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Abstract. Recent advances in Diffusion Transformers (DiTs) have en-
abled high-quality joint audio-video generation, producing videos with
synchronized audio within a single model. However, existing control-
lable generation frameworks are typically restricted to video-only con-
trol. This restricts comprehensive controllability and often leads to sub-
optimal cross-modal alignment. To bridge this gap, we present MM-
Control, which enables users to perform Multi-Modal Control in joint
audio-video generation. MMControl introduces a dual-stream conditional
injection mechanism. It incorporates both visual and acoustic control
signals—including reference images, reference audio, depth maps, and
pose sequences—into a joint generation process. These conditions are in-
jected through bypass branches into a joint audio-video Diffusion Trans-
former, enabling the model to simultaneously generate identity-consistent
video and timbre-consistent audio under structural constraints. Further-
more, we introduce modality-specific guidance scaling, which allows users
to independently and dynamically adjust the influence strength of each
visual and acoustic condition at inference time. Extensive experiments
demonstrate that MMControl achieves fine-grained, composable control
over character identity, voice timbre, body pose, and depth-guided scene
structure in joint audio-video generation.

Keywords: Audio-Video Generation · Multimodal Controllable Gener-
ation · Cross-Modal Alignment

1 Introduction

The pursuit of photorealistic digital content creation has driven generative mod-
els to evolve from static image synthesis toward dynamic, high-fidelity video
generation. With the advent of Diffusion Transformers (DiTs) [31], visual syn-
thesis has achieved remarkable progress in both scalability and temporal con-
sistency [23,41]. More recently, the field has advanced toward a more ambitious
frontier: native joint audio-video generation [13, 14, 30, 38]. Unlike conventional
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Fig. 1: Unified Multi-Modal Control results produced by MMControl. By
providing different control signals, our model enables fine-grained control over joint
audio-video synthesis. The teaser illustrates our model’s ability to generate content that
is: Consistent in voice and identity (via audio/visual references) and Controllable
in structure and motion (via depth/pose guidance).

cascaded pipelines, these models learn to synthesize both modalities within a
unified latent space, yielding intrinsic synchronization and a more holistic un-
derstanding of temporal dynamics.

Despite the impressive generation quality of recent joint DiT models [14,38],
they still lack fine-grained controllability over generated content. Existing meth-
ods are typically either visual-centric [49,56] or audio-centric [18,40,46]. Visual-
centric approaches primarily optimize visual control while under-modeling acous-
tic conditions, whereas audio-centric approaches emphasize speech or audio guid-
ance but often struggle to produce naturally aligned audio-video sequences.
These methods rely on decoupled controls across video and audio modalities,
which makes coherent cross-modal alignment difficult. At the core lies the ab-
sence of a unified control mechanism that can simultaneously handle visual
and acoustic conditioning signals. This exposes a critical gap: achieving pre-
cise multi-modal control within joint generation frameworks while preserving
inherent cross-modal synchronization and collaborative priors remains highly
challenging.

In this work, we focus on the task of Multi-Modal Controllable Joint Gener-
ation. The goal is to generate synchronized video and audio that follow textual
descriptions while being conditioned on multimodal controls for visual struc-
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ture (depth/pose), character identity, and vocal timbre. To this end, we propose
MMControl, a new pipeline that introduces fine-grained controllability into joint
audio-video generation. At the core of our method is a Multi-Modal Control
Unit (MMCU), a unified interface that tokenizes heterogeneous inputs includ-
ing reference images, reference audio clips, and depth/pose sequences, and aligns
them into synchronized representations. This enables MMControl to handle these
control scenarios under a single, consistent paradigm.

To integrate multimodal signals without compromising the pretrained gen-
eration capability of the backbone, we design a Dual-Stream Bypass archi-
tecture. This design introduces parallel, modality-specific trainable branches in-
terleaved with frozen joint DiT layers. These branches extract contextual cues
from the MMCU and inject them into the main diffusion process through gated
residual connections. In addition, we introduce Modality-Specific Guidance
Scaling at inference time, allowing users to independently adjust the influence
of visual and acoustic controls. This flexibility enables MMControl to satisfy
diverse creative requirements, ranging from strict structural adherence to ex-
pressive, identity-consistent synthesis. Extensive experiments demonstrate that
MMControl establishes a new state-of-the-art in controllable joint generation,
delivering exceptional visual fidelity, robust audio-video consistency, and pre-
cise structural alignment across reference-guided audio-video generation and
depth/pose-controlled structural generation. Our main contributions are sum-
marized as follows:

– We define and study the task of multi-modal controllable joint generation,
providing a formal framework for jointly controlling identity, timbre, and
depth/pose structure within a unified generative space.

– We propose MMControl, which introduces the Multi-Modal Control Unit
(MMCU) to effectively unify and synchronize heterogeneous control signals
as a versatile interface for joint diffusion.

– We design the Dual-Stream Bypass architecture for non-intrusive control-
feature injection into frozen joint DiT layers, and further introduce Modality-
Specific Guidance Scaling for flexible inference-time adjustment.

2 Related Work

Audio-Video Generation. Building on the success of image diffusion mod-
els [16, 35], video synthesis has evolved from foundational UNet-based architec-
tures [1,2,17] to highly scalable DiT architectures [31]. Recent visual foundation
frameworks [23, 41, 47, 54] pushed the boundaries of video synthesis. Beyond
text-to-video synthesis, a significant body of work explores steering visual con-
tent via acoustic signals. This is most prominent in portrait animation, where
pioneering methods like SadTalker [57] utilized 3D morphable models for motion
mapping, while more recent diffusion-based methods [9,10,36,37,40,46,51] have
achieved superior expressiveness and lip-sync accuracy. More recently, audio-
to-video frameworks such as MoCha [45] and Wan2.2-S2V [41] have further
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advanced the synthesis of high-fidelity video from acoustic signals. A transfor-
mative shift has recently occurred toward native joint audio-video generation,
where both modalities are synthesized simultaneously within a single, unified
framework. Pioneering industrial models such as Sora 2 [30] and Veo 3 [13] have
demonstrated that modeling video and audio in a joint latent space leads to supe-
rior cross-modal synchronization and temporal realism. This paradigm is further
advanced by frameworks like JavisDiT [25], LTX-2 [14], and Universe [42].

Controllable Video Generation. The quest for fine-grained controllability,
which began with image generation, has remained a persistent mission that con-
tinues to drive innovation in the field of video generation. Pioneering works such
as ControlNet [56] and T2I-Adapter [29] established the foundational paradigm
for spatially-conditioned generation by integrating auxiliary bypass modules to
process diverse geometric priors. These frameworks facilitate the precise steer-
ing of pretrained diffusion models through the incorporation of structural signals
such as Canny edges, depth maps, and human poses. Building upon these ad-
vancements, GLIGEN [24] and Uni-ControlNet [59] further expanded the scope
of controllability to encompass grounded generation and multi-modal conditional
fusion. With the rapid advancement of video generation models, extending spa-
tial control to the temporal domain has emerged as a critical research direction.
Recent literature has predominantly focused on adapting image-based condition-
ing techniques to achieve motion-consistent video synthesis. A major line of work
injects diverse structural signals and explicit motion priors (e.g ., motion vectors)
to guide the global temporal generation process [7, 43, 58]. Building upon these
foundations, subsequent approaches have further advanced toward fine-grained
and interactive motion steering, enabling users to precisely dictate dynamic el-
ements such as character poses or localized trajectories [11, 28]. Building upon
these advancements, recent efforts [21,49] focus on developing unified frameworks
for visual control. Despite these successes, existing methods primarily focus on
the visual modality and do not account for the joint control of audio and video.

Customized Generation. Customized generation focuses on the preservation
of user-specified subject identities. Instance-specific customization achieves high-
fidelity identity preservation through dedicated per-subject fine-tuning. These
optimization-based approaches effectively propagate subject features across tem-
poral sequences and manage multiple identities via spatial masks and attention-
based localization [4–6,44,48]. End-to-end customization provides a highly scal-
able, training-free alternative by integrating identity features through specialized
encoder-based conditioning. By leveraging robust feature alignment and localized
priors (e.g ., facial adapters), these methods seamlessly inject single or multiple
identity representations in a single forward pass [12,15,19,26,55], thereby bypass-
ing the need for tedious per-subject tuning. Despite rapid advancements in visual
identity preservation, existing generative frameworks predominantly neglect the
acoustic dimension. Specifically, the ability to control a character’s unique voice
timbre remains an under-explored frontier in joint audio-video generation. In
this work, we explicitly address this critical gap.
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3 Method

3.1 Task Definition

We define the task of Multi-Modal Controllable Joint Generation, aiming
to synthesize temporally synchronized video ν ∈ Rt×h×w×3 and audio α ∈ Rt×d

guided by a flexible combination of conditional signals. Generation is primar-
ily driven by a textual prompt T following a structured format [VISUAL]: cv
[SPEECH]: cs, where cv provides the scene’s semantic description and cs spec-
ifies the spoken content to facilitate cross-modal semantic alignment. For fine-
grained control, the model incorporates optional multi-modal signals: a refer-
ence image Iref defining the character’s visual identity, a reference audio clip
Aref providing the target voice timbre, and a sequence of structural constraints
S = {s1, s2, . . . , st}, instantiated as depth maps or pose sequences in this work.
These composable conditions enable versatile scenarios ranging from basic text-
to-AV synthesis to reference-guided and structure-guided joint generation. For-
mally, the process is formulated as:

ν, α = F(T, Iref, Aref, S), (1)

where F is a joint Diffusion Transformer mapping textual and multimodal inputs
into temporally aligned streams, effectively ensuring identity consistency, timbre
fidelity, and structural adherence to the provided depth or pose sequence.

3.2 Multi-Modal Control Unit (MMCU)

To bridge Section 3.1’s raw control signals with the joint diffusion process, we
introduce the Multi-Modal Control Unit (MMCU). MMCU transforms
diverse inputs into a synchronized representation U = {T, V,A,Mv,Ma}, serving
as our model’s unified interface.

Textual guidance T derives from the described structured prompt. It is en-
coded into a joint embedding space via a pre-trained text encoder, providing
global semantic context that guides visual and acoustic generation through cross-
attention.

Visual control signal V and mask Mv are constructed by prepending the refer-
ence image latent to the structural guidance sequence. Letting zimg = VAE(Iref)
and zs,i = VAE(si) for i ∈ {1, . . . , t}, the visual MMCU is formulated as:

V = {zimg}+ {zs,1, zs,2, . . . , zs,t},
Mv = {0}+ {1} × t,

(2)

where + denotes temporal concatenation. Binary mask Mv ensures the model
preserves reference frame identity (Mv = 0) while following structural constraints
S in generation frames (Mv = 1). For tasks without structural control, {zs,i} is
replaced by empty latents {0} × t.

Similarly, acoustic control A and mask Ma align reference timbre with the
target generation period. Let zaud = {zaud,1, zaud,2, . . . ,
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Fig. 2: Proposed Dual-Stream Bypass architecture for Joint DiT. The Dual-
Stream Bypass mechanism introduces parallel, trainable visual and acoustic bypass
branches interleaved with the frozen Joint DiT backbone at even-numbered layers.

zaud,k} be the reference audio latent sequence from the Audio VAE, where k
is the number of latent tokens for the reference duration. A sequence of silence
latents zsil of length t serves as a placeholder for generation. The acoustic MMCU
is formulated as:

A = {zaud,1, . . . , zaud,k}+ {zsil,1, . . . , zsil,t},
Ma = {0}k + {1}t,

(3)

where {0}k and {1}t are constant sequences of zeros and ones with lengths k
and t. This ensures the model observes a reference audio segment to fix the
speaker identity before the generative phase. While zsil currently acts as this
placeholder, this formulation allows for future extensions using specific acoustic
controls like pitch or energy contours.

3.3 Architecture

Dual-Stream Bypass Architecture. To integrate MMCU signals while pre-
serving pre-trained generative priors, we introduce the Dual-Stream Bypass
mechanism. This architecture uses parallel trainable branches to encode multi-
modal hints for targeted injection into the frozen Joint DiT backbone for precise
conditional control.
Dual-Stream Context Projection. To effectively integrate MMCU signals,
we propose a modality-specific projection mechanism. For each modality m ∈
{v, a}, the control sequence Um and binary mask Mm are concatenated along
the channel dimension:

zin,m = [Um;Mm], (4)

where [·; ·] denotes channel-wise concatenation. This formulation lets the model
explicitly distinguish reference content from generative constraints via the aux-
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iliary mask channel. A modality-specific Context Projector processes each fused
sequence zin,m. To preserve generative priors, projector weights for latent fea-
tures are inherited from the original backbone embedders, while mask channel
weights are initialized from scratch to accommodate the new modality inputs.
Bypass Transformer Blocks. For modality-specific control, we introduce in-
dependent visual and acoustic bypass branches comprising Bypass Transformer
Blocks, strategically interleaved with even-numbered backbone layers. To in-
herit base model capabilities, internal Self-Attention, Text Cross-Attention, and
FFN layers are initialized using pre-trained weights. We deliberately omit ex-
plicit audio-to-video and video-to-audio cross-attention mechanisms within these
branches to prioritize specialized intra-modality refinement and maintain high
computational efficiency. At each even-numbered layer l, the bypass branch pro-
cesses context tokens, with the resulting output mapped by a dedicated projec-
tion layer to form a contextual hint for residual injection into the main backbone.
This output projector is zero-initialized to ensure training stability by preventing
initial disturbances to the frozen pre-trained priors.

3.4 Inference Strategies for MMControl

To address multi-modal synchronization, we introduce modality-specific scaling
alongside a two-stage refinement process, ensuring high-fidelity generation and
flexible control over individual streams.
Modality-Specific Guidance Scaling. We propose Modality-Specific Guid-
ance Scaling for decoupled control over distinct modalities. While bypass branches
extract essential features, scaling factors γv and γa adaptively modulate their
respective influence on joint generation for visual and acoustic streams. Specifi-
cally, in the l-th main transformer block, the hidden state x

(l)
main is updated via

a gated residual connection that incorporates these contextual hints:

x
(l)
main = MainBlock(l)(x

(l−1)
main ) + γm · Hint(l)m , m ∈ {v, a}. (5)

Here, Hint(l)m denotes the modality-aware feature maps extracted from the corre-
sponding l-th bypass block. Adjusting γv and γa during inference enables users
to navigate the trade-off between strict conditional fidelity and generative cre-
ativity from pre-trained priors. For instance, a high γv value ensures rigorous
adherence to complex pose sequences, whereas a moderate γa facilitates more
natural prosody variations in synthesized speech.
Two-Stage Progressive Inference. Following the established LTX-2 [14] in-
ference paradigm, we implement a Two-Stage Progressive Inference strategy to
produce high-resolution outputs with optimal computational efficiency. This hi-
erarchical framework explicitly decouples the initial formation of global semantic
structures from subsequent refinement of fine-grained textures.

Stage 1: Semantic Base Generation. The model first generates a syn-
chronized video and audio draft at a reduced spatial resolution (h/2 × w/2).
We use full MMCU conditions with a standard flow-matching schedule with
Classifier-Free Guidance (CFG) to establish the foundational visual structure
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Fig. 3: Two-Stage Progressive Inference Strategy. Stage 1 forms a low-resolution
(h/2×w/2) semantic base with modality-specific scales (γv, γa) for independent visual
and acoustic guidance. Stage 2 applies distilled LoRA for fine-grained refinement and
upscaling to full resolution (h× w).

and acoustic timbre. During this phase, modality-specific scales γv and γa are
employed to define the initial structural strength and cross-modal alignment.

Stage 2: Progressive Detail Refinement. This stage focuses on upscaling
and refining the Stage 1 output to the target full resolution (h×w). A dedicated
spatial latent upsampler first processes the low-resolution video latents. To en-
hance fine-grained detail synthesis without full denoising overhead, we integrate
a frozen, pre-trained Distilled LoRA from LTX-2 into the backbone transformer.

During refinement, we apply a truncated noise schedule, typically spanning
3 steps, starting from the upsampled latents. CFG is disabled to preserve the es-
tablished semantic layout, while MMCU signals are re-encoded at full resolution
to provide precise guidance for high-frequency details. Finally, respective VAE
decoders map these refined latents back into pixel space and high-fidelity audio
waveforms.

4 Experiments

4.1 Experimental Setup

Data Preparation. MMControl is trained on a curated subset of 30,000 high-
quality samples from Hallo3 [10]. The training objective covers three primary
controllable tasks: generation conditioned on reference images and audio, refer-
ence images and depth maps, and reference images and poses, ensuring compre-
hensive multi-modal coverage. To maintain data integrity, we keep clips with a
minimum duration of 2.0s, enabling non-overlapping reference-audio and target-
video segments to prevent information leakage. During preprocessing, Grounded-
SAM-2 [34] precisely segments characters for visual reference images. For struc-
tural guidance, Depth-Anything-v2 [52] computes depth maps, and DWPose [53]
extracts whole-body poses. Qwen2.5-Omni [50] generates detailed captions for
structured textual prompts to bridge the modality gap.
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Implementation Details. MMControl is initialized from the pre-trained LTX-
2 19B [14] backbone to leverage its generative knowledge. Optimization spans
7,200 steps using AdamW, with a peak learning rate of 1 × 10−5 regulated by
a cosine annealing scheduler for smooth convergence. We train on four NVIDIA
H200 GPUs with a per-GPU batch size of 2 and two gradient accumulation steps.
To enable flexible composition and robust classifier-free guidance, we drop both
visual and acoustic control signals with probability 0.1. Training takes approxi-
mately 12 hours, highlighting the efficiency of our bypass-based optimization.
Benchmark and Evaluation. To assess MMControl, we construct a comprehen-
sive evaluation benchmark with 200 samples for comparison with audio-driven
joint generation and another 200 for depth-conditioned generation. For gen-
eral video quality assessment, covering motion smoothness, aesthetic appeal,
and temporal consistency, we follow the multidimensional VBench [20] protocol.
Task-specific evaluations use Sync-C and Sync-D [8,32] to measure audio-visual
synchronization precision. To quantify semantic alignment, Text CLIP similar-
ity [33] is computed by averaging cosine similarity between the [VISUAL] portion
of text prompts and eight uniformly sampled frames using a CLIP ViT-L/14
backbone. For identity preservation, Subject DINO similarity [3,27,34] is calcu-
lated between pre-segmented reference images and generated frames, leveraging
a DINO ViT-B/16 model and Grounding-DINO with SAM2 for character isola-
tion. We evaluate motion intensity via Dynamic Degree, which measures mean
optical flow magnitude across 49 frames using RAFT-Large [39]. For structural
control, we calculate Mean Absolute Error (MAE) between input depth maps
and those extracted from synthesized videos to determine spatial fidelity.

4.2 Main Results

Table 1: Quantitative comparisons with prior methods. We report sync (Sync-
C, Sync-D) and visual metrics; MMControl leads on most metrics, showing superior
generation quality and audio-visual sync.

Method
Text CLIP
Similarity↑

Subject DINO
Similarity↑

Dynamic
Degree↑

Aesthetic
Quality↑

Motion
Smoothness↑ Sync-D↓ Sync-C↑

SadTalker [57] 0.2410 0.8752 0.0057 0.5434 0.9977 10.696 2.474
AniPortrait [46] 0.2302 0.8857 0.0368 0.5350 0.9965 12.383 1.322
HunyuanCustom 0.2203 0.7816 0.6150 0.5003 0.9955 10.912 1.628
Hallo3 [10] 0.2337 0.8873 0.9184 0.5169 0.9667 10.243 2.550

MMControl (Ours) 0.2546 0.8948 0.5750 0.5461 0.9954 10.506 2.716

Comparison with Audio-Driven Baselines. Since customization frameworks
such as Hallo3 [10], SadTalker [57], and AniPortrait [46] lack integrated audio-
video synthesis, we benchmark them against MMControl. Following MoCha [45],
we use the ground-truth first frame as a shared reference for all models, main-
taining visual consistency. While baselines rely on ground-truth (GT) audio and
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first frame, MMControl must jointly generate speech and video from text, a more
complex generative task. Table 1 shows MMControl achieves the highest Sync-C
score despite the baselines’ GT audio advantage, proving our joint DiT captures
inherent audio-visual correlations. MMControl leads in Text CLIP and Subject
DINO similarity, confirming superior semantic alignment and identity preser-
vation. Although Hallo3 exhibits a higher Dynamic Degree, MMControl better
balances motion intensity and visual aesthetics, yielding superior appeal.
Structural Depth Control. We use depth maps as representative signals for
structural control. As reported in Table 2, MMControl achieves a Mean MAE
(×100) of 4.52, substantially improving over VideoComposer (15.41) and recent
SOTA VACE (5.35). Beyond structural precision, MMControl yields superior
performance across semantic and motion metrics, especially subject similarity
and dynamic degree. These results show that the Multi-Modal Control Unit
(MMCU) preserves fine-grained spatial structures while maintaining high visual-
semantic coherence during joint diffusion.

Table 2: Quantitative comparisons on structural depth control. We report
visual metrics and depth MAE between input and generated videos. MMControl leads
on most metrics and has the lowest structural error.

Method
Text CLIP
Similarity↑

Subject DINO
Similarity↑

Aesthetic
Quality↑

Dynamic
Degree↑

Motion
Smoothness↑

Mean MAE
×100 ↓

VideoComposer [43] 0.2252 0.5888 0.4535 0.5900 0.9667 15.41
ControlVideo [58] 0.2450 0.6698 0.5652 0.2450 0.9852 10.64
VACE [21] 0.2434 0.8894 0.5722 0.4100 0.9952 5.35

MMControl (Ours) 0.2453 0.8982 0.5556 0.6650 0.9952 4.52

Structural Pose Control. As reported in Table 3, MMControl achieves the
lowest pose MAE (×100) of 3.07, outperforming VACE (3.29), Text2Video-Zero
(6.40), and ControlVideo (6.59). It further obtains the best temporal consistency
and motion smoothness, indicating the proposed control mechanism improves
pose adherence while preserving stable temporal dynamics.

Table 3: Quantitative comparisons on structural pose control. We report visual
metrics and pose MAE between input and generated videos. MMControl achieves the
lowest pose error and best temporal consistency.

Method
Subject DINO

Similarity↑
Dynamic
Degree↑

Temporal
Consistency↑

Motion
Smoothness↑

Mean MAE
×100 ↓

Text2Video-Zero [22] 0.9823 0.6750 0.9682 0.9734 6.40
ControlVideo [58] 0.9842 0.2400 0.9823 0.9865 6.59
VACE [21] 0.9639 0.3800 0.9897 0.9946 3.29

MMControl (Ours) 0.9729 0.5250 0.9906 0.9952 3.07
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Human and Audio Evaluation. We provide human evaluation and generated-
audio quality analysis in the supplementary material. The user study shows
MMControl obtains the highest overall score (3.58) across six perceptual criteria,
while the audio evaluation reports speaker similarity (SIM-o 0.2574), naturalness
(UTMOS 3.49), and transcription accuracy (7.96% weighted WER).

4.3 Qualitative Comparisons
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Prompt: An elderly woman with short, gray hair. She is wearing round glasses and a patterned coat with black 
buttons. She also has a chunky necklace. The background appears to be an indoor setting with some blurred 
elements, possibly furniture or decorations. The lighting is somewhat dim, giving the scene a subdued feel.
Speech: "You have no idea."
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Fig. 4: Qualitative comparison with baseline methods. As shown, baseline ap-
proaches such as HunyuanCustom, SadTalker, Hallo3 and AniPortrait often produce
noticeable facial artifacts and largely static backgrounds, which limits scene expres-
siveness. MMControl generates high-fidelity videos with richer motion and natural tran-
sitions while maintaining stable character ID and precise audio-visual synchronization.

Comparison with Audio-Driven Baselines. As evidenced in Fig. 4, base-
line methods such as AniPortrait and Hallo3 frequently exhibit noticeable fa-
cial artifacts and temporal jitters, especially during complex motion transitions.
Furthermore, the backgrounds generated by these modular approaches remain
largely static, an inherent limitation that suppresses scene dynamics and restricts
overall narrative expressiveness. In contrast, MMControl produces high-fidelity
videos with more nuanced motion and naturalistic temporal coherence that more
faithfully align with the narrative prompts. Additional qualitative results are
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provided in the supplementary material to further demonstrate the robustness
of our framework.
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Prompt: A man in a dark suit, light blue striped shirt, and a striped tie is speaking. He has 
short, dark hair and is gesturing with his hands. He is in a room with a red and brown 
background. There is an American flag partially visible on the right side of the frame. 
The man appears to be in the middle of a conversation or presentation.
Speech: "You fronted Sutton money to go to."
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Fig. 5: Qualitative comparison of depth control. The visual quality of images
from VideoComposer and ControlVideo is lower. VACE shows weaker adherence to
fine-grained depth cues (e.g ., hand gestures). Our method provides high visual quality
and precise control adherence.

Comparison with Depth Control Baselines. The effectiveness of depth-
control generation is further evaluated in Fig. 5. Compared to VideoComposer
and ControlVideo, our approach exhibits significantly higher visual fidelity and
subject consistency, avoiding the common identity-shifting artifacts and blurred
textures seen in these baselines. While VACE produces high-quality frames, it
shows weaker adherence to the intricate spatial structures and hand gestures pro-
vided in the depth control signal. In contrast, MMControl demonstrates stronger
structural alignment, faithfully reconstructing complex motions while preserving
the reference identity. This comparison focuses on visual structural adherence
under the same depth input. Beyond this visual-control setting, MMControl fur-
ther supports joint audio-video synthesis, enabling synchronized speech and lip
motion within the same generation process.
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Prompt: a woman with shoulder-length wavy brown hair. She is wearing a black blazer and 
a gold necklace. Her expression appears to be one of concern or worry. The background is 
slightly blurred, but it seems to be an outdoor setting with some greenery and a blue 
structure.
Speech: "I think it's 'cause you're angry. You're not gonna have one."

O
ur

s

Reference 
Image：

Fig. 6: Our method better adheres to structural pose signals and text
prompts. Compared to baselines, MMControl generates videos with higher visual qual-
ity, more accurate identity, and precise audio-visual synchronization.

Comparison with Pose Control Baselines. The efficacy of pose-conditioned
generation is qualitatively evaluated in Fig. 6. Compared to Text2Video-Zero
and ControlVideo, the proposed approach shows superior visual fidelity and
stronger adherence to the textual prompt, including the character’s attire and
outdoor background. While VACE achieves relatively high image quality, it is
less consistent with the pose-conditioned scene composition in Fig. 6, including
the specified background and character layout. In contrast, MMControl preserves
the reference identity, follows the pose guidance, and generates synchronized
audio in the same process, yielding a more coherent multi-modal output.
Decoupled Control Study. To assess independent control, we qualitatively
vary the modality-specific scaling factors γv and γa during inference. In Fig. 7,
when γv = 0 and γa = 0, the model generates a generic character and default
voice guided exclusively by the textual prompt, reflecting the raw generative
prior. With γv = 1, MMControl anchors the character’s visual identity to the
reference image while the acoustic timbre remains unconditioned. Conversely,
with γa = 1 and γv = 0, the model preserves the reference voice timbre but syn-
thesizes a novel visual persona. The full configuration (γv = 1, γa = 1) achieves
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𝜸𝒗 = 𝟎
𝜸𝒂 = 𝟎

Prompt: A man with short, light brown hair is leaning towards a wooden 
structure, possibly a door or a window. He is wearing a dark blue shirt. His 
right hand is touching the wooden structure, and he appears to be looking at 
something inside it. The background is filled with green foliage, suggesting 
an outdoor setting. The lighting is natural, indicating it might be daytime.
Speech: "Good. You're gonna use a flare."Reference Image

Reference Audio

𝜸𝒗 = 𝟏
𝜸𝒂 = 𝟎

𝜸𝒗 = 𝟎
𝜸𝒂 = 𝟏

𝜸𝒗 = 𝟏
𝜸𝒂 = 𝟏

Reference Timbre Audio Free Timbre Audio

Fig. 7: Modality-Specific Guidance Scaling. Varying γv and γa independently
controls visual identity and acoustic timbre. With γv = 1, identity follows the reference
image; with γa = 1, speech follows the reference voice.

precise synchronization of both identity and timbre. This decoupled control ca-
pability lets users flexibly navigate the trade-off between reference fidelity and
generative creativity across distinct modalities.

5 Conclusion and Future Work

We study Multi-Modal Controllable Joint Generation for synchronized audio-
video synthesis guided by textual, reference, and structural signals. MMControl
is a unified framework built on a joint Diffusion Transformer. It uses the Multi-
Modal Control Unit (MMCU) to harmonize inputs and a Dual-Stream Bypass
to inject modality-specific hints into a frozen generative backbone. Modality-
Specific Guidance Scaling enables independent control over visual identity and
acoustic timbre during inference. Quantitative and qualitative results show that
MMControl achieves state-of-the-art audio-visual synchronization and structural
adherence to depth and pose constraints.

Despite promising results, challenges remain. Future work includes extending
the framework to multi-character or conversational settings requiring complex
cross-speaker synchronization and long-term temporal coherence. We also aim
to explore end-to-end systems adapting to diverse control modalities and unseen
speech styles without task-specific fine-tuning. This work lays a foundation for
unified, user-centric multi-modal generation for personalized media creation.
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