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Backgrounds: Visual Generation

Ø Recent advances of Visual Generation:
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Midjourney generated
Image won art award

OpenAI SORA generates
Realistic videos



Backgrounds: Diffusion Model

Ø Diffusion Model:
• Forward Process: Gradually add gaussian noise of different levels

• Backward Process: Gradually denoise the gaussian noise

• Intuition: the NN learns to predict the “noise” at each timestep.

• “Learning Data Distribution” -> “Denoising at different noise levels (timesteps)”
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[1] Ho, Jonathan et al. “Denoising Diffusion Probabilistic Models.” ArXiv abs/2006.11239 (2020): n. pag.



Backgrounds: Text-Conditioned Generation Flow

Ø Task: Text-Conditioned Generation

Ø Components:
• Diffusion Network: U-Net / Diffusion Transformer
• Text Encoder: CLIP / T5 / Language Model (ChatGLM)
• VAE Decoder: CNN-based (8x Upsample)
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Text-Encoder
“A cinematic shot of a baby 
racoon wearing an intricate 
italian priest robe”

Prompt

Diffusion
Random Noise

CrossAttn
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Classifier-free Guidance

Ø CFG (Classifier-free Guidance)
• Along Batch-dimension
• Inference 2 Times to generate

1 image, with and without
Inference



Backgrounds: Diffusion Transformer

ØModel Architecture:
• Transformer Blocks
• AdaLN Modulation: Use Linear layer to generate affine transform parameters for x

• to incorporate the timestep and condition signal (𝐶 = T𝑖𝑚𝑒𝐸𝑚𝑏 + 𝐶𝑜𝑛𝑑)
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Backgrounds: Efficiency Problem

Ø The Diffusion Generative Model faces severe ”Efficiency Challenge”
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Memory Challenge:

SDXL model
9.7GB GPU Memory

Cannot Fit In

Desktop GPU: RTX4070
8GB GPU Memory

Image Editing
Needs Fast (<1s) Feedback

Cannot Satisfy

SDXL (50 steps) generate
1024x1024

image on RTX3090: 30 s

Latency Challenge:

OpenSORA (100 steps) generate
2s (512x512x16 Frames)
image on RTX3090: 1-2 min

Content Creation
Too LongWaiting Time

OpenSORA model
~12 GB GPU Memory

Cannot Fit In



Backgrounds: Model Quantization

Ø Themodel quantization is an effective technique for reducing memory cost
• Reduce the Data bit-width
• Reduce memory: could store 4x more param size (Compared with FP32)

• Reduce computational complexity: more computing power for low bit-width
operands

• A Few Concepts:
• Quant/DeQuant Scheme
• Quant Params:

• Scale & ZeroPoint
• Granularity (Per-group)

• Static/Dynamic Quant
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https://huggingface.co/blog/merve/quantization



Backgrounds: Model Quantization

Ø Themodel quantization is an effective technique for reducing memory cost
• Quantization Process:

• Objective:
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https://huggingface.co/blog/merve/quantization

Minimize Quantization Error
For Each Layer.

Minimize Prediction between
FP and Quantized model.



Goals & Novelty

Ø Apply Quantization to Diffusion Transformers for Video & Image Generation.
• What’s NEW?
• Pioneer in Diffusion Transformer Quantization

-> Existing Diffusion Quantization focuses on SD-like U-Net (CNN) basedModel
-> Existing Transformer Quantization (LLM) does not include unique “timestep”

• Pioneer in Quantization for Video Generation Task
-> Video Generation have unique challenges
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Diffusion’s Unique Challenge: Varying
Activation Across Timesteps

Transformer’s Unique Challenge
(Compared with CNNs): Dynamic Act
Quantize & Per-token Quantization

Granularity Scheme

CNN Per-tensor Static

TR Per-token Dynamic



Goals & Novelty
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Ø Existing Quantization Methods faces challenges when quantizing DiTs
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Preliminary Analysis: Quantization Error

2025/4/21 NICS-efc Lab Page 13

Ø Themodel quantization is an effective technique for reducing memory cost
• Quantization Process:

• Quantization Error Analysis:

• Clipping Error: When using Minmax Scaling, is 0

• Rounding Error: Within range [− .
/
, .
/
]

• The Major Source of Quantization Failure: large data variation, some outliers causes large 𝒔, not

suitable for most elements. Measured by “Incoherence”: 012 3
456 3

𝑋 = [𝑥7, … , 𝑥6]

• Adopting finer granularity (smaller group size g) reduces the incoherence.



Findings: Unique Challenges for DiTs
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Ø We conclude the unique challenges for DiT Quantization
• Large Data Variation Across Different Dimensions:

Timestep-wise
Variation

CFG-wise
Variation

Token-wise
Variation

Time-varying
Channel-wise
Variation



Findings: Unique Challenges for Video Gen
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Ø Video Generation Quality should be evaluated from multiple
perspectives.

The MSE-based proxy task may not be enough

Visual Quality (Fidelity)

Text Alignment

Time Consistency
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Method 1: Fine-grained & Dynamic Quantization

2025/4/21 NICS-efc Lab Page 17

Ø Why Existing Methods Fails?
• Current CNN-target Quantization Scheme:
• Tensor-wise Activation Quant Scheme

Timestep-wise
Variation

CFG-wise
Variation

Token-wise
Variation

Time-varying
Channel-wise
Variation



Dynamic Quant
Intrinsically Solves This

Method 1: Fine-grained & Dynamic Quantization
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Ø Why Existing Methods Fails?
• Current CNN-target Quantization Scheme:
• Static Activation Quant Scheme
• Timestep-wise Calibration & Adjustment for Quant Params

Timestep-wise
Variation

CFG-wise
Variation

Token-wise
Variation

Time-varying
Channel-wise
Variation



Method 1: Fine-grained & Dynamic Quantization
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Ø Solution: Adopting Fine-grained and Dynamic Activation Quant
• (Which is the Standard Practice in LLM Quantization)
• We highlight its importance and prove that it has Negligible Overhead during
CUDA implementation

Timestep-wise
Variation

CFG-wise
Variation

Token-wise
Variation



Method 2: Static-Dynamic Channel Balancing

2025/4/21 NICS-efc Lab Page 20

Ø The Remaining Challenge: Channel Imbalance
• By adopting fine-grained per-token quantization, the group consists of only [C]
elements, However, variation still exists across channels.

Timestep-wise
Variation

CFG-wise
Variation

Token-wise
Variation

Time-varying
Channel-wise
Variation



Method 2: Static-Dynamic Channel Balancing
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Ø The Remaining Challenge: Channel Imbalance
• It’s well studied in LLM Quantization, two schemes

Scaling-based Rotation-based

Quarot [NeurIPS 2024]AWQ [MLSYS 2024]

Y = 𝑋 ⋅ 𝑊! = 𝑋 ⋅ 𝐻 𝑊 ⋅ 𝐻 !

𝐻 ⋅ 𝐻! = 𝐼Orthogonal Matrix

Y = 𝑋 ⋅ 𝑊! =
𝑋
𝑆 ∗ (𝑊 ∗ 𝑆)



Method 2: Static-Dynamic Channel Balancing
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Ø Unique Challenge: Time-Varying Channel Imbalance
• By adopting fine-grained per-token quantization, the group consists of only [C]
elements, However, variation still exists across channels.

Time-varying
Channel-wise
Variationt



Method 2: Static-Dynamic Channel Balancing
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Ø Existing Method’s Challenge for Timestep-wise Channel Imbalance

Scaling-based Rotation-based

• Should use different 𝛼 for different timesteps
• Need to store Multiple Weights

• Could not address very large and
distributed Outliers

Still Large



Method 2: Static-Dynamic Channel Balancing

2025/4/21 NICS-efc Lab Page 24

ØExploring where Timestep-wise Channel Imbalance comes from



Method 3: Metric Decoupled Mixed Precison
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Ø Video Generation Quality should be evaluated from multiple
perspectives. How to preserve Quantization’s effect on these
perspectives?

Visual Quality (Fidelity)

Text Alignment

Time Consistency



Method 3: Metric Decoupled Mixed Precison
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Ø Motivation: -> Mixed Precision
• Quantization under lower bitwidth (W4) is bottlenecked by some layer
• Quantization for different layer types have unique correlation with evaluation

Failure under W4



Method 3: Metric Decoupled Mixed Precison
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Ø How to consider different aspects for Mixed Precision?
ØMetric-decoupled Mixed Precision
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Main Results: T2V VBench
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Ø Vbench: Comprehensive Evaluation Suite from various perspectives



Main Results: T2V VBench
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Ø Vbench: Comprehensive Evaluation Suite from various perspectives



Main Results: T2V VBench
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Ø Vbench: Comprehensive Evaluation Suite from various perspectives



Main Results: T2V Metrics
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Ø Metrics:
• CLIPSIM/CLIP-Temp | VQA | FlowScore



Main Results: T2I Metrics
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Ø Metrics:
• FID | CLIP-score | ImageReward



Main Results: Hardware Efficiency
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Ø We implement the Efficient CUDA Kernel for actual hardware
resource measurement on Nvidia A100.
• (Fused Kernel Implemented)



Analysis: Ablation Studies

2025/4/21 NICS-efc Lab Page 35

Ø Ablation Studies



Analysis: Ablation Studies
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Ø Visualization of Channel Balancing



Thank you!

Tianchen Zhao
suozhang1998@gmail.com
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Project Page:
Open-sourced Code
& CUDA Kernels
(Update Soon)


