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Background

« Current video generation models excel due to the diffusion
paradigm and the Video Diffusion Transformer backbone.

BackboNaeuAideddyifiosioonTsdksformer Soral? : Clifftop Waves and Waterfalls

[1] https://iwww.vidu.studio/ [2] https://sora.com
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Background

 The Paradigm: What is diffusion model ?
« Frames are iteratively denoised, with noise predicted by VDIT.

Training: forward diffusion

~

Inferefice: reverse diffusion - -

-
-

S
Noisier Spatial Temporal batig). Temporal Cleaner
video attention attention MLP ﬁ(—:‘_ntyr{d Oattention MLP video

Z

Noise predictor: VDIT  Noise predictor: VDIT
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Background

« The Backbone: What is Video Diffusion Transformer (VDIT) ?
« Atransformer-based noise predictor with a spatial and temporal

patching structure.
Activation O

. L layers

7 .. Activation 1
5 Tokenizing Spatial Temporal
‘ attention attention MLP
Activation 2
— A
Frames 0-2 Patches Token matrices 0-2 Noise predictor: VDIT
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Background

« The Backbone: What is Video Diffusion Transformer (VDIT) ?

« Atransformer-based noise predictor with a spatial and temporal
patching structure.

Activation O

Activation 1 m S
Spatial Temporal .- |
> [Attention ] > m > [ attention ] »> > ;

Activation 2

Noise
frames

Attention QKV Output
block [ projection J [ Qx K J [A X VJ [ projection ]
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Background

* Video generation is slow due to large inference data.
« It costs over 1 hour to generate a one-minute video.!!

Inference: reverse diffusion

>
Multi-steps Multi-steps
» »
Denoising Denoising a2
VDIT is the main bottleneck! spatial | [ Temporat |{ ,, .
Take up over 90% of the inference time. attention [ | attention

*Other processes include initialization and noise handling.

Noise predictor: VDIT

[1] https://www.wired.com/story/openai-sora-generative-ai-video/
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Key Idea

« How to accelerate VDIT ?
« We can learn from traditional video processing.

Video Processing!!l

‘ Patchify ‘ Intra-frame ‘ Inter-frame

prediction prediction

B N .
a7 » i\

Original video

Lack of compression process!

Video Generation

"'t%s_(;}.i-‘ LY 5
: Spatial Temporal
% ‘ Patchify ‘ attention ‘ attention —
Noisy video Clean video

[1] Research on Key Technologies of H.264/HEVC Video Coding & Decoding Standard.
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Key Idea

2025/3/7

How to accelerate VDIT ?
« We can learn from traditional video processing.

Video Processing

Transfer

BEAS

storage reduction m

. ngh storage

@ Low storage !

Inference

_\!__ computatlons reductlon ‘ Redundant I

s> \/ideo Generation

[ HR 1
| Reference |

= Activation !
|

Activation |
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Challenge 1

« VDIT exists large unaccelerated computations.
 Existing token reduction methodsll2lfail to accelerate Act-Act
operator due to accuracy loss caused by dimension mismatch.

Activation 0 (Ref.) VDIT Operator Prop.

. BAct-W* @Act-Act OOthers
[ QKV/O ]@

Activation 1 Projection

Similarity- based

—) Act X Weight

token reduction

56.97%
A [ 53;‘5 ] ‘ Unaccelerated!

Activation 2

Act x Act

*Considering computing compression

[1] Song Z, et al. CMC: Video Transformer Acceleration via CODEC Assisted Matrix Condensing [ASPLOS 2024]
[2] Wang X, et al. InterArch: Video Transformer Acceleration via Inter-Feature Deduplication with Cube-based Dataflow [DAC 2024]
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Contribution 1

« Algorithm-hardware co-design for Act-Act operator
acceleration.

Q. K} Dense computing

= Q1AK} + AQ,K] + AQ,AK) + Q1K7 More computations @

~ Q,AK} + Q. K¥ Sparse computing

Tech 1 (algorithm): Differential Approximation Method

Column-concentrated
‘ & ‘ Dense Dgrge Spars

4 { )
Dense Dense @ Spars

Act. after differential Dense Sparse e

Tech 2 (hardware): Column-concentrated Processing Element
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Tech1: Differential Approximation Method

« What is differential computing ?
« Reducing redundant computations by leveraging the similarity

between activations.
1) pruning 2) computing 3) merging

Al Ql
Element-Wise > Element-Wise : : :
Sub. v | Add. Differential computing can
x 5 [ Act-W | | be applied to the Act-W
4, : (Al’A‘\“Z)" Wo | A0, y operator efficiently.

AA, (N Q2
AZ - AA2+ A1 \

GEMM*2 "= SpMM*1 & GEMM*1
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Tech1: Differential Approximation Method

« How can differential computing be applied to Act-Act

operator ?
(] spMM GEMM

o, LTEET N oy ¢ —AQ2+Q1 K —AK2+K2

K ] > leKl Kl : { _______ ./J_____I\.L\.__________

1 - — * :[ Act Act M Act-Act gEE Act-Act 33% Act- Act]
0 e m A0 [y QxAK, AQ,xK4 AQ,xK, QixK4

2 | ACH- 2 -Q 5:‘%"":‘15%% =37 :!1"—‘ -

K, i V\ QXK ) AK; i ny Kl)

GEMM*2 SpMM*3 & GEMM*1 @

Normal dense computing > ENwlay difftereanttsd | @onputting

for Act-Act operator
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Tech1: Differential Approximation Method

« How can differential computing be applied to Act-Act

operator ?
() SpMMm GEMM

Q1 m Q4 ]
X I  elaiiallallallalla P 1 | r—= . v

L 2 '[Act Act gggAct-Act g Act-Act ﬁ_ﬁ Act- ActJ Thewalue 8FAKS is WerAdagp) Ks-ATHus,
AQ, 1 Q1>;AK2 AQz:K1 AQZ:AKZ Q1xKy some term.canbe s il Veta 167 K
AK, — AK; i

SpMM*3 & GEMM*1 @ SpMM*1 & GEMM*1
Naive differential computing =) Differential approximation computing

We can reduce the computations of Act-Act operator by 51.67% with
negeligible accuracy loss.
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Tech2: Column-concentrated PE

 How to perform SpMM introduced by differential computing

efficiently ?
* Observation: Column-split computing existing column-sparse
pattern.

0 0

200 200

400 400

Red: Non-zero elements
Blue: zero elements

600 600

800 800

1000
0 200 400 600 800 1000 0 200 400 600 800 1000

1000

Non-zero elements are mainly clustered in some columns.

2025/3/7 Li Ding @ Shanghai Jiao Tong University Page 14



Tech2: Column-concentrated PE

 How to perform SpMM introduced by differential computing

efficiently ?

« Column-split computing based on column-sparse pattern.

1) Allocation 2) Computing

H Allocation
4; | »
[

2025/3/7

Computing

D>

Li Ding @ Shanghai Jiao Tong University

Column-concentrated PE

Dense Dense -

v v

Dense Dense -

—> Non-zero elements are mainly clustered in some columns.
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Tech2: Column-concentrated PE

 How to perform SpMM introduced by differential computing
efficiently ?
1) Allocation: determine dense and sparse columns by thresholds.

i < | * Dense
| - Value & Coordinate R % : array
s | O—0G) )
A | I
i Position RengS Reg * Sparse
]! dpeeie array

Allocation Unit
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Tech2: Column-concentrated PE

 How to perform SpMM introduced by differential computing

efficiently ?

2) Computing: Compute outer products of allocated columns
using sparse and dense arrays.

mxXm

B-D;uffer B4l 5] ‘

—» DPU -» DPU - DPU » DPU
$xm
» DPU » DPU —&» DPU » DPU

- -
—
-
A
-
. -

- m mm mm m mm mm m Em mm mm mm mm mm o

2025/3/7

4
AR

3

B-Sbuffer

Li Ding @ Shanghai Jiao Tong University

1.10x / 1.56x higher area
efficiency compared with
dense-only and sparse-only
architectures.

Area efficiency
A

/‘@

1.00x X

Dense Sparse Ours
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Challenge 2

« Large operational intensity (Ol) difference among operators
leads to inefficient hardware utilization.

_.OQ*K mS*V OQKV Projection 80O Projection  ( oky/o

Slsi Projection Compute-bound
400 ] \ J

M

D 10x

7)) : : r “

o slight difference . T

O 200 / difference D 226 Memory-bound

LL L J

O Text Image Video @ <40% utilization for

generation  classification  generation static architecture

Operational intensityl!! = computations / memory accesses

[1] https://crd.Ibl.gov/divisions/amcr/computer-science-amct/par/research/roofline/
2025/3/7 Li Ding @ Shanghai Jiao Tong University Page 18



Contribution 2

« Use intensity adaptive dataflow architecture design for
dynamically allocate resources for different operators.

QKV L A O FEN
D fl Framei [ 2] 12 71 ]2 2 |
atarlow QKV L A ! O FFN
Frame i+1 2] 1 71 2 2|
PE ME Memory eliﬁent (ME)
1 :__': 2
Architecture operatori | '}~ -1~ |  Operator
with g ' n' . with f
| | .
low Ol o = - = - — = a high Ol

Processing Element (PE)

Tech 3 (dataflow): Intensity Adaptive Dataflow Architecture

2025/317 Li Ding @ Shanghai Jiao Tong University
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Frame
parallelism PE utilization

2025/3/7

Tech3: Adaptive Dataflow Architecture

Dataflow: Intensity adaptive dataflow for reasonable
resource allocation.

operators Memory-bound operators
Q*K S*V

QKV proj. [0] O proj.
Low PE utilization

l

14

\

1

\

|

2

)%

2

<—.Ijligh latency &
Naive dataflow

— -
—_—

A

High PE utilization

by reasonable

resource allocation

1

1

1

1

3

3

«——— Low latency
Intensity adaptive dataflow

0

0

Li Ding @ Shanghai Jiao Tong University
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Tech3: Adaptive Dataflow Architecture

« Architecture: Reconfigurable architecture including routing
controller to support flexible resource allocation.

Processing element (PE) Memory element (ME)

Mem. i Routing controller | i [ Mapping controller E

controller PEG i | ! | |
Off-chip — 0 -1 pEO——Ulll—\ s l=MEO
memory I v 0 —+—1 i PE1—{[11}— ‘—’m‘i—’MEl
(HBM) v P2~ /\ | UL=—~ME2
Global buffer | e 3 o PE3—-UF  Y—llll—ME3

> [ , - 'y x / ! . Comp. Mem. !

Welght] [ Activation ] “‘: 2 —— 2 | ' FIFO Crossbar - \cq |

Architecture overview PE Group (PEG) Routing controller
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Evaluation

Accuracy evaluation

. Models: STDIT.1, Latte, VDT FvoL cupsiwp  AEESE
. Datasets: UCFlOl, MSR-VTT STDIiT(dense) 477.97 0.264
VIDA-STDIT 479.56 0.262 0.55%
« Baselines _
. NV|D|AA100 GPU CMC-STDIT 483.53 0.263 0.77%
« SOTA Vision Accelerators Latte(dense) 505.27 0.294
« CMCHUJASPLOS 2024]
. InterArCh[Z] [DAC 2024] ViDA-Latte 514.33 0.293 1.07%
] CMC-Latte 518.59 0.293 1.45%
 Metrics

*We furtheptesttizd. full TR0k datasetfiprs

* FVD, FID, CLIPSIM MIDACNC tHEOSOMRIEMC accuracy test.

[1] Song Z, et al. CMC: Video Transformer Acceleration via CODEC Assisted Matrix Condensing [ASPLOS 2024]
[2] Wang X, et al. InterArch: Video Transformer Acceleration via Inter-Feature Deduplication with Cube-based Dataflow [DAC 2024]
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Evaluation

Area evaluation
 Simulation process library
« 32nm standard librabry

Component | Area (mm?) Breakdown
e Tools | |  4x4DPUs | 1.04 51.39%
 Synopsys Design Compiler | CCPExs | 1xasPUs | 052 25.60%
e« CACTI7 PEG x4 | | Allocation unit | 0.01 0.70%
| | Mergeunit |  0.07 3.27%
) | Routing controller | 0.09 4.38%
y ArCh Itecture | Memory elements x 8 | 0.07 3.38%
* 4 xPE group Global buffer | o023 11.27%
» 8 x column-concentrate PEs Total (7nm) | ] 203 | 100.00%
e 4x4DPUs . :
Scale to 7nm with a frequency of 1GHz for
. 1x4SPUs dHeney

. . comparing with other works
 Allocation unit Paring

* Merge unit
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Evaluation

 VIDA achieves average 16.44x/2.18x speedup and
18.39x/2.35 area efficiency compared with A100 GPU/SOTA

Vision Accelerator.
Oto CPU @ to GPU Oto ViTCoD Oto InterArch @mto CMC o] Contribution 1 B3] Contribution 2

64 1.09 . Speedup
-%16 ) ! 16'44} 4 x16.44
o HH2.18
o 4 I
o, Linon 0e 10 [Pnne oo [P0 100008 (AAm. LR 5 o7
>100 : >
§ S0 2.18x
g 1 Ll 1 i [ |'|r| II'IFII'I IFlﬂﬂ [0 LH00m, Lo x1.92 N
o atte atte atte VDT VDT >
< 64-512 256 512 512 512 64-512 256-512 512-512 64-256 128-256 Geomean To CMC To GPU

You H, et al. Vitcod: Vision transformer acceleration via dedicated algorithm and accelerator co-design
Song Z, et al. CMC: Video Transformer Acceleration via CODEC Assisted Matrix Condensing [ASPLOS 2024]
Wang X, et al. InterArch: Video Transformer Acceleration via Inter-Feature Deduplication with Cube-based Dataflow [DAC 2024]

2025/3/7 Li Ding @ Shanghai Jiao Tong University Page 24



Innovation &

COI‘lClUSiOn 'i@'% I?:ni;?::pi?g:: f\i?tri]ficiul Intelligence

Video
Processing

\

Video

Generation a

2025/3/7

Thank you for your attention!

Communication e-mail ;: daiguohao@sijtu.edu.cn

VIDA: Video Diffusion Transformer Acceleration with
Differential Approximation and Adaptive Dataflow
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