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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
Lscore =

∑12
i=1 LDSE(x

ri , t, c). 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 Lid = ℓ1(cid, cGE2E) aligns the
visual identity embedding cid with the GE2E speech embed-
ding cGE2E to reinforce speaker consistency. To summarize,
the total loss function Ltotal is defined as follows:

Ltotal = Lscore + λLid, (6)

where λ is set to 100.0 in our experiments.
Inference. Following Eq. (2), the reverse process is exe-
cuted with Euler sampling [31] and enhanced predictor-free
guidance [63] with 64 sampling steps. Notably, to ensure
training stability, we utilize ground truth acoustic features
to replace cid and cemo 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
σ(t) [31] for the diffusion process, where the expectation
of the number of masked tokens is linear with time t. 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 1e-4, batch size 32. The
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Methods Venue A V Naturalness Synchronization Expressiveness
WER↓ DNSMOS↑ UTMOS↑ MCD↓ LSE-C↑ LSE-D↓ EmoAcc↑ SpkSim↑

Ground Truth - - - 2.29 3.29 3.57 0.00 6.66 6.89 100.00 1.0000

Lip2Wav† [42] CVPR’20 ✓ ✓ 98.68 2.47 1.29 13.43 3.37 9.85 63.11 0.4785
MTL [27] ICASSP’23 ✓ ✓ 76.61 2.42 1.28 9.84 5.87 7.51 61.24 0.3347

EmoDubber† [11] CVPR’25 ✓ ✓ 41.52 2.95 2.83 9.25 6.88 6.85 72.01 0.6052

DiffV2S [5] ICCV’23 ✗ ✓ 41.07 2.56 3.06 - - - - -
LTBS† [25] AAAI’24 ✗ ✓ 84.00 2.36 2.42 - - - - -

AlignDiT [6] ACM MM’25 ✗ ✓ 31.37 3.24 3.76 10.02 6.95 6.82 76.11 0.5597
FTV [26] CVPR’25 ✗ ✓ 30.37 3.22 3.99 10.54 7.08 6.66 73.19 0.5981

HiCoDiT†(ours) - ✗ ✓ 29.41 3.50 3.84 9.62 7.15 6.58 79.41 0.5678
✓ ✓ 28.98 3.44 3.80 8.69 7.10 6.61 77.08 0.6715

Table 1. Quantitative results on LRS3. A/V indicate use of audio/video guidance (✓/✗). The superscript † indicates that the model is not
trained on LRS3. ↑ (↓) indicates that higher (lower) is better. Best results are highlighted in deeper blue , second-best in lighter blue .

Methods Venue A V Naturalness Synchronization Expressiveness
WER↓ DNSMOS↑ UTMOS↑ MCD↓ LSE-C↑ LSE-D↓ EmoAcc↑ SpkSim↑

Ground Truth - - - 8.93 3.14 3.05 0.00 7.20 6.67 100.00 1.0000

Lip2Wav† [42] CVPR’20 ✓ ✓ 100.05 2.47 1.31 14.09 3.83 9.80 54.38 0.4438
MTL [27] ICASSP’23 ✓ ✓ 58.03 2.42 1.30 10.71 6.58 7.16 63.89 0.3556

EmoDubber [11] CVPR’25 ✓ ✓ 47.60 2.84 2.77 7.02 7.42 6.60 66.76 0.5252

DiffV2S [5] ICCV’23 ✗ ✓ 54.86 2.36 2.95 - - - - -
LTBS† [25] AAAI’24 ✗ ✓ 94.30 2.17 2.29 - - - - -

AlignDiT† [6] ACM MM’25 ✗ ✓ 42.26 3.13 3.65 8.46 7.50 6.58 67.01 0.5187
FTV [26] CVPR’25 ✗ ✓ 38.09 3.11 3.88 12.91 7.71 6.35 67.84 0.5368

HiCoDiT†(ours) - ✗ ✓ 39.99 3.35 3.68 8.74 7.95 6.17 68.21 0.5222
✓ ✓ 40.75 3.27 3.38 8.36 7.83 6.24 65.65 0.5954

Table 2. Quantitative results on LRS2. A/V indicate use of audio/video guidance (✓/✗). The superscript † indicates that the model is not
trained on LRS2. ↑ (↓) 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 wall = 2.5/2.25 and the compositional scales
to wid = 1.25/1.25, wid = 1.5/1.5, and wlip = 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 Lip2Wav, 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 1 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 MOSnat, MOSexp,MOSsyn 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 MOSsyn

43357



 Ground Truth

HiCoDiT
(Ours)

FTV

AlignDiT

MTL

Lip2Wav

EmoDubber

Input Video

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 1 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 MOSnat (3.17) and MOSsync (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 MOSnat ↑ MOSexp ↑ MOSsyn ↑
Ground Truth 3.07±1.02 3.30±1.19 3.40±0.93

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.

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

Ours vs. AlignDiT [6] 57.0 4.9 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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