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Abstract

Movie dubbing seeks to synthesize speech from a given script
using a specific voice, while ensuring accurate lip synchro-
nization and emotion-prosody alignment with the character’s
visual performance. However, existing alignment approaches
based on visual features face two key limitations: (1) they
rely on complex, handcrafted visual preprocessing pipelines,
including facial landmark detection and feature extraction;
and (2) they generalize poorly to unseen visual domains,
often resulting in degraded alignment and dubbing quality.
To address these issues, we propose InstructDubber, a novel
instruction-based alignment dubbing method for both robust
in-domain and zero-shot movie dubbing. Specifically, we first
feed the video, script, and corresponding prompts into a mul-
timodal large language model to generate natural language
dubbing instructions regarding the speaking rate and emotion
state depicted in the video, which is robust to visual domain
variations. Second, we design an instructed duration distilling
module to mine discriminative duration cues from speaking
rate instructions to predict lip-aligned phoneme-level pronun-
ciation duration. Third, for emotion-prosody alignment, we
devise an instructed emotion calibrating module, which fine-
tunes an LL.M-based instruction analyzer using ground truth
dubbing emotion as supervision and predicts prosody based
on the calibrated emotion analysis. Finally, the predicted du-
ration and prosody, together with the script, are fed into the
audio decoder to generate video-aligned dubbing. Extensive
experiments on three major benchmarks demonstrate that In-
structDubber outperforms state-of-the-art approaches across
both in-domain and zero-shot scenarios.

Demo — https://zzdoog.github.io/InstructDubber/

1 Introduction

Movie Dubbing, also known as Visual Voice Cloning
(V2C) (Chen et al. 2022), aims to transfer the given script
into speech with a specific voice, while preserving tem-
poral synchronization with the character’s lip movements
and emotional alignment with their facial expressions in the
video. It has broad real-world applications in areas such
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Figure 1: (a) Illustration of the previous dubbing methods
with visual feature-based alignment, which rely on com-
plex visual preprocessing and suffer from poor generaliza-
tion to unseen visual domains. (b) Illustration of our pro-
posed InstructDubber, an instruction-based alignment dub-
bing method that achieves robust zero-shot dubbing using
natural language fine-grained dubbing instructions.

as film production, digital media, and personalized speech
AIGC. However, the requirement of accurately and fine-
grainedly aligning the speech with visual performance also
presents a substantial challenge to movie dubbing task.

Existing alignment methods for movie dubbing broadly
fall into two main categories. The first category (Hu et al.
2021; Cong et al. 2023; Zhao et al. 2024) generates dubbing
using the fusion representation of visual features from lip re-
gions and the textual features from the script to achieve tem-
poral alignment. It improves the synchronization between
the generated dubbing and lip movements but struggles to
build clear speech from the lips of various visual scenes,
thus often results in suboptimal speech quality. The second
category (Cong et al. 2024; Zhang et al. 2024b) employs
phoneme-based speech synthesis models (Ren et al. 2021;
Li et al. 2023b) as the generation backbone, leveraging vi-
sual features of lip movements and facial expressions to



predict video-aligned phoneme-level duration and prosodic
attributes (i.e., pitch and energy). By incorporating acous-
tic pre-training techniques (Zhang et al. 2025c), the second
category achieves improved video-dubbing alignment while
maintaining high speech quality.

Despite the progress, the aforementioned approaches typ-
ically rely on complex and time-consuming handcrafted vi-
sual preprocessing steps like detecting and segmenting char-
acters’ facial and lip regions, followed by various feature
extraction procedures, as illustrated in Figure 1 (a). Beyond
the burdensome preprocessing pipeline, these visual-based
alignment methods are sensitive to variations in visual do-
mains, such as the domain gap between animated and live-
action characters. Consequently, the reliance on such pre-
processed visual features makes these methods vulnerable to
performance degradation when facing videos from unseen
domains, severely compromising both alignment accuracy
and dubbing quality.

Compared to visual features, natural language instruc-
tions serve a more intuitive and interpretable modality for
dubbing alignment. They provide fine-grained alignment
guidance while offering better universality across diverse vi-
sual domains. Meanwhile, the powerful multimodal under-
standing capabilities of the multimodal large language mod-
els (MLLMs) make it possible to generate visual-domain-
robust fine-grained dubbing instructions directly from video
input. However, related prior methods only leverage coarse-
grained instructions (e.g., character gender or age) as a sup-
plement to visual features (Zheng et al. 2025) or solely
adopt the autoregressive framework for dubbing genera-
tion (Sung-Bin et al. 2025), overlooking the capability of
the instruction-based dubbing alignment and its zero-shot
potential to generalize across diverse visual domains.

To this end, we propose InstructDubber, a novel
instruction-based alignment dubbing method that effectively
leverages fine-grained dubbing instructions to achieve robust
in-domain and zero-shot movie dubbing (as shown in Fig-
ure 1 (b)). Specifically, we first feed both the video and script
to a pre-trained MLLM to generate fine-grained, visual-
domain-robust natural language dubbing instructions that
capture characters’ speaking rates and emotions using corre-
sponding prompts. Second, we propose an Instructed Dura-
tion Distilling module to mine duration cues from the speak-
ing rate instruction. This is achieved by a set of learnable du-
ration prototypes with slot-attention-based distillation. The
distilled duration cues are then used to predict the phoneme-
level pronunciation duration together with prosodic text fea-
tures of input script. Third, for the emotion-prosody align-
ment, we propose an Instructed Emotion Calibrating mod-
ule. It fine-tunes a lightweight LLM to analyze the emo-
tion instructions by leveraging emotion entities extracted
from ground truth dubbing as supervision. Based on the cal-
ibrated emotion entities extracted from emotion instruction
by the fine-tuned analyzer, we predict the emotion-aligned
prosody of each phoneme. Finally, the script text features,
combined with duration and prosody inferred from visual-
domain-robust instructions, are provided to an audio decoder
to synthesize temporally aligned, high-fidelity dubbing in
both in-domain and zero-shot dubbing scenarios.
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The main contributions are summarized as follows:

* We propose InstructDubber, a dubbing method with
instruction-based alignment that effectively leverages
natural language instructions to generate video-aligned
dubbing in both in-domain and zero-shot scenarios.

We design an instructed duration distilling module to
mine duration cues from fine-grained speaking rate in-
structions by slot-attention-based distillation to predict
the lip-aligned phoneme-level pronunciation duration.

We devise an instructed emotion calibrating module
that optimizes the analysis of fine-grained emotion in-
structions and models emotion-aligned dubbing prosody
based on the calibrated emotion analysis.

Favorable performance on both in-domain and zero-
shot dubbing scenarios across three major benchmarks
demonstrates the effectiveness of our approach.

2 Related Works
2.1 Speech Synthesis

With the rapid development of deep learning (Cui et al.
2025; Zhao et al. 2025; Yin et al. 2025; Chen et al. 2024,
Zhang et al. 2024a; Tu et al. 2024; Li et al. 2022; Zhang et al.
2025d), the FastSpeech series (Ren et al. 2021) first intro-
duces a phoneme-level duration-based upsampling strategy
and a controllable speech synthesis paradigm based on pitch
and energy prediction. Subsequently, many recent models,
such as the StyleTTS (Li et al. 2023b) and NaturalSpeech
series (Ju et al. 2024) achieve more natural speech syn-
thesisby incorporating techniques such as diffusion mod-
els and adversarial training. Meanwhile, speech synthesis
models based on discrete speech codecs and autoregres-
sive architectures have also emerged progressively, such as
SparkTTS (Wang et al. 2025), Llasa (Ye et al. 2025), and
CosyVoice series (Du et al. 2025). Despite the progress, they
cannot be directly applied to movie dubbing tasks because
they lack the design of modeling duration and prosody from
performance in the given movie clips.

2.2 Visual Voice Cloning

Some previous V2C methods attempt to improve dubbing
quality by pretraining the phoneme encoder (Zhang et al.
2024b) or decoupling acoustic modeling and prosody adap-
tation (Zhang et al. 2025c¢), in response to the scarcity and
noisiness of movie dubbing datasets caused by issues such
as copyright constraints. Another group of work explores
techniques such as flow matching (Cong et al. 2025b) and
contrastive learning (Cong et al. 2024), primarily aiming to
enhance the performance of audiovisual alignment (Cong
et al. 2023; Zhao, Liu, and Cong 2025; Cong et al. 2025a; Li
et al. 2025). However, their visual-based alignment methods
struggle to generalize to unseen video scenarios, hindering
the broader application.

2.3 Dubbing with MLLMs

Multimodal large language models (MLLMs) have power-
ful and generalizable capabilities for multimodal content
understanding. The earliest works leveraging MLLMs for
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Figure 2: The main architecture of the proposed InstructDubber. To predict the lip-synchronized phoneme-level duration, the In-
structed Duration Distilling module (IDD) mines the duration cues from fine-grained speaking rate instructions. The Instructed
Emotion Calibrating module (IEC) fine-tunes a lightweight LLM to analyze the emotion instructions using the emotion entities
from ground truth dubbing as supervision, and predicts the dubbing prosody based on the calibrated emotion analysis.

dubbing primarily utilized them to align the overall du-
ration between the dubbing and the video for multilin-
gual dubbing (Sahipjohn et al. 2024). Recently, VoiceCraft-
Dub (Sung-Bin et al. 2025) attempted to autoregressively
generate dubbing by feeding video frames and script text
into an LLM-decoder. DeepDubber (Zheng et al. 2025) at-
tempts to leverage a chain-of-thought prompting strategy
to guide the MLLMs generating coarse-grained informa-
tion—such as scene type, character age, and gender—from
the video to assist alignment. However, they overlook the ca-
pability of fine-grained MLLM-generated dubbing instruc-
tions in alignment and their potential in zero-shot dubbing.

3 Method

3.1 Overview
The target of the overall movie dubbing task is:

Apuy = Model(Age s, T, Vin), (1

where the A Dub is the generated dubbing and Ag. s, Ty, Vin
are the reference audio, dubbing scripts, and the input silent
movie clip, respectively. The core of audio-visual alignment
in movie dubbing lies in assigning accurate phoneme-level
durations and prosody attributes based on the visual content
and the corresponding dubbing script:

@

where the p, n, and d are predicted pitch, energy, and dura-
tion that align with the video content.

Figure 2 illustrates the framework of our proposed
instruction-based alignment approach. We employ a pre-
trained multimodal large language model to generate nat-
ural language fine-grained instructions of the character’s
speaking rate and emotional dynamics by taking both the
movie clip and the script as input with the correspond-
ing prompt. Then, the instructed duration distilling module

P, 71, d = Alignment(Ty, Vyn),
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mines the duration cues from the speaking rate instructions,
which are then combined with prosodic text features to pre-
dict phoneme-level durations d. Meanwhile, the instructed
emotion calibrating module fine-tunes a lightweight LLM-
based analyzer to extract the dubbing emotions from emo-
tion instructions, thereby guiding the prediction of emotion-
aligned prosody p and n. We detail each module below.

3.2 Instructed Duration Distilling

To enable the MLLM to generate fine-grained instructions
that capture the character’s speaking rate in the input video,
we feed both the video clip, movie script, and the speaking
rate prompt into the MLLM as input:

IDu'r = MLLM(Tdv Vm7 PromptDur)a (3)

where Ip,, is the fine-grained speaking rate instruction of
the given video, Promptp,, is the speaking rate prompt.
Compared to conventional methods that extract visual fea-
tures from each video frame, the fine-grained instructions
generated by MLLMs are more informative, yet often con-
tain redundant elements such as prepositions and conjunc-
tions. Therefore, it is essential to distill the discriminative
duration cues from them for accurate duration prediction.

To alleviate this problem, we propose the Instructed Dura-
tion Distilling (IDD) module, which consists of multiple dis-
tilling layers that leverage the slot attention mechanism (Lo-
catello et al. 2020). Slot attention initializes a set of learn-
able prototypes, referred to as element slots, which interact
with sequence inputs to iteratively group information corre-
sponding to the same underlying element. Within the IDD
module, it is particularly well-suited for extracting discrimi-
native duration cues from fine-grained speaking rate instruc-
tions, enabling effective alignment modeling.

Specifically, we first employ a global text embedding
(GTE) module to convert the speaking rate instruction I p,,,



into text embeddings Ep,, with position encoding:
Epur = GTE(Tpy,) € REPurxders, 4)

The input features of the distilling layers Fp,,, are first lin-
early projected to obtain key and value representations:

KDur = WKEDura VDu'r = WVEDura (5)
where WX and WV € RI67E are learnable linear pro-
jections. A fixed number K of duration prototype slots

{s,(fo) S| are initialized randomly as learned duration fea-
tures shared across all inputs. For T iterations (i.e., T" distill-
ing layers), each slot s,(f) is updated by attending to the input
features. At each iteration ¢, the current slots are projected
into queries:

Q(t) _ WQS(t), (6)
(t)

where S() = [sgt); ..; 8y’ ] and W% is a learnable projec-
tion. Attention weights between each slot and input token
are computed using scaled dot-product attention:

)
q,  kn
exp ( L )
al) = . fork=1...K, (1)
s (t)-k‘
ZK ex < q; n >
w=1 P TG
where q,(ct) € R97E is the k-th query vector and k,, €
Rée7E n = 1,..., Lpy, is the n-th key vector. Then, each
slot s,(:) receives the weight summary of the input values and

updated via a GRU-based mechanism:

N
(t) (t) d
uy’ = Zakm “Up, Up € RYCTE
n=1

®)

s — GRUY, s{7) + MLP(LN(s/)),
where LN denotes layer normalization, and MLP is a small
feedforward network with non-linearity. After 7" iterations
(T distilling layers with shared weights), we obtain the final
slots S(T) as the duration features Pp.,,., which are distilled
from the speaking rate instructions:

Ppy, = S ¢ RE*dere, )
After getting the distilled duration features, follow-
ing (Zhang et al. 2025c), we convert the script text into

phonemes and extract prosodic text features 7}, using a pre-
trained phoneme-level BERT model (Li et al. 2023a):

Tpho = G2P(Ty) € REwhe,

T, = BERT o (Tpho) € REvroXdm,
where the G2P and BERT,,,, are the grapheme to phoneme
transfer and phoneme-level BERT. We use the T, as queries,
while the dimension-reduced duration features Py,,,,. as both
keys and values to a cross-attention (CA) layer. The fused

duration representations are then fed into a duration predic-
tor to obtain the final duration output:

FDT““ = CA(TP7 P/Dura P/Dur) S RL”’“’de7

d = DurationPrdictor(Fpy,) € R#e,
where the DurationPrdictor is a Bi-LSTM network with a
prediction head following (Li et al. 2023b). The d is scaled
according to the length of input video to ensure the consis-
tency between total duration of video and dubbing.

(10)

(11)
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3.3 Instructed Emotion Calibrating

First, we input the video, script, and prompt into the MLLM
to obtain fine-grained emotion instructions:

Igmo = MLLM(Ty, V,y,, Prompt gme)- (12)

Similarly, it is essential to extract discriminative emotional
variations from fine-grained emotion instructions to facil-
itate accurate emotion-aligned prosody prediction of each
phoneme. To this end and also to enhance the model’s gen-
eralization ability in emotion analysis, we introduce a pre-
defined set of emotions and use the elements as emotion
entities. After a comprehensive analysis of several emotion-
labeled speech and dubbing datasets (Chen et al. 2022; Zhou
et al. 2022), we adopt the following seven emotions as the
predefined set of emotion entities: happy, angry, disgust,
fear, neutral, sad, and surprise.

We employ a lightweight LLM as the emotion instruction
analyzer to extract the emotion entities from the emotion in-
structions. Introducing an additional analyzer during train-
ing helps prevent the MLLM’s knowledge from being biased
by the visual styles of specific dubbing datasets, thereby pre-
serving the model’s generalization capability while also en-
hancing its flexibility to accommodate different MLLMs. To
ensure consistency between the emotion entities extracted
from the emotion instruction and those present in the ground
truth dubbing, we employ an audio large language model
(Audio LLM) to extract ground truth emotion entities from
the reference dubbing:

Entitygmo = AudioLLM(Apys, Prompt gntity), (13)

where Entitygm, denotes the ground-truth emotion entities
extracted from the dubbing audio.

Supervised by ground truth emotion entities, we fine-tune
this analyzer using Low Rank Adaptation (LoRA) (Hu et al.
2022) to calibrate its analysis of the emotion instruction. For
each QKV projection layer and feed-forward layer in the
emotion instruction analyzer, we perform fine-tuning using
rank- R adaptation matrices:

W =W +AW =W + AB, (14)

where W is the original parameter, A € RIzLm*R apd
B € RExdLeu ogether constitute the complete set of train-
able parameters 6. During training, the parameters 6 are op-
timized by minimizing the autoregressive loss:

0" < 0 —n - VyeL(Analyzer(Igmo; 0), Entitygms), (15)

where 7 is the learning rate.

After the fine-tuning, we use the emotion instruction an-
alyzer to extract emotion entities from the emotion instruc-
tions and obtain their corresponding text embeddings:

Egmo = GTE(Analyzer(Igmo, Prompta,0')), (16)

where Prompt 4 is the analysis prompt, Egp,, € RLxdere
is the text embedding of the predicted emotion entities.
Then, we apply cross-attention between the dimension-
reduced emotion features E7, . and the prosodic text fea-
tures to obtain prosody features for prosody prediction:

FEmO = CA(TP’ElEmo’ElE‘mo) € RLphOdea

a7
p, 7 = ProsodyPrdictor(Fgm,,) € REvre,



Benchmark ‘ V2C-Animation ‘ Chem ‘ GRID

Methods | DD} EMO-SIM (%)% WER(%)| UTMOS? | DD| EMO-SIM(%)? WER(%)| UTMOS{ | DD| WER (%)) UTMOS{
GT ‘ 0.0000 100.00 25.55 2.26 ‘ 0.0000 100.00 3.85 4.18 ‘ 0.0000 22.41 3.94
Speak2Dub (Zhang et al. 2024b) | 0.5173 66.58 17.51 241 0.4786 76.78 11.82 3.72 0.2650 17.40 3.69
StyleDubber (Cong et al. 2024) 0.5092 67.22 31.94 1.89 0.4508 77.99 13.14 3.02 0.2453 18.88 3.73
DeepDubber* (Zheng et al. 2025) | 0.5756 56.42 35.88 2.03 0.5041 52.37 25.51 2.53 0.3995 51.16 2.31
ProDubber (Zhang et al. 2025c¢) | 0.5148 67.15 8.04 3.10 0.4673 76.69 9.45 3.85 0.2551 18.60 3.87
InstructDubber (Ours) ‘ 0.5122 68.46 9.27 3.11 ‘ 0.4461 78.38 8.86 3.87 ‘ 0.2522 17.81 3.88

Table 1: Results of in-domain dubbing on three major benchmarks, which use the train set and test set from the same benchmark
for training and evaluation. The best results are in bold and the second-best ones are underlined.

where the ProsodyPrdictor has the same architecture as the
duration predictor with two prediction heads for pitch and
energy, respectively.

3.4 Audio Generation and Training Objective

We feed the predicted duration and prosody, along with the
script text and reference audio, into a pre-trained HiFi-GAN-
based audio decoder (Kong, Kim, and Bae 2020) to generate
the final dubbing audio:

Apu, = AudioDecoder(Ty, p, i, d, Age ). (18)
The overall training objective of InstructDubber is:
£total = )\lﬁDur + )\2£Emoa (19)
1 Lpho_l -
L ur — ‘ dz — dl s 20
Dur = > ) (20)
=0
Lpho_l

Lomo=7— 3 IFi—pill + 7 —mill,, @D

pho Ty

where the weight in Equation (19) are setto A\; = 2, Ao = 1.
We use the ground truth emotion entities during training and
the predicted during inference and evaluation.

4 Experiments
4.1 Datasets

V2C-Animation dataset (Chen et al. 2022) is a collection
of 10,217 video clips from 26 animated movies, consists of
10,217 video-audio-text triplets cropped from 26 Disney an-
imated movies, totaling 153 different speakers, with com-
plete speaker and emotion annotations.

Chem dataset (Prajwal et al. 2020) is a popular dubbing
dataset recording a chemistry teacher speaking in the class.
For complete dubbing, each video has clip to sentence-level
following (Hu et al. 2021).

GRID dataset (Cooke et al. 2006) is a multi-speaker dub-
bing benchmark which comprises video recordings of 33
speakers performing 1,000 scripted sentences each.

4.2 Evaluation Metrics

Duration Divergence (DD). The duration divergence eval-
uates the lip-synchronization by calculating the divergence
between phoneme-level duration distributions of synthe-
sized and ground truth dubbing following (Ye et al. 2024).
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EMO-SIM. Emotion similarity (EMO-SIM) measures the
cosine similarity between the emotion embedding of gen-
erated dubbing and ground truth, which is obtained using
Emotion2Vec (Ma et al. 2023) following (Sung-Bin et al.
2025). Since GRID videos predominantly feature neutral ex-
pressions, we only conduct EMO-SIM on V2C-Animation
and Chem benchmarks.

WER. The Word Error Rate (WER) ! assesses the model’s
pronunciation accuracy by using an advanced ASR model
Whisper? (Radford et al. 2023) to transcribe the dubbing into
text and compare it with the original dubbing script.
UTMOS. UTMOS (Saeki et al. 2022) is a speech mean
opinion score (MOS) predictor to measure the acoustic qual-
ity and naturalness of the generated dubbing following (Ju
et al. 2024).

4.3 Implementation Details

We employ a pre-trained JDC network (Kum and Nam
2019) as the pitch extractor and use the log norm to cal-
culate the energy following (Li et al. 2023b). To get the
ground truth duration and calculate the duration divergence
metrics, we adopt the ASR model fine-tuned for the TTS
task as text aligner (Li, Han, and Mesgarani 2022) to get
the alignment between phoneme and mel-spectrogram fol-
lowing StyleTTS2 (Li et al. 2023b). For audio generation,
we adopt the same pre-trained audio decoder as ProDub-
ber (Zhang et al. 2025¢c). We use the Qwen2.5-Instruct-
7B (QwenTeam 2024) to analyze the emotion instructions
and the Qwen2.5-Omni-7B (QwenTeam 2025) to get ground
truth emotion entities. An Adam (Kingma and Ba 2015) with
B1=0.9, By = 0.98, ¢ = 10~ is used as the optimizer dur-
ing the training. The learning rate is set to 0.00625.

4.4 Comparison with SOTA Methods

Results on in-domain dubbing. As shown in Table 1,
InstructDubber outperforms existing state-of-the-art mod-
els on the majority of evaluation metrics across three dub-
bing benchmarks. In terms of lip synchronization, Instruct-
Dubber achieves the lowest duration divergence on Chem
benchmarks, and second best on V2C-Animation and GRID
benchmarks. It indicates that InstructDubber can generate
dubbing exhibits the smallest temporal discrepancy with
the ground truth. The highest EMO-SIM on both the V2C-
Animation and Chem benchmarks shows that the dubbing

"https://github.com/jitsi/jiwer
*https://huggingface.co/openai/whisper-large



Benchmark | V2C2Chem \ V2C2GRID \ GRID2V2C
Methods | DD| EMO-SIM (%)t WER(%)] UTMOSt | DD| WER(%)] UTMOSt | DD| EMO-SIM (%)t WER(%)] UTMOS
GT \ 0.0000 100.00 3.85 4.18 \ 0.0000 22.41 3.94 \ 0.0000 100.00 25.55 2.26
Speak2Dub 0.5334 57.21 10.23 2.66 0.3258 64.31 291 0.5506 36.96 65.82 2.52
StyleDubber | 0.4721 67.03 18.63 2.26 0.3380 77.97 2.58 0.5397 39.92 70.32 1.93
DeepDubber* | 0.5041 52.37 2551 2.53 0.3995 51.16 2.31 0.5756 56.42 35.88 2.03
ProDubber 0.4649 68.21 10.32 3.62 0.3146 25.67 3.55 0.5367 51.60 41.27 2.73
Ours \ 0.4565 70.34 8.42 3.71 \ 0.3103 23.49 3.61 \ 0.5261 57.09 19.56 2.85

Table 2: Results on zero-shot movie dubbing across three major benchmarks. For example, V2C2GRID indicates that using the
checkpoint trained on the V2C-Animation dataset to directly dub the video clip from GRID dataset without any fine-tuning.
Note that the official checkpoint of DeepDubber* is trained jointly on multiple datasets, including V2C-Animation and GRID,
and therefore exhibits identical performance across various zero-shot settings and as reported in Table 1.

Benchmark | Chem2V2C \ Chem2GRID \ GRID2Chem
Methods | DDJ EMO-SIM (%)t WER (%)) UTMOSt | DD, WER(%)} UTMOSt | DD] EMO-SIM(%)? WER (%)} UTMOS 1t
GT ‘ 0.0000 100.00 25.55 2.26 ‘ 0.0000 22.41 3.94 ‘ 0.0000 100.00 3.85 4.18
Speak2Dub 0.5873 59.72 23.78 2.74 0.3123 55.08 3.00 0.5832 35.14 60.47 2.58
StyleDubber | 0.5627 58.54 25.43 1.95 0.3139 67.46 2.10 0.5095 41.35 68.91 2.05
DeepDubber* | 0.5756 56.42 35.88 2.03 0.3995 51.16 2.31 0.5041 52.37 25.51 2.53
ProDubber 0.5650 65.98 14.33 291 0.3209 47.42 3.73 0.5781 54.87 30.17 2.72
Ours ‘ 0.5583 66.57 12.60 3.07 ‘ 0.3042 38.53 3.84 ‘ 0.4849 58.91 20.73 2.94

Table 3: Results on zero-shot movie dubbing across three major benchmarks with same zero-shot setting as Table 2.

generated by InstructDubber exhibits the closest emotional
expressiveness to the ground truth, demonstrating the best
emotion alignment performance in this scenario.

Moreover, due to natural language instructions being in-
herently less susceptible to noise compared to visual fea-
tures, resulting in more stable predictions of duration and
prosody, the pronunciation clarity and dubbing quality of the
generated dubbing are also improved. We achieve competi-
tive WER performance across all three benchmarks and ob-
serve an improvement in UTMOS, indicating the best over-
all dubbing alignment and quality.

Results on zero-shot dubbing. We conduct pairwise zero-
shot dubbing evaluations across the three benchmarks by di-
rectly using unseen videos from another dataset for evalua-
tion. As shown in Table 2 and 3, InstructDubber outperforms
state-of-the-art models across all six zero-shot dubbing sce-
narios on both alignment accuracy and dubbing quality.

Specifically, compared to previous approaches that rely
on visual features to achieve alignment, which are easily
perturbed by variations in visual domains, guidance derived
from natural language instructions remains invariant to vi-
sual domain variations, enabling more accurate and robust
alignment in temporal and emotional aspects. More accu-
rate prediction of duration and prosody also leads to sig-
nificant improvements in pronunciation clarity and speech
quality of the generated dubbing. Besides, compared to the
DeepDubber, which uses coarse-grained instructions as a
supplement to visual features and is trained across multiple
benchmarks, our proposed instructed duration distilling and
instructed emotion calibrating module effectively leverages
fine-grained dubbing instructions to guide the prediction of
aligned duration and prosody, consistently achieving supe-
rior performance in all six zero-shot dubbing scenarios.
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Methods | DD] EMO-SIM (%)t WER(%)] UTMOS 1
Visual Feature \ 0.5030 69.51 10.54 3.37
w/ IDD 0.4941 67.85 9.97 342
w/ IEC 0.5046 70.77 11.76 3.40
Full Model \ 0.4933 70.94 9.79 3.44

Table 4: Results of ablation study on each module.

4.5 Ablation Studies

To validate the effectiveness of each proposed module, we
conduct ablation studies on V2C-Animation, Chem, and
their cross-domain zero-shot scenarios (i.e., V2C2Chem and
Chem2V2C) . We report the average performance of the four
scenarios in this section.

Ablation of each module. We integrate the proposed In-
structed Duration Distilling (IDD) and Instructed Emotion
Calibrating (IEC) module into the visual feature-based dub-
bing baseline model separately to validate their effective-
ness. As shown in Table 4, incorporating the IDD module
leads to improved duration alignment performance, with the
average duration divergence (DD) reduced compared to the
baseline model. More accurate duration alignment also leads
to clearer pronunciation and improved dubbing quality, re-
sulting in performance gains in both WER and UTMOS. The
IEC module enables the model to better predict emotion-
aligned prosody, achieving +1.43% performance gain on the
EMO-SIM metric. The two proposed modules together en-
able InstructDubber to achieve the best overall dubbing per-
formance, validating the effectiveness of both components.

Ablation of instruction-based duration alignment. In
Table 5, we report the performance of various strate-
gies to leverage the speaking rate instruction for duration
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ProDubber StyleDubber
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ProDubber StyleDubber

Figure 3: The mel-spectrograms of ground truth and synthesized dubbing by different models in zero-shot scenario. The red
and white boxes highlight regions where different models exhibit significant differences in temporal and prosody alignment.

Method | DD] WER(%)] UTMOS T
Raw Instruction CA 0.5072 11.55 3.40
LoRA Prediction 0.5331 13.58 3.32
IDD (Prototype Num =1) | 0.5005 11.63 3.38
IDD (Prototype Num =5) | 0.4975 9.23 3.43
IDD (Prototype Num = 10) | 0.4933 9.79 3.44
IDD (Prototype Num = 20) | 0.4991 10.16 345

Table 5: Results of ablation study on different instruction-
based duration alignment methods.

Method | EMO-SIM (%) 1 WER(%)] UTMOS ©

Raw Instruction CA 69.55 10.41 3.38
Instrcution Distilling 70.51 9.92 3.42
w/o Calibrating 70.33 10.52 3.39
Ours (IEC) \ 70.94 9.79 3.44

Table 6: Results of ablation study on different instruction-
based emotion alignment methods.

alignment. Directly applying cross-attention to fine-grained
speaking rate instruction and dubbing script (Raw Instruc-
tion CA) fails to extract discriminative duration cues from
the instruction, resulting in degraded duration alignment per-
formance. Finetuning an LLM using LoRA to directly pre-
dict the duration sequence based on the instruction (LoRA
Prediction) suffers from implicit duration value optimization
and unstable inference success rate. Instead, the proposed
IDD module achieves the best lip-synchronization perfor-
mance by mining duration cues from fine-grained instruc-
tions. Through an ablation on the number of learnable dura-
tion prototypes, we find that the 10-prototype achieves better
balance on alignment accuracy and speech quality.

Ablation of instruction-based emotion alignment. The
results of ablation on instruction-based emotion alignment
are shown in Table 6. Directly applying fine-grained emo-
tion instructions in a cross-attention mechanism to pre-
dict prosody introduces detailed yet redundant information,
which leads to suboptimal performance on the EMO-SIM
metric and dubbing quality. Using the instruction distilling
method similar to the IDD module or directly extracting
emotion entities from the instructions lacks supervision of
emotion state from the ground truth dubbing audio, limiting
the accuracy in reflecting the character’s emotional state in
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Models [ DD] EMO-SIM (%) 1 WER(%)] UTMOS T
VideoLLaMA3-7B | 0.4924 70.09 9.84 3.46
LLaVA-Next-7B | 0.4933 70.94 9.79 344
GTE-0.6B 0.4988 70.99 10.02 3.43
GTE-1.5B 0.4933 70.94 9.79 3.44
GTE-4B 0.4999 70.51 10.27 341

Table 7: Results of ablation study on different MLLMs and
GTE models of varying size.

the video. The proposed IEC module incorporates ground
truth emotion entities as supervision to calibrate the analysis
of emotion instruction, which improves the emotion align-
ment and achieves superior performance on EMO-SIM.

Ablation of different MLLMs and GTE models. To
validate the robustness of our proposed method , we
conducted ablation experiments using different MLLMs
(VideoLLaMA3-7B (Zhang et al. 2025a) and LLaVA-
NEXT-7B (Li et al. 2024)) and GTE models of varying
sizes (Zhang et al. 2025b). Table 7 shows that InstructDub-
ber achieves advanced and stable performance under differ-
ent configurations of MLLM and GTE size.

4.6 Qualitative Analysis

We visualize ground-truth and zero-shot dubbing mel-
spectrograms from different models in Figure 3. As shown
in the red box, our model produces more accurate phoneme-
level duration predictions, leading to superior lip synchro-
nization. The white box further highlights spectrogram pat-
terns and variations which shows that we achieves prosody
patterns more consistent with the ground truth.

5 Conclusion

In this paper, we propose InstructDubber, a novel
instruction-based alignment dubbing method that achieves
robust both in-domain and zero-shot dubbing. The proposed
instructed duration distilling module and the instructed emo-
tion calibrating effectively leverage fine-grained dubbing in-
structions to facilitate temporal and emotional alignment, re-
spectively. The superior performance on both in-domain and
zero-shot experiments across three major benchmarks, along
with the ablation studies, demonstrates the effectiveness of
the proposed method and each module.
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