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Develop a . Software User  What is funny about this image? Describe it panel by panel.
Gomoku game - -

- Ay CRU

~ OgTestPraeet! RankAccnunTToars

Source: hmmm (Reddit)

GPT-4 The image shows a package for a "Lightning Cable" adapter with three panels.

Panel 1: A smartphone with a VGA connector (a large, blue, 15-pin connector typically
used for computer monitors) plugged into its charging port.

Panel 2: The package for the "Lightning Cable" adapter with a picture of a VGA connector
onit.

Panel 3: A close-up of the VGA connector with a small Lightning connector (used for
charging iPhones and other Apple devices) at the end.

The humor in this image comes from the absurdity of plugging a large, outdated VGA
connector into a small, modern smartphone charging port.
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https://openai.com/index/sora/; https://www.vidu.io/text-to-video-ai; https://walt-video-diffusion.github.io/
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Vaswani, Ashish, et al. Attention is all you need. NeurIPS 2017.
Kaplan, Jared, et al. Scaling laws for neural language models. 2020.
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e Prefill phaseit E % %, decode phase/& memory-IO bound

* between High Bandwidth Memory (HBM) and Static Random Access Memory (SRAM)

c T T EARWAATIHE, prefill )L/ tokens Y B [ 5 J7 42 4 ™ token 4= f B [7] 23

Output the

I Layer N I | Lazer N | Table 1. Examples of neural network operations with their arithmetic intensities. Limiters assume FP16 data and an NVIDIA V100 GPU.
_________ Operation Arithmetic Intensity Usually limited by...
Artificial [ -0.2 0.1 A1 ) the [ 11 | 05 [ 04 | _ _ _ _ _
|Inte|ligence 09 0.7 0.2 I Linear layer (4096 outputs, 1024 inputs, batch size 512) 315 FLOPS/B arithmetic
L is -0.1 -0.3 0.1 )
——————————— Linear layer (4096 outputs, 1024 inputs, batch size 1) 1 FLOPS/B memory
Max pooling with 3x3 window and unit stride 2.25 FLOPS/B memory
KV Cache | Layer 1 | | Layer 1 |
A Rel U activation 0.25 FLOPS/B memory
Artificial -0.1 0.3 1.2 \ the [ 0.7 [ 01 [ -02 | Layer normalization < 10 FLOPS/B memory
| Intelligence| 0.7 -04 0.8 |
s is 0.2 -0.1 1.1 )
Input | Artificial |Intelligence|  is | the

https://docs.nvidia.com/deeplearning/performance/dl-performance-gpu-background/index.html#understand-perf
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Prompt:| What is your | hobby ?
\\/””\w/”“\/“”\w/”“\ NS N/
Generation model: I like | playing | piano and reading | books
7% BT A Wtoken#f “3g” , F K K #E 4B LT A K,
S~ HREBEEI-AENWEREAR (draft model)
Prompt:| What is your | hobby ?

Draft model (e.g., LLaMA-160M):

Target model (e.g., LLaMA-7B):

et

like

cooking

and

traveling

like

cooking

and

traveling

playing

Fast Inference from Transformers via Speculative Decoding. Yaniv Leviathan, Matan Kalman, Yossi Matias
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{2 Stoken acceptance ratelF M=

Prompt:| What is your | hobby ?

\ B Vi

Draft model (e.g., LLaMA-160M): like |cooking| and | traveling

Target model (e.g., LLaMA-7B): I eooking | and | traveling

playing

« IANBEEE U ER/EDWHERFRBEGE
e XEAFRETFLL “ 5 Rt EMmMEA, 3 =tokens acceptance rate,

c ETHRINBENLLMEEZRZRZ TN S WESL ( “spare” FLOPs)
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Resume from t3_correct to generate subsequent tokens
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Distance metric: KL/Reverse KL/ JSD
/ / (Draft, target) probability distribution
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Liu, Hu, Bailis, Cheung, Deng, Stoica & Zhang. Online Speculative Decoding. ICML 2024.
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Liu, Hu, Bailis, Cheung, Deng, Stoica & Zhang. Online Speculative Decoding. ICML 2024.
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Liu, Hu, Bailis, Cheung, Deng, Stoica & Zhang. Online Speculative Decoding. ICML 2024.
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Dataset Spider | Chatbot Arena | Extra Parameters (B)
Medusa-7B 1.34 % 2.03 % 0.44
Medusa-7B + OSD | 2.01x 2.38 % 0.44
Draft model + OSD | 2.17X 1.51x 0.16
#8 4/ %k A-Medusa
Dataset | Spider | Gsm8k Alpaca-Finance Code-Python

Tokens with the great-
est precision increase

AV, SELECT, first, (EOS),
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id
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this, =, %, know, are, We, cal-
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1, Here, (, : provide,
depends, However, goals,
amount, 3, there, The, \n,
personal, will

299

, (, Here, python, ’, how,
doc, snippet, import, based,
{, Python, This, :, you

Tokens with the great-
est recall increase

SELECT, *, FROM, (, IST,
*), \n, COUNT, G, first,
WHERE, (EOS), IN, ;,
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start, > >, <<, +, find, how,
we, =, fore, To, so, \, (EOS),
then, let

general, 1, several, This, de-
pends, Here, provide, How-
ever, goals, over, (, If,
amount, it, can

299 2

Here, This, snippet, ”’, °,
how, python, (, takes, Python,
you, doc, an, import, def

Token acceptance rate & 7 & % HJtokens

Liu, Hu, Bailis, Cheung, Deng, Stoica & Zhang. Online Speculative Decoding. ICML 2024.
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<BOS> The prompt ... Answer: This is correct ! fixed point
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H
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Jacobi
trajectory
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|_random n-token seq |
o E @ . )ﬁﬁ -U|| é}j{ ij—fk %:}j‘_ﬁp zﬁ]‘ }ﬁ jﬁlj g /l\tokens randomly initialized point

Song, Y., Meng, C., Liao, R., and Ermon, S. Accelerating feedforward computation via parallel nonlinear equation solving. ICML 2021.
Santilli, A., Severino, S., Postolache, E., Maiorca, V., Mancusi, M., Marin, R., and Rodola, E. Accelerating transformer inference for translation via parallel decoding. ACL 2023.
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Y (Consistency LLMs, CLLMs)
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Kou, Hu, He, Deng & Zhang. CLLMs: Consistency Large Language Models. ICML 2024.
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Kou, Hu, He, Deng & Zhang. CLLMs: Consistency Large Language Models. ICML 2024.
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a capacity of 18000 gallons. Wanda and Ms. B decided to punp water from a pond to fi USER: A tank has a capacity of 18000 gallons. Wanda and Ms. B decided to pump water from a

k in two days. On the first day, working in shifts, Wanda filled 1/4 of the tank's capacity 1l the tank in two days. On the first day, working in shifts, Wanda filled 1/4 of the tan
B punped 3/4 as 1 r as Wanda punped into the tank that day. On the second with water, and Ms. B pumped 3/4 as much vater as Wanda punped into the tank that day. On the second
/3 of the anount of water she punped on the previous day, while Ms. B only punped day, Wanda pumped 2/3 of the amount of water she pumped on the previous day, while Ms. B only punped
he punped on the first day. How many gallons of re remaining fo  1/3 of the number of gallons she punped on the first day. How many gallons of water are remaining fo

r the tank to be full

—BMEAESEE: A

USER: What are the most significant contributions Albert Einstein and Issac Newton each USER: What are the most significant contributions Albert Einstein and Issac Newton have
have made to science and mathematics?]] made to science and mathematics?]|

% Abel-7B-001, 3fZfnik

USER: The SQL database has table named vehicle with columns ['Vehicle_ID', 'Model', 'B USER: The SQL database has table named vehicle with columns ['Vehicle_ID', 'Model', 'B
uild_Year', 'Top_Speed', 'Power', 'Builder', 'Total_Production'], table named driver w uild_Year', 'Top_Speed', 'Power', 'Builder', 'Total_Production'], table named driver w
ith columns ['Driver_ID', 'Name', 'Citizenship', 'Racing_Series'], table named vehicle ith columns ['Driver_ID', 'Name', 'Citizenship', 'Racing_Series'l, table named vehicle
_driver with columns ['Driver_ID', 'Vehicle_ID'], Question: What are the vehicle ids a _driver with columns ['Driver_ID', 'Vehicle_ID'l, Question: What are the vehicle ids a
nd models which have been driven by more than 2 drivers or been driven by the driver n nd models which have been driven by more than 2 drivers or been driven by the driver n
amed 'Jeff Gordon"l amed 'Jeff Gordon'

VICUNA-18 CLLM-VICUNA-TB

Bl X, Vicuna-7B, 2.4fFuiE

Deepseek-Coder-18 CLLM-Deepseek-Coder-1B

X 4L, Deepseek-coder-7B, 3.4fFhnig

Kou, Hu, He, Deng & Zhang. CLLMs: Consistency Large Language Models. ICML 2024.
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Methods Speed (tokens/s) ~ Speedup Metric ~ Size Methods Speed (tokens/s) Speedup Metric  Size
Fine-tuned LLaMA2-7B (Chern et al.) Fine-tuned Deepseek-7B
+ AR 43.5 1.0x 59.1 + AR 38.0 1.0x 70.0
+ Jacobi 45.7 L1x 59.1 6.7B + Jacobi 39.5 1.0x 700 6.7B
+ lookahead 74.8 Li7TX% 59.1 + lookahead 55.3 1.5x 70.0
CLLM-LLaMA2-7B CLLM-Deepseek-7B
43.5 10X 564 + AR 38.0 0 X 69
+ Jacobi 1324 3.0x 564 | 6.7B + Jacobi 127.4 3.4x 693 | 6.7B
+ lookahead 1252 2.9% 56.4 + lookahead 135.2 3.6x 69.3
Medusa-2 + LLaMA2-7B Medusa-2 + Deepseek-7B
+ typical 70.2 1.6x 913 8.3B + typical 104.2 2.7x 664  8.3B
Fine-tuned LLaMA2-7B + distilled LLaMA-160m Fine-tuned Deepseek-7B + distilled LLaMA-160m
+ speculative 73.8 L7 % 59.1 6.8B + speculative 66.8 1.8x 700 6.8B
ShareGPT (MT-Bench) Code-Search-Net Python
Fine-tuned LLaMA2-7B Fine-tuned Deepseek-7B
+ AR 37.6 1.0x 6.5 + AR 40.1 1.0x 60.4
+ Jacobi 39.9 1.1x 6.5 6.7B + Jacobi 43.2 L.1x 604 6.7B
+ lookahead 60.8 1.6x 6.5 + lookahead 68.0 1.7x 60.0
CLLM-LLaMA2-7B CLLM-Deepseek-7B
+ AR 36.7 1.0x 6.4 +AR 38.5 LOX 2.2
+ Jacobi 88.4 2.4% 6.4 6.7B + Jacobi 102.1 2.5x% 59.2 6.7B
+ lookahead 95.0 2.5% 6.4 + lookahead 115.7 2.9x 59.2
Medusa-2 + LLaMA2-7B ' Medusa-2 + Deepseek-7B
+ typical 102.5 2.9 6.4  83B + typical 128.0 3.2x 483  8.3B
Fine-tuned LLaMA2-7B + distilled LLaMA-160m Fine-tuned Deepseek-7B + distilled LLaMA-160m
+ speculative 51.3 1.4x 6.5 6.8B + speculative 59.3 1.5x 604  6.8B
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Table 9. Computation required for consistency training.

Dataset Training time % of pre-training cost  Training resources

Spider 2 hours < 0.01% 8 A100 40GB GPUs
GSMS8K 12 hours ~ 0.01% 8 A100 40GB GPUs
CodeSearchNet-Python 22 hours ~ 0.1% 8 A100 40GB GPUs
ShareGPT 30 hours ~ 0.2 % 8 A100 40GB GPUs

Liu, Hu, Bailis, Cheung, Deng, Stoica & Zhang. Online Speculative Decoding. ICML 2024.
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Target LLM
with  ##

0

1: SELECT T as
2: SELECT country 2

3: SELECT country FROM
4: SELECT country FROM
5: SELECT country FROM
6: SELECT country FROM
7: SELECT country FROM
8: SELECT country FROM
9: SELECT country FROM
10: SELECT country FROM
11: SELECT country FROM
12: SELECT country FROM
13: SELECT country FROM
14: SELECT country FROM

Liu, Hu, Bailis, Cheung, Deng, Stoica & Zhang. Online Speculative Decoding. ICML 2024.
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Consistency LLM
' , Manager table have number ID ' Could Player or ruction [ 0: with it EL . , Manager table have number ID ' Could Player or ruction [
o s " , as columns _ B c I you = ‘e 1: SELECT country country FROM player GROUP BY country H H AV AV AV ING N "
T FROM ## CountryCOUNT # FROM name name b i t  FROM 2: SELECT country FROM player BY BY H AV AV AV ING count ( | > 52
FROM 1 plajer T AS ( WHERE plajer AS GROUPWHERE id WHERE > SELECT country FROM player GROUP BY ~ H AV ING count ( ) = g L
player player WHERE GROUP 1 T SELECT T ) T BY player AS 4: SELECT country FROM player GROUP BY country AV AV count ( )| > 1 5 “n’
player GROUP country _ 1 country GROUP country GROUP COUNT GROUP 5: SELECT country FROM player GROUP BY country H AV ING count %) > 1 " ‘in’
player GROUP BY  CON T H H H BY H BY ( 6: SELECT country FROM player GROUP BY country H AV ING count ( ) > 1 ‘in'
player GROUP BY country TRY | L H AV AV country H H
player GROUP BY country H A | AV AV ING G AV GROUP BY
player GROUP BY country H AV ING \ ING COUNT COUNT COUNT > H AV ING
player GROUP BY country H AV ING count E 2 ( ( (
player GROUP BY country H AV ING count ( number % % count (*)
player GROUP BY country H AV ING count ( ) | s | ! | > S
player GROUP BY country H AV ING count ( b | > *) > .
@ W oowks W BV e sk d w 3 & Target LLM a lot of collocations CLLM

Fast forwarding: % 3% 2 B tokens & 3£ 0K W 415 & 1 4% 1E 7 B

Stationary tokens: 32 ¥ # 1IE &% U,

tokensF £ 48 %
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. Discriminator Generator
GAN: Adversarial / /
X z
training x D(x) G(z) x
ﬁi )52 )ﬁ E VAE: maximize Z Decoder x/
variational lower bound po(x|2)
ZHFES AR % R
Flow Inverse ’
Flow-based models: X Z > _ X
Invertible transform of f(x) f ! (2)
distributions
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Diffusion models: Xo - X1 Xo

Gradually add Gaussian === - - - ---m-m o

%&ﬁ)}%{ noise and then reverse
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pr(z) pt(z) > po()
Traditional SDE Solvers ~200 Checkpoint: CIFAR-10, VP

S I, ICLR21
Traditional ODE Solvers ~100 [Song etal, ]



DPM-Solver: ME[RAIY &Y %’—?—‘Tﬁﬂéﬁgﬁﬁﬁj\ﬁ EEEHUL

s AT RMEEALEEERR, RETENERS TENERUENTY A

t 2
GREMERE o= @ +[/ (f(f)wT + 10 a,, T)) dr] BB 8 R RTHHEL U
a, — Mo (A= Ag,)"
ﬁﬁj}% DPM-Solver Lt;_1—t; = atiil iti—l — O, 7l§=:() één) (5%)\%._1 ) )\ti_l )\ti_le_)‘ n!z_l dA O(hf_'_l
BHAE WERERAEMSEM EAEX B AR

Lu C, et al. DPM-Solver: A Fast ODE Solver for Diffusion Probabilistic Model Sampling in Around 10 Steps. NeurIPS 2022.
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100.0 & %

~—»— ODE (DPM-Solver) i x_ —»%— DPM-Solver £ 8 —»— DPM-Solver
, «— ODE (RK45) N «~ DDPM V\\ <« DDPM
\ ~—%— SDE (Euler) 100i5 \ % Analytic-DDPM 100 N ~—*— Analytic-DDPM
—»— SDE (Adaptive) \ —»— DDIM A —»— DDIM
§ \ —%— Analytic-DDIM L ~—— Analytic-DDIM
[~ 2 g \ PNDM 9 30 b —%— PNDM
100 1 'GGDM FastDPM

1t6-Taylor

5.0 4 X .
401 g ] " 61

3.0 il % 44

2.5 1 ; 3] = o) 3

2.0 ‘

1012 15 20 50 200 1000 1012 15 20 50 200 1000 1012 15 20 50 200 1000
NFE NFE NFE

(a) CIFAR-10 (continuous) (b) CIFAR-10 (discrete) (c) CelebA 64x64 (discrete)

% i —*— DPM-Solver
Se ) —»%— DPM-Solver o S —»%— DPM-Solver o “— DDPM
\\ »— DDPM 1554 % »— DDPM 100 B “— DDIM
N\ —»%—  Analytic-DDPM —»— DDIM
N 50
\ —%— DDIM 50 x N

FID
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100 N . ! :
Ne —— Analytic-DDIM
g 1 S - x- 1GGDM X,

o

40 4 10 \ £
7 \\ 44
%
25 5 3 4
4 1
24
13 31 . ——— . : :
——— . , & DY — , . . . 1012 15 20 50 100 250
1012 15 20 50 200 1000 10 12 15 20 50 100 250 NFE

NFE NFE

(d) ImageNet 64x64 (discrete) (e) ImageNet 128x128 (discrete) g')e LoUN bedroom, 20032061 (dis-

te)



DPM-Solver: Z552

c EUNMHBRHN TR HIZI WY BEMEBEEAXREEE, ISTERFEEHR
c WENTRIFEHKX (Github EHER 6 F LK) XEH/EARINERE

& 2\ Pedro Cuenca
&

StepS = 5 Stable Diffusion demo Spaces run twice as fast! How
on Earth?

We adopted DPM-Solver++, a new scheduler by
et al. that gets the job done in
fewer steps.

8s — 4s for 8 images, using JAX on TPU v2-8. ﬁ

Stable Diffusion v1-5

DDIM PNDM DPM-Solver

BB AN 15 4 & 512x512 B E & 2 4 FEHE Stable Diffusion & 'E 7 2 &
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Z3/4 = f(z1;m)3
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Distillation

Zy)2 = f(z3/4;77)<

4

14

Distillation

X = f(z1/4;77)<

I
o

X

) \_/ Distillation >
Z))4 =f(zl/z;77)< Il:
Vv

N

Distillation stage

Salimans & Ho. Progressive Distillation for Fast Sampling of Diffusion Models. ICLR 2022

¥z B # 7 noise schedule
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1

WART

CF-Guidance
Stochastic sampling

Text-to-image

Image-to-image

Result 2

Mask Result 1
Image inpainting (2 steps)

Inpainting

Latent Diffusion

\n /\ Input Output (different styles) -
l . TN l’ l Text-guided generation (4 steps) Image to image translation (3 steps)

A, HERAE 1-4F BV & i = A E
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B JMODE & X 7 " = Bl 40 8 1y — — BR A

=>F B 72 A I Bk At
Vt € 10,T] : fo(x¢,t) = X
« BAZHEM: FRELAELEH (=0)

fo(x,t) = cuip(t)x + cout(t)Fo(x,1)
Cskip(0) =1 Cout(0) =0

Welghtlng Student Teacher
function model model

Song et al. Consistency Models. ICML 2023

0-

Data Noise
_ \
~ ol t) GLT)
Y To(xe =75 1 — ?)

ol Jo(x7,T) /

Algorithm 1 Multistep Consistency Sampling

Input: Consistency model fy(-,-), sequence of time
points 7, > T > --- > Ty_1, initial noise X
X f9 ()A(Ta T)
)”] forn=1to N —1do
Sample z ~ N (0, I)
Xy, — X+ /T2 — €2z
X f@ (),\(Tn y T )
= EMA(6) end for "
Output: x
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8.0 PD (£,) 15 PD (£2)
mmm PD (LPIPS) mmm PD (LPIPS)
6.0 CD (£,) CD (£2)
a mmm CD (LPIPS) 9 mmm CD (LPIPS) .
2 40 — % & K #SOTA FID:
20 e 3.55 on CIFAR-10
- | I I * 6.20 on ImageNet 64
1 Number of sampling steps Number of samplir?g steps *
(a) CIFAR-10 (b) ImageNet 64 x 64

B B B i

(a) Left: The gray-scale image. Middle: Colorized images. Right: The ground-truth i 1mag

AT ERAR
18 G 48 % o

(c) Left: A stroke input provided by users. Right: Stroke-guided image generation.

Song et al. Consistency Models. ICML 2023
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2-Steps Inference - o IStep Inference

4-Steps Inference

Luo et al. Latent Consistency Models: Synthesizing High-Resolution Images with Few-Step Inference.
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K=4 K=2
— MLCM sampler Denoising iteration ——Teacher trajectory === DDIM sampler

>
0 1 2 3 4 — 0 1 2 —
tstep tstep tstep tstep tstep =T tstep tstep tstep =T

Image-free MLCD in the first stage Image-free MLCD in the progressive training stage

Xie, Liao, Deng, Chen, Tang & Lu. MLCM: Multistep Consistency Distillation of Latent Diffusion Model. Arxiv 2406.05768.
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Table 1: Quantitative comparisons on MSCOCO-2017 5K validation datasets. All models adopts

SDXL architecture.

Method Step CS AS IR PS

DDIM [42] 25 33.36 5.54 0.87 0.229
LCM [23] 4 32.53 542 0.48 0.224
SDXL-Turbo [38] 4 33.30 5.64 0.83 0.226
SDXL-Lightning [17] 4 32.40 5.63 0.72 0.229
SDXL-Lightning [17] 8 32.73 5.95 0.71 0.227
HyperSD [33] 4 32.64 5.52 1.15 0.234
HyperSD [33] 8 32.41 5.83 1.14 0.233
MLCM 2 33.02 6.10 1.10 0.227
MLCM 3 33.24 6.17 1.18 0.232
MLCM 4 33.30 6.19 1.20 0.233
MLCM 8 33.48 6.20 1.22 0.233

Figure 1: 1024 x 1024 image samples from MLCM, distilled from SDXL-base-1.0 [32] based on
LoRA [8]. From top to bottom, 2, 3, and 4 sampling steps are adopted, respectively. Apart from such

ood visual quality, MLCM can also yield improved metrics compared to strong baselines.
ool i prd s . RELOPPO~ &

Xie, Liao, Deng, Chen, Tang & Lu. MLCM: Multistep Consistency Distillation of Latent Diffusion Model. Arxiv 2406.05768.

- RFINGE R, si—BE, RETFRXFFHK

o 2 KRR LI FE RV 1024200 B & £
7t # SDXL, HyperSD % Jf JE 4% A
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MR wH, PN I HE A TR BIFR R, HRit ﬂ‘ti{%ﬂfﬁ‘% MEA) 5%

A black do g i Lavender field L1985 FHIERE =T I, R Future world,
Canny edge . h 8 P Sunset, outdoor A pirate ship trapped Miyazaki-esque, Unreal Engine
in the winter in the autumn in the garden setting, café in a cosmic vortex summer, pond, forest

nebula

*

A ' Al
A black bird A brown bird A gray bird

AR Ak S SR T K a ses, #IR, Bk
Source Depth map in the forest under the stars in the room M FET T INBFIREIK Red-braised Lion's Head e ER Beijing, hutong,
A lone boat, the fisherman Jiangnan water town A few plum blossoms autumn
. . . . . . . in straw hat and raincoat Small bridges and in the corner of the wall

Figure 4: MLCM with ControlNet. Our MLCM can be incorporated into ControlNet pipeline and fishing alone in the cold flowing streams Blooming alone
produce satisfactory results with 2 steps sampling. river under the snow defying the cold

N + U koL L Figure 6: MLCM for Chinese-to-image generation. With 3 steps sampling, our MLCM model can

» . . . . . . . . .
5 Contro lNet 5[ 1 23% é{:{ /ﬁ\ . 2 /$ 7]( 4‘—%'-— élj % produce images that align with Chinese semantic meaning. The first line presents images in general

Chinese contexts, while the second line showcases images in specific Chinese cultural settings.

WA T oC-BlRAEK: 3T REER

Xie, Liao, Deng, Chen, Tang & Lu. MLCM: Multistep Consistency Distillation of Latent Diffusion Model. Arxiv 2406.05768.



1Bz (score distillation) FIZLHD1E D ZXIE (variational score distillation, VSD )

CEARME: ERTREEE KRB SRS

VOESDS (0) 4 ]Et,e,c w(t) (epretrain(wta t, y) - 6)

Bgééé, c)]

s RO ROFMEETH TR - 0YT, ZMILIET A

do-

4 = —Ei e [w(t) (:Utvmt log p: (mtlycl - £_0'tvmt log ¢; " (z¢|c, y)l)

9g(0-,c) ]
80,

v
score of noisy real images score of noisy rendered images

ALY HEBAH KeERERAIF, KA LoRA it

PO[ H A k&g, FEZLHE (NeRF generation, geometry refinement, and texture refinement) )| % ]

Wang Cl dal. Frollnncbreamcr. Aign-ridclty and DIVCISC 1CX1-10-5D GCNlration with variational SCOrc DISUIIalion. NCUrtes ZU.Zs5.
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1555 2R IBAYSEFRHB0OH : linearization+lookahead  (L2)

* RELF3DRA, LoORARBE HRELY, RIEXNERKELSFHIUE

0g(0,c
veiLL_VSD(Hi) = Et’e’c w(t) (epret?“ain(xt’ t, y) — €y (xta t,c, y)) g( ) 0=06 :|

00

» ZEMLoRAER 7 L Bl &

Elqlsn(.’,vt,t C, y) — €, (mtat C, y) (¢ — ¢Z)J$z(mt7ta C, y)

o X Fforward-mode autodiff3Z . VJIP

Lei, Liu, Xie & Deng. Advancing Text-to-3D Generation with Linearized Lookahead Variational Score Distillation.
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Lei, Liu, Xie & Deng. Advancing Text-to-3D Generation with Linearized Lookahead Variational Score Distillation.
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Gating weights compute the
contribution of each expert

*E ﬂl;g ;Jlg 1:/@ J: H I\J {jt 1{ | goa:mgs Mixture of Experts Layer /

\

Output probabilities

Decoder / \The outputs are
= T summed

\ Router routes the different inputs

(embedding vectors that
— 1T ) represent the outputs of the Each expert is a feed
attention module) to the 8 experts forward module
Encod Multi-head \ \1= | N
neoder e ERXB4AE (MoE) : mREBIEEXR, fRiLmodel
° — M M) N °
capacity, [ BEMKITEFH. R*&k: Mixtral-8*7B
Attention Masked Multi-head
A Attention
 —
? Postional encoding 9 Token-choice routing Expert-choice routing Expert-choice MoD
Expert1 Expert2 Expert3 Expert1 Expert2 Expert3 Self-attention & MLP

T o i
E M #T % —: Transformer
M. wmfHE—FEREAER

% :\i QE ﬁ ? —» Routing decision or’ Dropped token
*ERA (MoD) : Mtoken routingZ|expert
Vaswani, Ashish, et al. Attention is all you need. NeurIPS 2017. I'Ollting ’ 'f% Fﬁ ﬁ ﬁ :F‘% ’ @Xﬁﬁ ﬁcasual mOdeling
Jiang et al. Mixtral of Experts. 2024

Raposo et al. Mixture-of-Depths: Dynamically allocating compute in transformer-based language models. 2024.

top-2
choices
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Top-2 Router in Vanilla MoE Token-Adaptive Router in AdaMoE

Expert 2 | Expert 3 Expert 2 | Expert3 | |Expert4 I];I:ri rtsxsé

H

[ Router | [ Router

token 1 token 2 token 1 token 2

Figure 2: Comparison of Routing Mechanisms: Vanilla MoE vs. AdaMoE. Left: In the Vanilla MoE model, each
token selects the top-2 experts based on the highest router probabilities. Right: The AdaMoE model introduces an
additional set of null experts. Each token selects the top-4 experts, which can include both true and null experts. For
example, token 1 selects three true experts, while token 2 selects only one true expert. Despite this variation, the
average number of true experts selected per token remains two, maintaining parity with the vanilla method.

AdaMoE: BIANZEL X, ¥mRIEE, T FEtoken¥ LEOANMEER, HEH
FRARIEEETREAE, EEREEMLTMoD

Zeng, Miao, Li, Zhang & Deng. AdaMOE: Token-Adaptive Routing with Null Experts for Mixture-of-Experts Language Models. 2024.
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A sample from SIQA dataset

v

<s> Tracy didn't go home that evening and resisted Riley's attacks.\%
Question: What does Tracy need to do before this?

A. make a new plan .
B. Go home and see Riley Mixtral-8x7B
C. Find somewhere to go
Answer: Number of selected true experts
Clo [ 2 [3
Layer 0 7 16 27 31 0 7 16 27 31 0 7 16 27 31 0 7 16 27 31
<s> OO EE OO0 EE s QEHEHEE  —see EEHHE
JTe ] s L] 20 R
acy | | L |l |l |_attacks | || || || ||| \n D itey | [ [ [ |||
_didn | | || | |[ | . Al ] \Nn |
IR \n | NI ClL L
t [ L |Question | || || [| |[ | _make [ |[ [[ |[ |[ | R
_go | | LI s ca e _Find | || [
_home | || [ |[ ||| What | || || [[ ][ _new | [ [ || || |[ | _somewhere | [ || || |[ |
_that | || [ [ [ | _does | || || [[ ][ _plan | || ([ |[ [ | _to ||
_evening | || |[ || || | CTre | \n [ _go | |
cand | [ [ acy || L] B | || L |0 \n | (L]
_res | | LI L _need | || || || [[ | I An | LD
isted | || |[ || [ | _to | L] _Go | [ L]0 swer | [ [ || |||
R _do | [ | [ |[| _home | [ [ |[ || | L
iltey | | | /L |l | —before | || || || ||| cand | [ [ [ L]

Figure 1: Inference on a sample from SIQA dataset after fine-tuning Mixtral-8x7b with .AdaMoE.
the number of true experts selected for each token in different layers.

The image shows

*fMixtral-8*7B{E 2 H, BN U KAERBTINEER
Htoken, B RAEN THEMKE£20%HFLOPs

Zeng, Miao, Li, Zhang & Deng. AdaMOE: Token-Adaptive Routing with Null Experts for Mixture-of-Experts Language Models. 2024.
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a) Gradually merge tokens in each block b) Transformer Block + Token Merging m
feeeee oet FFFH £ et o ~ .
Jju SR g ﬁ x - Attention 3> ToMe MIE -0 T q . ‘.—
inl I i 8 - L -
i " L e e
Image Patchfied Block1l Block22 A
c) Bipartite Soft Matching ! \ “

00 9 8> O: Q Q0
o0 @) 00
o0 — O. .0 —* 0\8 — o — 00
Q0 Q0 o) o O o)
(0]0) o—oO o O o O
Step 1: Assign  Step 2: Draw one edge from  Step 3: Keep the top Step 4: Merge Step 5: Concatenate
Tokensto SetA  tokensinSetAandtheir  rmostsimilaredges.  connected tokens.  the sets back together.
or Set B. most similar token in Set B. = : . System Tokens . Vision Tokens . Instruction Tokens . Output Tokens

E T HALE 3t tokenF 5| #H AT 43F, %W Multi-modal A BE A 5, = & 1, % tokens
FHIKE, BRiTEFHE, TATES® EXREFHERNERAKYD, EEEE
Fa IR A RR % 3| XX XtokensF, ElETE (d: 16)

ZJa, ¥ H#ZEFNNtokens

Bolya et al. TOKEN MERGING: YOUR VIT BUT FASTER. ICLR 2023.
Lin et al. BOOSTING MULTIMODAL LARGE LANGUAGE MODELS WITH VISUAL TOKENS WITHDRAWAL FOR RAPID INFERENCE. 2024.
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2 KV Cache Data Movement —— Model Size
B Other Operations —e— KV Cache Size

II = = =
--l () -
2k 8k

(@)

(@)

!
N w
) o
] 1

Size (GB)
o

[\
(@)
]

o

5i2 2]k 8'k
Sequence Length Sequence Length

KFFHET, HHF (KV Cache) & AMK/IFT (MPT-7B )

012

Normalized Inference
Latency (Lower is Better)
D
(ame |

Adnan et al. Keyformer: KV Cache Reduction through Key Tokens Selection for Efficient Generative Inference. MLSys 2024
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Multi-Head Latent Attention (MLA)

apply  apply
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(OO ~ OO)]Latent c? Latent c£V
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Grouped Query Attention: ¥ EHHELHAAE, £FKV
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Multi-head Latent Attention: ¥ KV cache3k
PEKERE, F TDeepSeek v2

Ainslie et al.. GQA: Training Generalized Multi-Query Transformer Models from Multi-Head Checkpoints. EMNLP 2023.
DeepSeek-Al. DeepSeek-V2: A Strong, Economical, and Efficient Mixture-of-Experts Language Model. 2024.
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Decoding Step 4 ouery 02 [0.1 o6
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(a) Dense Attention (b) Window Attention (c) Sliding W1nd'ow (d) StreamingLLLM (ours) s e R DRt il o1 o i
w/ Re-computation ool :
I
Decoding Step 5 Query p-03p.03

............................................

E o
Attention Sink

1
Current Token : -, —
are truncated ' 0.1]09
<—— Tcached tokens —» < PLevicted | L cached &L re-computed_, evicted L cached b o o8 ok e o —-
tokens tokens tokens tokens tokens : 0.03 04 01 02 09 : 0.1|05
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1
1
1
1
1
1

O(T*)x PPL:5641x  O(TL)v PPL:5158x  O(TL?)x PPL:5.43v O(TL)v PPL:5.40v

Has poor efficiency and Breaks when initial Has to re-compute cache Can perform efficient and stable
performance on long text. tokens are evicted. for each incoming token. language modeling on long texts.

02101

Eviction w. Global Statistic
(infeasible)

............................................

StreamingLLM: window attention+# % i & s ’

attention, ZRX#*MEYwindow attentiondg E 3 & Figure 3: Illustration of Algorithm[] during two
consecutive decoding steps.

H20: /0 E 3 Y5 & A HE X B token

0.03{0.04

Xiao et al. EFFICIENT STREAMING LANGUAGE MODELS WITH ATTENTION SINKS. ICLR 2024.
Zhang et al. H20: Heavy-Hitter Oracle for Efficient Generative Inference of Large Language Models. NeurIPS 2023.
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