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> Backgrounds: Visual Generation

> Recent advances of Visual Generation:
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OpenAl SORA generates

B\ . Midjourney generated
Houmey image won art award Realistic videos
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> Backgrounds: Diffusion Model

> 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)”

O Sample data p(X,) = turn to noise

Po(Xo) ¢ pr(xp)~N(0,1
Clean X X | o ) X X Pure
0 1 = T .
sample noise

® Reverse [/ denoising process
[1] Ho, Jonathan et al. “Denoising Diffusion Probabilistic Models.” ArXiv abs/2006.11239 (2020): n. pag.
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> Backgrounds: Text-Conditioned Generation Flow

» Task: Text-Conditioned Generation

» Components: > CFG (Classifier-free Guidance)
* Diffusion Network: U-Net / Diffusion Transformer « Along Batch-dimension
* Text Encoder: CLIP / T5 / Language Model (ChatGLM) « Inference 2 Times to generate
* VAE Decoder: CNN-based (8x Upsample) 1 image, with and without
Inference

VAE
Decode

Random Noise

i — -

CrossA ttn

Prompt

“A cinematic shot of a baby onditiona -
racoon wearing an intricate

italian priest robe” > Text-Encoder <
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>

Backgrounds: Diffusion Transformer

> Model 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)

DiTBlock(nn.Module):

A DiT block with adaptive layer norm zero (adalN-Zero) conditioning.

__init__(self, hidden_size, num_heads, mlp_ratio=4.0, xkblock_kwargs):
super().__init_ ()
elf.norml = nn.LayerNorm(hidden_size, elementwise_affine= e, eps=le-6)
f.attn = Attention(hidden_size, num_heads=num_heads, gkv_bias= , **block_kwargs)
Lf.norm2 = nn.LayerNorm(hidden_size, elementwise_affine= , eps=le-6)
mlp_hidden_dim = int(hidden_size * mlp_ratio)
approx_gelu = : nn.GELU(approximate="tanh")
fomln = M1pminffﬁafures=hidden_size, hidden_features:mlpLhidden_dim, act_layer=approx_gelu, drop:d)
Lf.adaLN_modulation = nn.Sequential(
nn.SiLu(),
nn.Linear(hidden_size, 6 * hidden_size, bias=

)

forward(self, x, c):

shift_msa, scale_msa, gate_msa, shift_mlp, scale_mlp, gate_mlp =
X = X + gate_msa.unsqueeze(1) * .attn(modulate(se
X = X + gate_mlp.unsqueeze(1l) * self.mlp(modulate(
return x

.adalLN_modulation(c) . chunk(6, dim=1)
.norml(x), shift_msa, scale_msa))
.norm2(x), shift_mlp, scale_mlp))

2025/4/21 NICS-efc Lab
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> Backgrounds: Efficiency Problem

» The Diffusion Generative Model faces severe "”Efficiency Challenge”

Latency Challenge: Memory Challenge:
- ——
SDXL Cannot Satlsfy SDXL Cannot Fit In
SDXL (50 steps) generate Image Editing SDXL model Desktop GPU: RTX4070
1024x1024 Needs Fast (<1s) Feedback 9.7GB GPU Memory 8GB GPU Memory
image on RTX3090: 30 s
m W Cannot Fit In
, ~ :
OpenSORA (100 steps) generate .
2s (512x512x16 Frames) Content C.rt?atlon. OpenSORA model
image on RTX3090: 1-2 min Too Long Waiting Time ~12 GB GPU Memory
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> Backgrounds: Model Quantization

» The model quantization is an effective technique for reducing memory cost
e 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: Fp16 vector
1.2|-05|-4.3[1.2|-3.1]0.8]|2.4| 5.4 —} 5.4 _} bs s
« Quant/DeQuant Scheme o

‘ [-127, 127]

* Quant Params:

¢ Scale & ZeroPoint _

Quantized - int8 vector

* Granularity (Per-group) \ Didebya  [28:8

* Static/Dynamic Quant 12[-05]-43]12]-3.1|082.4] 5.4

de-Quantized - fp16 vector

https://hugqgingface.co/blog/merve/quantization
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> Backgrounds: Model Quantization

» The model quantization is an effective technique for reducing memory cost
* Quantization Process:

it = Q(x; s, 2,b) = clamp ({ -‘ +2,0,2° — 1) :
s = (max(z) — min(x))/(2° — 1)

i
S

e Objective:
L
min Lo, (frp, fg) = WI/nl)I(l Z (||W(l) — QW% +|xW — Q(X(l))”g) :
qgr<*q l
Minimize Prediction between Minimize Quantization Error
FP and Quantized model. For Each Layer.

https://hugqgingface.co/blog/merve/quantization
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> Goals & Novelty

» Apply Quantization to Diffusion Transformers for Video & Image Generation.
* What’s NEW?
e Pioneer in Diffusion Transformer Quantization
-> Existing Diffusion Quantization focuses on SD-like U-Net (CNN) based Model
-> Existing Transformer Quantization (LLM) does not include unique “timestep”
* Pioneer in Quantization for Video Generation Task
-> Video Generation have unique challenges

ENCTTEETTEES
cT::N Pertensor  Static é’;éﬂﬂ{-H{-‘lﬁf}H% %%% +++%%H| %%%}{-H-% % %%

Timestep=0.1T Timestep=0.9T
100

Per-token Dynamic

Transformer’s Unique Challenge EERRERR RN T T T I T
(Compared with CNNs): Dynamic Act
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> Goals & Novelty

» Existing Quantization Methods faces challenges when quantizing DiTs

ViDiT-Q W8AS8 Baseline W8A8
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> Preliminary Analysis: Quantization Error

» The model quantization is an effective technique for reducing memory cost
* Quantization Process:

it = Q(x; s, 2,b) = clamp ({f-‘ +2,0,2° — 1) .
s = (max(z) — min(x))/(2° — 1)

* Quantization Error Analysis:

* Clipping Error: When using Minmax Scaling, is 0

S

* Rounding Error: Within range [— S =]

2’2
* The Major Source of Quantization Failure: large data variation, some outliers causes large s, not
. Max(X
suitable for most elements. Measured by “Incoherence”: W((X)) = [Xi) s Xg]

* Adopting finer granularity (smaller group size g) reduces the incoherence.
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> Findings: Unique Challenges for DiTs

» We conclude the unique challenges for DiT Quantization
 Large Data Variation Across Different Dimensions:

5.5

5.0

4.5

4.0

35

3.0 0
25

=) N &~ o o

4

| Time-varying
’ Channel-wise
Variation

Token-wise CFG-wise Timestep-wise | {
Variation Variation Variation ?
2025/4/21
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> Findings: Unique Challenges for Video Gen

» Video Generation Quality should be evaluated from multiple
perspectives.

L
3 : ) _ ONE ) _ ONE
min Lok (frp, fg) = vgggqilj(uw QU ME+ XD - QxO)3),

The MSE-based proxy task may not be enough
T Text Alignment

» A Visual Quality (Fidelity)

1& Time Consistency
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> Method 1: Fine-grained & Dynamic Quantization

» Why Existing Methods Fails?

e Current CNN-target Quantization Scheme:
* Tensor-wise Activation Quant Scheme

o [N] » o ®

7500 &
0 13300%¢
1000 5409 15000 <©

3000
Channey ° 4000

| Time-varying
’ Channel-wise
Variation

Token-wise CFG-wise Timestep-wise |
Variation Variation Variation ¢

é
I

2025/4/21
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>

Method 1: Fine-grained & Dynamic Quantization

» Why Existing Methods Fails?

o Dynamic Quant
e Current CNN-target Quantization Scheme: Intrinsically Solves This
e Static Activation Quant Scheme

* Timestep-wise Calibration & Adjustment for Quant Params

5.5
5.0
4.5
4.0
35
3.0
2.5

Token-wise
‘ Variation

2025/4/21

7500 &
10000 &
12500,8%
S
15000

1000 2000 . o
Channe) o

CFG-wise Timestep-wise Time-varying

Variation

Variation
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> Method 1: Fine-grained & Dynamic Quantization (@

» 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

1.71x

—

0
200
400
600 &
800 ‘;f’
1000

Token-wise CFG-wise Timestep-wise
Variation Variation Variation 0

Latency(s)
N £y [e)} [ee]

= [
: —
z N
L X

WB8AS8
(naive) (ours)
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>

Method 2: Static-Dynamic Channel Balancing

» 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.

5.5

5.0

4.5

4.0

35

3.0 0
2.5

00 55
>0 75 100,35 1000
T_token 3150

Token-wise
‘ Variation

2025/4/21

o [N] » o ®

CFG-wise Timestep-wise Time-varying
Variation Variation Channel-wise
Variation
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> Method 2: Static-Dynamic Channel Balancing @ \

» The Remaining Challenge: Channel Imbalance
* |t’s well studied in LLM Quantization, two schemes

Scaling-based Rotation-based
X
Y=X-WT=<§>*(W*S) Y=X-WI'=(X -HW - -H)T

Q(W)mnt3 Orthogonal Matrix H - HT =]

Scale before quantize m Before QuaRot With QuaRot

e 0l S——
H BEEREER o) =
t average mag. g o ® |mm~|..' emasem——————

4
g —0.2
<
—0.4
X 3 T T T T T T
0 1,000 2,000 3,000 4,000 0 1,000 2,000 3,000 4,000
Hidden dimension index Hidden dimension index

(c) Scale the weights before quantization (PPL 13.0)
AWQ [MLSYS 2024] Quarot [NeurlPS 2024]
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> Method 2: Static-Dynamic Channel Balancing

» 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.

L.

=N W s U O

| Time-varying
’ Channel-wise
> Variation
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> Method 2: Static-Dynamic Channel Balancing

» Existing Method’s Challenge for Timestep-wise Channel Imbalance

Scaling-based Rotation-based
QW)
scale before quantize w Original Weight Quarot
/(;—> Incoherence: 40.75 Incoherence: 12.83
H EENEEE . O
1 average mag. 10 ‘ ;: Still Large
x * : T - | ——
(c) Scale the weights before quantization (PPL 13.0) 40 | O

» Should use different « for different timesteps « Could not address very large and
* Need to store Multiple Weights distributed Outliers
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Method 2: Static-Dynamic Channel Balancing

» Exploring where Timestep-wise Channel Imbalance comes from

Existing Channel Balance’s Challenges

Very Significant Imbalance Relatively smaller imbalance

Blocks1.mlp.fcl.A (t=999)

Blocks1.mlp.fcl.A (t=0)

Scaling-based: Single a could
not fit time-varying distribution

Max/Mean=40.75 Max/Mean=12.83

. Blocksl.mlp.fcl.W

. Blocks1.mlp.fc1.W

Rotation-based: Outlier still exists after
rotation, 12.8x is hard for 4-bit(16 levels)

2025/4/21

Static-Dynamic Channel Balance (Sec. 4.2)

[ o o o
Scale Shift Table

(Trainable Parameter)
Constant during inference

| 2D
»H<

Timestep T

l t_block l

(EEEEEE]

+
2 + - () -+ B+ - ) -

|

“Static Initial Channel Imbalance”

1 Co
Scale-based Method

+

}

“Dynamic Timestep-wise Variation”

ine l
Rotation-based Method

NICS-efc Lab
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> Method 3: Metric Decoupled Mixed Precison

» Video Generation Quality should be evaluated from multiple
perspectives. How to preserve Quantization’s effect on these
perspectives?

T Text Alignment

» A Visual Quality (Fidelity)

1}6 Time Consistency
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> Method 3: Metric Decoupled Mixed Precison

» Motivation: -> Mixed Precision
Quantization under lower bitwidth (W4) is bottlenecked by some layer
Quantization for different layer types have unique correlation with evaluation

; o
antlze Blocl<26 mlp
~ Notable Degrwdwtlon

Baseline W4A8: "Blank Frames"

Failure under W4

~'Content,‘:h'a e Quallty Degradatlon

Quantization effects are hlghly correlated with layer types
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> Method 3: Metric Decoupled Mixed Precison

» How to consider different aspects for Mixed Precision?

» Metric-decoupled Mixed Precision
Metric-Decoupled Mixed Precision (Sec. 4.3)

20 steps denoising o
[ I I | ] “’
0-5 6-10 11-15 16-20

(‘_\ Iterate for each time range

for each Group 5.54 4.05 4.34 Avg. Bitwidth:

(Based on MSE error with FP16 with each group quantized)

Step2: Metric- | _ i Sl
- ntra-Bloc
Decoupled nter-Block | X «— lterate for
Sensitivity Analysis (Measure corresponding metric error each group
with FP16 with each layer/block quantized)
. Rit-Wi —
Step3. Bit-Width 4 8 Iteratively set the most sensitive layer as higher
Allocation ( ) bit-width until satisfies parameter budget Parameter Budget
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> Main Results: T2V VBench

Evaluation Dimension Suite ' Prompt Suite Evaluaﬂoq ‘
Method Suite

* comprehensive, hierarchical, fine-grained, objective

 revealing individual models' strengths and weaknesses
separate prompts for:

* each evaluation dimension — * designated model and pipeline
+ each content category - . o

Subject Consistency for each dimension:

Temporal Quality Background Consistency

Temporal Flickering

1
1
1
1
1
1
1
1
1
1
1
1
Video Quali Motion Smoothness :
ideo Qualit I
Y Dynamic Degree I' \
1
1
1
1
1
1
1
)
[
1
1
|
\

Aesthetic Quality

Alignment
° Verification

Frame-Wise Quality

Imaging Quality

Object Class

Generated Videos
Video Generation

li Multiple Objects
uality [ =
Q Y Semantics i X —"'> %

Video-Text Consistency Spatial Relationship N - f A L)
DDQ """ o Human Preference

N 7

Scene
Video-Condition Overall Consistency
Consistenc - q
y Temporal Style video generation sampled videos A 1_ _I_
Style models nnotarion
""" Appearance Style N e

__________________________________________________________
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> Main Results: T2V VBench

» Vbench: Comprehensive Evaluation Suite from various perspectives

Table 1: Performance of ViDiT-Q text-to-video generation on VBench evaluation benchmark
suite. The bit-width “16” represents FP16 without quantization. We omit some baselines that fails .
to produce readable content under W4A8. The mixed precision are applied for ViDiT-Q W4AS. Mation Smooth - Naie PTOWoRS

+— ViDiT-Q:W8A8
—e— VIiDIT-Q:W6A6
—e— VIiDiT-Q:W4A8

it-wi 1 1 1 1 3 1-ADynamic Degree 2 B Aesthetic Qualit
Method Bit-width Imaging Aesthetic Motion Dynamic BG. Subject  Scene  Overall v \ ¥

(W/A) Quality Quality  Smooth. Degree  Consist. Consist. Consist. Consist.

- 16/16 63.68 57.12 96.28 56.94 96.13 90.28 39.61 26.21

Q-Diffusion 8/8 6038 5515 9444 6805 9417  87.74 3662  25.66
Q-DiT 8/8 6035 5580 9364 6805 9470 8694 3234  26.09 W
PTQ4DIT 8/8 5688 5553 9580  63.88 9602 9126 3452 2532
SmoothQuant 8/8 6222 5590 9596 6805 9417 8771 3666  25.66
Quarot 8/8 60.14 5321 9498 6621 9503 8535 3565  25.43
ViDiT-Q 8/8 6348 5695 9614  61.11 9584 9024 3822  26.06 \ e
Q-DiT 4/8 2330 2961 9789 4166 9702 9151 000 4985 —
PTQ4DiT 4/8 3797 3115 9256 9722  98.18 9359 3561  11.46
SmoothQuant 4/8 4698 4438 9459 2167 9436 8279 2641 1825
Quarot 418 4425 4378 9257 6621 9425 8455 2843  18.43
ViDiT-Q 4/8 6107 5537 9569 5833 9523 8872 3619 2594
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> Main Results: T2V VBench

» Vbench: Comprehensive Evaluation Suite from various perspectives

FP16 ViDIiT-Q W8A8

FP16 ViDiT-Q W8A8 Baseline W8A8: "Content Changes"
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> Main Results: T2V Metrics

> Metrics:
e CLIPSIM/CLIP-Temp | VQA | FlowScore

Bit-width VQA- VQA- A Flow
Method (W/A) CLIPSIM  CLIP-Temp Aesthetic  Technical Score. ({) Eot4
- 16/16 0.1797 0.9988 63.40 50.46 -
Q-Diffusion 8/8 0.1781 0.9987 51.68 38.27 0.328
Q-DiT 8/8 0.1788 0.9977 61.03 34.97 0.473
PTQ4DiT 8/8 0.1836 0.9991 54.56 53.33 0.440
SmoothQuant 8/8 0.1951 0.9986 59.78 51.53 0.331
Quarot 8/8 0.1949 0.9976 58.73 52.28 0.215
ViDiT-Q 8/8 0.1950 0.9991 60.70 54.64 0.089
Q-DiT 6/6 0.1710 0.9943 11.04 1.869 41.10
PTQ4DiT 6/6 0.1799 0.9976 59.97 43.89 0.997 DT
SmoothQuant 6/6 0.1807 0.9985 56.45 48.21 29.26
Quarot 6/6 0.1820 0.9975 61.47 53.06 0.146 =
ViDiT-Q 6/6 0.1791 0.9984 64.45 51.58 0.625
Q-DiT 4/8 0.1687 0.9833 0.007 0.018 3.013
PTQ4DiT 4/8 0.1735 0.9973 2.210 0.318 0.108 PTQ4DIT
SmoothQuant 4/8 0.1832 0.9983 31.96 22.85 0.415
Quarot 4/8 0.1817 0.9965 47.36 33.13 0.326
ViDiT-Q 4/8 0.1809 0.9989 60.62 49.38 0.153
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> Main Results: T2I Metrics

> Metrics:
e FID | CLIP-score | ImageReward

Method Bi(t\;v“;":)‘h FID() CLIP(M) IR(1)
i 16/16 7334 0258  0.901
QDiffusion e %5 028 02
QDT 45 4758 o017 227
rowr T mm e
VIDITQ 4 a3 0257 0887

PTQ4DIT
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> Main Results: Hardware Efficiency

» We implement the Efficient CUDA Kernel for actual hardware
resource measurement on Nvidia A100.
* (Fused Kernel Implemented)

N

0
-
()

e

Bit-width Memory Latency
(WI/A) Opt. Opt.

16/16 1.00x 1.00x
8/8 (naive) 1.99 x 1.74 x
8/8 (ours) 1.99 x 17156
4/8 (ours) 2.42 x 1.38x

| I

1 & 74x 1. 71x « 1 38x
1.99x 2.42x I
0'0 | I 0 I I

FP16 W8A8 WA4A8 FP16 WB8A8 WB8A8 W4A8
(naive) (ours) (ours)

Figure 7: The illustration of ViDiT-Q’s hardware resource savings. The table and figures present
memory savings and end-to-end latency speedup of ViDiT-Q and naive quantization scheme.

g
o
o

A

Latency(s)

GPU Memory(GBytes)
— —
o wm

o
(9]
N
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> Analysis: Ablation Studies

> Ablation Studies

Methods Bit-width CLIPSIM  CLIP-Temp VQA- VQA- A Flow
Quant Params Channel Balance Mixed Precision (W/A) Aesthetic  Technical ~ Score.
- - - 16/16 0.180 0.998 64.198 51.904 -
Static & Tensor-wise - - 4/8 0.201 0.997 0.178 0.086 0.603
Dynamic & Token-wise - - 4/8 0.196 0.998 32.217 10.994 0.109
Dynamic & Token-wise  Scaling-based - 4/8 0.191 0.999 31.963 22.847 0.415
Dynamic & Token-wise  Rotation-based - 4/8 0.181 0.999 47.356 33.128 0.326
Dynamic & Token-wise  Static-Dynamic - 4/8 0.181 0.999 60.216 42.257 0.151
Dynamic & Token-wise  Static-Dynamic MSE-based 4/8 0.179 0.999 53.335 38.729 0.258
Dynamic & Token-wise Static-Dynamic Metric Decoupled 4/8 0.199 0.999 60.616 49.383 0.334

Generated Videos Example of Ablation Studies: STDIT W4A8

"A serene underwater scene featuring a sea turtle swimming through a coral reef. The turtle, with its greenish-brown shell, is the main focus of the video, swimming gracefully
towards the right side of the frame. The coral reef, teeming with life, is visible in the background, providing a vibrant and colorful backdrop to the turtle’s journey. Several small fish,
darting around the turtle, add a sense of movement and dynamism to the scene. The video is shot from a slightly elevated angle, providing a comprehensive view of the turtle’s
surroundings. The overall style of the video is calm and peaceful, capturing the beauty and tranquility of the underwater world.”

Baseline + Dynamic + Channel  + static-Dynamic 4+ Mixed Precision FP16
Quantization Balancing Quantization
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> Analysis: Ablation Studies

» Visualization of Channel Balancing

Static- Dynamic Channel Static- Dynamic
Original Weight Balanced (static scaling only) Quarot Channel Balanced
Incoherence: 40.75 Incoherence: 17.77 Incoherence: 12.83 Incoherence: 5.02
2.0
2.0
1.0
| ‘ 1.0
L
1.0 ! | %o
-2.0 -1.0
-3.0
-2.0
-4.0
0.0  1000.0 2000.0 3000.0 4000.0 0.0  1000.0 2000.0 3000.0 4000.0 0.0  1000.0 2000.0 3000.0 4000.0 0.0  1000.0 2000.0 3000.0 4000.0
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Thank youl!

Project Page:
Open-sourced Code
& CUDA Kernels

Tianchen Zhao (Update Soon)

suozhang1998 @gmail.com
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