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Outline

*Velocity Reconstruction
 Parameter Estimation

*Summary & Future
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* Dynamics of objects in the Universe L
* Redshift space distortion, AP test [
* BAO reconstruction
. kSZ |
* Cosmic Web y
selv v Lo, vovnv s angs v woo, s iy,
But velocities are difficult to observe! ' _
(z-independent determination of distance, i |
e.g. SNIa; fundmental plane, Tully-Fisher, ...) ,

-> Reconstruct it (from density)

Al advantage: Non-linear, small scale 5= u"=,



Velocity Reconstrunction (of DM particles)
Ziyong Wu et al., 2021, ApJ (eprint: 2105.09450)

THE ASTROPHYSICAL JOURNAL, 913:2 (10pp), 2021 May 20 https: / /doi.org,/ 10.3847 /1538-4357 fabf3bb

@ 2021. The American Astronomical Society. All rights reserved.
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Cosmic Velocity Field Reconstruction Using Al

Ziyong wu', Zhenyu Zhangl, Shuyang Pan', Haitao Miao', Xiao]jn Luo', Xin Wang Cristiano G. Sabiu™” @,

Jaime Forero-Romero” , Yang Wang , and Xiao-Dong Li' z'Vng Wu
! School of Physics and Astronomy, Sun Yat-Sen University, Guangzhou 5[(]”9? People’s Republic of China; lixiaod25 @mail.sysw.edu.cn,
wangyang23@mail.sysu.edu.cn, wangxin35@mail.sysu.edu.cn
Depanmenl of Astronomy, Yonsei University, 50 Yonsei-ro, Seoul 03722, Republic of Korea
Nalural Science Research Institute, University of Seoul, 163 Seoulsiripdaero, Dongdaemun-gu, Seoul 02504, Republic of Korea
Departamen[o de Fisica, Universidad de los Andes, Cra. 1 No. 18A-10 Edificio Ip, CP 111711, Bogoti, Colombia
Received 2020 December 1; revised 2021 March 19; accepted 2021 March 29; published 2021 May 18

Abstract
We develop a deep-learning technique to infer the nonlinear velocity field from the dark matter density field. The
deep-learning architecture we use is a “U-net” style convolutional neural network, which consists of 15

convolution layers and 2 deconvolution layers. This setup maps the three-dimensional density field of 327 voxels to
the three-dimensional velocity or momentum fields of 20° voxels. Through the analysis of the dark matter
simulation with a resolution of 242~ Mpc, we find that the network can predict the the nonlinearity, complexity,
and vorticity of the velocity and momentum fields, as well as the power spectra of their value, divergence, and
vorticity and its prediction accuracy reaches the range of k~ 1.4 h Mpc ™" with a relative error ranging from 1% to

<10%. A simple comparison shows that neural networks may have an overwhelming advantage over perturbation Zhenyu Zhang Shuyang Pan
theory in the reconstruction of velocity or momentum fields. Peking Univ Sun Yat-Sen Univ.

Unified Astronomy Thesaurus concepts: Large-scale structure of the universe (902); Cosmic web (330); Dark
matter distribution (356); Cosmology (343); Aquoqtamtm (1882)



128 128 + '
0 128
323 $ 256
256 256 519
. 32
T
16° 16° !
O 5
, 512 512 256 %
° Conv3D(strides=2) g 256
© ConvaD(same) 8° 8 3
©® Conv3Dlvalid) g 256
A Batch Normalization 2
© PRV . «—— 3
‘ Crop 20°
© Conv3DTransposelstrides=2)
(®)  Conv3DTransposelstrides=1)
+ Concatenate

20

U-net model, transforming density to velocity
Input/output: CIC fields , 2Mpc/h grid
Trained on Tianhe2 GPUs



v, truth v, U — net v, PT
{3 :
zﬁ- ------ ‘:::1 :' aaaaa
4-*\1%3*_ ________
N ___________ //ﬁﬂ’:\,
o Wf;z-:—r H‘j’f

o 1o

I

xMpc/h

Al well reproduces the nonlinearity, complexity,

and vorticity




yMpce/ih

20 A

1 4

v, truth

...........

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

.....

1o

fh

20
xMpc/h

Al well reproduces the nonlinearity, complexity,

.....

.........

and vorticity

PT is good
@low density



v, PT

v, U-net

, truth

2

F - i ) -.-...rf.r.....
2 5 " L L L E el o BT T T N Y % 1
a b A I, i - A
§ L A N . ...._.._.f........r.:.r_.
RTINS oy A —— e Y
e A R e
- E e s E RSy g -rl._.-.1.11.-...||...-..-.-.-.....,....._-....
i, u
1.1.1.1.....1-.1-..11.....-.......:...._ rl\illll!rr....,....._r-......:...
.r.-.r11|||l.1-_-1.r._......... g e
..-..1.._1|......J.....:.:.. lllﬂ.q.-1||l-.-.r-....,.,......
.“.-..11.......,...__..... —|1|1 il A B |
- i T, I i “ow oo g
e R _ L s R
- o - - T
e TR B el L e o L . o
L._ﬁlll. s o I -
S S T T Y
4
L] g -
i - e, - - &
B - ___. . \ =" i =, LR 1A
- - . —
e ! 'y = AT . ' T
" LT, P L LU i
il L]
- - - a . T o |
- = 1 #
i - il —_— ' % i . L v |
L .l.-.l Ll L L Ll L] T .-.1 L
rrr
___..LL-.-l.-a....1.. ] . .
P L AL R o h. ,
......n.1|..|.-;..r... - 1 . N
-__...........-_r... = u ¥
e BB & .
- ik B e Vo
g A i b oE s . 5
R L L i — .
o wm om e #HR T
R L I I I
A - 7
- e o e e m o om o4 “ =
. R il T . 1 T n
Bl 9w F. o+ 4o & U-......__ b i =
P L LI .oy - 3 oy
a3 = 3 3 = om W owoww _ .._.j. ¥ - N
JRE, - . =
e P Y oE
L] L) L] L L] T L] T ¥ L]
T
g mmmm L T @
P L L «
P T T T .
R . T s
- % 8 B o .
s B BB G T
= m = = = @ i * & i
rrrrrr PN T T e o F o E
....-I|111...-n. S
e me FFF N0
x
Fr e w FESE A d e w L W
o T T F e e woa ooy o3
|..-.l...-...-! e s,
- f r.un_..hh._._.n .
|1..-..-..r.-,.-|._._h. »
U S )
- I.-l.|1- -  F
\-|1rIll1lll-ll .-l“
¥ - T
[l o | = = = =
™ i~ —

[2dw,_ylA

x[h~*Mpc]

Al well reproduces the nonlinearity, complexity,

and vorticity



P(k)

T (k) =

log10T(K)

Plv|v]

108
107 =
10° -
10°
104

10° 4=

—
i A —

Pprcdictcd (k)

Fire (k)

U-net accurately predicts the
power spectra of |v]|, |p]|, as

well as their div and curl

up to k~1.4 h/Mpc
error: 1%-10%



AAS Journals LU (O ER-ENTISHN  AAS Nova  ##FAASTeX  Astronomy Image Explorer L
A A Research highlights from the journals
S of the American Astronomical Society

HIGHLIGHTS JOURNALS DIGEST

A Peculiar Use of Al: Predicting Cosmic
Velocities with Neural Networks

B Astrbites on 7 une 2021 snare: [ I IEEY =]

While the neural network used in this
paper can definitely be improved —
perhaps by further optimizing its
architecture or by using more training
data — the authors have shown that
neural nets can be valuable tools for
predicting peculiar velocities. With
such programs as DESI, EUCLID, the
Rubin Observatory, and the Nancy
Grace Roman Space Telescope
promising to map out an
unprecedented volume of the
cosmos within the next decade, it is
of utmost importance that we
possess fast and accurate methods
for parsing the new data — and
neural networks are surely at the
forefront of these methods. Maybe
the rise of machinesisn’ tsuch a
bad thing after all!



Velocity Reconstrunction (of DM halos/subhalos)
Ziyong Wu et al., 2023, MNRAS (eprint: 2301.04586)

of the
ROYAL ASTRONOMICAL SOCIETY
MNRAS 522, 47484765 (2023) https://doi.org/10.1093/mnras/stad 1290

Advance Access publication 2023 May 1

AlI-assisted reconstruction of cosmic velocity field from redshift-space
spatial distribution of haloes

Ziyong Wu “,!* Liang Xiao,>** Xu Xiao,’ Jie Wang,>°® Xi Kang,"” Yang Wang *,® Xin Wang,>*
Le Zhang®** and Xiao-Dong Li “34*

L Purple Mountain Observatory, Chinese Academy of Sciences, 10 Yuanhua Road, Nanjing 210033, China
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Velocity Reconstrunction (of DM halos/subhalos)
Ziyong Wu et al., 2023, MNRAS (eprint: 2301.04586)

Why halos/subhalos?

* Close to observed objects (galaxies)
e Sparser -> more difficult

Credit: YU Jingchuan, Beijing Planetarium



Velocity Reconstrunction (of DM halos/subhalos)
Ziyong Wu et al., 2023, MNRAS (eprint: 2301.04586)

Why halos/subhalos?

* Close to observed objects (galaxies)
e Sparser -> more difficult

MultiDark * -

Bolshoi

The Spanish MultiDark

We did a work based on the

BigMDPL simulation Consolider project supports
] efforts to identify and detect
® 2.5 GpC/h, 38403 pa rticles matter, including dark matter

simulations of the universe.

e M>10'2 MSun, _
MDR1 BigMDPL

Rockstar halos/subhalos SESPPLL BBO‘:'SSh"‘O‘;L Credit: YU Jingchuan, Beijing Planetarium
e« 8000 CIC sub-fields (500 MDPL2

for training, others for
test), resolution=2.78 https://www.cosmosim.org/



Input 1:
Density fields
in 6 mass bins

logm(MlM@) €

[15.09, 13.52, 13.12,
12.84, 12.62, 12.43, 12.30]

Input 2:
Linear PT results as input
-> adding large scale mode

Output:

magnitude (split to 2) + direction

Field Grid size Box size (Mpch~1)? Channel
Density 513 141.67° 6
Velocity 453 1253 5
Linear velocity 273 3753 18
model halo velocity/ m
linear velocity

halo density field m
... "

BB o

momentum
magnitude field
2x45°

halo velocity/
momentum
direction field

lower
convolution
block

upper final
convolution convolution
block block

-
| |
I |
conv 3’ batchnorm m—.

| - ——— - J
o~ - S-S 22<
| trans I
|
g

if 2
— .

lower
convolution
block

final convolution
block

36x47°

36x45°

to improve the accuracy and the convergence speed, the velocity

magnitude in the output is normalized, where the normalization
factor ¢ is chosen by ¢ = 1/200 for v > 60 kms~! and ¢ = 1/12

otherwise.
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Real-space 2pcf
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Real-space 2pcf

reshift space real space UNet reconstruction
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Summary

* Al is very successful in reconstructing the velocities of
DM particle/halo/subhalo @ 2-3 h*Mpc /k~1-1.4

e Related works:

Tian-Xiang Mao, Jie Wang, Baojiu Li, et al., 2020 (eprint: 2002.10218, BAO
Reconstruction)

Fei Qin, David Parkinson, Sungwook E. Hong, Cristiano G. Sabiu (eprint:
2302.02087, density and velocity reconstruction)

Feng Shi et al. (see his talk, density and velocity reconstruction)



Il. Parameter Estimation
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Parameter estimation (based on DM particles)
Pan et al., 2020, SCPMA

v

-

Shuyang Pan Miaoxin Liu
0835 4 G:rg.%%d?ﬂuff%_szzm
+ (0:3073 £0.0015, 0.8178 = 0.0029)
o Method Relative error of (Q, 0g)?
0820 CNN (0.0048, 0.0053)
B
2pcf, s € (0,130) A~ Mpc (0.017, 0.012) X3
- 2pcf, s € (10,130) A~ Mpc (0.1, 0.06) x10-20
2800 Based on ~1000 simulations (each 128 3 particles, 256 h -1 Mpc box)
0.3000 D.3I025 U.3IDSU DéIDTS D.BI].DU U.3I125 0.3150 0'16 S Q m S 0'46’ 2'0 S 10 9 As s 2.3



Parameter estimation (based on DM halos)
Zhiwei Min et al., in progress

oo . . Zhiwei Min Liang Xiao Xu Xiao
Quijote LHvw simulations (1 Gpc/h box) Svs et st
Name Q. Q, h ng Og M, (eV)
LHvw [0.1, 0.5] [0.03, 0.07] [0.5, 0.9] [0.8,1.2] | [0.6, 1.0] [0, 1]
w 5 realizations | simulations ICs N3 N3
[-1.3, -0.7] 0 5000 standard Zeldovich 512 512

RSD added @ z-direction
convert to Planck cosmology background, use 744 Mpc/h volume
select ~1750 simulations



CNN architecture (simple version) ki
Input subsample: it
603 voxels, 148.8 Mpc/h oy,
grid resolution = 2.48 Mpc/h i

32 filters 64 64

input

i MaxPooling

Conv+BN+RelLU

Dense

torch. Size ([25,
torch. Size ([25,
torch. Size ([25,
torch. Size ([25,
torch. Size ([25,

1, 60, 60, 60])
32, 30, 30, 300)
64, 15, 15, 15])
64, 6, 6, 6])
198 2 2. 71

torch. Size([25, 128])
torch. Size([25, 64])
torch. Size ([25, 64])

128




Configuration Space Result

Input subsample:
603 voxels, 148.8 Mpc/h

grid resolution = 2.48 Mpc/h

Omega m
0.5 1 corre_coeff=0.7276
0.4 -1 :
0.3 1
0.2 1 MAE=0.0383
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.
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T T T T T
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i 0.9 1
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: e e
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L
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Configuration Space + Fourier space

Configuration space k-space
(300*300*300) (300*300*300) k-space
(60*60*60)

4 _Aal

Random subsample

— 2

Input
(2,60,60,60)




Configuration Space + Fourier space

Adding k-space is helpful
MSE reduced by 20-30%
n, becomes reasonable, w shows some signal

Omega m
0.5 1 corre_coeff=0.9198
0.4 1
0.3
0.2 + MAE=0.0279
bias=-0.0115
0.1 - MSE=0.0343
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0717 @
X MAE=0.0544
0.6 - bias=-0.0209
MSE=0.0683
T T T T T
0.6 0.7 0.8 0.9 1.0

Omega b h ns
] 1.2 1
corre_coeff=0.0488 0.9 { corre_coeff=0.7277 , ", corre_coeff=0.3549
1.1 -
0.8 i *
: A ‘.l; -
[ ]
» % 1.0 8 =
%‘& 0.7 4 - P )
l.. -| . #‘-‘l p
** % ‘.} - s W .
- L ]
MAE=0.0097| 0.6 1 MaE=0.0487| ©° » " "MAE=0.0804
bias=0.00186 . bias=0.0005 bias=-0.0011
MSE=0.0113| 0.5 MSE=0.0612| 0.8 MSE=0.0986
T T T T T T T T T T T T T T T
0.03 0.04 005 006 0.07 0.5 0.6 0.7 0.8 0.9 0.8 0.9 1.0 1.1 1.2
M nu w
1.0
| corre_coeff=0.0292 —0.7 1 corre_coeff=0.2889 * °*
[ ]
—0.8 0.8
* . . [ L]
s * 8. a @ . . —0.9 - 0.6 -
!-“K'a ; ¥ '“'é
IR ¥ cop AR
M Ffam”, . d 0.4 -
’ e -1 e
MAE=0.2441| MAE=0"1226
bias=-0.0012/-1.2 - 0.2 7
MSE=0.2883 MSE=0.15
—1.3
T T T T T T T T 0.0 T T T T
0.00 025 0.50 075 1.00 -1.2 -1.0 —0.8 00 02 04 06 08 10



0.4
0.3
0.2

0.1

1.0 1 corre_coeff=0.8637 ‘o2 %2 | 107 corre_coeff=0%972
0.9
0.8 1
0.7

0.6 1

Configuration Space + PS + 2pcf + ScatteringTransform

Adding data summaries is helpful
Comparable to + k-space
better sigma_8 constraint

Omega m Omega b h ns
05 - corre_coeff=0.9309 .‘.'. 007 | corre_coeff=0.2289 = * | 0.9 corre coeff=0.8633 4" 1.2 { corre_coeff=0.6152 o o
} : }
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“ o064 ,
0.05 . oM 0.7 1 1.0
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Advanced Architecture (Google’s EfficientNet)

https://github.com/tensorflow/tpu/tree/master/models/official/efficientnet

Pevious
Activation

28X28Xx192

28 X 28 X 64 i

Channel

28x 28 x 128
Concat

28 x 28 X 256
28 X 28 x 32

MAXPOOL

3x3s=1
same 28x28x32

28 x 28 x192

32 filters,1 x 1 x 192

Inception

#ichannels

. layer _i

H}resolutlon HxW

(a) baseline

- wider

—
—

(b) width scaling

(c) depth scaling

Jinqu Zhang

South China Normal Univ.

deeper §
deeper

-+ higher
_i resolution

o

(d) resolution scaling (e) compound scaling

Scaling Conv Blocks



Advanced Architecture (Google’s EfficientNet)

https://github.com/tensorflow/tpu/tree/master/models/official/efficientnet

EfficientNet-B7
841 AmoebaNet-C
) .
AmoebaNet-A _ — = === Jinqu Zhang
L I ol L . .
7~ NASNet-A _.+=""" SENet South China Normal Univ.
o821 ’ -l
:6::-0‘ 3 , , " .
) ,z’ Lottt EfficientNet: Rethinking Model Scaling for
g PR ..-+""  ResNeXt-101 Convolutional Neural Networks
T ” " L4 .
§ 80 Lty Inception-ResNet-v2 Mingxing Tan, Quoc V. Le
Pt
~— ’ ” L2 N . Convolutional Neural Networks (ConvNets) are commonly developed at a fixed
&;_ , :Xceptlon resource budget, and then scaled up for better accuracy if more resources are
o d I .' available. In this paper, we systematically study model scaling and identify that
_.I__. 78 ] oy b RBSNet-1 52 T(Jpl Acc., #Params carefully balancing network depth, width, and resolution can lead to better
g Bb :.DenseNet'201 ResNet-152 (Hﬁ et 3.1., 2016] T77.8% 60M performance_ Based _on this_ observation, we propose_a new_ scaling method that
%J) ',, EfficientNet-B1 79.2%, 7.8M umformly scgles all dimensions of depth/width/resolution using a .3|mple yet _
© ' . ResNeXt-101 {Xje et Ell., 201 ?) 20.9% 34M highly effective _compound .coefﬁment, We demonstrate the effectiveness of this
= T6 1 1 - L] EfficientNet-B3 81.7% 12M method on scaling up MobileNets and ResNet.
- ' s RQSNet'so SENet (Hu et al.. 201 8) 82 7% 146M To go even further, we use neural architecture search to design a new baseline
l ey NASNet-A (Zop,h et al., 201 8) 82.7% 89M network and scale it up to obtain a family of models, called EfficientNets, which
I L] . EfficientNet-B4 83.0% 19M achieve much better accuracy and efficiency than previous ConvNets. In
|ncept|0n"‘f2 GPipe (Huan et al 2018) T 84.3% 556M particular, our EfficientNet-B7 achieves state-of-the-art 84.3% top-1 accuracy on
74 ) ‘ Efﬁlr:ientNet-gBT " 84-4% 66M ImageNet, while being 8.4x smaller and 6.1x faster on inference than the best
NASNEt-A TNDI lotted ) existing ConvNet. Our EfficientNets also transfer well and achieve state-of-the-
HE‘SNBt'S“- P art accuracy on CIFAR-100 (91.7%), Flowers (98.8%), and 3 other transfer

leaming datasets, with an order of magnitude fewer parameters. Source code is

0 20 40 60 80 100 120 140 160 180 e s L
Number of Parameters (Millions)

Performance of the EfficientNet family compared to other classifiers. Taken from Tan & Le, 2019



Advanced Architecture (Google’s EfficientNet)

https://github.com/tensorflow/tpu/tree/master/models/official/efficientnet
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Summary

* + k-space / + data-summary is helpful
* advanced architecture is helpful

e Neutrino seems difficult...

 Maybe need high resolution simulation?



. Summar & Future
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Many more things

Parameter
Velocity Statistics Estimation

& S

Velocity | kSZ; RSD; Real-Space statistics >
Reconstruction < Information Reference |

Share technique;
Complimentary Photo-z

(using GNN, in

plan)

Numerous applications are
NOT mentioned in this talk:

WL, SL
DM Particles :> Halo/Subhalo :> Real Observation AIGC mock
(start) IC/DM Reconstruction
CMB, 21cm ...




Al and Traditional Analysis are Complimentary

PT result added as input

| . . .
! lower | upper convolution I final convolution !
I convolution block I block I
I block I I
| 1
| | I
=0.80 T
| | I
| | |
| | | =0.85 1
I | |
| | |
=0.90 1
| | |
| | I
| | | 0.95 1
| | |
I | | 2 -1.00
| | I
-1.05 1

Velocity Reconstruction assisted by PT

-1.10 1

32 filters G4 64 128
Pt a MaxPooling ] -
Conv+BN+RelU

= '\l'\reipows combination({no PCA)

| FE— T NI - e ——
026 0.28 0.30 0.32 034

Om

Using PCA result in

Tomographic AP analysis

-0.80

~0.85 4

=0.90

—0.95 1

-1.05

-1.10

=115

-1.20

\

wei=1

wei = p~0-3
wej « pU.Q
sigle weipow(PCA)
o028 030 032 034

Om

Tomographic AP assisted by PCA
(test on BigMD simulation @ z=0.6 / z=1)

Adding PS/2pcf to data vector

Parameter estimation assisted by PS/2pcf



* Big data -> Much bigger training set?

* Lightcone

* Systematics
* halo-galaxy connection
e (CSST slitless systematics (redshift error,

overlapping)




Al @ astro : arXiv paper burst

410

2015 2016 2017 2018 2019 2020 2021 2022

Abstract contains “Machine Learning”

200 4

175 A

150 1

125 A

100 1

2015 2016 2017 2018 2019 2020 2021

Abstract contains “Deep Learning”

LU

2022




But, FIF 53 tHXIEURLIRPAER D

For Euclid survey, | found 54 arxiv Papers Containing
“Euclid” and “Machine Learning” in abstract

00 PCA
@ SVM
CosmicVoid QuiescentGalaxy UCDs ;
GalaxyCluster E
D‘?l-‘?-'%‘él-?r-%”s‘*e"PhotOZ E Random.Forest |
e : SupervisedLearning
StronglLensing
Cosmiclkleb
Emulator N
DarkMatterHalol
GalaxyZoo SF)E&QEE&%%&H%ﬁE%Sctra

o« CNN

UnsupervisedlLearning

WeaklLensing
GalaxyPropertie

Stars



BBy Al #235: KRB + FilillZx

~2016: E—i AT E6E 2023: PAXIEBRIINERR
AT EBsETI{LASEA

EHIEE  LIResNet, VGG, AlexNetH{{FEAIER LAGPT. BERTA{tZFEAITransformer
L P L3R T LS PSR TY
SH= TZE% B{¢-B1{d
ResNet-50 (460073), GPT-3 (175042)
VGG (1.412) Switch-Transformer (1.6 512)
EFEITE —HER, FBpEFSEE s L0 E
BHOEK Bfe-R-eizs< AHUEF 1T
+EGBAE=IH + PBAE=1H)
ResNet-50 FH—V100i)ll4:£93% GPT-3 )JIZZE=EEIREL: 314ZFLOPTs

{825F 100PFLOPsiJll£536.4K
(from 2023 A TE BRI X RIE , BRETFHRIEHRE)



Transformer in one slide
M “EiEES (Self-attention) ” HANSIESFINSARIRESINER, [“SHF NLP

(2) Encoder

(1) Input

Output
Probabilities

' [Add & Norm
: Feed
“““““““““““ ' Forward
i Encoder i |
1
! I} IAdd&Norml:
| 1 I
i —{_Add & Norm || Muli-Head
: Feed i Attention
i Forward i | 7 ) Nx
] t
: || (ASd8 Norm
N Add & Nom]) |1 i s
1 I
: Mutti-Head | |1 if | Multi-Head
1 Attention :: Attention
i il I B
. S I /
Positional z~ L - . Positional.
Bncoding 2 Encoding
Input Output
Embedding Embedding
Inputs Qutputs

(shifted right)

(4) Output

+ (3)Decoder

Scaled Dot-Product Attention

BEESIERE BRI PR R ME Z AR X

Input

Embedding

Queries

Keys

Values

el

. QK
Attention(Q, K, V) = softmax(
Vg

)14

(from Z={& @ our group)

BX, HERANFYIPEN TR AR R,

X l:l:l:': X l:l:l:l:l torch.randn(4,3)

o a T 1] we
g1 = torchmm(W _g,X 1)

[T 1]
k1 = torch.mm(W _k,X_1)

(111

[T T] |

(batch_size, seq_len, d_model)

dk =dv = dmodel/h




BBy Al #235: KRB + FilillZx

KA FTohmiELCRE
U i

Fii)ll s

=

a5 EES

M=

Mg

AN h&%ﬁ&
» | N

(from 2023 N TR BERITER X B ,

R T B LR &)



ARE + fllds  (BP1S) #ERiER CV R,

{8 B FEEaER S (5ELASEIR

ImageNet Fero-Shot

Dataset Examples RezNet101 CLIP & Score

ImageNet - 76.2 76.2 0%
ImageNetV2 +5.8%
ImageNet-R +51.2%
ObjectNet [ & # +39 7%
ImageNet (- 60.2  +350%

Sketch

+74.4%

, ImageNet-A [ :

CLIP (Contrastive Language-Image Pre-training),
arXiv:2103.00020

FeI\ T FERE SR ARBI B REMELASEIR,
HERFARNFEERSELREISFITERE.

(answer from Al experts @ meeting)

TURIZFEE, REEINZ B, SRR
BEX; SISHIBEHITERE (e.9. FEHF
EASIE. RESERREIGIFER)



Thank you!

Our journey is just beginning.




	幻灯片编号 1
	Motivation of AI
	幻灯片编号 3
	幻灯片编号 4
	幻灯片编号 5
	幻灯片编号 7
	幻灯片编号 8
	幻灯片编号 9
	幻灯片编号 10
	幻灯片编号 11
	幻灯片编号 12
	幻灯片编号 13
	幻灯片编号 15
	幻灯片编号 16
	幻灯片编号 17
	幻灯片编号 18
	幻灯片编号 19
	幻灯片编号 20
	幻灯片编号 21
	幻灯片编号 22
	幻灯片编号 23
	幻灯片编号 24
	幻灯片编号 25
	幻灯片编号 26
	幻灯片编号 27
	幻灯片编号 28
	幻灯片编号 29
	幻灯片编号 30
	幻灯片编号 33
	幻灯片编号 35
	幻灯片编号 36
	幻灯片编号 37
	幻灯片编号 38
	幻灯片编号 41
	幻灯片编号 44
	幻灯片编号 45
	幻灯片编号 46
	幻灯片编号 47
	幻灯片编号 48
	幻灯片编号 52
	幻灯片编号 53
	幻灯片编号 54
	幻灯片编号 55
	幻灯片编号 56
	幻灯片编号 57
	幻灯片编号 58
	幻灯片编号 59
	幻灯片编号 60
	幻灯片编号 61
	幻灯片编号 62
	幻灯片编号 63
	幻灯片编号 64

