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> Al-Generated Content (AIGC) Riswigenee

AIGC, which uses generative models to generate content that satisfies human instructions,
aims to make the content creation process more efficient and accessiblell,

Language Generation Visual Generation

=) Original Model

Large Language Models: LLaMA-2-7B[2 Video Diffusion Models: Soral3l

[1] Cao, Yihan, et al. "A comprehensive survey of ai-generated content (aigc): A history of generative ai from gan to chatgpt.” arXiv 2023.
[2] Touvron, Hugo, et al. "Llama 2: Open foundation and fine-tuned chat models." arXiv 2023.
[3] Brooks, Peebles, et al., “Video generation models as world simulators.” 2024.
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> Trend of Generative Models  Lunsenes(

The model size of generative models has being rapidly increased
um - .
Tos] . 5 orders of fchtorny B B
] B : : & ™

magnitude increase

le+1l - - | I

_I|e Inparameter size [1] - “

%) \
g 2018 ’ & -
le8 | @ ¢ e
] oA : lamd
n 0t ;

= I Example: - s ) | S

sl | LLaMA-2-70B [2] (year 2023): 70B params, >120ms/token o Lle C0%

. inference speed on 6xRTX 3090Ti. ' ol

Stable Diffusion [3] (year 2022): 1.45B params, 6.2 x 103 S ;
1le2 ) GPU days to train, 3.5s/img inference speed on NVIDIA A100. G
- ' Publication date '

[1] Villalobos et al. “Machine Learning Model Sizes and the Parameter Gap.” arXiv 2022. [4] Yang et al., "Harnessing the Power of LLMs in Practice: A Survey
[2] Touvron, Hugo, et al. "Llama 2: Open foundation and fine-tuned chat models." arXiv 2023. on ChatGPT and Beyond®, ACM Transactions on Knowledge
[3] Rombatch et al., High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022. Discovery from Data 2023.
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> Trend of Generative Models  Rgne= ==

The model size of generative models has being rapidly increased
2018 - 2023
—_— 2023
To13 5 orders of
magnitude increase
g In parameter size [1] J%
w0 !
& 2018 X' stability.ai
le8 | @ ¢ gg \
£ _
E A ? # ‘
N
Example:
LLaMA-2-70B [2] (year 2023): 70B params, >120ms/token
inference speed on 6xRTX 3090Ti.
Stable Diffusion [3] (year 2022): 1.45B params, 6.2 x 103 Stable Diffusion 1.5 Flux4
1e2 . . ;
_er GPEJMdays Fo train, ?.SSllmg inference speeq on NYIDIA A100. ~1B Params ~12B Params
h . F;Iublicatic;a date I " '
[1] Villalobos et al. “Machine Learning Model Sizes and the Parameter Gap.” arXiv 2022. [4] black-forest-labs/flux: Official inference repo for FLUX.1 models

[2] Touvron, Hugo, et al. "Llama 2: Open foundation and fine-tuned chat models." arXiv 2023.
[3] Rombatch et al., High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022.
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> Trend of Generative Models = Liwzsve=(g

xXEimE

The generation data size has being rapidly increased

Longer Sequence Length for Language

Higher Resolution / Longer Video

Release Time

105} \\Q\@AG cemint 1.3 Pro Openal Length for Vision
£ ‘(\0 o Meta Al
\\Qf‘} $ @2 '
(%) & ;‘((\ s Google S
Turbo llama3.1
105,
% GPT-4-32k
c Gemini 1.0
3 o
—
é 104 GPT-4 llama3
GPT-3.5 llama2
=
llamal
1037 GPT-2
GPT-1 ] . [5]
[4] Pixart-sigma
2018 2019 2020 2021 2022 2023 2024 OpenSORA 9

generate Videos generates 4K image

[1] Achiam, Josh, et al. "Gpt-4 technical re port.” arXiv 2023.

[2] Reid, Machel, et al. "Gemini 1.5: Unlocking multimodal understanding across millions of tokens of context." arXiv 2024.

[3] Dubey, Abhimanyu, et al. “The llama 3 herd of models.” arXiv 2024.

[4] hpcaitech, "Open-SoRA: Democratizing Efficient Video Production for All.” https://github.com/hpcaitech/Open-Sora
[5] Chen, Junsong et al. “PixArt-X: Weak-to-Strong Training of Diffusion Transformer for 4K Textto-Image Generation.” arXiv 2024.
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Challenge and Research Goal X&ws=-= &

As the model size is scaling up, the demands for computing power are
Increasing

Due to real-time, usable, privacy and other application demands,
physical limitations of the scenario, as well as cost control
considerations, models need to be deployed on computing devices
with limited computing power and low storage, and are required to run
under low budgets.

How to deploy “large” generative models and satisfy the application’s
efficiency requirements while maintaining algorithmic performance?

2024/10/18

Our goal is to improve the efficiency (e.g., latency,
throughput, storage) of generative models to
satisfy the application requirement.
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Research Overview
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Research Goal: Efficient model inference for AIGC application

Language Generation Application

How can | improve my time management skills?

Large Language Models

(e.g., LLaMA-2-7B)

;\ 3 ‘

Visual Generation

Diffusion Models
(e.g., Stable Diffusion 3)

Methodology: Hardware-aware algorithm-level and model-level optimization

Algorithm-level

Diffusion Timestep
Compression

Technique

Tackling Many

Model-level

Timesteps of Diffusion

Non-Autoregressive
Generation

Structure
Design

Model
Compression

Tackling Full Autoregressive
Generation of LLMs

2024/10/18
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Research Framework
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Overview

Survey
[CSUR Submission]

Survey on efficient LLM inference
techniques

Algorithm-level

SoT
[ICLR’24]

Parallel generation via prompting.
1.91~2.39x speed-up

Sparse Attention

MoA

[ICLR Submission]

Decide the heterogeneous elastic rule
of the attention span for each head.
5.5~6.7x throughput improvement

Pruning

EEP

[ICLR Submission]

Search the pruning pattern for MoE
and use expert merging for finetuning.
48%~71% memory reduction,
1.11~1.40x speed-up,
better performance

Model-level

Quantization

LLM-MQ

LCSC
[ICLR Submission]

N USF OMS-DPM DD
[ICLR 24] [ICML’23] [ICLR Submission]

Search for optimal
diffusion schedulers.
1.5~2x speed-up

Algorithm-level
Time Step Compression

Linear combination of checkpoints.
15~23x training acceleration,

1.25~2x timestep compression

generates image in 0.01s
and can achieve >100x
speedup for Image AR model

[NeurlPS’23 Workshop]

Mixed-precision quantization.
2.8-bit quantization

QLLM-Eval

[IcML’24]

[ECCV'24]

Mixed-precision quantization.
3x memory decrease,
1.5x speed-up

Model-level

Fast

Compression

FlashEval
[CVPR’24]

10x
evaluation
acceleration

Quantization

ViDiT-Q
[ICLR Submission]

Quantization for DiT.
2.5x memory improvement,
1.5x speed-up

Evaluating the effect of quantization.
Providing knowledge and practical
suggestions

DiTFastAttn
[NeurPS'24]

Pruning & Sparse Attention

Window & reused attention for DiT.
1.6x speed-up

Efficient Large Language Models

Efficient Diffusion Models

2024/10/18
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Acceleration Demo: LLMs

INFINIGENCE |
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Achieving 2x throughput improvement with operator optimization

INFINIGENCE
% 18 i =

Llama-2-7B

Llama-2-7B

/LLM

LLaMA-2-7B on AMD MI210

Before Acceleration (right):
39 tokens/s

\ 4

After Acceleration (right):
79 tokens/s

No performance drop

2024/10/18
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= Acceleration Demo: LLMs Inemisence|

« Sparse attention batch inference demo

sie : _reloasa Tx1
S M ——————— i &
w0a) ) - )
UOA, o 0 python & 1 (UDA_VISIBLE DEVICES<1 python scr
- t_deamo model_nawe s - Tb-v1 s/evoludte/that_demo oy ~-sodel_nome Lmsys/vicuna-7b-v).5-1
o = | 6k ~~1ut_poth excwples/Lmsys-vicunc-Th-vl.5< 160/ 1ut 4096 pt
B Vicuna-7B on Nvidia-A100

batch size 20
end-to-end latency

loading model
Before Sparse Attention (left):

w/o MoA w MoA Latency 42s
B e e T T e

15-C717074ruganiIn2-devmachine-0: Thu Jul 4 11:41:30 2024 1

After Sparse Attention (right):
Latency 18s

| Processes:

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 12



Acceleration Demo: Diffusion Models Iiemence

Timestep Optimization + TensorRT Deployment:
Achieving 6.9x end-to-end speed-up and reducing 1.5x memory

TET gy Noton # B Ove () v W ChatGPT [ issues B Medis [N Research

o &« B L *
W Witng @8 Tools @ Fun ©

Stable Diffusion on asingle

NVIDIA A100 GPU

Before Acceleration (left):
11.7s latency, 11.9G VRAM

\ 4

After Acceleration (right):
1.7s latency, 7.8G VRAM

Almost no performance drop

2024/10/18
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» Acceleration Demo: Diffusion Models R&usence(

Efficient Attention for DiT:
Achieve up to 1.8x latency speedup

Pixart-Sigma
2Kx2K image, 50 steps
on NVIDIA A100 GPU

Before Acceleration (left):
~16s latency

Y

After Acceleration (right):
~8s latency

Almost no performance drop

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 14



» Acceleration Demo: Diffusion Models Lmssnes (¢

Low-bit Quantization for DiT-based Image and Video Generation:
Achieve up to 2x memory saving, 1.7x latency speedup

OpenSORA
512x512x16 Frames,
on NVIDIA A100 GPU

Before Acceleration (left):
~8.9s latency (20 step)

Il

After Acceleration (right):
FP16 Vi DiT-Q WS8AS ~5.1s latency (20 step)

Almost no performance drop

/
/
AN

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 15
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> How LLMs Do Inference ~ Lieie=vce(E))

 Most LLMs are based on the Transformer architecturelll,

» A Transformer block consists of : N Add & Layernom

« Attention-Linear (generate matrix Q, K, V) | ng |

« Multi-Head Attention f Feed
| Activation | Forward

* Feed Forward Network % Network

 Layer Norm | = |

» Atypical LLM inference process: i Add & Loyeriom
Owtput Wo softmax v
) — ( )

[ Multi-head Self-Attention
Q4 K 4 v 4

]
[ K Cache I VCache ]
|

where Q,K,V € RNxd

Attention

ngut

|
wo | owe | WV
A

recite  the first law s |

Example of Decoder's word-by-word translation

[1] Vaswani, Ashish, et al. "Attention is all you need." NeurlPS 2023.

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 17
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> How LLMs Do Inference

LLM Inference has two stages:

 Decode Stage: utilizes and updates the KV cache
to generate tokens one by one, where the current
token depends on all the previously tokens

* Prefill Stage: takes a prompt sequence to
generate the key-value cache (KV Cache)

Output: [‘Processing’] (1*dim) Output: [] (1*dim)
—> Add & LayerNorm —> Add & LayerNorm
4 4
| FC2 | FC2 |
) )
Activation | Activation
The prefill stage is The decoding stage
) primarily compute- » | is primarily memory-

bound. (GEMM)

[ Multi-head Self-Attention

]

Prompt: ['l', 'like', ‘natural’, ‘language’] (4*dim)

2024/10/18

bound. (GEMV)

The memory

[

Multi-head Self-Attention ] overhead of

ot P IVZ fog P ) VL Y
[ K Cache I V Cache ] KV Cache
linearly grows
L we | we | w | L wo | we | w |
y ¥ * 7 Y 7 Y 7y

Prompt: [

Xuefei Ning @ NICS-efc Lab

‘Processing] (1*dim)
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»  Efficiency Analysis of LLM Inference &tz

 Bottleneck Analysis of Large Parameter Size
« Take LLaMA3-70B as an example: 8192*8192 linear layer
« A100 FP16 CUDA Core: I, =156 FLOPs/Byte

I 4 I 4
159 (" o )
When the batch size is large,
- the decode stage becomes
= I > Iy compute-bound. The FP16
S b computational units are slow.
- In most cases, the prefill -y
9 stage is compute-bound. E
e The FP16 computational Qo
5 units are slow. L When the batch size is small
g' the decode stage becomes
I <Iy memory-bound. The FP16
Memory- weight access speed is slow.
bound _ e o7 / .

1 Batch Size 340 1 Batch Size
Prefill Stage Decode Stage

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 19



»  Efficiency Analysis of LLM Inference Iigwg=~ce(

« Bottleneck Analysis of Large Sequence Length

Llama2-7B LLM inference cost System capability

and user requirements

Seq. Length N 2K 1M

28.7 5.9x10° A100 peak computing power”

2
Compute ON%) TFLOP  TFLOP 312 TFLOPS
Memory O(N) 15 GB 526 GB A100 maximum GPU memory
' I 80GB

First-token ) . Waiting causes customer losses;
latency ON%) 150 ms 30min Short-term memory: 15-30s[
Generation O(N) 88.50 0.5 Human’s average reading speed:
speed token/s token/s 5.4 token/sl?

[1] Ubben, Giselle. “How long is short-term memory? Shorter than you might think.” Academic Resource Center, Duke University
[2] Brysbaert, Marc. “How many words do we read per minute? A review and meta-analysis of reading rate.” Joumal of Memory and Language

*with Llama2-7B LLM, Measured on the minimum A100-80GB graphics card that can accommodate the model; Prefill with 1 A100-80GB; Decode with 8 A100-80GB; The A100 peak
performance is calculated using the FP16 TensorCore.

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 20
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»  Efficiency Analysis of LLM Inference &

» Root causes of inefficiency during LLM Inference
» Model scale: A large number of weights and computations.
« Attention operation: It has quadratic complexity w.r.t. input token length.
« Decoding approach: Generate tokens one by one (fully sequential).
For example: Deploy LLaMA-3.1 405B in the cloud server

Higher Latency

& Large Model Scale _
LLaMA-3.1 4058 +[-] Higher Computational Prefill: ~42.67s
Xl= Decode: ~0.426s
Cost 2 E2E(decode 200 tokens): 127.87s
. - Prefill: ~12760 TFLOPs Lower Th roug hput
Quad rat|c_comp|ex|ty . Decode: 0.35 TFLOPs .
Cost Higher Power
32k x 32k Model: 396ms  (A100) & ch)’nsumption
KV Cache: 16ms (A100)
400W/GPU (A100)

. =3 :
~ Auto-regressive g~ Higher Memory Cost
« Decoding approach = Model: 810GR T~ % Higher Storage
High E2E latency KV Cache: 32GB ~842GB (11*A100)

[1] Zhou, Zixuan, Ning, Xuefei, et al. "A Survey on Efficient Inference for Large Language Models." arXiv 2024.
Xuefei Ning @ NICS-efc Lab
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p Efficient Techniques for LLMs  meece (&)

Directions to improve Large Language Models’ efficiency

Prefill Stage Decode Stage
Reduce tprefill» Reduce tdecoder
Mweight: Mother_act Mweight» Mkv cache

Overall Cost

(for each request)

Total Latency: tprefill + tdecode * Ntoken

Total Memory: Mweight + Mkv cache T Mother_act

Prefill Decode Decode Decode

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 23



> Overview of Efficient Techniques Lgsence(

@ Lower Latency % Lower Storage Higher Throughput an Ic‘:%vr‘]’g[“igl’}’;:

What algorithm

Cause what? Solutions

property? ..
I I
«  Large computation I Input I
Model Scale * Large memory access : Data-level Compression :
» Large memory footprint : Optimization Output :
| Organization | ,
gyl gy gyl byl eyl eyl fny gty gty fnyleg gl mglion
] . _ . . . I
At IPpuLquadratic memory access i Sructure | |
_ . - - Design |
Operation * Input-quadratic memory footprint : Moqel_ Ieyel - I
| Optimization Model :
: Compression | |
. * Low arithmetic intensity (i.e., computation / ir:::::::::::::::::::::::__-_|
Decoding memory access) cause under-utilization | Inference I
Approach * Varying length -> Dynamically increasing : System-level Engine :
KV cache cause fragmented memory, . . . - |
increasing both footprint and access : Optlmlzatlon SR I
. : : . — — | Framework |
[1] Zhou, Zixuan, Ning, Xuefei, et al. "A Survey on Efficient Inference for Large Language Models.” arXiv 2024. - __ __ __ __ __ __ __ __ __ _ __ _ _ _ __ 4

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 24
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> Overview of Efficient Techniques
@ Lower Latency @ Lower Storage

Higher Throughput an Ic‘:(;vr‘]’:&rigl’}’;:

What algorithm

Cause what? Solutions
property?

_ I Prompt pruning | I
Large computation I Soft prompt tuning nput I
Model Scale Large memory access : Compression :
Large memory footprint : Output Organization Output :
| Organization | ,
—_—— e — e —— -
: ] i - i i |
Attention Input quadratIc computation : Dynamic MOE_ _ R |
. Input-quadratic memory access Low-complexity attention Brastl |

Operation § i ' I Quantization 9
Input-quadratic memory footprint | I
I Sparse Attention I
I Weight Pruning e : I
I Compression | |
___________________________ -l
. Low arithmetic intensity (i.e., computation/| | . " Graph and Operator ~——— |
Decoding memory access) cause under-utilization | Optirr)nization P Inference | |
Approach Varying length -> Dynamically increasing : Speculative decoding Engine :
KV cache cause fragmented memory, | Memory Management e |

increasing both footprint and access i
g p : Batching Framework :
[1] Zhou, Zixuan, Ning, Xuefei, et al. "A Survey on Efficient Inference for Large Language Models.” arXiv 2024. . e a
2024/10/18 Xuefei Ning @ NICS-efc Lab Page 25




> Overview of Efficient Techniques 2&ag=nee(

@ Lower Latency % Lower Storage Higher Throughput an Ic‘:%vr‘]’g[“igl’}’;:

What algorithm

Cause what? Solutions

property?
I I
«  Large computation I Input I
Model Scale . Large memory access : Compression :
* Large memory footprint : «  Output Organization Output :
| Organization | ,
gyl gy gyl byl eyl eyl fny gty gty fnyleg gl mglion
] . _ . . . I
AT . Inputquackaic memory acoess i Stweture | |
' i : . I Design I
Operation * Input-quadratic memory footprint | - I
: Model :
| Compression | |
__________________________ -l
. +  Low arithmetic intensity (i.e., computation/ | | .~ "~ - Oneraior i |
Decoding memory access) cause under-utilization | Inference I
Approach «  Varying length -> Dynamically increasing : Engine :
KV cache cause fragmented memory, | Servin |
increasing both footprint and access I 9 I
. _ . — : | Framework | |
[1] Zhou, Zixuan, Ning, Xuefei, et al. "A Survey on Efficient Inference for Large Language Models.” arXiv 2024. T a

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 26



> Skeleton-of-Thought (SoT)  Dupmwsence(E

» Skeleton-of-Thought (SoT) consists of two stages:

(1) Skeleton Stage: Guide the LLM to output a concise skeleton of the answer.
(2) Point-expanding Stage: Guide the LLM to expand on each point from the skeleton
in parallel.

« SoT can improve the hardware utilization and decrease the end-to-end latency.

Normal Skeleton-of-Thought

A Question . ositive
Decoding Decoding ¢ _)M—) —> Answer

N Question—> | —
stage
> —> Answer

Answer negative
2 point. We further extend SoT with router (SoT-R) to make the
e overall solution more practical.
* The router first decides whether to apply the SoT decoding
sequentially 3 Slower in paralel > Faster mode based on the user’s prompt.

[1] Ning, Xuefei, et al. "Skeleton-of-Thought: Large Language Models Can Do Parallel Decoding." ICLR 2024.
2024/10/18 Xuefei Ning @ NICS-efc Lab Page 27



> Skeleton-of-Thought (SoT) - Rimzence(

Accelerating LLM inference by up to 2.39x end-to-end speed-up
without any changes to their model, system, or hardware

Vicuna-7B model on one A100 GPU: 2.1x end-to-end speed-up compared with sequential decoding

[1] Ning, Xuefei, et al. "Skeleton-of-Thought: Large Language Models Can Do Parallel Decoding." ICLR 2024.
2024/10/18 Xuefei Ning @ NICS-efc Lab Page 29



> Overview of Efficient Techniques 2&ag=nee(

@ Lower Latency % Lower Storage Higher Throughput an Ic‘:%vr‘]’g[“igl’}’;:

What algorithm

Cause what? Solutions

property?
I I
«  Large computation I Input I
Model Scale . Large memory access : Compression :
» Large memory footprint : Output :
| Organization | ,
gyl gy gyl byl eyl eyl fny gty gty fnyleg gl mglion
] . _ . . . I
At IPpuLquadratic memory access i Sructure | |
i ' i o Design I
Operation * Input-quadratic memory footprint : * Quantization - I
: Model :
| Compression | |
__________________________ -l
. +  Low arithmetic intensity (i.e., computation/ | | .~ "~ - Oneraior i |
Decoding memory access) cause under-utilization | Inference I
Approach «  Varying length -> Dynamically increasing : Engine :
KV cache cause fragmented memory, | Servin |
increasing both footprint and access I 9 I
. _ . — : | Framework | |
[1] Zhou, Zixuan, Ning, Xuefei, et al. "A Survey on Efficient Inference for Large Language Models arXiv 2024. T a

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 30



> Quantization Technique = Luwzence(E))

* Quantization is a promising technique to address the aforementioned efficiency

issues.
* Taking signed uniform quantization as an example, quantization parameters
include Quantization

23

Scaling Factor, Zero Point, Bitwidth sz BT BT 8

A4
Int8

) €T
Tint = clip — @Qmina Qmax) ;. where g = @1 —1, Quin = —b-1

* The Weight-Activation Quantization methods enable the utilization of low-
precision Tensor Cores to mitigate the compute-bounded GEMM operators in
the prefill stage.

 The Weight-only Quantization methods prove effective to accelerate the
memory-bounded GEMV operators in the decoding stage.

 The KV Cache Quantization methods are necessary to alleviate the large memory
overhead when handling tasks with long contexts or large batch sizes.

Xuefei Ning @ NICS-efc Lab
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> Mixed-precision Quantization (LLM-MQ) Iigimicenc

Expected to accelerate linear operators by 1.9~2.7 X speed-up via mixed-
precision quantization and sparse outliers protection technique

 Assign high bit-width to high-sensitivity layers in * For zero-shot understanding tasks:
order to minimize the change in model output. * When the average accuracy loss is around 0.1%, the
« Use first-order information to estimate the sensitivity: model can be quantized to an average of 3.6 bits.

* When the average accuracy loss is around 1%, the

z T
CIQ(W) = LIW) + & (Wi = QW) model can be guantized to an average of 2.8 bits.

° FOI’ eaCh |ayer, r‘p Awg. (1) Wikd (L)
L 2 .8 6506 TE%
min |£(Qu(W))| < |E(W Does the accuracy on specific tasks sufficiently o=
o o i} 63,23 9.26
. We model the a reflect the effect of quantization on LLMs? o e
ing i b B102  REI
following integer / o
40 7945 7631 6930 SES0 4120 6496 B0
N PPL: 1254 PPL: 1283 3B 7922 T622 69ES SB29 414D 6500  HO8
. 36 7905 TSEE 6977 SEA9 4220 6500 B.23
BIE min P ILTR @ 34 7949 TATT 6961 SEI1T 4060 6452 Bl
o (& 32 7933 7502 6796 37AT 4160 5438 843
N [ . b a;-u— . ] [ . [ a;u-— . | LLI;'I:-MQ g-.i.l :'.i.}];l.‘l ;f-.iﬁ 2: x ;;;‘: -1-:% E?: H;:
&Y cip=l, Ty )< B, (Ours) B TETI 7432 : 412 0 8.5
ot l.,'_‘( bl z;' M(QUW.)) < B e T o 36 7835 7381 GRO3 5732 WD 6138 935
_, !irif Qﬁ 24 7731 7293 659 5463 4000 f269 1003
cip € {0,1},bE {2,834}, 13 FATT 0K ET0M 5528 35,40 61.67 1080
{ii) 3-bit {iip 2.75-bit 20 7584 6832 6551 5429 320 8023 1217

[1] Li, Shiyao, Ning, Xuefei et. al., "LLM-MQ: Mixed-precision Quantization for Efficient LLM Deployment." NeurlPS Workshop 2023
2024/10/18 Xuefei Ning @ NICS-efc Lab Page 32



>

Evaluating Quantized LLMs (QLLM Eval)

INFINIGENCE /

xXEimE

Knowledge summary

Knowledge Level

Key Knowledge

Tensor-level

1. Tensor type (Sec. 3.2): The larger the model, the higher the tolerance for Weight-only and KV
Cache Quantization, while the tolerance for Activation Quantization is lower.

2. Tensor position (Sec. 3.2): The sensitivity to quantization varies significantly across different
tensor positions due to their distinct data distributions.

Model-level

1. (Sec. 3.3) The relative rankings of quantized LLMs are generally consistent with those of the
FP16 LLMs when the bit-width is higher than W4, W4A8, and KV4.

2. (Sec. 3.3) Leveraging MoE to increase the model size can improve the model’s performance
but may not improve the tolerance to quantization.

Task-level

1. Emergent abilities (Sec. 4): The tolerance of Multi-Step Reasoning and Self-Calibration to
quantization is lower than that of Instruction-Following and In-Context Learning abilities.

2. Dialogue tasks (Sec. 6): As the bit-width decreases, sentence-level repetition occurs first,
followed by token-level repetition, and token-level randomness.

3. Long-Context tasks (Sec. 7): The longer the text, the larger the performance loss caused by
Weight and KV Cache quantization. Most LLMs are more sensitive to KV Cache Quantization
than Weight-only and Weight-Activation Quantization.

Bit-width
Recommendation

1. Basic NLP tasks (Sec. 3): W4, W4A8, KV4, W8KV4.

2. Emergent (Sec. 4): W8, W8AS8, KV8 (< 13B); W4, W4A8, KV4 (> 13B).

3. Trustworthiness (Sec. 5): W8, W8AS8, KV8 (< 7B); W4, W4AS8, KV4 (> 7B).

4. Dialogue (Sec. 6): W8, W8AS8, KV4.

5. Long-Context (Sec. 7): W4, W4A8, KV4 (token < 4K); W4, W4AS8, KV8 (token > 4K).
(Note: Within 2% accuracy loss on the evaluated tasks. The recommended quantization bit-width
may not generalize to other LLMs or tasks)

[1] Li, Shiyao, Ning, Xuefei, et al. “Evaluating Quantized Large Language Models.” ICML 2024.
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> Overview of Efficient Techniques 2&ag=nee(

@ Lower Latency % Lower Storage Higher Throughput an Ic‘:%vr‘]’g[“igl’}’;:

What algorithm

Cause what? Solutions
property?
I I
«  Large computation I Input I
Model Scale . Large memory access : Compression :
* Large memory footprint
g y Toolp : Output :
| Organization | ,
gyl gy gyl byl eyl eyl fny gty gty fnyleg gl mglion
] . _ . . . I
At . Iputquadratic memory access i Sructure | |
' i : . I Design I
Operation * Input-quadratic memory footprint | _ - I
: *  Sparse Attention Model :
| Compression _!
. +  Low arithmetic intensity (i.e., computation/ | | .~ "~ - Oneraior i |
Decoding memory access) cause under-utilization | Inference I
Approach «  Varying length -> Dynamically increasing : Engine :
KV cache cause fragmented memory, | Servin |
increasing both footprint and access I 9 I
. _ . : | Framework | |
[1] Zhou, Zixuan, Ning, Xuefei, et al. “A Survey on Efficient Inference for Large Language Models.” arXiv 2024. T a
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Attention Mechanism

INFINIGENCE |
5 i8] 0 B2 '

The

didn’t
Cross
the

street

because

it
was
too
tired

The
animal
didn’t
Cross
the
street
because

was

too
tired

Attention Mechanism
each word "looks at" other words in the
sentence to determine their relevance

(attention value) to the current word.

later

I went
+to
FMalaysia
for
one
year

.- report

£
He-III
later 1
went A
to 1
report 1
Malaysia -

for - III

one A

yeary H

Attention Matrix

Represents the relevance
between word pairs with matrix,

showing the the attention values.

[1] Child, Rewon et al. “Generating Long Sequences with Sparse Transformers.”, arXiv 2019

2024/10/18
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Sparse Attention
Each word doesn't need to focus
on all words, only a few relevant

ones, such as nearby context.*
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> Sparse Attention Methods — Leme==(&)

For language understanding models, |l For generative large language models,
like BERT l like GPT
[ ] local [ ] global [ |random [] tocal ["] global
| o [T - o
design the unified static mask - I design the unified static mask
to reduce to reduce =
attention computation | attention computation and KV-cache [}
during prefill I during prefill and decode B
[] kvcache [ [ ||
I static BigBird I StreamingLLM
2020.7 I 2023.9
@ ® T @ @ >
1 dynamic Reformer I H20
2020.2 2023.6
[T different buckets I [[lpreserved [ ] pruned
— H compute attention | [ ] _
OO0 e o within the same bucket, ~ dynamically prune .
— H = H| dynamically allocate tokens to | - previous tokens at a unified ratio
Egn a unified number of buckets | — | in the KV-cache
during prefill | kwoache [ ]| during decode
[3] Zhang, Zhenyu, et al. "H $ _2 $ O: Heavy-Hitter Oracle for Efficient Generative Inference of Large Languag
[1] Kitaev, Nikita, tukasz Kaiser, and Anselm Levskaya. "Reformer: The efficient transformer." arXiv 2020 Models.” arXiv 2023 o ) ) o
[2] Zaheer, Manzil, et al. “Big bird: Transformers for longer sequences.” NeurlPS 2020 [4] Xiao, Guangxuan, et al. “Efficient Streaming Language Models with Attention Sinks.” ICLR 2024.
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> The Local Context Problem  Liwsev= (G

needle-in-a-haystack task local attention, local context

w Below is arecord of lines | want you to remember.
For each line index, memorize its corresponding

<REGISTER_CONTENT>. local attention(!l

c + global attention on
AT T - — = _—————n Qe initial tokens
< T "line funny-boy: REGISTER_CONTENT is <34836> I = @
D | lline cute-chicken: REGISTER_CONTENT is <28499> | % %
Sl =
S jline lovely-dog: REGISTER_CONTENT is <28540> I ©
U) “ee
< | liine small-bug: REGISTER_CONTENT is <23550> I
2 v I_ |

X

Tell me what is the <REGISTER_CONTENT> in line lovely- forget

dog? I need the number.

LLM forgets the context
beyond the attention span

a®  The <REGISTER_CONTENT> is <28840> v/ remember

The <REGISTER_CONTENT> is <23550> X

[1] Xiao, Guangxuan, et al. “Efficient Streaming Language Models with Attention Sinks.” ICLR 2024.
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Mixture of Attention Pattern  Iuemsence(

Insight: different attention patterns exist in a single LLM

For different attention heads For different input lengths

Layer 17 Head 29

Layer 0 Head 21

long input

0
ada i
s B short input
LR e L L] Ih
-12 i .

s o0 | \? Q different input lengths
show different
Q different heads show different attention spans

elastic rules

@ find the optimal
I:I —) or .
elastic rule
: : : for each head
@ find the optimal attention span for each head
[1] Fu, Tianyu, ... , Ning, Xuefei, et al. “MoA: Mixture of Sparse Attention for Automatic Large Language Model Compression.” ICLR 2025 Submission.
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> Mixture of Sparse Attention (MoAY&nz=~-s(

Stepl: Dataset Step2: Profile Step3: Optimize
Construct calibration dataset using Automatically quantify the influence of Select the optimal elastic rule for
long-contextual MultiNews dataset different attention values in LLM on final each attention head to minimize the

along with summarizations prediction results, , producing accuracy- overall accuracy impact at a given
generated by original LLM. density trade-offs curves for all schemes. sparsity level across input lengths.
search space calibration profile optimize Ve
dataset [head 1 -
g del with
cgﬂ mask KV-cache Dj:D inputs head 0 g}geﬁe r;TMoA I
S attention Il 1.0 - minimize loss head 1
q:) span [T] ] Obf under density | head 0
> — constraint EI:I
g supervision 0.5 tioss EI:I:I:I:I
1
)
2 LLM E:> E:> |
NS — | 00 \ .
Ve R attention b (NN EIZIZI:IJD
elastic —{1] influence | avg. density

With the masks, large models can skip the corresponding attention computations and KV-Cache,
achieving inference efficiency optimization without needing additional training.
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> Mixture of Sparse Attention (MoAj}&ez==

« Performance overview

Accuracy-Throughput Pareto Front Long Context Retrieval Efficiency attributed to:
Methods: mmmMoA === HZO mmm StreamingLLM Tah e, T Seamnan 3.0x
= BigBird mm InfLLM g ﬁ— o Z 3 . 9X 7X static-size KV-Cache
Density: @ 75% A 50% W25% €15% B o % 025 .
) ) ] o 0 4k 8k 12k 16k o0 D 0.25 0.50 0.75 1.00 effeCtlve ConteXt Iength 5X
1.00 ; i throughput ] i
= (3 Atention Span 0)Dersity over avg. attention span g] p reduced attention
g over dense
5 0.75 .
g Retrieve Ace. 1 FlashAttention2 1. 4X
< 050 Attention 32k 64k 128k 2561(‘ 2 5 6 k on single A100-80GB batch size
z Original 098 0.93 0.76 037 | . . for 7B and 13B LLMs 1.2%
£ 025 InfLLM 043 032 025 oor| generalizable input length at 50% density GPU kernel desian
[is StreamingLLM 0.52 0.48 0.41 0.25 when profile within 8k g
0.00 MoA 1.00 0.92 0.83 0.46
0 350 700 1050 1400 : - — —
Throughput (token/s) Model Framework ~ Attention i Batch Tt put | Batch T put|Batch Th p
vLLM PagedAttention 30 628.8 15 323.0 8 145.5
FlexGen H20 20 754.9 6 296.3 1 517
HuggingFace InfLLM 5 62.0 0 375 6 9.2
P ar et O f r O n t Long Context Understanding . m v e, ig s %: 2 2:3:;’
ashAttention. - 8
better trade-off than baselines . CO nsi Stent _ SwicKV-Cache | 30 4961 | IS 2195 | 8 9L6
V, 7B d | N h 8k N | h HuggingFace +Reduced Attention| 30 7225 15 369.9 8 1783
Icuna- model wit input lengt 2 %v% Benchmark scores ::?::::15231:[3 ssg 1%19J§L g ;;2; i i??‘.?
EI [=] across 7-70B e T N R C T
. O p en S O u rC e models :ﬂgg]:"gﬁm Isn[ﬂ‘LN'I LLM ;s 3‘?:534 154 :1’316 ; '3: 1111é35
usgingFace Strcaming A :
H H 13B ntion. . .
project page W.'thl.co de at50% density SaicKvcahe |16 246 | 8 s | 4 62
Compress|0n plpe |ne, HuggingFace +E§|e:c[l::::d A(;e:uan 16 329:6 8 156-4 4 87’.‘3
CUDA kernel — o i — 10 = SteamingLLM Kol cMok) | 25 ss | 14 e | 7 1w
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> Overview of Efficient Techniques 2&ag=nee(

@ Lower Latency % Lower Storage Higher Throughput an Ic‘:%vr‘]’g[“igl’}’;:

What algorithm

Cause what? Solutions

property?
I I
«  Large computation I Input I
Model Scale . Large memory access : Compression :
» Large memory footprint : Output :
| Organization | ,
gyl gy gyl byl eyl eyl fny gty gty fnyleg gl mglion
: . i . . - |
At . Iputquadratic memory access i Spueture | |
' i : . I Design I
Operation * Input-quadratic memory footprint | - I
| Model !
. . . . I
: Weight Pruning Compression | |
__________________________ -l
; +  Low arithmetic intensity (i.e., computation/ | | .~ "~ - Oneraior i |
Decoding memory access) cause under-utilization | Inference I
Approach «  Varying length -> Dynamically increasing : Engine :
KV cache cause fragmented memory, | Servin |
increasing both footprint and access I 9 I
_ _ _ — : | Framework |
[1] Zhou, Zixuan, Ning, Xuefei, et al. "A Survey on Efficient Inference for Large Language ModelsarXiv 2024. - .. a
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> Efficient Expert Pruning (EEP) wuzee=(

Construct search space of expert merging and search for coefficients.
Can be used to prune active/total expert num.

Search Space

Adjust number of active expert 1. Weight Merging Matrix @ )
7 2. Rofutlng yve|ghts ; L wm
transformation
65 o
Search Process e »
Q‘BU- 1. Discrete (only prune) Y
3 o5 ) 2. Continuous (expert merging)
<
504
45+ Token Token Token

1 2 3 4 5 6 7 3 :
# of experts &

Use Cases

Key Observations: 1. Reduce total expert : &
1. Inactive expert can benefit 2. Reduce active expert | ™-=,g 5w = -
2. Redundancy exists = ) =5

[1] Enshu Liu, ... , Xuefei Ning, et al. “Efficient Expert Pruning for Sparse Mixture-of-Experts Language Models: Enhancing Performance and Reducing Inference Costs ” ICLR 2025 Submission.

2024/10/18 Xuefei Ning @ NICS-efc Lab
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Efficient Expert Pruning (EEP)

INFINIGENCE
X i3 i =

EEP prunes 75%/50% total/active expert while achieves comparable and

even better performance. EEP can generalize well on OOD data.
Generalization Test

Reduce Total Experts

[1] Enshu Liu, ...

Budget Method LD (50 val. sets)  OOD (7 unscen datascts)

Num=8 Full Model 60.7 72.6

Random 53.049.6 64.6£10.0
> Frequency [37] 352 35.0
Num=6 ¢t Activation [37] 543 65.6
NAEE [32] 575 69.4
EEP (Prune Only) 59.6 714
EEP (Prunc+Merge) 61.8 71.3

Random 45.1+6.1 50.3+10.7
B Frequency [37] 26.6 252
Num=4 " ¢ S Activation [37] 46.7 53.1
NAEE [34) 535 63.6
EEP (Prunc Only) 554 62.4
EEP (Prunc+Merge) 56.9 64.6

Expert Method COPA  MuliRC WIC WSC RTE Bool) CB ReCoRD DROP  SQuAD | Avg.

Num=5§ Full Model 890 830 518 635 732 774 517 503 306 534 | 624

Random 638 494 376 433 451 502 387 351 274 583 | 49

Frequency [37] 630 748 360 346 181 710 304 416 299 383 | 458

Nomeq  SoltActvalion 7] 730 306 514 315 419 404 179 368 333 102 | 373

NAEE [34] 870 760 526 645 617 T2 517 S04 306 530 | 605

EEP (PruncOnly) 950  Bl2 518 673 740 828 06 600 373 152 | 03

EEP (Prunc+Merge) 990 846 630 731 769 848 750 636 37  BO6 | 742

Random 368 223 136 150 284 155 386 169 183 369 | 242

Frequency [37] 510 176 88 19 484 306 357 104 149 92 | 49

Numez  Soft Activation [37]  33.0 182 494 185 152 18 321 44 117 500 | 234

NAEE [34] 750 424 484 490 545 498 196 420 312 82 | 470

EEP (Prunc Only) 760 63.8 518 635 643 706 589 472 371 640 | 597

EEP (Prunc+Merge) 930 716 586 654 690 756 661 472 384 702 | 636
Reduce Active Experts

Total  Active Method WIC WSC BoolQ CB SQuAD | Avg.

2 Full Model 51.8 63.5 774 51.7 534 | 59.6

8 1 Full Model 50.8  48.1 66.0 482 438 51.4

1.4~1.5 Dyn [34] 50.0 596 72.8 404 44.8 54.7

1 EEP 59.2  70.2 79.0  66.1 51.8 | 653

1 NAEE [34] 43.6 20.2 56.2 339 51.8 42.1

4 1.4~1.5 NAEE+Dyn [34] 434 615 362 536 534 49.6

1 EEP 558 702 744 643 720 | 673

2024/10/18

Xuefei Ning @ NICS-efc Lab

Expert merging improves the performance of the
pruned model

, Xuefei Ning, et al. “Efficient Expert Pruning for Sparse Mixture-of-Experts Language Models: Enhancing Performance and Reducing Inference Costs ” ICLR 2025 Submission.
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> Efficient Techniques for LLMs  Lizence

4 )
Ovel‘all CO st Total Laten Cy: tprefill + tdgecode * Ntoken
L (for each request) Total Memory: Myeight + Miy cache + Mother act )
4 )
SOT Total Laten Cy: tprefill + taecode * Ntoken /B
L (Skeleton-of-Thought) Total Memory: Mweight + My cache + Mother_act )
4 )
LLM'MQ Total Laten Cy: tprefill + tdecodei * Ntoken
(Mixed-precision quantization) Total Memory: Mweightl + My cache + Mother act
MOA Total Laten cy. tprefill + tgecodel * Ntoken
L (Mixture of Attention) Total Memory: Myeight + My cachel + Mother act )
4 )
EEP Total Latency: torefitl  tdecode! * Nioken
L (Efficient Expert Pruning) Total Memory: Myeighe! + Miw cache + Mother act )
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Large Language Models (LLMSs)
© Diffusion Models

Research Summary
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[ How DMs do inference INFINIGENE

« 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.

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

Po(Xo) pr(X7)~N (0,1
Clean X | X X X Pure
0 1 =1 /) .
sample noise

® Reverse [ denoising process

[1] Ho, Jonathan et al. “Denoising Diffusion Probabilistic Models.” ArXiv 2020.
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Efficiency Analysis of DM Inference

xXEimE

- -4
INFINIGENCE /
,
%)
9
Q

Current visual generation faces efficiency challenge

Random Noise

Large Param Size: 2.5B (SDXL)
Iterative NN Inference: 10-100x

Solver

(| b5tk
Iterate T times

|| | || — Diffusion U-Net

Large Scale Model

Generated Image

Diffusion Model

Current SOTA
visual generation scheme

Latency Challenge:

-

SDXL

Cannot Satisfy

»

»

SDXL 50 steps
on RTX3090: 30 s

Memory Challenge:

-

SDXL

Cannot Fit In

o
»

SDXL model
9.7GB GPU Memory

Image Editing

Needs Fast (<1s) Feedback

Desktop GPU: RTX4070
8GB GPU Memory

2024/10/18

Xuefei Ning @ NICS-efc Lab
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> Efficient Techniques for DMs  Mifmizence(g

Directions to improve Diffusion Models’ efficiency

Algorithm-level Model-level
Reduce t,odel,

Reduce N;;
timestep Mweightr Mgt

Overall Cost

FFOF BEE (for each iter)

Iterate T times

Illll _— [ Diffusion U-Net ]—» ;

Random Noise Large Scale Model
Generated Image

—p lotal Latency: tyoger * Niimestep

Total Memory: Mweight + M yctivation

2024/10/18 Xuefei Ning @ NICS-efc Lab
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Overview of Efficient Techniques

INFINIGENCE |
5 i8] 0 B2 '

We improve diffusion model’s efficiency
from Algorithm & Model & Data level

Latency Challenge:

“ Cannot Satisfy

SDXL ;

SDXL 50 steps
on RTX3090: 30 s

Image Editing
Needs Fast (<1s) Feedback

Memory Challenge:

R

DXL

Cannot Fit In

o
»

Desktop GPU: RTX4070
8GB GPU Memory

SDXL model
9.7GB GPU Memory

Algorithm-level
Time Step Compression \
Linear combination of checkpoints.
LCS(_: . 15~23x training acceleration,
[ICLR Submission]

1.25~2x timestep compression

USF OMS-DPM DD
FaSt -
Compression
Search for optimal generates image in 0.01s
FlashEval
[CVPR’24]
Model-level

diffusion schedulers. and can achieve >100x

1.5~2x speed-up speedup for Image AR model

Quantization
o 4/
[ECCV’ 4] [ICLR Submission]

Mixed-precision quantization. Quantization for DiT.

3x memory decrease,  2.5x memory improvement,

1.5x speed-up 1.5x speed-up

Pruning & Sparse Attention

DiTEastAttn Window & reused attention for DiT.
[NeurlPS’ 24 1.6x speed-up

Efficient Diffusion Models

2024/10/18
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» Optimizing the Model Schedule (OMS-DPM) ,1—;'?5%"55"“5

Achieving 2-5x speed-up on typical datasets and 2x speed-up
on Text-to-Image generation

Motivation: Small models outperform Methodology: Model Schedule
large models at some timesteps & Predictor-based Search
u — Best single model FID . w 0 st toy ts
121 al_’ N ay 2.3550|fe, ;rd;olvgr
10_ —— Schedule 2
= Model Schedule
£ 8
Mixing small and 2 |
large models can 6
possibly get better 4 i "
FID than only use . —_— Search
large model 21 Method
] ' '
54 55 56 57 58 59
FID

[1] Liu, Enshu, Ning, Xuefei, et al. “OMS-DPM: Optimizing the Model Schedule for Diffusion Probabilistic Models.” ICML 2023.

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 57



» Optimizing the Model Schedule (OMS-DPM) Difuicence

. CIFAR-10 . CelebA
~@ Ours -@ Ours
—»~ DPM-Solver -~ DPM-Solver
s —k— DDIM s —A— DDIM
B F-PNDM -B- F-PNDM
. ~4- Analytic-DDIM ~4— Analytic-DDIM
—k— GGDM 150
7
125
2 =3
= 100 | H
Baseline
5
75
a
5.0
3
25 | S ”i °
2
2000 4000 6000 8000 10000 2000 4000 6000 8000 10000 12000 14000
Sampling latency/ms Sampling latency/ms
o ImageNet-64 LSUN-Church
-8 Ours s0{ -8 ours
—- DPM-Solver - DPM-Solver
—k— DDIM —&— DDIM
—4— Analytic-DDIM “
0 —k- GGDM
40
35
40
a) o
- - Ours
30 25
20
20 < 15
= i " -y
10
0 2500 5000 7500 10000 12500 15000 17500 20000 0 10000 20000 30000 40000 50000 60000
Sampling latency/ms Sampling latency/ms

[1] Liu, Enshu, Ning, Xuefei, et al. “OMS-DPM: Optimizing the Model Schedule for Diffusion Probabilistic Models.” ICML 2023.
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> Unified Sampling Framework (USF) Dismigence

Achieving 2x speed-up on Text-to-Image generation and
enables sampling with very low NFE

Motivation: Current solvers use sub-optimal Methodology: A framework that unifies all
strategies, cause poor quality with few NFE exiting solvers and search based on it.
i A} ) : /A s Method

= Al ! framework

™ Timesteps
Correcting Methods ints

/iy, =
The ranking of all strategies changes over timestep Search method USF unifies all solvers

[1] Liu, Enshu, Ning, Xuefei, et al. “OMS-DPM: Optimizing the Model Schedule for Diffusion Probabilistic Models.” ICML 2023.
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>

Unified Sampling Framework (USF)

INFINIGENCE

xXEimE

Method NFE
4 5 6 7 8 9 10

Baseline-W(S) | 161.03 156.72 106.15 75.28 58.54 39.26 29.54
Baseline-W(M) | 30.77 22.71 19.66 18.45 18.00 17.65 17.54
Baseline-B 24.95 20.59 18.80 17.83 17.54 1742 17.22
Ours 22.76 16.84 15.76 1477 14.23 1399 14.01
Ours-500 24.47 17.72 15.71 14.60 14.47 14.15 14.27
Ours-250 23.84 18.27 17.29 1490 1550 14.12 14.31

Dataset Method ‘ NFE
\ 4 5 6 7 8 9 10

Baseline-W(S) ||255.21 288.12 | 32.15 1479 2299 641 5.97
CIFAR-10 Baseline-W(M) || 61.13  33.85 | 20.84 13.89 1034 798  6.76
Baseline-B 57.52 2344 | 1033 647 516 430 390
Ours 11.50 6.86 5.18 381 341 3.02 2.69
Baseline-W(S) [|321.39 330.10 | 52.04 1728 1699 1039 691
CelebA Baseline-W(M) || 31.27  20.37 | 14.18 11.16 928 800 7.11
ele Baseline-B 26.32 8.38 6.72 672 517 421 4.02
Ours 12.31 517 365 380 362 316 273
Baseline-W(S) ||364.60 366.66 | 72.47 47.84 5421 2822 27.99
ImageNet-64 Baseline-W(M) || 93.98  69.08 | 50.35 4099 34.80 30.56 27.96
ag . Baseline-B 76.69  61.73 | 42.81 31.76 2699 23.89 2423
Ours 33.84 2495 | 2231 1955 19.19 19.09 16.68
Baseline-W(M) || 4429 2433 | 1596 1241 1087 9.99 8.89
LSUN-Bedroom Baseline-B 22.02 1799 | 1243 1079 992 911 8.52
QOurs 1645 1298 | 897 690 555 386 3.76
Baseline-W(M) || 32.08 1539 | 10.08 837 750 7.06 6.80
ImageNet-128 Baseline-B 25.77 13.16 | 8.89 7.13 6.28 6.06 6.03
Ours 18.61 8.93 6.68 5.71 528 481 4.69
Baseline-W(M) || 80.46  54.00 | 38.67 2935 2206 16.74 13.66
ImageNet-256 Baseline-B 51.09 27.71 | 17.62 13.19 1091 9.85 931
QOurs 3384 19.06 | 13.00 1031 9.72 9.06 9.06

Results on typical datasets

Results on T2I task

Ours

Baseline

[1] Liu, Enshu, Ning, Xuefei, et al. “A Unified Sampling Framework for Solver Searching of Diffusion Probabilistic Models.” ICLR 2024.
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Linear Combination of Saved Checkpoints (LCSC)

INFINIGENCE /
X i3 i =

Achieving 15~23x training speed-up on Consistency Models
and 1.25~1.7x inference speed-up on Diffusion Models

Motivation: Combination of checkpoints can
improve the performance of CM/DM.

Model Near 800K Training g Iter Models Near 200K Training Iter Models Near 800K Training Iter
€00 1 0 3&. °

10 o® 0 6® it ! °
: w0
05 \ 05 . 2 03 ‘
150, < 18y S
= % o oX g 00 o ox (|12 L ° o o
< < <
u -0
u
1.0 10 10 L 10 ﬁ
1 [] [] -1 0 1 1
65, =60, 8, -6, 6,, =6, 6,,-6,
EMA Near 200K Training EMA Near 800K Training EMA Near 200K Training Iter EMA Near 800K Training It
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(a) Metric Landscape of DM. (b) Metric Landscape of CM.

Methodology: Search the combination
coefficients of saved checkpoints

Training Process:

EGraduenr
n € [0,N]
9.1@ => Loss

Save weights every
multiple iterations.
8,

[6,,, 6., ...

ek 4

It o

Evolutionary Search:

> Weight linear combination:
1,8, +a0,, +

p T FaxOy,

aﬂ

ﬂ {lar,az, .

lay, a2,

s

%

Crossover ||

Faster Training
Perf.
_ n
- » 0*
ng < N gy

Selecnon

s

Better Perf.
n,\ =N_
->»0*

7] N
EEE

T — ﬂ

Use Case: accelerate training &
enhancing converged models

[1] Liu, Enshu, ..., ,

2024/10/18

Xuefei Ning @ NICS-efc Lab

Ning, Xuefei, et al. “Linear Combination of Saved Checkpoints Makes Consistency and Diffusion Models Better.” ICLR 2025 Submission.
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» Linear Combination of Saved Checkpoints (LCSC) NENEENCE
xEimE
FID-Iteration Curve of LCSC on CIFAR-10 with CD FID-Iteration Curve of LCSC on ImageNet-64 with CD FID-NFE Curve of LCSC on CIFAR-10 with DM
5.0 11
[®
\ ---- Vanilla CD ® ---- Vanilla CD, bs 256 6.5/ DM+LCSC
as\ CD+LCSC 1003 CD+LCSC, bs 256 -#- Vanilla DM
' el \ * Vanilla CD, bs 2048 6.07
40l . o\ 5.5 . .
= T T R s e ® [a] \‘-_- 0 5.0+ “’-\
b >14x speedup b S b ~~
3.5 “e- | S
____________ 4.5 e e
Better Perf 7] >3.4x speedup -9 1.7x speedup D G S -.
3.0 4.0
>15x speedup + Better Perf|
61 3.54
2.5/ |
! !
10 20 30 40 50 60 70 80 0 10 20 30 40 S50 60 70 80 7 9 10 11 12 13
Training iteration(x10K) Training iteration(x 10K) NFE

[1] Liu, Enshu,

2024/10/18

., » Ning, Xuefei, et al. “Linear Combination of Saved Checkpoints Makes Consistency and Diffusion Models Better.” ICLR 2025 Submission.

Baseline (FID=7.30)

Xuefei Ning @ NICS-efc Lab

Ours (FID=5.54)

14
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Distilled Decoding of Image AR model (DD)

INFINIGENCE /:
X 13 i =

Motivationl: Auto-regressive (AR) image
generation model takes too many steps to
generate

LlamaGen!2

Visual Autor,

egressive Transformer (Our var)

>200 steps
>5s/img

10 steps
~0.13s/img

Motivation2: Typical solution don’t work:
modeling the distribution of multiple steps
simultaneously

known/predicted

to predict at this step

Ignore the correlation and introduce the gap between
k1 p@ilks -0 41) & P(Gm, s Gie41lGRs - Q1)

1step generation

[1] Liu, Enshu, Ning Xuefei, et al. “Distilling Autoregressive Models Into Few Steps 1: Image Generation.” ICLR 2025 Submission.

[2] Sun, Peize, et al. “Autoregre ssive Mod el Beats Diffusion: Llama for Scalable Image Generation." Arxiv 2024

[3] Tian, Keyu, et al. “Visual Autoregressive Modeling: Scalable Image Generation via Next-Scale Prediction.” NeurlPS 2024.

2024/10/18

Xuefei Ning @ NICS-efc Lab
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Distilled Decoding of Image AR model (DD)

INFINIGENCE /
X i3 i =

Methodology:

« Train the model to skip further along the trajectory

1. Construct the trajectory

Decoding

0.3

c1 C; C3

Mixture of Dirac delta
distributions

Prob overthe  2entaen,

codeboak X
t » t & ¢ X
Autoregressive os

» Introduce noise token and flow-matching to construct an auto-regressive trajectory

2. Training & Sampling

Generation

OIOICI®)
@@>
©OO

3-step

X

w

b
N

Legend:
- -+ Teacher AR model
—— Our DD model

X

=

[1] Liu, Enshu, Ning Xuefei, et al. “Distilling Autoregressive Models Into Few Steps 1: Image Generation.” ICLR 2025 Submission.

2024/10/18 Xuefei Ning @ NICS-efc Lab
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Distilled Decoding of Image AR model (DD)

INFINIGENCE

xXEimE

2step 42step 256step

Results: DD generates image in 0.01s and can achieve >100x speedup for Image AR model with
acceptable performance loss.
Type | Model FID} ISt | Pret  Rect | #Para  #Step | Time
AR VAR (Tian et al.,| 2024 4.19 230.2 0.84 0.53 310M 10 0.133
AR LlamaGen (Sun et al.|[2024 6.53 201.8 0.86 0.42 343M 256 5.01
Baseline VAR-skip-1 9.52 178.9 0.68 0.54 310M 9 0.113
Baseline VAR-skip-2 40.09 56.8 0.46 0.50 310M 8 0.098
Baseline | VAR-onestep™ 157.5 - - — - 1 -
Baseline LlamaGen-skip-106 19.14 80.39 0.42 0.43 343M 150 2.94
Baseline LlamaGen-skip-156 80.72 12.13 0.17 0.20 343M 100 1.95
Baseline | LlamaGen-onestep* 220.2 - - — — 1 -
Ours VAR-DD 7.86 185.1 0.80 0.41 327M 1 0.021 (6.3%)
Ours VAR-DD 10.65 168.1 0.79 0.37 327M 2 0.036 (3.7x)
Ours LlamaGen-DD 17.98 179.6 0.79 0.20 326M 1 0.023 (217.8x)
Ours LlamaGen-DD 11.24  235.1 0.85 0.30 326M 2 0.043 (116.5x%)
Ours VAR-pre-trained-1-6 5.90 241.3 0.85 0.40 327TM 6 0.090 (1.5x)
Ours VAR-pre-trained-4-6 6.10 229.5 0.85 0.39 327TM 4 0.062 (2.1x)
Ours VAR-pre-trained-5-6 6.62 208.5 0.83 0.40 327TM 3 0.045 (2.6x)
Ours LlamaGen-pre-trained-1-81 10.30 271.2 0.88 0.35 326M 81 1.725 (2.9x)
Ours LlamaGen-pre-trained-41-81 10.43 266.2 0.88 0.33 326M 42 0.880 (5.7x)
QOurs LlamaGen-pre-frained-61-81 10,62 2554 0.87 0.31 326M 22 0.447 (11.2x)

[1] Liu, Enshu, Ning Xuefei, et al. “Distilling Autoregressive Models Into Few Steps 1: Image Generation.” ICLR 2025 Submission.

2024/10/18

Xuefei Ning @ NICS-efc Lab
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»  Motivation: Diffusion Quantization — DEween==(g

The text-to-image/video diffusion models are memory-intensive,
and cannot be deployed on Edge Devices (Even Desktop GPU)

GEFORCE RTX

M /070

Solution: Model Quantization, low-bit data storing and
computing, reduce the memory cost

OPEN SORA
Open-SORA 2s Video FP16 SDXL 512x512 Desktop GPU: RTX4070 Mobile: IPhone 14
~10 GB Peak Memory  9.7GB Peak Memory 8GB GPU Memory 6GB Memory

2024/10/18 Xuefei Ning @ NICS-efc Lab
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Mixed-precision Quantization (MixDQ

INFINIGENCE /
X i3 i =

Motivation: Few-step text-to-image
diffusion models face additional
challenge for quantization

FP16

"Two sheep are standing
side by side behind a fence."

(* Adopting Q-Diffusion for 1-step SDXL-turbo model)

« BOS-aware Quantization Technique
“Address Outliers in Text Embeddings”

* Mixed-precision Bit-width Allocation
“Address over-sensitive layers”

Solutions:

MixDQ WorkFlow
Specialized design for Get accurate layer-wise Acquire the optimal
“highly sensitive” layers » quantization sensitivity > mixed precision configuration

BOS-aware Text
Embedding Quantization
(Sec. 3.1)

| BOS features are Outliers

BOS features remain the same
for different prompts
I(Skip Quantization & Pre-Computed Offline;

Metric-Decoupled Sensitivity Analysis
(Sec. 3.2)

Diffusion U-Net

Transformer

B emi o) -

B Quality-related Layers

Mixed Precision Search

(Sec. 3.3)

Integer Planning

Candidate: W[2/4/8] A[4/8]
(Each Layer)
Objective: Minimize Sensitivity

Text Emb. [0 [ Content-related Layers Constraint: Memory Budget
Metric: SSIM Metric: SONR

(Preserve Content)

bel=[g

Get layer sensitivity separately

(Preserve Quality)

[=]]

Output Logits

Get the optimal mixed
precision configuration

[1] Zhao, Tianchen, Ning, Xuefei, et al. “MixDQ: Memory-Efficient Few-Step Text-to-Image Diffusion Models with Metric-Decoupled Mixed Precision Quantization.” ECCV 2024.

2024/10/18

Xuefei Ning @ NICS-efc Lab
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» Mixed-precision Quantization (MixDQ

INFINIGENCE
X i3 i =

FP

“A bicycle replica with a clock as the front wheel.” {n}

Motivation: Quantization affects both
the image quality & content

Solution:

"Metric-decoupled” analysis
and mixed precision

MixDQ WorkFlow

Specialized design for
“highly sensitive” layers

Get accurate layer-wise

| » | quantization sensitivity | > lmixedprecisionconfiguration

Acquire the optimal I

BOS-aware Text

(Sec. 3.1)

Embedding Quantization

| BOS features are Outliers

Content Changed Content Retained ToF O
Quality Retained Quality Changed

BOS features remain the same
for different prompts
(Skip Quantization & Pre-Computed Offline)}

Metric-Decoupled Sensitivity Analysis
(Sec. 3.2)

Diffusion U-Net

Transformer
m SelfAttn D

B Quality-related Layers
Text Emb. ) [ Content-related Layers

Metric: SSIM Metric: SONR

(Preserve Content) (Preserve Quality)

B=0g =

Output Logits
Get layer sensitivity separately

Mixed Precision Search

(Sec. 3.3)

Integer Planning

Candidate: W[2/4/8] A[4/8]
(Each Layer)

Objective: Minimize Sensitivity
Constraint: Memory Budget

Get the optimal mixed
precision configuration

[1] Zhao, Tianchen, Ning, Xuefei, et al. “MixDQ: Memory-Efficient Few-Step Text-to-Image Diffusion Models with Metric-Decoupled Mixed Precision Quantization.” ECCV 2024.

2024/10/18

Xuefei Ning @ NICS-efc Lab
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» Mixed-precision Quantization (MixDQ) Remzencz(g

Experimental Results: MixDQ improves both image quality & text alignment
Achieves W4A8 with negligible loss(+0.5 FID), while baseline methods fail at W8AS8 (+50 FID)

Baseline MixDQ MixDQ

Mol method PGy S S pDW oute) ey FP16 (WBAS) (W8AS) (W4A8)
FP 16/16 = = 17.15  0.2722 0.8631 i " ,

8/16 2x 1x 16.89  0.2740 0.8550

. 416 4x 1x 30149 0.1581 -2.2526

Naive PTQ g g 2x 4x 10396 0.1478 -1.7446

4/8 ix  8x 358804 0.1242 -2.2815

SDXL-turbo 8/16 2x 1x 1697 02735 0.8588
(1 step) QDiffusion V18 4 1x 2258 0.2685 0.6847
o 8/8 2x 4x 7618 01772 -1.3112

4/8 4x  8x 11893 0.1662 -1.6353

416 dx 1x 1723 0.2603 0.8254

366/16 44x  1x 1740 0.2682 0.7528

MixDQ(Ours) ~ 8/8 2x  4x 1703 02703 0.8415

5/8  32x  8x 1723 0.2607 0.8307

4/8 4x  8x 1768 0.2698 0.7822

FP 16/16 R - 2556 02570 02122

. 8/8 2x  4x 2336 0.2548 0.0517

LCM-lora \aive PTQ 4/8 4x 8x 8736  0.2055 -1.6160
(4 steps) QDiffusion /8 2% 4x 2392 02561 0.1875
2 4/8 4x  8x 5773 0.2280 -1.1863

) 8/8 2% dx 2254 0.2552 0.1573
MDQ(Ours) g 4 gk 3348 0.2403 -0.6732

“A cute kitten is sitting in a dishon a table.”

[1] Zhao, Tianchen, Ning, Xuefei, et al. “MixDQ: Memory-Efficient Few-Step Text-to-Image Diffusion Models with Metric-Decoupled Mixed Precision Quantization.” ECCV 2024.
2024/10/18 Xuefei Ning @ NICS-efc Lab Page 69



» Mixed-precision Quantization (MixDQ) Dumzenes(

Practical 1.45% speed-up and 2x memory saving on Nvidia GPU
Open-source tool that achieves speedup and support few-step models

No Visual
Degradation

Support
Few-step

Latency
Speedup

Open
Source

‘ E] Reduce
VRAM
Stable Diffusion
A WebUI - FP8 Vv

Huggingface DiffusionFast:
Dynamic Quantization

@Z Nvidia TensorRT: \/

FP16 MixDQ WS8AS8 AVIDIA. Q-Diffusion PTQ
(&) 2x U-Net Memory Opt.: 4.8 GB -> 2.4 GB

@ 1.45x U-Net Latency Opt.: 36.1 ms -> 24.9 ms

LI X
CO X X
P SRNIAN
X X X

Ours: MixDQ  +/

[1] Zhao, Tianchen, Ning, Xuefei, et al. “MixDQ: Memory-Efficient Few-Step Text-to-Image Diffusion Models with Metric-Decoupled Mixed Precision Quantization.” ECCV 2024.
2024/10/18 Xuefei Ning @ NICS-efc Lab Page 70



» Video and Image DiT Quantization (ViDiT-Q) Diusence (g

DiT Quantization for Image and Video Generation

Nearly Identical Blurred and Blank

FP16 ViDiT-Q W8A8 Baseline W8A8

Baseline W8AS8

Baseline W8A8: "Unnatural Contents" Baseline W4A8: "Blank Frames"

Baseline W8AS8 Baseline W4A8
Multiple Fins Blank Images Baseline W4A8 ViDiT-Q W4A8

[1] Zhao, Tianchen, ..., Ning, Xuefei, et al. “ViDiT-Q: Efficient and Accurate Quantization of Diffusion Transformers for Image and Video Generation” ICLR 2025 Submission
2024/10/18 Xuefei Ning @ NICS-efc Lab Page 71



Video and Image DiT Quantization (ViDiT-Q

INFINIGENCE |
5 i8] 0 B2 4

Unique challenges for quantizing DiT
* “highly variant activation along different levels”
+ “Time-varying” Channel Imbalance

UnCond Cond
A A

N 7 I

Resolve

Variation

Motivation: DIT (Diffusion Transformers) have unique properties for quantization
Solution: Quantization scheme tailored for DiTs

. ag e i (] s T
: # s | & Scale Shift Table
o M l T=999 a ' (Trainable Parameter) m
. ;1 . | ‘ 3 - | Constant during inference
R A ff ’; ‘L\"\‘, \K‘g]" i‘ I° l\‘\\\ w«’);o%& ' — /‘ r’%égf- =g
e I S o] LLLTLL)
Tokep-\{vlse CFG-wise Timestep-wise | § | Time-varying Channel-wise
Variation Variation Variation rie

Static-Dynamic Channel Balance
Combine the advantage of current scale-based (AWQ)
and rotation-based (Quarot) channel balancing methods

Static-Dynamic Channel Balance (Sec. 4.2)

+

+
x » [+~ () o+ B~ » B~ )+

| |

Fine-grained grouping and
Dynamic Quantization (Sec 4.1)

Static-Dynamic Channel |
Balance (Sec 4.2)

“Static Initial Channel Imbalance” “Dynamic Timestep-wise Variation”

Combine

Scale-based Method [l Sl Rotation-based Method

[1] Zhao, Tianchen, ..., Ning, Xuefei, et al. “ViDiT-Q: Efficient and Accurate Quantization of Diffusion Transformers for Image and Video Generation” ICLR 2025 Submission

2024/10/18 Xuefei Ning @ NICS-efc Lab
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» Video and Image DiT Quantization (ViDiT-Q ,1—;'?5%&3";5"“5 "

Motivation: Video generation task have unique properties for quantization
Solution: Quantization scheme tailored for visual generation task

Quantization has effects on multiple To preserve performance for multiple aspects

as pectS of visual generation Metric-Decoupled Mixed Precision (Sec. 4.3)

20 steps denoising —
[ I I I ] u
0-5 6-10 11-15 16-20

C__D Iterate for each time range

Step1: Assign Budget m m TempAttn <+ Overall

T Text Alignment

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

Decouple the quantization‘s effect on multiple aspects

~~| Visual Quality (Fidelity) foreachGowp 55 ags e g, Bitwideh:

5.00
Step2: Metric-
Decoupled Inter-Block |X| Intra-Block “— Iterate for
T' C : t Sensitivity Analysis (Measure corresponding metric error each group
o I ‘ ] , e o n S I S e n Cy with FP16 with each layer/block quantized)
Step3: Bit-Width 4=58 Iteratively set the most sensitive layer as higher
Allocation ( ‘_\ bit-width until satisfies parameter budget Parameter Budget

[1] Zhao, Tianchen, ..., Ning, Xuefei, et al. “ViDiT-Q: Efficient and Accurate Quantization of Diffusion Transformers for Image and Video Generation” ICLR 2025 Submission

2024/10/18 Xuefei Ning @ NICS-efc Lab

Page 73



» Video and Image DiT Quantization (ViDiT-Q) inicence

Achieve superior performance for multiple aspects

Comprehensive Benchmark Multiple Metrics

Bit-width VQA- VQA- A Flow
A CLIPSIM CLIP-Temp Acsthetic

V B E N C H et (Wik) Technical ~ Score. (J)
- 16/16 0.1797 0.9988 63.40 5046 -
it for "

Q-Diffusion 8/8 0.1781 0.9987 5168 3827 0.328
Q-DiT 8/8 0.1788 0.9977 6103 3497 0.473
PTQ4DIiT 8/8 0.1836 0.9991 5456 5333 0.440
- FP16 SmoothQuant 8/8 0.1951 0.9986 5978 5153 0.331
Motion Smooth. +~ Naive PTQ:W8AS Quarot 8/8 0.1949 0.9976 5873 5228 0215
= VIDIEQ.WEAS ViDIiT-Q 8/8 0.1950 0.9991 60.70 54.64 0.089
+— ViDiT-Q-MP:W6A6
—e— VIDIT-Q-MP-W4AS Q-DIT 6/6 0.1710 0.9943 11.04 1.869 41.10
= . PTQ4DIiT 6/6 0.1799 09976 5997 4389 0.997
L:aDynaiiic Degres. =" > ~ Kasthetic quality SmoothQuant 6/6 0.1807 0.9985 56.45 4821 29.26
== Quarot 6/6 0.1820 0.9975 6147 5306 0.146
= 3 ViDIT-Q 6/6 0.1791 0.9984 6445 5158 0.625
N * Q-DIT 418 0.1687 0.9833 0007 0018 3.013
1/ PTQ4DIT 418 0.1735 0.9973 2210 0318 0.108
1 3 SmoothQuant 418 0.1832 0.9983 3196 2285 0415
Quarot 48 0.1817 0.9965 4736 3313 0.326
VIiDIT-Q 4 0.1809 0.9989 6062  49.38 0.153

BG. Consist.

VIDIT-Q WBAS Baseline Wi

(a) W8AS. (b) W6AG (© WAAS
Scene Consist. - e

Similar performance with FP16 Outperform baseline quantization methods vorQwass e

/8AS: “Jitter and Color Shift

/8AB: "Content Changes'

[1] Zhao, Tianchen, ..., Ning, Xuefei, et al. “ViDiT-Q: Efficient and Accurate Quantization of Diffusion Transformers for Image and Video Generation” ICLR 2025 Submission

2024/10/18 Xuefei Ning @ NICS-efc Lab
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» Video and Image DiT Quantization (ViDiT-Q

Achieve Efficiency Improvement with CUDA kernels

Practical Hardware Resource Savings:
« WB8AS: 1.99x Memory, 1.71x Latency Speedup
« WA4AS8: 2.42x Memory, 1.38x Latency Speedup

10

[1] Zhao, Tianchen, ..., Ning, Xuefei, et al. “ViDiT-Q: Efficient and Accurate Quantization of Diffusion Transformers for Image and Video Generation” ICLR 2025 Submission

2024/10/18

>

23 ‘ . t t t ViDiT-Q improved quantization
Tao I 174x  171x | 1.38x technique introduces negligible
& 1.99x 2.42x e I l ' overhead while improving
G} a6 : - )
=15 l > performance, It achieves
% % . similar speedup compared with
=10 ' - naive quantization scheme
a
Q

0.5 2

0.0 ¢p16 WB8AS8 WA4A8 0"fp16 | waas wsas | W4A8

(naive) (ours) (ours)

Xuefei Ning @ NICS-efc Lab
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> Attention Compression (DiTFastAttn) Deowes-

Reduces up to 76% of the attention FLOPs.
Achieve up to 1.8x speedup of DIT models on 2Kx2K generation.
Support both image generation and video generation.

Fraction of FLOPs on different resolutions . .
Lo Motivation:
1. Attention can be computationally costly, especially
0.8 when processing a large number of tokens, as is the
5 case in high-resolution image generation and long-form
© 0.6 video generation tasks.
{ 0.4 . . . .
=R 2. Diffusion Transformer (DiT) are emerging as a
05 Raw Attention popular model for image and video generation tasks.
i There are some redundant computations involved in the
0.0 generation process when using DIT models.
512x512 1024x1024 2048x2048

[1] Yuan Zhihang, ..., Ning Xuefei et al. “DiTFastAttn: Attention Compression for Diffusion Transformer Models”. NeurlPS 2024.

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 78



» Attention Compression (DiTFastAttn) Lwsece(E

Method 1: Window attention with residual share
The changes in the attention output across different timesteps
are primarily driven by a local attention window.

Full attention Residual calculation
5°f""“(ﬁ)x"r =08 KOs In each timestep,
e Window attention Final attention output we Only CompUIe the
local attention and
“ﬂmax(@ﬁ)”‘= i = then add the residual
of previous global
Window attention Final attention output attenti On, WIthOUt the
step t+1 sof:max(%)xv“,:wg, s, = we, + &t need to recompute
the full global
attention.
Window attention Final attention output

step t+2 Softmax(%)x Veiez=W&, 0y = WS, + R

Attention sharing across steps & CFG

Method 2 & Method 3:

Attenti step=t step=1t+1
ention . ,
Sharing v v
across AT A:T skip
Ste v <7~
" M/, > (T
share
Conditional Unconditional
Attention inference inference
1 |
Sharing v v
across A:T N
CFG v ;
(I (I
share

[1] Yuan Zhihang, ..., Ning Xuefei et al. “DiTFastAttn: Attention Compression for Diffusion Transformer Models”. NeurlPS 2024.

2024/10/18 Xuefei Ning @ NICS-efc Lab
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Attention Compression (DiTFastAttn) 2ews

INFINIGENC

Apply to
2K Image
Generation

Experiments on

PixArt-Sigma

Raw

DiTFastAttn

- w/o DiTFastAttn

“with DiTFastAttn-
Rigery - ﬂ

Apply to Video Generation
Experiments on OpenSORA

Ei:
(7))
ac |
|
..
(@)

[1] Yuan Zhihang, ..., Ning Xuefei et al. “DiTFastAttn: Attention Compression for Diffusion Transformer Models”. NeurlPS 2024.

2024/10/18

Xuefei Ning @ NICS-efc Lab

Page 80



> Faster Evaluation (FlashEval) D&ae=v==(

Motivation: Text-to-image Diffusion Evaluation is slow,
Many applications requires repeated evaluation

< <
. —> &3 QG N2\
Iterative 40K Times e 8 = e
Herate T times
Random Noi: | 50" |_’10 |_’10
a se 4 ‘_I ‘_I ‘_I
II | II S [ Diffusion U-Net ] — | Decode DDIM PNDM  DPMSolver
(1) Choose Model / Schedule
CrossAttn

Prompt

ﬁ%’f'ﬁm —.l CLIP Text-Encoder O% §@
Generated Image Q g Q Q AN

<

Prompt Set
("’40 K) (2) Weight Tuning  (3) Model Design Choices
Evaluating SD v1.5 50 steps on Many applications require
complete COCO cost ~50 GPU hours Repeated Evaluation

[1] Zhao, Lin, ... Ning, Xuefei, et al. “FlashEval: Towards Fast and Accurate Evaluation of Text-to-image Diffusion Generative Models.” CVPR 2024.

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 81



> Faster Evaluation (FlashEval) Duneece(E:

Methodology: Find “Representative Subset”, by Evolutionary-inspired searching

‘@ Initialize the Population P:”':"‘:'ﬁ ”’.“":’S
FlashEval: Search Subset e— f———

Construct random subsets

= ,,,/ . . from current population
Large Dataset _Representative % i 1Y
/,’ (40” I’ Subet (10- 1m) l Prompt Set Sampled Subsets
,' II Sort subsets based on KDs
L ‘ (d\  Fitness Evaluation ‘ R R &
@ @0 @ ® @0 O

Co n d e n Se Select top K percent of prompts
0 00

dataset O ® O
O O O O O O O O Population Update smm{:;ruéw“:fmmxgwmr

Updated Population: Top prompts
eeeo0eo ee oo o

‘
Oulput: Representative Subset '

v

Q Search Result

[1] Zhao, Lin, ... Ning, Xuefei, et al. “FlashEval: Towards Fast and Accurate Evaluation of Text-to-image Diffusion Generative Models.” CVPR 2024.

2024/10/18 Xuefei Ning @ NICS-efc Lab Page 82



Faster Evaluation (FlashEval) eee=

@ 12 Model Variants O
(Dreamlike, SD v1.2/1.5/2.1 and C g
their 6/8 bit Quantized version) O

8 Schedules

(DDIM, DPMSolver, PNDM
10/20/50 Steps)

4 Metrics

FID, ImageReward
CLIPScore, HPS)

Diverse Evaluation Settings

models item size N'=50 N'=500
methods \sub-tasks random model variants  schedulers random model variants schedulers

RS 0.607+£0.000  0.594+0.000 0.6324+0.000 0.857+0.000 0.858+0.000  0.857+0.000

B3-prompt 0.900 0.909 0.862 0.895 0.917 0.872
Train B3-set 0.895+£0.002  0.912+0.002  0.89440.002 0.971+0.002  0.970+0.001  0.966+0.002
Ours 0.956+0.004  0.969+0.004  0.960+0.004 0.984+0.003 0.986+0.003 0.978+0.003
RS 0.597+0.000  0.588+0.000  0.560+0.000 ,0.829+0.000  0.826-0.000  0.827-+0.000

B3-prompt 0.729 0.784 0.810 : 0.805 0.822 0.851
Test B3-set 0.75040.014  0.680+0.021  0.721+0.013 7 0.875+0.007 0.836+0.008  0.863+0.008
Ours 0.851+0.004  0.8004:0.008  0.850::0.005° 0.906:0.003  0.899:+0.004  0.909::0.003

Our Searched 50-item Subset have comparable
evaluation quality with Random-sampled 500

@ Acceptable Eval. Cost @ Good Eval. Quality e
A
1.04 Eval Quality |
(Kendall’s Tau) 1 e
0.87 |rasssssnsnsnsse //*/u‘ e
08{ —
H Random Sample
0.6 - 1 (Current)
1
i
0.4 - |
1 1
1 ]
0.2 1 .
: | Eval Cost
1 : (Subset Size)
]
10! v 10% 103
€ Bad Eval. Quality @ Good Eval. Quality i

@ Acceptable Eval. Cost € Excessive Eval. Cost

Better Evaluation Eff-Perf Trade-off

[1] Zhao, Lin, ...
2024/10/18

Ning, Xuefei, et al. “FlashEval: Towards Fast and Accurate Evaluation of Text-to-image Diffusion Generative Models.” CVPR 2024.

Xuefei Ning @ NICS-efc Lab

Page 83



> Efficient Techniques for DMs  Riizence(

s A
Ovel’all COSt Total Latency: Uinodel * Ntimestep
L (for each iter) Total Memory: Mweight + Mactivation )
s A
LCSC & OMS-DPM & USF & DD  Total Latency: tmeder * Niimestep
§ (Schedule Optimization) Total Memory: Myeighs + Mactivation )
s A
MiXDQ & ViDiT—Q Total Latency: t,odet 4* Niimestep
(Mixed-precision quantization) Total Memory: Myeight 4 +M gctivation 4 )
N
DITFastAttn Total Latency: t,,pdel U Ntimestep
(Attention Compression) Total Memory: Myeight + Mactivation l )
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> Future Scenarios

INFINIGENC
T EimE

Language Generation

Agent and Multi-model Framework Long Context LLMs
»
Edge Scenario Deployment Security-Efficiency Synergy

Visual Generation

1080 -

720 -

720p HD

480 -

Spatial-Dimension:
High-resolution Generation

Temporal-Dimension:
Long Video Generation
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> Future Directions nrmence (629)

Goal: higher generation quality + better controllability and interactivity

Unified Model Architecture Unified Generation Approach
T Add & LayerNorm Crespen
!
| FC2 | _
I Auto-regressive gz
| Activfa\tion | Decodin g
| FC1 | Efficiency Challenge: P e ey B - Efficiency Challenge:
!
I Add & LayerNorm Quadratic complexity in Multiple generation steps
context length Diffusion
{ Multi-head Self-Attention } o WAT KR, ESRARHRE, —R% 1000 5 P
Q K v 'i 'i %g —>

e
‘ WQ H WK H WV ‘ LS PRy ] W RS F
ROERat. £5% 5 L0 ERKE

Transformer
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Research Summary

INFINIGENCE /
X i3 i =

Overview

Survey
[CSUR Submission]

Survey on efficient LLM inference
techniques

Algorithm-level

SoT
[ICLR’24]

Parallel generation via prompting.
1.91~2.39x speed-up

Model-level

Sparse Attention

MoA

[ICLR Submission]

Decide the heterogeneous elastic rule
of the attention span for each head.
5.5~6.7x throughput improvement

Pruning

EEP

[ICLR Submission]

Search the pruning pattem for MoE
and use expert merging for finetuning.
48%~71% memory reduction,
1.11~1.40x speed-up,
better performance

Quantization

LLM-MQ

[NeurlPS’23 Workshop]

Mixed-precision quantization.
2.8-bit quantization

QLLM-Eval

[IcML’24]

Evaluating the effect of quantization.
Providing knowledge and practical
suggestions

Efficient Large Language Models

INFINIGENCE
E @GS

Llama-2.78

vLLM
= - LLaMA-2-7B
on AMD MI210
2x throughput
improvement

loading model
W MoA batch size 20

w/o MoA

Vicuna-7B on Nvidia-A100

= end-to-end latency 2.3x

nvidia-smi

w/o MoA

w MoA

2024/10/18
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Research Summary g

Algorithm-level
Time Step Compression
Linear combination of checkpoints.

15~23x training acceleration,
1.25~2x timestep compression

Fast
[ICLR Submission]

LCSC

[ICLR Submission]

USF OMS-DPM

[ICLR’24] [ICML’23]
Search for optimal generates image in 0.01s F: 2\51:‘5:4]3'
diffusion schedulers. and can achieve >100x

1.5~2x speed-up speedup for Image AR model 10x
evaluation Stable Diffusion on a single
acceleration [P
NVIDIA A100 GPU, Achieving 6.9x speed-up and
Model-level 9 P P

b reducing 1.5x memory
Quantization

MixDQ ViDIiT-Q
[ECCV’24] [ICLR Submission] w/oDiTFastAttn with:DiTFastAttn
———_—

Mixed-precision quantization. Quantization for DiT.
3x memory decrease,  2.5x memory improvement,
1.5x speed-up 1.5x speed-up

Pruning & Sparse Attention

DiTFastAttn Window & reused attention for DiT. . - -
NeulPS24] 1.6x speed-up Pixart-Sigma, 2K generation OpenSORA, 512x512x16 Frames
on NVIDIA A100 GPU on NVIDIA A100 GPU
Efficient Diffusion Models 1.8x latency speedup oy Memory Savings, 1.7x latency speedup
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