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Figure 1: MoCha is an end-to-end dialogue-centric video generation model that takes only speech
and text as input, without requiring any auxiliary conditions. More videos are available at
https://congweil 230.github.io/MoCha/

Abstract

Recent advancements in video generation have achieved impressive motion realism,
yet they often overlook character-driven storytelling, a crucial task for automated
film, animation generation. We introduce Talking Characters, a more realistic
task to generate talking character animations directly from speech and text. Unlike
talking head, Talking Characters aims at generating the full portrait of one or
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more characters beyond the facial region. In this paper, we propose MoCha, the
first of its kind to generate talking characters. To ensure precise synchronization
between video and speech, we propose a localized audio attention mechanism
that effectively aligns speech and video tokens. To address the scarcity of large-
scale speech-labelled video datasets, we introduce a joint training strategy that
leverages both speech-labeled and text-labeled video data, significantly improving
generalization across diverse character actions. We also design structured prompt
templates with character tags, enabling, for the first time, multi-character conver-
sation with turn-based dialogue—allowing Al-generated characters to engage in
context-aware conversations with cinematic coherence. Extensive qualitative and
quantitative evaluations, including human evaluation studies and benchmark com-
parisons, demonstrate that MoCha sets a new standard for Al-generated cinematic
storytelling, achieving superior realism, controllability and generalization.

1 Introduction

Automating film production holds immense commercial potential, promising to democratize
cinematic-level storytelling by enabling content creators to effortlessly generate films through natural
language [1H4]. In film, dialogue plays a central role in conveying narratives. Ideally, creators should
be able to specify rich storylines involving multiple characters—whether realistic humans or stylized
cartoons—that engage in meaningful dialogue, express emotions, and perform full-body actions.
Such talking characters serve as powerful mediums for delivering impactful messages, communi-
cating ideas, and engaging audiences. Beyond film, they also enable a wide range of downstream
applications, including digital assistants, virtual avatars, advertising, and educational content.

Despite impressive progress in video generation, current video foundation models are primarily
designed for narration-style, non-dialogue scenes. Models such as SoORA, Pika, Luma, Hailuo, and
Kling [5H12] produce characters with arbitrary lip movements and disconnected facial expressions,
lacking control over actual speech content. As a result, these characters appear lifeless and fail to
deliver messeage to the audience, limiting the models’ applicability in real-life cinematic production.

Meanwhile, speech-conditioned video generation is still in its infancy, primarily focused on simplified
talking-head scenarios. Models such as Loopy, Hallo3, and EMO [13H19] are limited to cropped face
regions with static cameras, ignoring essential elements such as full-body actions, camera motion,
and multi-character interactions. These limitations hinder their characters’ expressiveness and make
them unsuitable for realistic, engaging storytelling.

To bridge the gap between non-dialogue video generation and constrained talking-head synthesis,
we introduce the novel task of Talking Characters, which directly targets the goal of automating
dialogue-centric film production. The task is defined as generating lifelike digital characters from
natural language and speech inputs that express synchronized speech, realistic emotions, and full-body
actions under dynamic camera movements (seefsection 2). To tackle this task, we propose MoCha, the
first end-to-end Diffusion Transformer (DiT) model designed to produce high-quality, movie-grade
talking character videos. MoCha demonstrates compelling storytelling capabilities. As shown on the
project website ahttps://congweil 230.github.io/MoCha/, we lightly edited MoCha-generated clips
into a I-minute, emotionally engaging narrative, illustrating its potential for real-world filmmaking.

MoCha introduces several key technical innovations tailored for this task:

* First End-to-End DiT Without Auxiliary Control Signals: MoCha is the first DiT-based
model to demonstrate that high-quality lip synchronization and natural character motion can
be achieved using only text and speech—without relying on external control signals such as
reference images, pose skeletons, or facial keypoints [14} 15} 20, [13} 16} 21} [17]. Contrary
to the dominant belief that audio alone is insufficient, we show that strong audio-visual
alignment can emerge purely from end-to-end training.

* Localized Audio Attention: We propose a attention mechanism tailored for DiT-based
dialogue-diven video generation, which addresses the temporal mismatch between com-
pressed video tokens and high-resolution audio inputs (see Sec.[3.2). This design signifi-
cantly improves lip-sync accuracy and speech-video alignment.
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 Curriculum-Based Multimodal Training: We introduce a training strategy that combines
limited speech-labeled and large-scale text-only video data through a modality-aware cur-
riculum. By mixing multimodal and unimodal supervision and progressively increasing
visual complexity, our approach improves convergence, enhances generalization, and enables
MoCha'suniversal controllabilityvia natural language prompts—supporting ne-grained
control over character expressions, actions, interactions, camera movement, and scene
composition without relying on auxiliary signals.

» Multi-Character Conversational Video Generation: MoCha is the rst model to support
coherent, turn-based dialogue among multiple characters—overcoming the single-speaker
limitation of prior methods. This capability enables cinematic, story-driven video synthesis
with dynamic character interactions.

To evaluate MoCha's performance, we further curadtCha-Bench, a benchmark tailored for
Talking Characters generation tasks. Both human evaluations and automatic metrics demonstrate
that MoCha set a new standard for talking character video generation and represents a signi cant
step toward achieving controllable, narrative-driven video synthesis, with broad applications in Im
production, animation, virtual assistants, and beyond.

2 Problem De nition: Talking Characters

We introduce a novel tasRalking Characterswhich focuses on generating digital characters that
exhibit realistic, human-like behaviors from natural language and speech input. The task is motivated
by the goal of automating dialogue-centric Im production, going beywaditional video generation

that typically focuses on non-dialogue, narration-based scenes.

Talking Charactergliffers from conventionatalking-headgeneration—which is restricted to a single

face, xed camera, and square crop—by enabling full-body character synthesis across a range of shot
sizes (e.g., close-up, medium, wide) with dynamic camera motion. It supports the generation of one
or more characters situated within a contextually appropriate scene.

The task is formally de ned by the input-output speci cation and evaluation protocpl, in Table 1.

Aspect‘ Description

Input | Text Prompty: Natural language description including (1)environment, (2)character appearance and
(3)actions, (4)facing direction and emotion, (5)frame position, (6)camera movement, and (7)shot size.

Speech Audia 2 R" : Raw waveform signal that drives characters' lip movements, facial expressions,
and body motions.

Output| Video 2 RT " W 3: Arendered video of one or more talking characters (human, 3D cartoon, or
animal), whereT is the number of frames ar{th; W ) is the spatial resolution.

Eval The generated characters are expected to perform well across the following ve axes:

(1) Lip-Sync Quality:Accurate and temporally aligned lip movements with respect to

(2) Expression Naturalnes&xpressive and coherent facial emotions that align with pathda.
(3) Action NaturalnessRealistic body gestures re ect described actiong,isynchronized witha.

(4) Text Alignment:Coherence between visual content gndncluding Visual layout, character
appearance, and camera motion.

(5) Visual Quality:High delity and temporal consistency, free from visual artifacts.
Table 1: Task de nition of Talking Characters: formalized inp(itsa), output , and evaluation criteria.

3 Model: MoCha

In this section, we introduce the MoCha model, the rst model to generate talking characters. We begin
by outlining its architecture in subsection 3.1, followed by the localized audio attention mechanism in

subsection 3.2. Next, we describe the method of generating multiple clips in subsection 3.3. Finally
we provide explanation of the training strategy in subsection 3.4.



Figure 2:MoCha Architecture. MoCha is an end-to-end Diffusion Transformer(DiT) that generates video
frames from the joint conditioning afpeechandtext, without relying on any auxiliary signals. Both speech and
text inputs are projected into token representations and aligned with video tokens through cross-attention.

3.1 Audio + Text to Video Diffusion Transformers

Figure 2 presents the overall architecture of MoCha. Unlike prior works that employ text-to-image
(T2l) U-Net [14, 15, 17, 22] for talking head generation, MoCha is a diffusion transformer (D28} [

Model Architecture. MoCha adopts a fully tokenized design, where both text and speech inputs
are projected into token sequences and integrated with video tokens through cross-attention. Given
anvideo 2 RT H W 3with T frames, we encode it into a latent representatigp@ R " W ¢

using a 3D VAE, which down-samples the video spatially and temporally. We de ne the temporal
down-sampling ratio as = L: Next,xg is attened into a sequence of tokens of size h w) ¢

and passed to the DIT model( ). Within each DiT block, the model rst applies self-attention

to the video tokeng, followed by sequential cross-attention with the text condition tokesusd

audio condition tokens. The audio tokens 2 R" ¢ is derived from raw waveforma using
Wav2Vec?2 [24] and processed through MLPs to align its feature dimension with the video tokens.

Training Objective. We adopt Flow Matching 45], which enables ef cient simulation of
continuous-time dynamics, to train our model. Given a latent video representatibiR " W ¢
(encoded from the input video), random noiseN (0; 1), and a continuous time ste@ [0; 1], we
construct an intermediate lateqt by interpolating betweenandx:

x¢x=(1 t) +txg: Q)
The model is trained to predict the velocity, de ned as the difference between the data and noise:
dXt
= — = : 2
V= =X )
The training loss is then:
2
L=E N (O;1);x1;y; 5t 2[0;1] f Xt, Y, it (Xl ) ; (3)

2
wherex; is the latent videoy and are text and audio conditions, ahd ) is the DiT model. Unlike
prior works [LO, 14, 15, 20, 13, 16, 21, 17], MoCha does not rely on auxiliary objectives such as
face or body masking. Instead, it learns speech-video correlations purely from data, using a fully
tokenized and end-to-end training approach.

3.2 Localized Audio Attention

Most existing talking head generation models rely on 2D diffusion architectures (e.g., U-Net) that
generatel frames autoregressively, with each frameconditioned directly on its corresponding
audio token ; 2 R®. This one-to-one mapping between audio and video timesteps naturally ensures
tight synchronization. In contrast, diffusion transformer (DiT) architectures depart from this design
in two critical ways that complicate temporal alignment:



Figure 3:MoCha's Localized
Audio Attention. To address
the mismatch between com-
pressed video tokens and high-
resolution audio, MoCha em-
ploys a localized attention strat-
egy where each video token at-
tends only to a narrow window
of nearby audio tokens. This
promotes precise lip-sync and
improves temporal coherence.

1. Temporal Resolution MismatcRiT-based models operate on latent representations produced by
a 3D VAE, which temporally compresses videos by a factar @ommonlyr = 4 or 8in recent
T2V models B, 10)). As a result, video tokens span only= T=r steps, while audio remains at
the original resolutiofM, eliminating direct alignment.

2. Fully Parallel Decoding: Unlike autoregressive designs, DIT generates diitent frames in
parallel. Without constraints, naive cross-attention permits each video token to attend globally to
the full audio sequence, which can lead to incorrect associations.

To address these challenges, we propokecalized Audio Attentiomechanism that introduces

a temporal inductive bias. Inspired by the observation that lip movements depend on short-term
phonetic patterns while body gestures and expressions re ect longer-term textual semantics, we
constrain each video token's attention to a limited audio span.

Speci cally, for a latent video frama() 2 R" ¥ © at timested 2 f 1;:::; g, we restrict its
cross-attention to audio token§) in the window:
j 2 [max(1;(i 1)r 1); min(T;ir+1)] : 4)

Thisr+2-token window corresponds to the uncompressed temporal segmext trmtmmarizes,
with one token of padding on each side for context smoothing. This simple yet effective constraint
encourages alignment between speech and video while preserving local continuity across frames.

3.3 Multi-character Turn-based Conversation

Thanks to the clean and fully tokenized design of MoCha (see subsection 3.1), the model supports

multi-clip video generation in exactly the same way as single-clip generatigtireut any addi-

tional architectural modi cations . As illustrated in Figure 4, unlike video extension methods that

rely on autoregressive generation conditioned on previously generated content, MoCha generates
all clips in parallel. It leverages self-attention across video tokens to maintain character consistency

across clips and preserve coherence in the surrounding environment.

Assuming only one character speaks at a time, we observe that speaker changes in the audio implicitly
guide MoCha to transition between clips—without requiring any explicit indicators such as clip
tokens [26]. Simultaneously, the text conditipispeci es the content of each clip.

Formally, given an audio sequence= f *; 2;:::; Tg, where the tokens correspond to two

While MoCha supports seamless multi-clip generation, a challenge lies in prompting—ensuring that
character attributes are consistently grounded across clips. This becomes especially dif cult when
characters interact or reappear in different clips. Naive captioning models typically rely on visual
descriptions to refer to characters. As a result, they must repeat detailed appearance descriptions each
time a character is mentioned, leading to long, redundant, and confusing prompts. For example in
Figure 5. This verbosity not only increases the risk of exceeding token limits (e.g., 256 tokens) but
also confuses the model during generation—especially in multi-clip scenarios.
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