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w RIELRMEEEERY ¢,(0) : RY — RY, FHEMTESEY
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ReLU(t) = 0
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s SETEFELRENESTETRESREHNRMS, MEWNA®EERS

B AEREER E LA, ARt EERERS

m F A% sgd, asgd, adagrad, rmsprop, adadelta, adam, adamax
https://github.com/pytorch/pytorch/tree/master/torch/optim
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n & o =ay, REAEFEFHEE (ADMM)

) 1
2" = argmin {o’g(z) + glle = (v* —u")|I”}

) 1
Yt = arg min {af (y) + 5lly - (@™ +uh)[?}
uk+1 = U,k -+ ka - ka
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m AERE g(2)?

~1970 Energy regularization |13
1975-1985 Spatial smoothness |Lx||3 or |Dux||3 + |Drx||3
1980-1985 Optimally learned transform ITx|%3 =x"R™'x

where T/R is learned via PCA
1980-1990 Weighted smoothness | Lx |3
1990-2000 Robust statistics 17 p{Lx}

e.g., Hubber-Markov
1992-2005 TV Joea [Vx(v)|dv

or 17,/ |D,x|? + |Dpx|?
1987-2005 Other PDE-based options Joea 9 [VX(), V2x(v)] dv
2005-2009 Field-of-experts > MelT e {Lex}
1993-2005 Wavelet sparsity [IWx|1
2000-2010 Self-similarity 3 e HRix, Ryx}
2002-2012 Sparsity methods lle]|o s.t. x =Da
2010-2017 Low-rank assumption >k XKoo Il
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m Toward a Fast and Flexible Solution for CNN-Based Image Denoising, 2018
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PnP-ADMM &%

m BNiEEDA  (Plug-and-Play, PnP) #EZE2

" = prox,.,(yF —u*) = M =H,(yF —ub)

m PnP-ADMM £ &R
o H{T(yk _ uk)

yk+1 _ proxaf(xkﬂ 4 uk)

UL = b g gl e
m % PnP-ADMM ARFSER, R (o, u") HE

¥ = H,(z" —u")

x* = prox, (" +u”)
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PnP-ADMM U &5t

mBiE MNFAB 2,y e R BE >0 #EH H,: RI = R HRE
[(Ho — I)(z) — (Ho — I)(y)|| < ellx —yl|
n EE RIZ f & p-RmORE, B4 PnP-ADMM BRI REE

€
(1+¢e—2)u

o EREIRIEFEENTIREILE R OFEHTEL

Plug-and-play methods provably converge with properly trained denoisers
E Ryu, J Liu, S Wang, X Chen... - ... on Machine Learning, 2019 - proceedings.mlr.press
Abstract Plug-and-play (PnP) is a non-convex framework that integrates modern denoising
priors, such as BM3D or deep learning-based denoisers, into ADMM or other proximal

<«
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n AEBZREFANMESUNE T ESHNINREFIEE TZHATX
FER. BRERMINERFITFR

BRER—BR-HEROMLE

M E MRS LNE R . .
LR

LT 2 Python MM — S B A (389701 A HIRER R LIEMBE . RN FRIT o

APMEH, BT R, Ui Mink B1E) :

1 AT (%, SESREO(Y), WEER) < =
" b -

—KEXA=NER H

python L 7

def binary

arch_iterative(nums, largE(
left right = 0 len(nums) - 1 #
while left <= right:
mid = \eﬂ right - left) // 2 # i
F&+5)
i ramsimmid] = - target
return mid #
elif nums{mid] < tar
left = mid +1 # B
else:
right = mid - 1 # BIFEAEE, GlEEER
return -1 # FRBIBF

EEEE

# Wi
if _name_
amr=[25 912102338 56,7291

.é,
L
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m https://www.physicalintelligence.company/blog/pi0

T cross-embodiment
robot dataset

bus table  pack bottles

bag groceries  open popcorn

[
losd dishes  sort legos
Ry p -
A R
o

pack shelf

Tlatten box

5
. make coffee  sweep table
-y 1 -]
= ilﬁii !!EEE
‘SiigP* “opty dryer  set table

and many more!

Internet-scale
pre-training

w8y

Open X-Embodiment Dataset

v

T, vision-language-action model

| pre-trained VLM gction

N\

PG R oo e

High-quality post-training data

e

high dexterity tasks

! = ¥
—— -

unseen tasks

Zero-shot in-distribution tasks

bus table

Specialized post-training to
difficult tasks

w ™ v N
e =y
S
empty apartment dryer
!!ési!.!éii !EE QA!!EEEE!

batch fold shirts

Efficient post-training to
unseen tasks

T

put items in drawer

o e

replace paper towel
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m https://www.polyu.edu.hk/ama/cmfai/lambda.html

Data Analysis Integrating Human Intelligence

Welcome to LAMBDA! Easy Data Analysis!

Welcome to LAMBDA! Easy Data Analytics!

Loan Default Analysis

Welcome to LAMBDA! Easy Data Analytics!

» 0:00/ 1:06
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m https://github.com/horseee/Awesome-Efficient-LLM

PTQ (optional)

+

Calibration

Data

Training
Data
update

update update

Unstructured

QAT

U
VT

x (T

Decompose

(c) Low-Rank Approximation

Training Data Training Data
Teacher Model
(Hidden)

Teacher Model
(Transparent)

White-
Box KD

Black-
Box KD

(d) Knowledge Distillation

Add & Norm
Feed
Forward

Output
Probabilities

‘Add & Norm

Feed
Forward

‘Add & Norm
Multi-Head
Attention

Multi-Head
Attention
-
Positional
Encoding

Inputs

Inout Output
Embedding Embedding

Outputs
(shifted right)

Nx
Masked
Multi-Head
Adtention
Positional
Encoding
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