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In the bustling heart of NYC’s Times Square, a life-sized teddy bear, dressed in a tiny leather jacket
and sunglasses, sits behind a gleaming drum kit. The bear’s furry paws expertly strike the drums.
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Challenges in Diffusion-based Video Synthesis

▶ Computational Bottleneck of Transformers

▶ High-resolution video generation involves a massive number of tokens.

▶ Standard Attention mechanisms suffer from quadratic complexity O(N2),
limiting the scalability for long-duration synthesis.

▶ Mamba: Linear Complexity State Space Models (SSMs)

▶ Mamba (Selective SSM) achieves linear scaling O(N) by utilizing a
compressed hidden state to capture long-range dependencies.

▶ Limitation: Conventional SSMs lack robust mechanisms for cross-modal
alignment (e.g., precise text-to-video grounding).

▶ Proposed Solution: M4V

▶ We introduce a specialized architecture that integrates Mamba with
multi-modal conditioning to achieve high-fidelity video generation with
significantly lower latency.
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Related Work

▶ Text-to-video Generation

▶ Transformer-based diffusion architecture (Sora) achieved remarkable
high-fidelity video generation quality

▶ substantial computational cost limit scalability in both training and
deployment.

▶ Mamba and Vision Mamba

▶ Mamba introduces time-varying parameters to enhance modeling capacity
and a hardware-aware selective scan algorithm to maintain linear-time
efficiency.

▶ performance on-par with Transformer-based language models, and recently
attract a few explorations in vision tasks.

▶ Generation tasks still depends on cross-attention for multimodal interaction
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What is related to my work? (Mamba-Colorization)

▶ How can i improve color reference framework (Mamba)?

▶ pyramids autoregressive prediction

▶ Substitute Cross-Attention O(N2) to Fully/Half-Mamba?

▶ multi-model token re-composition : mm-token re-composition

▶ per-frame register

▶ temporal branch
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Preliminaries: PyramidFlow Framework

▶ Autoregressive Video Generation

▶ M4V adopts the PyramidFlow paradigm, which models video sequences as
a spatio-temporal autoregressive process.

▶ The generation of frame x i is conditioned on a compressed latent pyramid
c i from preceding frames:

c i = [K↓2(x
0), . . . ,K↓2(x

i−3),K↓1(x
i−2), x i−1] (1)

where K↓k (·) signifies the k-th level spatial-temporal downsampling.

▶ Flow Matching

▶ Flow-matching defines a linear probability path pt(x) between a noise
distribution p0 and a data distribution p1

▶ The model learns a velocity field v(xt , t; θ) that predicts the direction and
speed of the transformation.
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Data flow

AutoRegressive architecture.
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System Architecture: Overall Framework

M4V Overall Pipeline.

Two-Stage Hybrid Backbone:

▶ MM-DiT Stage (L×):
▶ Acts as the Introducer layer.
▶ Facilitates early-stage

cross-modal interaction between
text tokens and video patches.

▶ MM-DiM Stage (N×):
▶ The core generative backbone

utilizing Mamba.
▶ Replaces traditional

Transformers to achieve linear
complexity O(N) for long-video
synthesis.
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Detailed Micro-Architecture: The MM-DiM Block

Data flow of the Multi-Modal Diffusion Mamba (MM-DiM) Block.

▶ SSM Path:
▶ Processes the Re-composed

token sequence.
▶ Captures long-range

dependencies via selective state
scanning.

▶ Temporal Branch:
▶ A parallel attention-based

module (Spatial Reshape +
Temporal Attention).

▶ Ensures strict inter-frame
coherence and motion stability.
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Cross-Modal Initialization (MM-DiT)

▶ Hybrid Initialization: Utilizing an Multi-modal Diffusion Transformer
(MM-DiT) layer to perform early fusion.

▶ Mechanism: Text embeddings and visual latents are projected into a
shared latent space.

▶ Objective: Establishes a strong semantic prior before passing sequences
to the Mamba backbone, ensuring strict adherence to the text prompt.

MM-DiT Block
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MM-DiM: MM-Token Re-Composition

▶ Text Token Re-Composition: Text tokens are prepended( zero-padding
on left ) and appended to the visual token sequence.

▶ Video Token Re-Composition:

▶ Zigzag scanning strategy

▶ Map 2D spatial latents into 1D sequences suitable for Mamba’s linear scan.

▶ 8-directional Zigzag Scanning

▶ Per-Frame Registers

▶ Learnable tokens R(act as boundary anchors and ”summary units”) are
interleaved between frame latents Ft :

Sseq = [T ,R, F1,R, F2, . . . ,R, Fn,T ] (2)

▶ Inv-MM-Token Re-Composition operation removes the Per-Frame
Registers and restores the original token order and structure.
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MM-DiM: Spatio-Temporal Token Serialization

Spatial: 8-Directional Zigzag
Scanning

▶ Spatial Context
▶ Reduced Bias

Temporal: MM-Token
Re-Composition

▶ Symmetric Conditioning
▶ Per-Frame Registers
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MM-DiM: Temporal Branch

▶ Temporal Drift: Challenging for SSMs to model long-range motion
consistency in the 3D latent space.

▶ The Temporal Branch: A dedicated module optimized for inter-frame
coherence.

▶ Mechanism:

▶ Consider conditioning latents: xs = [x0, x1, ..., x i−1]

▶ 1. Compress all conditioning frames to the smallest spatial resolution:

xs ∈ R
H
Ks

× W
Ks

×c×i
(3)

▶ 2. Absorb spatial dimensions into channel dimension:

xs ∈ Ri×S ,S = c ×
H

Ks
×

W

Ks
(4)

▶ 3. noisy latent x i split and reshape, concatenated with xs

▶ 4. Apply Causal attention: O(i2)
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Autoregressive Reward Learning: Quality Insurance

▶ Aesthetic Reward (r1): Powered by HPSv2 to ensure visual realism.

▶ Semantic Reward (r2): Powered by CLIP to ensure strict prompt
adherence.

▶ Loss Function: Lreward = −r1(D(x̂ i
1))− r2(D(x̂ i

1)).
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Effect of Autoregressive Reward Learning
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Experimental Settings

▶ Training Dataset: Approximately 10 million single-shot video clips, 90
million images.

▶ Implementation Details:

▶ 8× 8× 8 downsampling factor in 3D VAE to encode video

▶ three pyramid stages (3 compression level)

▶ progressive training strategy: image to video, low-to-high resolution,
short-to-long video length

▶ Evaluation Metrics:

▶ Total Score: weighted average of Quality Score and Semantic Score

▶ user study: aesthetic quality, motion smoothness, and semantic coherence.

▶ ablation study: subject consistency, background consistency, temporal
flickering, motion smoothness, aesthetic quality, image quality, and overall
consistency
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Experimental results on VBench

Star : Apply reward learning and including 80K generated samples in training stage.
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Comparison of TFLOPS
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User Study

User study between M4V, T2V-Turbo, CogvideoX, HunyanVideo and Pyramidflow
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Model architecture

Ablation study of model architecture and training strategies
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Reward Learning and Synthesized Dataset

Ablation study of training improvements on official VBench
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Visual Result
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Summary and Future Work

▶ Contribution: M4V successfully adapts the SSM architecture for
multi-modal video diffusion, breaking the O(N2) complexity barrier.

▶ Technical Core: The combination of re-composition, latent registers, and
reward-based alignment ensures both speed and fidelity.

▶ Future Directions: Exploring fully linear-time architectures and
investigate methods to enhance the dynamic level of the generated videos
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Thank You

感謝聆聽

Thank you for your attention.
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