-
cantly across all metrics, underscoring the validity of our
proposed speech hierarchy prior. This further indicates that
visual features corresponding to specific attributes should
align with speech tokens carrying matching content.

Ablation on dual scale AdaLN. To demonstrate the ef-
fectiveness of the proposed Dual-scale AdaLN, we utilize
the vanilla adalLLN of DiT [38] and replace the temporal
embedding with utterance-level emotional embedding com-
bined with global style as an acoustic guidance. As shown
in Table 5, pooling dynamic emotions struggles to model
prosody dynamics, with a negligible decrease in terms of
EmoAcc, while other metrics gain a lot. The results high-
light the effectiveness of our dual-scale AdaLLN mechanism.

Ablation on out-of-domain data. To assess generaliza-
tion in complex, real-world environments, we curate an au-
thentic film benchmark comprising 160 utterances across

Ablations WER, MCD| DNSMOSt Emot Spk? LSE-D|
(@) woGE2E Lis  29.38  10.18 341 7447 3410 671
(b) wo Poster2 2941 9.68 3.50 7629 5528  6.67
HiCoDiT 2941 9.62 3.50 7941 5678 6.8

Table 7. Ablation study of visual conditioning on LRS3 test set.

56 speakers from CinePile to ensure realistic audio-visual
complexity. We compared HiCoDiT against primary open-
source SOTA methods EmoDubber and AlignDiT. Table 6
and Figure 4 demonstrate that our method achieves robust
intelligibility and lip-synchronization on this challenging
OOD data, underscoring HiCoDiT’s robustness and adapt-
ability to authentic scenarios.

Ablation on visual conditioning. To further explore
our visual conditioning, we conduct ablation studies on the
LRS3 benchmark in Table 7. We evaluate the impact of the
GEZ2E loss Lig by removing it from the training objective.
The results reveal a substantial decline in speaker similar-
ity from 56.78% to 34.10%, while WER remain unaffected.
This confirms that the GE2E loss is indispensable for iden-
tity preservation, effectively guiding the model to extract
implicit vocal timbre from facial cues. Second, we assess
the Poster2 [35] encoder by replacing it with Poster [67].
This substitution leads to a noticeable drop in emotion ac-
curacy from 79.41% to 76.29%, validating the superiority
of Poster2 in capturing fine-grained affective information.

6. Conclusion

We present HiCoDiT, a Hierarchical Codec Diffusion
Transformer that redefines how visual features and speech
tokens are aligned in VTS generation. By leveraging the
hierarchy of discrete speech tokens, HiCoDiT enables pre-
cise synchronization of lip motion and identity at lower
levels, while capturing expressive emotional and prosodic
dynamics at higher levels. We also design a dual-scale
AdaLN, which effectively captures global vocal style and
local prosody dynamics. Extensive experiments conducted
on benchmark datasets, including LRS2 and LRS3, demon-
strate the superiority of HiCoDiT over state-of-the-art meth-
ods in terms of naturalness, expressiveness, and synchro-
nization fidelity, establishing HiCoDiT as a promising solu-
tion for real-world VTS applications.
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