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TeHaeHUUM n pesynbratbl B ML n Al (2020-2024)
* Pe3ynbratbl, npob6aembl u Bbi3oBbl 2020 (CV, NLP, GM, RL)
* TeHaeHUuun u pesynbtatbl 2020-2024:
* KOMMNbIOTEPHOE 3peHue

e 60/1bLLME A3bIKOBblE MOAENMN

4 Tpeka |
u3 2020 ° reHepauua AaHHbIX

e obyuyeHue c nogKkpenneHnem
HoBbiii * LLM-areHTbl, 06wunii U (AGI)
Tpek 2020+

* MepcnekTuBbl, Npobaembl n Bbi3oBbLI 2024

3adaya 0oknada — 0ame obwyro kapmuHy naHowagpma UN. Smo Habop KpamKux
nymesooumesnel no obaacmam, pesynomamam u uoesm coepemeHHo20 UU,
(Umo KAk pazsusaemcs, Ksaruesble €a108a, 20€ Mpo 3mo noYyumames) no3amomy 8 Hem
Hem 21ybokux obvacHeHul, 3amo 0aH pA0 rpumepos, cxem u obobuwieHul




TeHaeHUUM n pesynbratbl B ML n Al (2020-2024)
* PesynbTatbl, npob6aemsbl 1 Bbi3oBbl 2020 (CV, NLP, GM, RL)
* TeHaeHUunn n pesynbtatbl 2020-2024:

* KOMMNblOTEPHOE 3peHune
*_BoAbiNE-ASLIKOBbIE-MOACAMK
Arpewa | He ceroaHA
us 2020 * reHepauua AaHHbIX
* obyuyeHue c noakpenneHnem
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* MNepcnekTtusbl, npobnaemob! 1 Bbi30BbI 2024

3aday4a 0oknada — dames obwyro KapmuHy naHowagpma UN. Smo Habop KpamKux
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Hem 21ybokux obvacHeHul, 3amo 0aH pA0 rpumepos, cxem u obobuwieHul




TeHaeHUUU U pe3yabTaThbl
2021-2024 B 06n1acTH
KOMNbIOTEPHOro 3peHus

TpaHcdopmepobl B CV
dyHpaameHTanbHble mogenu B CV

Multimodal LLM

CNN vs. Transformers



NcxoaHbIA MHCTPYMEHT:

Moka3aHbl 9 xapaKTepHbIX
CTUMY/I0B Ha HEMPOH

YposeHb 1

Y S5 ®

YposeHb 4 ] ;

CBepToUYHble HEMPOHHbDbIE CEeTU B KOMMbIOTEPHOM 3PEeHUMU

KnioueBoe
ns3obpereHue:
CBEpPTOYHDbIN
HEeMUpPOH
PaboTaet
NIOKaNbHO B 3
Heb0obLIOM
OKPEeCTHOCTU

4

=
12
1
P

Nl e
R

32

Q0

96

+ Uepapxunueckan o6paboTKa
C noBbiWeHuem abcTpakuyum
AAHHbIX OT YPOBHA K YPOBHIO

Kakune anemeHTbl M306parkeHna pacnosHatoT
HEMPOHbI Pa3HbIX YPOBHEN: YeM Bbilue C/1I0M
CeTU, TeM BbilLe YpoBeHb abcTpaKkumm

AlexNet
(2011)

Visualizing and
Understanding
Convolutional
Networks,, ECCV’'14

+ C 2011 r. - pacno3HaBaHue
06pa30B Ha ypoBHe YeNoBeKa
unu Bbiwe (superhuman)

BepoaTHocTb pacno3HaBaHus

L

+ O6byueHue Ha cBepxbonbLuMnX
obbemax AaHHbIX

h

e e e e

ny6okoe oby4yeHune

1

Apyrve meToabl obyyeHus

AlexNet
LeNet GoogleNet  DenceNet
{ConvNet VGG \ Channel
: T Boosted CNN
)14 2015 2017 2019/20
O @, 20,0, 000000
1989 ) 2016 2018
ResNet EfficientNet
Inception ' ResNeXt
V2V3va

CNN Timeline

Evolution of Convolutional Neural Network, 2023

Object Detection with CNN Timeline

CV po 2020

CNN
Architectures

AlexNet

VGG16

VGG19

Inception V1

Inception V2

GoogleNet

ResNet18

ResNet34

ResNet50

ResNet101

HOG
DPM AlexNet
VJ detector detector
Object d
P.Viola N.Dalal P.Felzenszwab LeCun
2001 2005 2008 2012
Faster R-CNN  Fast R-CNN SPP-Net R-CNN -
wo stage
—— —
algorithms |
Kaiming He Ross Girshick Kaiming He Ross Girshick
2015 2015 2014 2014
CenterNet RetinaNet SDD
- YO I-O . One stage

ResNet152

DenseNet

SqueezeNet

MobileNet V2

Tsung-Yilin
2017

Xingyi Zhou
2019

»\:\..: (2015) ‘ algorithms
2016 |

O6bem obyyatoLenn BbIGOpKU

ShuffleNet V2

EfficientNet

2015-16: CNN pewarom ece
300a4U KOMIMbOMepHo20
~ 3peHua u yapsam oo 2020...




CNN yyumca
pacrno3HasaHuro
obpasoe Ha
npumepax:
cmumyn-peaxkyus
6e3 kakoz20-nubo
CUMBO0/IbHO20
npedcmaseneHusn

lMpobaemevi u ebizossl 6 CV (2020)
Moyemy pacno3HasaHusa obpa3oe He xeamuso?

[A, A BCE NOHHMAIO!

~

-

o o
.
e
-
5 ‘

BOT TONIbRO CRA3ATD

HHYETO HEMOTYV.

-

MamaTtb + coobpasuTtenbHocTb # UHTEenneKr!

CV po 2020

OcHOBHOe orpaHu4yeHue:
HEBO3MOXHOCTb
NCNONb30BaHMA
CTPYKTYPHbIX MoAeNen,
JIOTUK U OHTONOMNM

Ba)kHaa npobnema:
HeobXxoAMMOCTb
obyyeHuna Ha 6onbLnx
BblOOpKax (¥enarenbHo
Zero-Shot unn Few-Shot)

Yposeub 1

WY AN LT ml o

il =

#a Y3129 f -
#o DA P |

5 =
YposeHb 2

B 2016-2019 22. mbi
cyumanu, Ymo
OCHOBHbIM Nymem

PR o PaKEHUAX FY6 CETH KCHW3Y BBEPX? BLIMMCARIOT CTPYKTYPHbBIE NPU3HAKI
Jadayy Jyme OKPECTHOCTEH pasHoro maciutaba

Iny6okoe obyyerue| e =

4acmo ynpexaom S‘ “ J X

30 omeymemsue o< [ A \

UHMEPECHBIX <] ' Y,

mame u4eCKUX — s =

50904 U Modenel.  3HAYMT, M HA rPadaX HaM HYKHE cUCTeMa NOArpaos pasHoro macuwtaba

el rociopcesch B dzpadpet np 6epem U3 HUX NPUSHAKU 6OABLWUX

noKasame, Ymo
3MO HE CosCeEM

nodzpaghos, u MaK — NOKa He D npu sece zpagh

maoK... A Esﬂn;brehensiveiﬁ;r;éy'on Graph Neural Networks (Wu, Z. et al., 2015)

npeoooseHus
oepaHuyeHuli THC
CMaHym cmpyKmypHboie
FHC Ha 2paghax

Ho mel owubnuce!

Ce200HA amy ponb uzpaem
coscem Opyaoii mun l'HC,
803HUKwuUli 8 o6aacmu NLP,
K Komopol Mbl
U nepexooum...



TpaHchopmepsl B8 CV



TpaHcgpopmepol udym e CV! (2020+)

Knaccndpukauma ImageNet ObHapykenne MS COCO
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Mo paHHbIM https://paperswithcode.com/



ba3zoeas udesa npumeHeHuUsA / +
mpaHcghopmepoes K 3a0a4am 3peHus: Tp chcbop mepol uay me CV! ( 2020 )

8MeCmo MmeKCmMoebiX MOKEeHO08 -

¢ppazmeHmeoi uzobpaxceHuii Shifted Windows Swin Transformer (2021)
Vision Transformer (2020) Layer | Layer I+1 !
Vision Transformer architecture il = A local window to
| ' | - |perform self-attention
Vision Transformer (ViT) ' Transformer Encoder —_> ; |
I , ‘ ; -
<+ Head : f , A patch
: | [ wp | | =] =
Transformer Encoder :
] © —
""l‘.'.‘.&!.é'?n‘i’"* @g MS @5@I§ @5@?} @ﬁ “ @Iﬁ : A Hedd Apxutektypa D | e
11 1 mbeddin ng [ l|nurProjcumnufFlam.md Palchu ! Ixirxas ixigxe Fxqx2C HxfExdc X% >‘80: E a8 E ) [ EMEE
SEE I y : T LN ARG, T S N
mgl—~ilm§ﬂﬂﬂ . mar |8l |3 e HP e
s I Embedded £ 2 in |0t | 5 in i | B i g
1 Patches Images [P & % o' [0 % s _EU _g
(a) Architecture (b) Two Successive Swin Transformer Blocks
N306parxceHUe KaK «meKcm»:
8Ce MOKeHbl cpasHUBAOMCA MOMAPHO, TpaHCdJOpMBPbI 20p3000 mMmeoneHHee c8ePMOYHbIX cemeli
omcrooa Keaapamuqule eéblyucseHusn - us-3a Ksadpamuqulx BbNUCIIEHuﬁ, HO ecnu ux 6710Ku
npumeHsAMos /1I0KAs1IbHO, MO CKOPOCMb cyw,ecmeeHHO
An Image is Worth 16x16 Words: Transformers for Image Recognition at /
ynyywaemcs:

Scale Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk
Weissenborn, Xiaohua Zhai, Thomas Unterthiner, Mostafa Dehghani, Matthias
Minderer, Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlsby




MAE: Masked Autoencoders As Scalable Vision Learners (2021)

Self-Supervised Learning

MAE: Masked Autoencoders Are Scalable Vision Learners O |
B = =
Better BERT-style training = = . || ||
with a few tricks: ™ J = . = =
- Only encode /] O | . [l
non-masked tokens HE™HEE & = , 5 mpum . = =
U decodart /1] P [ 4 - EEOs encoder > Bl
- Useacdecoderto gppmmmmm > S lencoder > o [decoder 5> EENE O N
predict missing 710 " ! 'm HEER . . =

input . = & target . i
Simple autoencoding of [ Y . . H
RGB pixel values works | o = =
extremely well! = & . H
[ |

MAE: Masked Autoencoders As Spatiotemporal Learners, Christoph Feichtenhofer, Haoqi Fan, Yanghao Li, Kaiming He, Meta Al, FAIR, 2022

‘ Scaling up
Images Speech Language ! MIM Pre-training

i Model in teacher-mode (20M image data, 150 ep) Downstream Transfer
i
|
Original o] o I like tea with milk |
|
|

N 7N

|
E Teacher tracks
; 1 Predict model s
| ) ’ parameters
| Model in student-mode E representation of EVA
|
|

* Image Classification

* Video Action Classification

—
—’{'
—

* Object Detection

* Instance Segmentation

* Semantic Segmentation

* Scaling up Larger CLIP

« efc

|:| U U | onginal input 1.0B #param.
data2vec: A General Framework for Self-supervised

EVA: Exploring the Limits of Masked Visual
Learning in Speech, Vision and Language, MetaAl, 2022 Representation Learning at Scale, Fang et al., 2022

Cemu GPT u BERT obyyarom Ha 80cCMaHoO8seHuUe «3adMACKUPOBAHHbIX» (hpazcMeHmMo8 meKkcma.
Oka3anoce 0214 uzobpaxceHuli, audeo U Opy2ux munoe OaHHbIX 3Mo moxce pabomaem!



“What is the color of the |
behind the =

Q: Is there a blue box Q: What shape object Q: Are all the balls small?  Q: Is the green block to the  Q: Two items share a color,
in the items ? Az yes is farthest right? A:no right of the yel ll ow sphere? mﬂr rial, and a shape; whm

A: cylinder A:yes is the size of the rightmost
of those items? A: large
Predicted Program: Predicted Program: Predicted Program: Predicted Program: Predicted Program:
exist query- shape equal size exist count
filter_shape[cube] uni que query size filter_shape[cube] filter_shape [cube]
filter color[blue] elate[right] unique filter color[green] same material
scene ique filter shape[sphere] relate[right] unique
filte h ape [cylinder] scene unigque filter shape[cylinder]
fi lt r_color [blue] query size filter shape[sphere] =~ scene
eeeee unique filter_color[yellow]
filter shape[sphere] @ scene

filter size[small]

341
Predicted Answer: Predicted Answer: Predicted Answer: Predicted Answer: Predicted Answer:
v yes v cylinder v/ no Vyes X0

mpebyrowue paccyrcoeHuli:
«8U3yanbHbIl mecm TolopuHaa»

Omeemol Ha eu3yadsbHbIe 80MPOCHI,

Multi-modal Learning

CoBmecTHas 06paboTKa cMrHanbHOM M CUMBO/IbHOU MHPOPMaLLUK

2017: UN-1 BcTpeuaeTca ¢ UN-2111

tokens
bbox

—| Image features = = = =

Self-Attention for Vision

Ashish Vaswani', Prajit Ramachandran’, and Aravind Srinivas?

" Google Research, 2 UC Berkeley

CIERE- -
A A \ -
| R
3 Type 1
v % Question type =

—— Cross Transformer R Type2

encoder decoder |
A | Answers
' : of type 1
IEEL  LILLLL

|
Text features ] | |:l|:| : — Answers
.......................... '  oitype
Object QA specnf‘ c : question:

2021: PaHblue Ka3anocCb, YTO 34eCb HYXHbl 6a3bl 3HAaHUWU U 0rnMyYecKoe
nporpammupoBaHUue, Tenepb 310 genatot TpaHchopmepbi!

Kamat

h et al 2021




Multimodal Learning

Data Fusion at the feature level (Ha yposeHb Huce)

Multi-medal Learning
CLIP: Visual representations from image-and-text dat

CLIP [Contrastive Language-lmage
Pre-Training) is a NN trainedon a
variety of (image, text) pairs. It
predictsthe most relevant text
snippet, given animage, without
directly optimizing for thetask

EOuHoe
npocmpaHcmeo
pedcmaeneHul
0219 meKkcma u
uzobpaxceHuli!

(1) Gontrastive pre-training (2) Greate dataset classifier from label

| %|nh Tn

1A%
_ I & :

= W

Fé Image

) ’ TE -

1) Cross-Medtal Retrieval

Andio l-bgv\ & Veews

Depes Tent
r ‘:—r sl ol o0 g e
L el
lr e
A e meing

EouHoe 1) Embedding Space Arithmetic 3) Awdio to Image
@ + [ e
)» —— Nassrally Aligned

npocmpaHcmeo
npedcmasaeHud =.2 % ¢ 0 Ermes A
Nob Image-Toxt (A Gl Depeh Sensor Data &) [:)@ Web Videos @1
onaecex . . - :

modanvHocmeii! - ™

IMAGEBIND ()

I
Egocentric Videos »
S B a—

|

Thermal Data [&

Overvew

b

ata Fusion at the token level

[ Text Token
[ ] Image Token

Multi-modal Learning

A cat with white paws jJumps over
afence in front of a yellow tree”

Self-Attention for Vision

' Googhe Research, ? UG Barkelery

mps over|
in iruﬂiol -]

Vi

@ no object

Kamath et al 2021
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Tekcmoeasble

U su3yasbHbie
OdHHble
nepeeooamcs

8 MOKEHbl,
eouHas neHma
Komopbix uéem
Ha exo0
mpchd)opme;B

| »
BioBridge: Bridging Biomedical Foundation Modelsvia Knowledge Graphs [ instance imagesstext and EQuHOE MpoCmpaHcmeo
lod with egocentric cameras, etc. -
Contrastive Learnin ) ImageBind . -~ Bri I¢ fignments and capabifities npedcmasnenul
| P Vo dng bigkogical process ona CCC-X
prolon  bickgikalprocsss | @ dopth : ipenct MmodanbHocmeii!
‘% e : 1 : ’ enzyme with B
N 1 et image  gemal H W'/
dsense | N T .°f“3 . = @ EQ ' ?& -
® AN o oo [\ o P
ey Bon | B A K a3HbIe
) ) @ gl .
oo | ® -
Combination of Paired Data Contralized Paired Data : Multi-rriodal Graph npocmpchmea
[ ernau £A
ERR ﬂ = ! L i npedcmaeneHul
I nirative oarmitg Al aign o ceniral modaiy Al frozen and oo the u 8bl yq eHHble
. AnsmepHomuea:
The conceptual comparison previous methods. Left: multimodal T T e
trastivel CLIR,1 i bination of paired dats, updating all unimodal
e el e ol npeobpasosaHus
maodel frozen; Right: BioBRIDGE learns the tansformation across ies from a multi
K6, kesping i s rzen. e mexoy Humu
BioBridge: Bridging Biomedical Foundation Models via Knowledge Graphs, Amazon, 2023 MERDY HuMU

Data Fusion at the language level (Ha ypoeeHb 8biwe)

Socratic Models: kKak sacTaBuTb pasHbie OTAENb] KMO3ra»
pabotatb Bmecte. OT GhatGPT k yaty UM-areHToB

yHUeepcanbHas cxema
WU dna ecex 3aday?

BosmoxHa nu

ChatBridge: Bridging Modalities with LLM

Data Fusion at the language level

= e
=%
o e
e (mmsmen——————

ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst, Zhao et al., 2023

Bce BXOMHLIE W BLIXOOHbIE
[OaHHbIe HYWHO NepeBecTH B
TEKCTOBYH) MOOANBHOCTE,
€ KoTopoi paGotaiwr LLM.

S| ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst
We harness the power of advanced LLM as the catalystto bridge modalities with easy acquired,
language-paired two-modality data (e.g., image-tex, video-text, and audio-text), resulting in a multimodal LLM.

Bce exo0Hvble
U 8bIXOOHbIE
nepesooum 8
meKcmoesyo
mooano-
HOCMo,

¢ Komopou
pabomarom
LLM e yame



Multimodal Learning
Vision-Language Models (VLM)



Multi-modal Learning

CLIP: Visual representations from image-and-text data

CLIP (Contrastive Language-Image EOuHoe npocmpaHcmeo

Pre-Training) is a NN trained on a npeocmaseneHuli
(1) Contrastive pre-training variety of (image, text) pairs. It (2) Create dataset classifier from label text 0711 meKcma u
predicts the most relevant text uzobpaxceHuii!
snippet, given an image, without ]
. directly optimizing for the task —
. »L ie 1 A—— Text _ ‘ A photo of Text
B Encoder l | | T ?lat : Encoder
Y v‘ | : v :
ol 3l 5 | - | :
—>» h LW [ LT | LT Ty ‘
Y : Y \ 4 Y
—» I3 LTy | 12Ty | 11 I Ty T Ts T3 | Ty
Image | : T -
Encoder R T | BT . ain >l 1Ty | 4T (RS TN
'
L Iy INTy | INTa | 1Ty b A Pheto/nl

Learning Transferable Visual Models From Natural Language Supervision, 2021 Data Fusion at the feature level




ImageBind: One Embedding Space To Bind Them All (CLIP++)

g 3 . . .
1) Cross-Modal Retrieval IMAGEBIND’s joint embedding space
Audio Images & Videos Depth Text enables novel multimodal capabilities.
E L, By aligning six modalities’ embedding into a
\ the fire” : A common space, IMAGEBIND enables:
b “Fire 1s crackling then wind starts blowing.” . .
Crackle of a Fire | s eFirewiod crasld s thei fiic. 1) Cross-Modal Retrieval, which shows
‘ 2 : emergent alignment of modalities such as
: 3 by s caying While aoddIet 15 langhig.” audio, depth or text, that aren’t observed
’)) v “A baby 1s laughing while an adult is laughing.” u 4 P 4
Baby Cooing “A baby laughs and something....” together. 2) Adding embeddings from

- different modalities naturally composes
their semantics. And 3) Audio-to-Image
generation, by using our audio embeddings
with a pre-trained DALLE-2 decoder

designed to work with CLIP text

3) Audio to Image Generation

embeddings.
A & B <) » - IMAGEBIND [T
Images Videos Text Audio Depth Thermal IMU imekgentahsnmen ‘
Web Image Text -u Depth Sensor Data -‘ Web Videos -‘:)) Thermal Data :

Sheep basking in the sun

IMAGEBIND overview. Different modalities occur naturally aligned in different data sources, for instance images+text and EduHoe npocmMpaHcmeo
video+audio in web data, depth or thermal information with images, IMU data in videos captured with egocentric cameras, etc.
IMAGEBIND links all these modalities in a common embedding space, enabling new emergent alignments and capabilities

npedcmaseneHuli
051 ecex
IMAGEBIND: One Embedding Space To Bind Them All, FAIR, Meta Al, 2023 mooanbHocmel!



BioBridge: Bridging Biomedical Foundation Models via Knowledge Graphs

Contrastive Learning ImageBind .. Bridge (Ours)
. . rAa0 drug biological process
protein biological process @ depth interact
o L | | ' Enz}fme Wlth |]| m
i (] .
ﬂ\ text image the"éal pmtem
o o =& )
-y |
video

A ?

anatomy phenotype
N2
&

Combination of Paired Data

Joint optimization via paired
contrastive learning

target
associated
with
contraindication

. ——_ disease

dlsease ‘
,- E |nd|cat|on ;

Multi-modal Knowledge Graph

. tra nsfurmatlc:n E

All frozen and learn the
transformation

G
audio ‘)) @ IMU

Centralized Paired Data

o B 5

All align to central modality

AnbmepHamuea:
MOX(HO ocmasums
pasHbie npocmpaHcmea
npedcmaeneHuli u
ebly4ueameo
npeobpasoeaHus
BioBridge: Bridging Biomedical Foundation Models via Knowledge Graphs, Amazon, 2023 mexcdy HUMu

The conceptual comparison between our methods and previous methods. Left: multimodal
contrastive learning, e.g., CLIP, learns from a combination of paired data, updating all unimodal
encoders; Middle: ImageBind aligns all modalities with the central modality, with only the central
model frozen; Right: BioBRIDGE learns the transformation across modalities from a multi-modal
KG, keeping all FMs frozen.



Multimodal DETR (M-DETR)

set of images
features

Multi-modal Learning

Data Fusion at the token level

in front of %]
2D pnsitignal predicted ? I
— embedding boxes . A
CNN aH— H——(+
&
- Concat +| Transformer |
W : , ; E Tekcmoesblie u
A cat wrﬁh white paws jumps over RoBERTa 3 "
a fence in front of a yellow tree” 2 8u3yasibHble OaHHbIe
sequence of flepesodamcs 6 T e object
text features o3y nHO6pasHoe
) — npeocmaesneHue
Self-Attention for Vision u nomom
Ashish Vaswani', Prajit Ramachandran', and Aravind Srinivas?® o6pa6ambleafomc,q
coemecmHo!
' Google Research, 2 UC Berkeley Kamath et al 2021




ChatBridge: Bridging Modalities with LLM Data Fusion at the language level

° o<
g2 Perceiver
o
Image p
o
(This is a video about a racingﬂ\ Ry Image \\
..... video game. In the video, the , >
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i
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| .
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| g5 [ Percelver
Audio a

Bce BXOAHble U BbIXOAHbIE
Language | can you slaborste on e | X [aHHbIe HYXKHO NepeBecTU B
Instruction | elements cfthevideo? | TEKCTOBYIO MOAANbHOCTb

J
C KoTopou pabotatoT LLM.

ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst
We harness the power of advanced LLM as the catalyst to bridge modalities with easy acquired,
language-paired two-modality data (e.g., image-text, video-text, and audio-text), resulting in a multimodal LLM.

ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst, Zhao et al., 2023



Data Fusion

Socratic Models: KaK 3acTaBuTb pa3Hble OTAE/Ibl KMO3ra»
at the agent level

paboratb Bmecte. Ot GhatGPT K uaty UMN-areHTOB

e B " = - @ -
Internet ~_ Multis-modal Learning
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Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language, Google, 2022



Socratic Models: Kak 3acTaBuTb pa3Hble OTAENbl «MO3ra» Data Fusion
pabotatb BMecTe. OT GhatGPT K uaty UM-areHTOB at the agent level

MeTtoa CokpaTta — pewieHue 3agadum nytem guarnora BHyTpu paboTa «COKpaTU4eCKon Mmoaenu»
AeNcTBUTesibHO BbIrMAAUT Kak yat UN-areHTOB!
Socratic Question to Video Search Socratic Egocentric Image Summaries Socratic Video Q&A with Linguistic World-5State History
o R S T e I'.' @ Generated Linguistic World-State History from Video
@ my remote control? — 10:38 AM: Places: living room. Objects: sofa bed, loveseat, coffee table
(@) living room Activities: watching TV. | was watching TV in a living room
M search entity? g V 11:08 AM: Places: living room. Objects: remaote control, television, netflix
Vi SEArLl Sy @ @VLM what do | see? @ Activities: watching netflix. | was watching netflix on the television
12:19 PM: Places: television room. Objects: television, remote contro

,f_:\_ T e . B netflix, Activities: watching netflix. | was watching netflix on a television

W ( ) remote control, television, netflix

) mate o '

@ matches for remote control @LM & @VLM what am | doing? @ .

10:38 AM 11:08 AM 12:19 PM @ where did | leave my remote control?

@ watching netflix, sitting on the couch e
(.:j | left my remate control in the living room.
f&__j" watching netflix

@LM summary? @ || W :"'-;|'f|-'| n? @

; | was watching TV in the living room
@ | am watching netflix on the television. (“’) and | needed it to change the channel.

from LMs are blue, VLMs green, ALMs purple, prompt text gray, user inputs magenta, VLM-chosen
LM outputs green-underlined blue, and ALM-chosen LM outputs purple-underlined blue.

Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language, Google, 2022



Zero-shot / Few-Shot

Foundation Models (2020+) 2
Machine Learning . N [ﬁh .
‘ Leaming Foundation Models .\4&-;?
Mﬂ,eﬂ: 06quTb O.D,Hy MOﬂe.nb Ha Emergence of... “how” features functionalities |
6OJ1bI.IJOM 06-beMe naHHbIX, a noTom Homoggnlzatlon of... learning algorithms architectures  models -

cpa3dy NPpUMeHATb ee ANnAd MHOXeCTBa . .
T Tasks Center for Research on Stanford University

P ) Human-Centered
e Foundation Models Artificial Intelligence

Answering '

Data

Text | !

@ - In recent years, a new successful paradigm for
Analysis . . .
% w) building Al systems has emerged: Train one

1 > o p— @) model on a huge amount of data and adapt it
T ! 3 nformation _.* : ] ]
- — ﬁb’ @ % to many applications. We call such a model a
Trainin F dati .
speccn /1, W e & S las / foundation model.
.' Structured
. Data
B & | . Re i Foundation models (e.g., GPT-3) have

demonstrated impressive behavior, but can fail
unexpectedly, harbor biases, and are poorly
understood. Nonetheless, they are being

Fig. 2. A foundation model can centralize the information from all the data from various modalities. This deployed at Scale
one model can then be adapted to a wide range of downstream tasks.

https://arxiv.org/abs/2108.07258 https://blog.inten.to/foundation-models-h89e7610057

Instruction

N
%ﬁ". Following .. -

Upea cnanpa: Grigory Sapunov, NLP in 2021, OpenTalks.Al / 2022
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dyHaameHTanbHble moaenun ana CV
(Zero-Shot Solving Classical CV Tasks)

YpoBHU aHanun3a gaHHbix B CV

YpoBeHb CLEeHbl Knaccupukauma n onucaHue cueH (oTHoweHuA, geiicrtema), VQA

YposeHb 06beKTOB obHapyKeHMe 06BHBEKTOB, CEMAHTUUYECKanA CerMeHTauuA...

YpoBeHb NPU3HAKOB ocobble TOUKU, NMHUK, Yrabl, 061aCTU, KOHTYPbLI, TEKCTYpA...

YpoBseHb n3obpaxeHus nuKcenbl (NonoxKeHue, APKOCTb, LiBET)



Fundamental Models for Vision Tasks

Recognize Anything: Image Tagging (Multi-label Image Recognition) mﬁ':m“"
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Figure 4 Absolute improvement of CapPa over CLIP* in various settings, Left: CapPa pairs

significantly betier with decoders in image-language tasks, especially when the decoder is a

trained and frozen language model. Right: CapPa seems to be a noticeably better frozen feature

extractor for fine-grained classification tasks (we show L/14 results, see appendix for B/ 16).

‘We presented an extensive comparison of vision encoders pretrained with a
contrastive and generative (captioning) cbjective and found that the
generatively pretrained encoders obtain better performance when used for
captioning. VQA. fine-grained and few-shot classification tasks. while achieving
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SAM: Segment Anything, Foundation model for segmentation
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() Task: promptable segmentation (b) Modeh: Segment Anything Model (SAM) (c) Data: data engine (top) & dataset (dotiom)
Fi dation modelfor seg withthreeinterconnectad components: 3 promptable

segmentation task, 3 segmentation model (SAM) that powers data annotation and enables zero-shot
transfer to a range of tasks via prompt engineering, and 2 data engine for collecting SA-1B, our
datasetof overl billion masks.

(T - mask doceder
o g - H ' | 0
encoder
conv promgt encadar
o | i 5
1 ! !

g embodting MAK  poiss B text

walid manks
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Supervised | Self-supervised

Overview
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MAE pre-pretraining for billion-scale pretraining

MAE + Weakly-supervised
pretraining (W5P)

Pre-pretraining Masked Autoencoder (MAE) |earnsvisual
representations from imag e datassts without using any

MAE + Weakly-
supervised
pretraining (WSP)

MAE—>WSP, or MAWS for short, first trainsthe encoder
using the MAE self-supervised method using only the
|mag5 This pre—pretlalnlngstage |nlt|ai?_5them odel
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Discriminative .
Self-supervised
Pre-training .

a

Yy
()

DIMNO: Distillation with NO labels. DINO simplifies self-
supervised VIT training by directly predicting the output
of a teacher network [buik with a momerntum encoder)

by using a standard cross-entropy loss. ‘

Emerging Properties in Seif-Supenised Vision Transformers, 2021

e
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py

guage processing for model
Srarare opened theway for similar
. Thesemodekcould greathy
em by producing generalpurpose
visual festures, i, es that work across image distributions and
tasks without fin Thiswork she existing pretraining
methods, especially self-supervised methods, can produce such features
FEerainadan anannhonr=rad data from diverse sources. We revisit
Izine different techniguesto scale our

YpoBeHb n3obparkeHns nemosia

esearch, 2024,

Overview of our data processing pipeline.
Imagesfrom curated and uncurated data sources
are first mapped toembeddings. Uncurated
imagesare then dedupliated before being
matched to curated images. The resulting

simplifythe use of

3a/4a4: BaXXKHO, YTO6bI B

2023

Buaumo, ntoban cnoxKHaa BU3yanbHaA 3aga4a MOXKeT CTaTb
UCTOYHUKOM ANA nonyvyeHna GyHAaMeHTaNIbHOU moaenu,
KOTOPYIO He NpuaeTca NnoTom Ao006y4yaTtb ANA pelleHUA HOBbIX

HeW BblpaboTanncb Hy)XHble NPU3HAKMK



DINOv2: Learning Robust Visual Features without Supervision PynAameHTansHan

Mopgenb JONXKHA UMETb
YHUBEpPCabHbIE U

empirical evaluation: Patch matching B G —

(Drawings / Animals)

DINOv2: Learning Robust Visual Features without Supervision. Meta Al Research, 2024. YpoBeHb NpU3HAKOB



Pretraining: Kakas npokcu-sagayda nydiue

Image Captioners Are Scalable Vision Learners TOO | ,cero? (Ananor xnacenduraumm na ImageNet)
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Figure 4: Absolute improvement of CapPa over CLIP* in various settings. Left: CapPa pairs V€T CLIP* for a decoder

significantly better with decoders in image-language tasks, especially when the decoder is a pre- trained from scratch (LiT-d.).
trained and frozen language model. Right: CapPa seems to be a noticeably better frozen feature @ frozen TS5 d[ac:?der, and a
extractor for fine-grained classification tasks (we show L/14 results, see appendix for B/16). frozen GPT-2 similar to [44].

100 ;
We presented an extensive comparison of vision encoders pretrained with a BN CLIP* (8Kk)

contrastive and generative (captioning) objective and found that the = Eap
generatively pretrained encoders obtain better performance when used for e
captioning, VQA, fine-grained and few-shot classification tasks, while achieving
competitive performance in classification overall. In conclusion, we established
ImageNet CIFARI00  Pets Cars
Figure 7: Pretraining on LAION-400M.

|
n

10-shot Accuracy [%]
Lh
o]

plain image captioning as a competitive pretraining strategy for vision
backbones from image-text data

Image Captioners Are Scalable Vision Learners Too. Google DeepMind, 2023.



MAE pre-pretraining for billion-scale pretraining

S5v2 K400
Accuracy Accuracy

B R

iNat18
Accuracy

LVIS 5 . INlk
APpbox ~ Accuracy
iNat18 IN1k
5-Shot ] Linear
?9_’?9 mmmm MAE—WSP
INlk IN1k W SP
5-Shot Zero Shot = MAE

Figure 1: MAE pre-pretraining improves performance. Trans-
fer performance of a ViT-L architecture trained with self-supervised
pretraining (MAE), weakly supervised pretraining on billions of im-
ages (WSP), and our pre-pretraining (MAE—W SP) that initializes
the model with MAE and then pretrains with WSP. Pre-pretraining
consistently improves performance.

MAE + Weakly-supervised
pretraining (WSP)

Pre-pretraining Masked Autoencoder (MAE) learns visual
representations from image datasets without using any
labels. MAE randomly masks 75% of an image and trains the
model to reconstruct the masked input image by minimizing
the pixel reconstruction error.

Weakly-supervised pretraining (WSP) leverages images
with associated ‘weak’ supervision for training models. We
convert the text into a discrete set of labels, specifically
leveraging hash-tag information We then use a multi-label
classification loss to train models. We refer to this method
as WSP.

MAE->WSP, or MAWS for short, first trains the encoder
using the MAE self-supervised method using only the
images. This pre-pretraining stage initializes the model
while simultaneously being computationally efficient
because of the masking used in MAE. In the second stage,
we pretrain the encoder using both the image and
associated weak supervision. This combination
outperforms using either strategy in isolation, i.e., an MAE
model or a weakly supervised model trained from scratch.

The effectiveness of MAE pre-pretraining for billion-scale pretraining. Meta Al, 2024.



DINOv2: Learning Robust Visual Features without Supervision Discriminative Self-

DINO: Distillation with NO labels. DINO simplifies self- § 2 .
supervised ViT training by directly predicting the output
softmax

of a teacher network (built with a momentum encode
by using a standard cross-entropy loss.

Emerging Properties in Self-Supervised Vision Transformers, 2021 j‘> student g, ema_

Uncurated Data
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L e
Curated Data Embedding i i Deduplication

Retrieval

Overview of our data processing pipeline.

Images from curated and uncurated data sources
are first mapped to embeddings. Uncurated
images are then deduplicated before being

matched to curated images. The resulting
combination augments the initial dataset
through a self-supervised retrieval system.

solimax
centering

teacher g

Augmented Curated Data ‘\./‘

The recent breakthroughs in natural language processing for model
pretraining on large quantities of data have opened the way for similar
foundation models in computer vision. These models could greatly

supervised Pre-training

Discriminative Self-supervised
Pre-training

We learn our features with a
discriminative self-supervised method
that can be seen as a combination of
DINO and iBOT (Zhou et al., 2022),
losses with the centering of SWAV
(Caron et al., 2020). We also add a
regularizer to spread features and a
short high-resolution training phase.

simplify the use of images in any system by producing generalpurpose

visual features, i.e., features that work across image distributions and
tasks without finetuning. This work shows that existing pretraining
methods, especially self-supervised methods, can produce such features
if trained on enough curated data from diverse sources. We revisit
existing approaches and combine different techniques to scale our
pretraining in terms of data and model size.

DINOv2: Learning Robust Visual Features without Supervision. Meta Al Research, 2024.



DINOv2: Learning Robust Visual Features without Supervision R

Mmopgenb A0/IKHA UMETb
YHUBepca/ibHble U
pob6acTHble NpU3HaKKU

Foundation
models in
computer
vision should
have features
that work
across image
distributions

and tasks

without

finetuning!
Qualitative Results. PCA of patch features. Visualization of the first PCA components. We compute a
1) our unsupervised foreground / background detector, PCA between the patches of the images from the same
performs very well and is capable of delineating the column (a, b, c and d) and show their first 3 components.
boundary of the main object in the picture. Each component is matched to a different color channel.
2) other components correspond to "parts" of objects and Same parts are matched between related images despite
match well for images of the same category( emerging changes of pose, style or even objects. Background is
property — model was not trained to parse parts of objects). removed by thresholding the first PCA component.

DINOv2: Learning Robust Visual Features without Supervision. Meta Al Research, 2024.



DINOv2: Learning Robust Visual Features without Supervision

(Elephants)

(Drawings / Animals)

Qualitative Results. Patch matching.
Finally, we explore what type of
information our patch-level features
contain by matching them across images.
We start by detecting the foreground
object using the procedure described
above. Then, we compute the euclidean
distance between patch features extracted
from two images and map them by solving
an assignment problem. In order to reduce
the number of matches, we then apply a
non-maximum suppression.

Matching across images. We match
patch-level features between images
from different domains, poses and even
objects that share similar semantic
information. This exhibits the ability of
our model to transfer across domains
and understand relations between
similar parts of different objects.

DINOv2: Learning Robust Visual Features without Supervision. Meta Al Research, 2024.
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SAM: Segment Anything, Foundation model for segmentation SO AL

CTOJIb XKe dJpr,ameHTaana'

valid mask valid mask |—> annoiate —l
lightweight mask decoder model data
T T— train q—"
model
J\ imz‘sjﬂ Segment Anything 1B (SA-1B):
Encoder
- B ; * 1+ billion masks
e« ® cat with EJ:(T(I]ZI' * 11 million images
. black ears * privacy respecting
T ) T * licensed images
segmentation prompt image prompt image
(a) Task: promptable segmentation (b) Model: Segment Anything Model (SAM) (¢) Data: data engine (top) & dataset (bottom)

Foundation model for segmentation with three interconnected components: a promptable |
segmentation task, a segmentation model (SAM) that powers data annotation and enables zero-shot  riuur 3 Each column shows 3 valid masks generated by
transfer to a range of tasks via prompt engineering, and a data engine for collecting SA-1B, our i M o e L
dataset of over 1 billion masks.

—E}—— mask decoder
image -
encoder [ \ T T T < -a s +‘po:1n t} #
, / conv\ prompt encoder =
R image t T T t
Image ernbe d%lin o mask  points  box text

valid masks
Segment Anything Model (SAM) overview. A heavyweight image encoder outputs an image

embedding that can then be efficiently queried by a variety of input prompts to produce object
masks at amortized real-time speed. For ambiguous prompts corresponding to more than one object, g, By BB gentoves pirl: G g ratirth

SAM can output multiple valid masks and associated confidence scores. simple and nuanced text prompts. When SAM fails to make
a correct prediction, an additional point prompt can help.

Segment Anything, Alexander Kirillov, ..., Piotr Doll ar, Ross Girshick, Meta Al Research, FAIR, 2023
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Fast & Faster Segment Anything: SAM ewe 6bicTpee U KOMNaKTHee

Detect Branch

P5 [—‘! Mask Coeﬁ.-‘j J?Si

| R— ( ljJ [ Detect ' (53

P4 I_‘f Mask Coeff. ) !
CNN FPN 'fs | Detect 1| ‘., C'fp |
Backbone l_.[ Mask Coeff. ‘ i |
T Aj i Detect :]— A S

!, ProtoNet | 5 ‘“1' .
\» Threshold |

Mask Branch [

o

% T T T
* +0.0137 -0.0342 : +0.6846
1 Mask Coeff. | -

—c—t

Box-prompt Text-prompt

“The black dog”

Point-prompt
Image Text
Encoder Encoder

) [
* —HE
=[] cue

ABTOPbI 3aMeHUNN TAKENDbIN sHKoaep ViT B SAM Ha
CBEPTOYHbIN aeTeKTop YOLOV8-seg. bnarogaps atomy yaanoci
Ao0buTbca yckopeHusa B 50 pas, cCoOxpaHMB Ka4yecTBO
npeacKkasaHUi Ha cpaBHMMOM ypoBHe. MeTtopg FastSAM
COCTOUT U3 ABYX 3TAMNOB: CErMeHTaLuMA BceX 06beKToB Ha
n3obparkeHnn 1 BbiI6op 06bEKTA COrTIaCHO NPOMNTY.

»]

Fast Segment Anything, 2023
https://habr.com/ru/companies/sberdevices/articles/757606/

B MobileSAM aBTopbl 3ameHnnun ViT-H, sHkogepom ViT-S,
YMeHblUueHHoM Bepcuen ViT. Ona obyyeHms HoBoro SAM
aBTOPbI NPEANOKUIN METOA, pa3aeNbHOU AUCTUANALUN
B ABa 3Tana: AUCTUANALUNA IHKoAepa n3obpaxkeHunii n
A00byuyeHMe gekogepa MacoK.

Finetuning (optional)

ViT-based (large) image 1 prompt-guided | mask
image encoder embedding : mask decoder ;
distillation icopy
v | i
ViT-based (small) image i, prompt-guided L mask
image encoder embedding mask decoder 1 as

image

MobileSAM B 60+ pa3 MeHbLLE MO pa3mepy U Npu 3sTom
MMeeT KauyecTBO, CpaBHUMOE C OpUTrMHaNbHbIM SAM.
MobileSAM B 4 pa3a 6bicTpee u B 7 pa3 MeHbLue, Yem
FastSAM. MobileSAM moxHo 06y4nTb Ha ogHom GPU
MeHee 4YeM 3a AeHb, a UHPEepPEeHC OAHON KaPTUHKMU
3aHMmaeT 10 mc.

Faster Segment Anything: Towards Lightweight
SAM for Mobile Applications, 2023



Grounding DINO: Open-Set Object Detection 3aAa4a 06HARYIKEHNA

CTONb e pyHAAMeHTaNbHa!
_ Obiject localization Text understanding .
4

-

Collaborate with stable diffusion.

COCO pre-defined categories Human-input novel categories Human-input reference sentences

person worldcup The bottom man with his head up Prompt (modify background): All people
Srandardiabisct Dategti Zero-Shot Transfer to Referring Object Detection around the world cheer with a worldcup.
apcat jgc s iechion d Novel Categories (Referring Expression Comprehension)j
X
(a) Closed-Set Object Detection (b) Open-Set Object Detection (c) Application: Image Editing

(a) Closed-set object detection requires models to detect objects of pre-defined categories. (b) Previous work zero-shot transfer models to novel categories
for model generalization. We propose to add Referring expression comprehension (REC) as another evaluation for model generalizations on novel objects
with attributes. (c) We present an image editing application by combining Grounding DINO and Stable Diffusion

Grounding DINO: Marrying DINO with Grounded Pre-Training for Open-Set Object Detection, 2023



Recognize Anything: Image Tagging (Multi-label Image Recognition)
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(Accuracy & Scope)

With image-tag-text triplets, RAM unifies the captioning
and tagging tasks. RAM introduces an off-the-shelf text
encoder to encoder tags into textual label queries with
semantically-rich context, empowering the generalization

RAM liying room, dog, blanket, carpet, couch, desk, furniture, pillow, plant
sit, wood floor, lamp

living room, dog, sit on, blanket, couch, plant, modern

Missing: lamp, carpet

Tag2Text

living room, lamp, houseplant, cushion, throw pillow, picture frame

ML-Decoder Bad: property, design, throw
Missing: dog, couch, carpet, blanket

living room, dog, sit, couch

BLIP Missing: lamp, blanket, carpet
Google couch, picture frame, lamp, houseplant, wood floor, flowerpot, carpet
Tagging API Bad: event, property, television

Missing: living room, dog, blanket

|
| Christmas market, Christmas tree, stall

BU3ya/ibHasA 3agaya
MOKeT CTaTb
UCTOYHUKOM ANA
nonyyeHms
dyHAAMEHTaNbHOM
Mmozaenu, KotTopyio
He NpuAaeTca NOTom

| ) buildi
¥ ol s SN Aoobyuatb Ana
| 2 5

Christmas market, Christmas tree, snow
: Missing: building peLUEH Mﬂ HOBb'X
i s s e e e s e
| Christmas decoration, town square, mar, 3aAaI.I

| Bad: human hair, human head, mixed-use

Christmas market, winter, town, people
Missing: Christmas tree, snow, building

—r————

Person, Building
| Missing: Christmas tree, snow, market

to unseen categories in training stage.

. ™
Generation Image-Tag Image-Tag-Text
Interaction Encoder Generation Decoder
e _J

I

Parse A cat laying in a suitcase

‘ cat, lay, suitcase, pillow ‘ (Offline) " next 1o a pillow,
Tag
Text
Tagging E -
Image e s T A
Encoder  |Attention Recognition Decoder B e
romp

Embeddi CLIP Text
Textual [ |:| |:| m |:| |:| ';gf:mé";g

Label Queries <o oy cutcose pilow dog person

Encoder

Recognize Anything: A Strong Image Tagging Model, 2023

Recognition Scopes of different
tagging models. Tag2Text
recognizes 3,400+ fixed tags.
RAM upgrades the number to
6,400+, covering more valuable
categories than Openlmages
V6. With open-set capability,
RAM is feasible to recognize
any common category.

Microsoft
(3,464)

coco
\ (80)

|
Tagging Products — Openimages V6 Classification
oogle  (19,982) |mageNet
(6,792) (1%00)
Apple CIFAR100
(1,301) (100)

Top-10k frequent \ -
(10,000) NUS-WIDE

(81)

V- coco coco

29)
HICO
x (117)

ADEZOk
(150) Coco
(133)

Segmentation

—— Openlmages V6 —— Tag2Text === RAM-seen RAM




AM-RADIO (anpenb 2024): Vision Foundation Model for All Domains

PCA feature visualization of different models YH ueépcanobHasn ¢y HOaMeHManbHas

Input Image DFN CLIP-H/14 27x27 modenb 04 3a0a4 CV! e b
3 ) ' ) ~— DFN CLIP H-14 INTKk=NN
the overview of the AM-RADIO framework —— SAM H-16 86,06

IN1k Zero-Shot
83.90

Vision \ | etc. .‘i
Foundation ( cLIP i
Model 4 «_

DINOv2-g-reg 64x64 X RAD'O'!"/16 64x64 ‘ o Vision-Language

coco

General Models |
purpose '\» User: What type '
Feature Maps of radio? ‘

J %ﬂ) System: Vintage
Pixel-level Text Semantic ‘

tasks: grounding: segmentation:
A radio on - ‘

V34, 34 49 92

48 68
7029

51.34
ADE20k

/

sandy

657

Bce ypoBHMH,

BCe NnpusHaKku!

benchmarks
on classification,

segmentation, VL-

beach, with 1 \ 8471

beach ball
nearby

‘ PascalvOC

6301
GQA

85.62 ////
591

modeling tasks

TextVQA
56,78

563)

4718
3 VQAv2

I 1948
75 23

86.20
POPE

AM-RADIO is a framework to distill multiple pretrained vision foundation models, such as CLIP, DINOv2, SAM, into a single model that
we call RADIO. As a result, a single vision foundation model agglomerates unigue properties of the original models. This unifying approach
obtains state-of-the-art feature representations in a single forward pass while also enabling unique properties such as zero-shot
classification (CLIP) or open set instance segmentation (SAM) at negligible additional cost. Our proposed RADIO model can process any

resolution and aspect ratio, and produces semantically rich dense encodings.
AM-RADIO: Agglomerative Vision Foundation Model Reduce All Domains Into One, NVIDIA, 2024



A BO3MOXHO,
Nyywe Bce cpasy!

AM-RADIO (anpenb 2024): Vision Foundation Model for All Domains

MSE Error vs Resolution Model Reso]ution Images

2.2

2.0

Foundation models in CV should have . * ga¥
features that work across image
distributions, tasks and resolutions
without fine-tuning!

k2
o

£
IS

MSE Error

—
N

|
=)

£
@

DINOv2-g 518

200 300 400 500 660 760 800 900 1000
Resolution

SAM-H 1024

RADIO 512

RADIO “mode switches” when resolution is

increased. In the plot, we show the MSE 1024
error between the RADIO features

coming from its DINOv2 head at different

resolutions.

AM-RADIO: Agglomerative Vision Foundation Model Reduce All Domains Into One, NVIDIA, 2024




Multimodal

Large Language Models
(Opyeou yposeHsb VL-300a4)

YpoBHM aHanusa B VL moaenax
YpoBeHb moaenu mmpa
YpoBeHb CUEeHbI

YpoBeHb 06beKTOB
YpoBeHb NPU3HAKOB

YpoBeHb n3obpaxkeHus

Korga HY>XHO He TO/IbKO BUAETb CL,eHY, HO U MOHUMATb MUP
Knaccupukauma n onucaHue cueH (oTHoweHuA, geiicrtema), VQA

obHapykeHne 06BHEKTOB, CeMaHTUUYECKAA CerMmeHTauuA...
0cobble TOUKU, IMHUN, YIIbl, 06N1ACTU, KOHTYPDI, TEKCTYPA...

nuKcenbl (NonoxkeHue, APKOCTb, LiBET)



Gemini vs GPT-4V: Comparison of Vision-Language Models

/

=

[ Sec. 4.4 Association of Parts and Objects ]

Prompt: How are those visual parts related, and can they be combined to form a single
object such as a boy? If so, how to arrange them?

@ cePT4av:
The three visual parts are related in that they are all components that could be

(|

Sec. 4.5 Intelligence Tests }

RPM: Entire Q

= \ e, the object is a boy

Page 2 can arrange them in the following way

second column.

5. Choose a drawing that fits the empty space:

ollv]lo][a]la]l=]

Prom pt: Find out the pattern in the first column and use it to infer the missing figure in the

orange and green shapes) could be

) could be used as the legs of the boy
yellow, red, and blue shapes) could

can create a single object that resembles

(|

Sec. 4.6 Emotional Intelligence Tests J

@ cPTav:

The correct drawing that fits the empty space is the upside-down triangle. This is bec
pattem in the grid is that each row and column has one of each shape in different orientations

Prompt: After seeing the below image, how people might emotionally feel and react?

@ ePT-av:
People might feel a sense of awe and wonder at

OpenAl. Gpt-4v(ision) system card. Technical report, OpenAl, 2023.

the beauty of the sunset and the colors in the sky.
They may feel peaceful and caim, or even inspired.
Some may react with a sense of gratitude for being
able to witness such a beautiful moment in nature.
Others may feel a sense of longing to be in a place
like this, or a desire to travel and see more of the
world's beauty

¥, Gemini Pro:

People might emotionally feel relaxed, peaceful, and awestruck after seeing the image of the
sunset over the ocean. The image evokes a sense of natural beauty and tranquility. The warm colors of
the sky and water, the gentle waves crashing against the shore, and the silhouetie of the palm trees all
contribute to a feeling of peace and serenity.

Multimodal evaluation

* Image Recognition and Understanding: Sec. 2 addresses the fundamental recognition
and comprehension of image content without involving further inference, including tasks
such as identifying landmarks, foods, logos, abstract images, autonomous driving scenes,
misinformation detection, spotting differences, and object counting.

¢ Text Recognition and Understanding in Images: Sec. 3 concentrates on text recognition
(including OCR) within images, such as scene text, mathematical formulas, and chart &
table text recognition. Similarly, no further inference of text content is performed here.

¢ Image Inference Abilities: Beyond basic image recognition, Sec. 4 involves more advanced
reasoning. This includes understanding humor and scientific concepts, as well as logical
reasoning abilities like detective work, image combinations, look for patterns in intelligence
tests (1Q Tests), and emotional understanding and expression (EQ Tests).

Sec. 4.3 Detective Reasoning Ability

Prom Pt: Suppose you are a detective, what can
you infer from the visual clues in the image?

@ crPTav:

From the visual clues in the image, | can infer that

- The room belongs to someone who is likely

a young adult or teenager, as evidenced by the
casual clothing and the desk with a computer.

- The person is likely a student or someone

who works from home, as evidenced by the desk
and computer.

- The person is likely fashion-conscious, as evidenced by the multiple jackets and shoes

- The room is likely located in a colder climate, as evidenced by the jackets and boots.
- The person is likely not very tidy, as evidenced by the cluttered desk and clothes hanging on the door.

- The room is likely located in an olderorc mare nictic huildina _ac svidenced hy the aevnoced ninec and the

OnucaHue xapakrepa Xuabua no
n306pakeHno KOMHaTbl

wom-looking walls

Google Gemini Team. Gemini: A family of highly capable multimodal models. 2023.
Gemini vs GPT-4V : A Preliminary Comparison and Combination of Vision-Language Models Through Qualitative Cases, 2023



MLLM: Awesome-Multimodal-Large-Language-Models

Manval

Instruction Design

GPT-aided

Benchmark Adaptation

Self-Instruction

Data Collection

Data

Hybrid Composition

Query Based

Projection Based Learnable Interface

Parameter-Efficient Tuning

Expert Model

Modality Bridging

Closed-set
GPT Scoring
Manual Scoring Open-set Evaluation
Case Study
Others

M-IT 7

A Survey on Multimodal Large Language Models, 2024
MME: A Comprehensive Evaluation Benchmark for Multimodal Large Language Models, 2024

™M-ICL

M-CoT

LAVR

Modality Bridging

Learnable Interface

Expert Model

Finetuning

Learning Paradigms Few-shot

Chain Config.

Zero-shot
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Generation Patterns
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Training Paradigms
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MLLM:
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MLLM: Awesome-Multimodal-Large-Language-Models
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Latest Papers and Datasets on Multimodal Large Language Models, and Their Evaluation

https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models

A Survey on Multimodal Large Language Models, 2024

MME: A Comprehensive Evaluation Benchmark for Multimodal Large Language Models, 2024

Tenepb ecmb 00HaG
cmpaHuya, 20e cmoum
yumameo npo MLLM!
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May 13, 2024

Hello GPT-40

We’re announcing GPT-40, our new
flagship model that can reason across
audio, vision, and text in real time.

As measured on traditional
benchmarks, GPT-40 achieves GPT-
4 Turbo-level performance on text,
reasoning, and coding intelligence,
while setting new high watermarks
on multilingual, audio, and vision
capabilities.

Eval Sets GPT-40
MMMU (%) (val) 691
MathVista (%) 638
(testmini)

Al2D (%) (test) 94.2

ChartQA (%) (test) 857

DocVQA (%) (test) 928

ActivityNet (%) (test) ~ 619

EgoSchema (%) (test)  72.2

GPT-4T
2024-04-09

631

581

894

781

872

595

639

Gemini 10 Ultra

504

530

795

808

909

522

615

Gemini 1.5 Pro

585

521

803

813

86.5

567

632

Claude Opus

594

505

881

808

893

Vision understanding evals - GPT-40

achieves SOTA on visual perception
benchmarks.

https://openai.com/index/hello-gpt-40/

GPT-40 GPT-4T Gemini 1.0 Ultra Gemini 1.5 Pro Claude Opus
2024-04-09
Mopenwu
10B = # of params <100B
PASHBIX" / \1edium LM
pa3MepOB 1B = # of params =108
Small LM
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CNN vs. Transformers:
HuyYyezo euwe He AcHo!

(ceepmoyHbie u 2ubpuOHbIE ApXUMEKMYpPbl HE Xyxe mMpaHcgopmepos)

ConvNeXt ConvNeXt V2 Large Kernels (RepLKNet )

Sparse Large Kernel (SLaK) Auto-ML MathNAS DeepMAD



Transformers vs. CNN: Hu1uyero ewe He acHo! Hanpumep, ConvNeXt...

90

88

86

84

82

80

78

ImageNet-1K Acc.

CBepTo4YHanA ceTb 3aMMCTBYeT
uaeto Swin u 6ber no
KauecTBy TpaHchopmepbi»!

ConvNeXt |

Swin Transformer
(2021)

ResNet Bl
2020
(2015) ( )

| _
ImageNet-1K Trained

ConvNeXt
Swin Transformer
ViT (2021)
(2020)
Cilameter
1 | |
4 8 16 256 GFLOPs

ImageNet-22K Pre-trained

A ConvNet for the 2020s, Facebook Al Research (FAIR), 2022

ImageNet-1K classification
results for ConvNets and
vision Transformers.

Each bubble’s area is
proportional to FLOPs of a
variant in a model family.
ImageNet-1K/22K models
here

take 2242/3842 images
respectively.

ResNet and ViT results were
obtained with improved
training procedures over the
original papers.

We demonstrate that a
standard ConvNet model can
achieve the same level of
scalability as hierarchical
vision Transformers while
being much simplerin
design.

https://github.com/facebookresearch/ConvNeXt



Transformers vs. CNN: Huuero euwe He acHo! ConvNeXt V2...(2023)

input Ewe oguH TpIOK
" +1.5%
L TpaHcdopmepoB 6e3
ALK . 86.0 +1.1%
CLAY) 3 s A TpaHchopmepoB
(i R — 659M
ot 5% = 84.0 0
; > Q
'ﬁ’ HHH S +1.1% 89M
”” ! | i ]/ ; E 82.0
o T gl Uindl ¢ dud - +0.8% 28M
hierarchical plain o3 80.0
encoder decoder = +1.0% 15.6M
@ 17e .
, g 9.1M Fully Convolutional
Fully Convolutional Masked Autoencoder g 780 - . .
E 0% Self-Supervised Learning!
ImageNet-1K Acc.
%0 76.0 5-2M ConvNeXt V1 Sup
88 . 3.7TM ConvNeXt V2 Self-Sup
ConvNeXt V1 Self-Sup
8 Swin Transfor(:w:me)(t 74.0 Att F t Pi MN Ti Ba La H
(2021) ' " TransformerconVNEXt O remto ICO dano iny se rge uge
84 DeiT viT (2021)
L e e . e Figure 1. ConvNeXt V2 model scaling. The ConvNeXt V2
o - model, which has been pre-trained using our fully convolutional
® . o mEe masked autoencoder framework, performs significantly better than
7 mageNet-1K Trained ImageNet-22K Pre-trained the previous version across a wide range of model sizes.

ConvNeXt V2: Co-designing and Scaling ConvNets with Masked Autoencoders, KAIST, Meta Al, FAIR, 2023



Transformers vs. CNN: Hnuero ewe He sacHo! Revisiting Large Kernels (RepLKNet )

- et 2
. e
oy ST ot Teate
L 4 » 3‘” - >“l'l
e N
7 Ay ot

(A) ResNet-101

*The Effective Receptive Field (ERF) of
ResNet-101/152 and RepLKNet-13/31
respectively. A more widely distributed
dark area indicates a larger ERF. More
layers (e.g., from ResNet-101 to ResNet-
152) help little in enlarging ERFs. Instead,
our large kernel model RepLKNet
effectively obtains large ERFs.

Briefly, we produce an aggregated
contribution score ma-

trix A (1024%1024), where each entry a (0
< a < 1) measures the contribution of the
corresponding pixel on the input image to
the central point of the feature map
produced by the last layer.

*Scaling Up Your Kernels to 31x31: Revisiting
Large Kernel Design in CNNs, Ding et al., 2022

(B) ResNet-152  (C) RepLKNet-13 (D) RepLKNet-31

input

|
| Stem |

Stage 1

| Translition 1

[ 306 Jside=2
[30.C.D Jside-2

|
{
-

stride=2

RepLKNet comprises Stem, Stages
and Transitions. Except for depth-
wise (DW) large kernel, the other
components include DW 3x%3, dense
1x1 conv, and batch normalization

Stage 2 I (BN). Note that every conv layer has
. RepLK Block . .
[ Transition2 | | comprn ] a following BN, which are
) not depicted. Such conv-BN
Stage 3 ) RepLK Block R LU th
e sequences use RelU as the
[ Trassitions | g activation function, except those
: e before the shortcut-addition and
St“fe“ L [ ConvrrN | those preceding GELU.
output g
Input  Top-1 Params FLOPs Throughput ImageNet results.
MUdC] g ] 1 e M G oy ] -.S',‘- . .
resolution acc (M)  (G) examples/s The throughput is tested with
RepLKNet-31B  224x224 83.5 79 15.3 295.5 FP32 and a batch size of 64 on
Swin-B 224x224 835 88 154 2262 e
RepLKNet-31B  384x384 848 79 451 970 2080Ti. # indicates ImageNet-
Swin-B 384x384 845 88 470 67.9 22K pretrain-ing.
RepLKNet-31B ¥ 224x224 852 - - - ¢ indicates pretrained with
Swin-B ¥ 224%224 852 - - - extra data.
RepLKNet-31B ¥ 384x384 86.0 - - -
Swin-B T 384x384 864 - - - CsepTKa ¢ 60/1bIIMMK AAPaMM
RepLKNet-31L ¥ 384x384 86.6 172  96.0 50.2 MmoxKeT 3¢ PeKTUBHO
Swin-L 384x384 873 197 1039 36.2 MoAeNnnpoBaTb CBOMCTBA
RepLKNet-XL © 320x320 87.8 335 128.7 39.1

TpaHchopmepoB!




Transformers vs. CNN: Huuero ewe He sacHo! Sparse Large Kernel Network (SLaK)

ConvNeXt RepLKNet SLaK
Input Input Input
‘iﬁSl .---|51x51 5x5 x;_| 51

Step 1. Decomposing a large kernel into two rectangular, parallel kernels.
Step 2. Using sparse groups, expanding more width.

x5||5x51||5x5|

g f
— 1 /
+

Large depth-wise kernel (e.g., 51x51) paradigms of ConvNeXt, RepLKNet, and SLaK.
Dark blue squares refer to the dense weights in convolutional kernels.
Light blue squares refer to the sparse weights in convolutional kernels.

ConvNeXt [7, 7,7, 7]
600 800

ConvNeXt (RepLKNet) [31, 29, 27, 13]

SLaK [51,. 49,47, 13]
200

o 200

400

1000 0
10 0

200 400 600

a00

1000 0
1.0 0

400 600 800 1000

— 1 v

10

200 08 200 0.8 200

400 L 0.6 400 L 0.6 400 L 0.6

600 L 04 600

0.4 600 roa

800 02 800 02 800

1000 1000 1000

Effective receptive field (ERF) of models with various kernel sizes. SLaK is not only
able to capture long-range dependence but also the local context features

*MORE CONVNETS IN THE 2020S: SCALING UP KERNELS
BEYOND 51 % 51 USING SPARSITY, Liu et al., 2023

Pa3pe)keHHble aapa CBepTKU

moryT 6biTb ewe 6onbLue
u ewe apPpeKkTUBHEE

Model | Image Size  #Param. FLOPs Top-1 Ace
ResNet-50 (He et al., 2016) 224x224 26M 4.1G 76.5
ResNeXt-50-32x4d (Xie et al., 2017) 224x224 25M 4.3G 71.6
ResMLP-24 (Touvron et al., 2021a) 224224 30M 6.0G 79.4
DeiT-S (Touvron et al., 2021b) 224x224 22M 4.6G 79.8
Swin-T (Liu et al., 2021e) 224x224 28M 4.5G 81.3
TNT-S (Han et al., 2021a) 224x224 24M 5.2G 81.3
T2T-ViT;-14 (Yuan et al., 2021a) 224x224 22M 6.1G 81.7
ConvNeXt-T (Liu et al., 2022b) 224%x224 29M 4.5G 82.1
SLaK-T 224 %224 30M/s50M 5.0G/8.7G 825
Mixer-B/16 (Tolstikhin et al., 2021) 224 %224 59M 11.6G 76.4
ResNet-101 (He et al., 2016) 224 %224 45M 7.9G T7.4
ResNeXt101-32x4d (Xie et al., 2017) 224 %224 44M 8.0G 78.8
PVT-Large (Wang et al., 2021b) 224224 61M 9.8G 81.7
T2T-ViT,-19 (Yuan et al., 2021a) 224 %224 39M 9.8G 824
Swin-S (Liu et al., 2021¢) 224x224 50M 8.7G 83.0
ConvNeXt-S (Liu et al., 2022b) 224 %224 50M 8.7G 83.1
SLaK-S 224x224 55Misim - 9.8G/16.7G 83.8
DeiT-Base/16 (Touvron et al., 2021b) 224%224 8T™M 17.6G 81.8
RepLKNet-31B (Ding et al., 2022) 224 %224 79M 15.3G 83.5
Swin-B (Liu et al., 2021e) 224x224 88M 15.4G 835
ConvNeXt-B (Liu et al., 2022b) 224 %224 89M 15.4G 83.8
SLaK-B 224x224  95M/158m  17.1G/28.5G 84.0
ViT-Base/16 (Dosovitskiy et al., 2021) | 384x384 87T™M 554G 71.9
DeiT-B/16 (Touvron et al., 2021b) 384 <384 86M 554G 83.1
Swin-B (Liu et al., 2021e) 384x384 88M 47.1G 84.5
RepLKNet-31B (Ding et al., 2022) 384 %384 79M 45.1G 84.8
ConvNeXt-B (Liu et al., 2022b) 384384 89M 45.0G 85.1
SLaK-B 384x384  95M/158M  50.3G/83.8G 85.5

Classification accuracy on ImageNet-1K. For SLaK models both theoretical, sparsity-aware
numbers parameter & FLOPs (in black), and measured = no sparsity-aware acceleration (in blue).



Transformers vs. CNN: Huuero ewe He acHo! Math CNN Design (DeepMAD)

Theorem 1. The normalized Gaussian entropy upper
bound of the MLP f(-) is

L Zero-Shot Auto-ML
Hf = 1UL+1210g(1U1‘)- (1) (DeepMAD).
=1 Hy»XHo
4.3. Final DeepMAD Formula onTUMMU3UpOBaTL
COOTHOLWEeHue
We gather everything together and present the final math- ry6MHbI U
ematical programming problem for DeepMAD. Suppose WIMPUHDI
that we aim to design an L-layer CNN model f(-) with M
stages. The entropy of the i-th stage is denoted as I; de- APXUTEKTYPHBIX
fined in Eq. (4). Within each stage, all blocks use the same 6nokos CNN,
structural parameters (width, kernel size, etc.). The width MaKCUMUn3npya
of each CNN layer is defined by w; = ¢;k?/g;. The depth SHMponuro
of each stage is denoted as L; fori =1,2,--- , M. We pro- (cnoxHocTb) Npu
pose to optimize {w;, L;} via the following mathematical orpaHUYeHMH
programming (MP) problem: achgpexmueHocmu
v (oTHOWeEHMA
max Z o H; — BQ, rnyﬁvm-lbl K
i=1 cpegHen WwupuHe
6n0Ka)

L
st L-(J]w)™ " < po:

=1 (5)
FLOPs|f(-)] < budget,

Params|[f(-)] < budget,
Q £ exp[Va,r(Ll, L2a R | LM)]:
w; <woe < --- < Wi

OZpGHU'-IEHUﬁ Ha 4yucnao

nporpammupoBaHuem!

[axxe c yueTom 0onosHuUmMesbHbIX

eblyucaeHuli u napamempos
3aZ,a4a peLwaeTca IMHEeNHbIM

CIFAR-100 Top-1 Accuracy (%)
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L

=]
<%

e Accuracy Max s - ® o="l12s
| == Entropy * e ¢ ,,..--"'; .
- 10.5
a® o
b -
=]
-85 %
S
HoBbii TpeHa B Auto-ML: | (. ¢
_r MmaTemaTmyeckoe 5
A nporpammupoBaHue | , -
1 .7 ontTumusunpyert
[
| apxuteKtypbl CNN [ ;5
:1 DI3 0:5 DT? 0?9
Effectiveness p
DeepMAD v.s.
Model # Param. FLOPs p Acc. (%) ResNet on
. . . ImageNet-1K,
ResNet-18 [21]  11.7M  18G 001 709 )
ResNet-18 11.7M  18G 001 722 using ResNet
DeepMAD-RI8 11.7M  1.8G 0.1 76.9 building block. t:
DeepMAD-RI8 11.7M  18G 0.5 715 el .
DeepMAD-RIS 117M  1.8G 07 757 QLI [pltetlintss (213
ResNet-34 [21]  218M  3.6G 002 744 tuned for
ResNet-34+ 218M  36G 002 756 DeepMAD-R18.
DeepMAD-R34  21.8M  3.6G 0.3 79.7 DeepMAD achieves
ResNet-50 [21]  25.6M  4.1G  0.09 77.4 consistent
RESNS[—SOT 25.6 M 41G 0.09 79.3 improvements to
DeepMAD-R 25.6M 4.1 3 -
cep = o LU | LG ResNet18/34/50

*DeepMAD: Mathematical Architecture Design for Deep Convolutional Neural Network, Shen et al., 2023

with the same
Params and FLOPs.
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*DeepMAD: Mathematical Architecture Design for

Transformers vs. CNN: Huuero ewe He acHo! Math CNN Design (DeepMAD)

DeepMAD-89M  SLaK-B Auto-ML
DeepMAD-50M g 5x.5 (DeepMAD)
6bet SOTA
DeepMAD-29M" 2 .
P T2T-24 el (Swin, ConvNext,
SLak-T  T2T-19 :
‘ ConvNeXt-T . ’
T2T-14
_ PVT-L DeiT-B
TNT-S Swin-T
o . ResNet-152 ® DeepMAD
DeiT-S PVT-S5 Swin
. ©® ConvNeXt
ResNet-101 SLak
Diameter ® DeiT
' 0 5 10 15 ® ResNet
L1 1 1 GFLOPs TNT
ResNet-50
® T2T
@ o PuT
15 25 35 45 55 65 75 85 95

Number of Parameters (Millions)

Deep Convolutional Neural Network, Shen et al., 2023

DeepMAD v.s. SOTA ViT and CNN models on ImageNet-1K.
p = 0.5 for all DeepMAD models. All DeepMAD models except

DeepMAD-29M=* trained with 224 resolution. x-axis is the Params, the

smaller the better. y-axis is the accuracy, the larger the better.



TeHaeHUUU U pe3yabTaThbl
2020-2024 B 06n1acTH
reHepauuun AaHHbIX

Diffusion models Text-2-Image Neural Radiance Fields (NeRF)

3D Gaussian Splatting (3DGS) Text-2-Video Text-2-3D 3D Avatars



[eHepauuna AaAHHbIX

e Generative Adversarial Networks (GAN)
e Realistic samples
e Suffer from mode-collapse

e Normalizing flow
e Explicit model
e Tend to overfit training data
e Not flexible enough
e VAE
e Covers training sample

e Unrealistic samples (e.g. blurry
images)

Dmitry Vetrov, OpenTalks.Al/2022

Adaptive Deep Models across Visual
Domains, Kate Saenko, ICCV, 2017

Adversarial networks

Boplowmeca uHtennekryanbHble areHTsl (FHC)

leHepaTOp co3aaeT BU3yasibHble 06pasbl,
cTapasacb 06maHyTb [JUCKPpUMMHATOP...

(] LIZ R -

Source Data + Labels

classification |
loss

Classifier

can be shared

| Discriminator ... e
Encoder : o

I

Uniabeled Target Data

o & 'fv\

%/
*

... JAUCKPMMUHATOP CTapaeTca omqurb
¢daHTa3um leHepaTopa OT peasibHOCTH

GM po 2020




e GAN
e Realistic samples
e Suffer from mode-collapse

e Normalizing flow
e Explicit model
e Tend to overfit training data
e Not flexible enough

e VAE
e Covers training sample
e Unrealistic samples (e.g.
blurry images)

Dmitry Vetrov, OpenTalks.Al/2022

MpaKkTuyeckn HeorpaHMUUYEHHbIE
BO3MOXHOCTU peaJIMCTUYHOro
MaHUNYIUPOBaHUA AaHHbIMU

(DeepFake)

Heocnopumoe
nnaepcTeo
GAN

A0 2020...

(a) Training Example

SinGAN: Learning a Generative Model From a Single Natural Image, Shaham et. al, 2019

lMpo6aemeoi u ebi3oebl 8 GM (2020)

Cnaban reHepanunsauus 3a npeaenamm Bbl6opKu HeT reHepauun 06pa3os No cIOBECHOMY ONUCaHUIO



Diffusion models

Hoesoe noKosneHue eceHepamugeHbix mooesneu



Diffusion models: HoBbI inpep 2020+ (cmeHun GAN)
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3apaya: BblyunUTb

» Stochastic differential equation
defines the evolution of a distribution

* Ordinary differential equation
defines the evolution of a point

dx = f(x. t)dt dx = flx.t)dt + g(x, )dW
| Mogpaenb 1:
[
pelwieHue
obpatHoro
CTOXacTu-
yeckoro 1Y

_—a

{=‘['

pacnpeaeneHue
06pa303 ana Forward dynamics

KNnacca Ha — Mogens 2:
npumepax, Ak ek nosTanHoe
a noTom BOCCTAaHOB/IeHUE
COMNINPOBATb 3allYM/IEHHOTO
U3 3TOro obpasa
pacnpeaeneHus y |

Dmitry Vetrov, OpenTalks.Al/2022

Backward dynamics |

Kctaty, 310 M ectb «ycuantenb cmbicnia» Iwbu, U3BAeKaoWwmi CMbica U3 Wyma!




Denoising diffusion probabilistic models

A ehed | T
mﬁ.ﬁjﬂlllﬂ
] T e L RS
Elimllhdﬂl

E@ﬁW.-H.
R e
a7 L=
oy AR
RV o e i Bl b B

Bblyunnu | u.w.iﬁﬂhﬁﬂ'
pacnpeaeneHue ‘ | .m-mu’ [ G- wﬁ
ANa g, Figure 1: Generated samples on CelebA-HQ 256 x 256 (left) and unconditional CIFAR10 (right)

J. Ho, A. Jain, and P. Abbeel. Denoising diffusion probabilistic models. NeurIPS 2020



Denoising diffusion probabilistic models

Numepnoasayusa mexcoy 08ymsa nuyamu:
8 Kaxcool mo4yke mosbKo anuya!

Diffused source Source Rec. A=01 A=0.2 A=03 A=04 A=05 A=0.6 A=0.7 =08 A=0.9 Rec. Source

.~ alx, | x9 p g Q e ‘ ,. 3 v -d
T}.T:'Y T.,.E.T.‘.T-IT AF

Denoised
NN D

interpolation

Figure 8: Interpolations of CelebA-HQ 256x256 images with 500 timesteps of diffusion.

Pixel-space Source Xo
interpolation

| F"I Pl wi.

Source x,

HenpepoigHoe
npocmpaHcmeo

(pacnpedenenue) Coarse-to-fine interpolation Figure 9 shows interpolations between a pair of source CelebA

6 g 256 x 256 1mages as we vary the number of diffusion steps prior to latent space interpolation.
usobpaxeHuu Increasing the number of diffusion steps destroys more structure in the source images, which the

model completes during the reverse process. This allows us to interpolate at both fine granularities

Bblyunnu . N e . . .
y and coarse granularities. In the limiting case of 0 diffusion steps, the interpolation mixes source
pacnpeaencHue images in pixel space. On the other hand, after 1000 diffusion steps, source information is lost and
ana nuy interpolations are novel samples.

J. Ho, A. Jain, and P. Abbeel. Denoising diffusion probabilistic models. NeurIPS 2020



Text-2-Image
(2eHepayusa u pedakmuposaHue
u3obpaxceHuli no c/108eCHOMY ONUCAHUI0)



DALL-E 2: images and art from natural language description

3apava:

text-to-image

generation

leHepayus “a corgi
usobpaxeHuli playing a
U pUCYHKO8 flame
no mekcmosomy  throwing
onucaHuro trumpet”
Ha ecmecmeeHHOM

A3bIKe

A high-level overview of unCLIP. Above the dotted line, we depict the CLIP training
process, through which we learn a joint representation space for text and images. Below
the dotted line, we depict our text-to-image generation process: a CLIP text embedding
is first fed to an autoregressive or diffusion prior to produce an image embedding, and
then this embedding is used to condition a diffusion decoder which produces a final

o
CLIP objective :1 img
™ ] |encoder
Ucnonb3oBanu "
npusHakm CLIP [
anaVL-3apaum .
— ;",( { — ; Q
OOO000 8O ¢
I ()= )»
O L \
B (
prior decoder

image. Note that the CLIP model is frozen during training of the prior and decoder.
Hierarchical Text-Conditional Image Generation with CLIP Latents

Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, Mark Chen, OpenAl/2022

We develop methods for
training diffusion priors
in latent space, and show
that they achieve
comparable performance
to autoregressive priors,
while being more
compute-efficient.



DALL-E 2: images and art from natural language description

LR
A

0_{.‘,

HenpepsisHoe
npPoCcmMpaHcmMeo
uzobpaxceHul
(pacnpedeneHue)
cmano cemaHmuyeckum!

a photo of a cat — an anime drawing of a super saiyan cat, artstation

MpoctpaHctBO = A A A 1
npusHakoB By By B o ) S
CLIP rrewd tacyla § ot i "“i"‘-“ﬂ-s ool
\a» My Qe TG, TR TS TN LT B " oyl

—_—

a photo of a victorian house — a photo of a modern house

T SN g S U
Bt | -~ idN

a photo of a landscape in winter — a photo of a landscape in fall

Hierarchical Text-Conditional Image Generation with CLIP Latents diffusion priors
Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, Mark Chen, OpenAl/2022 in latent space



DALL-E 2: images and art from natural language description

.

InasHble KOMNoOHeHTbl 06pa3a B CLIP Tenepb MOXXHO BU3yannu3nupoBaTb! HenpepobisHoe
Our decoder model provides a unique opportunity to explore CLIP latent space by allowing us to fPOCMPAHCmMeo
directly visualize what the CLIP image encoder is seeing. Visualization of reconstructions of CLIP latents uzobpaxcenud
from progressively more PCA dimensions (20, 30, 40, 80, 120, 160, 200, 320 dimensions), with the (pacnpedenerue)
original source image on the far right. The lower dimensions preserve coarse-grained semantic cmano
information, whereas the higher dimensions encode finer-grained details of the objects in the scene. CEMAHMUYECKUM
Hierarchical Text-Conditional Image Generation with CLIP Latents diffusion priors

Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, Mark Chen, OpenAl/2022 in latent space



DALL-E 2: images and art from natural language description

Kayecmeo
2eHepayuu
usobpaxceHuli
ocmaemcs
8bICOKUM Oaiie
8 HepeasibHbIX
cyeHax

‘
a propaganda poster depicting a cat dressed as french emperor

a dolphin in an astronaut suit on satum, arstation T 2
napokon holding a picce of cheese

Hierarchical Text-Conditional Image Generation with CLIP Latents diffusion priors
Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, Mark Chen, OpenAl/2022 in latent space
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InstructPix2Pix: Kak 06 bACHUTDL XYA0XKHUKY, YEero Mbl XOTUM

“Swap sunflowers with roses” “Add fi reworks to the sky" “Replace the fruits with cake”

3apava:
text-to-image
editing

e e

leen an image and an instruction
for how to edit that image, model
InstructPix2Pix: Learning to Follow Image Editing Instructions, performs the appropriate edit.

Tim Brooks, Aleksander Holynski, Alexei A. Efros, 2022




InstructPix2Pix: Kak 06 bACHUTDL XYA0XKHUKY, YEero Mbl XOTUM

Training Data Generation Instruction-following Diffusion Model

(a) Generate text edits: (d) Inference on real images: OnucbiBaem KapTUHY-

Instruction: “have her ride a dragon”
Edited Caption: ‘photograph of o girl riding a dragon” “turn her into a snake fady” PEAAKTMpyeM onucaHune-
reHepupyem HOBYHO KapTUHY

3apava
cBOAUTCA Input Caption: “photograph of a girl riding a horse” + GPT-3

K npeabl-

aywen! (b) Generate paired images: -
Input Caption: ‘photograph of o girriding a horse* Stable Diffusion H
Fdited Caption: “photograph of o gil riding  dragon” P YOMPt2Prompt .'

(c) Generated training examples:
“convert to brick “Color the cars pink” ‘Make it lit by fireworks"

*have her ride o dragon”

00 T i

Learning consists of two parts: generating an image editing dataset, and training a diffusion model on that dataset.
(a) We first use a finetuned GPT-3 to generate instructions and edited captions. (b) We then use StableDiffusion in
combination with Prompt-to-Prompt to generate pairs of images from pairs of captions. We use this procedure to
create a dataset (c) of over 450,000 training examples. (d) Finally, our InstructPix2Pix diffusion model is trained on our

generated data to edit images from instructions. feHepauus aataceta AN 06ydeHUs

At inference time, our model generalizes to edit

real images from human-written instructions. KapTMHKa »onmcaHMe- X » HOBOE - HOBaA
onucaHue KapTUHKa

i

InstructPix2Pix: Learning to Follow Image Editing Instructions, MHCTPYKLMA MO PeaaKTUPOBaHMIO
Tim Brooks, Aleksander Holynski, Alexei A. Efros, 2022




DALL-E 3: Improving Image Generation with Better Captions

UpeAa: ecam yayuywntb
AEeTaNIbHOCTb ONUCAHUA

npu obyueHumn...
M 1 A

Image

now at victorian plumbing.co.uk

is he finished...just about!

23 (19 of 30) 1200

SSC| Alt Text

a white modern bathtub sits on a wooden
floor.

a quilt with an iron on it.

a jar of rhubarb liqueur sitting on a pebble
background.

this luxurious bathroom features a mod-
ern freestanding bathtub in a crisp white
finish. the tub sits against a wooden ac-
cent wall with glass-like panels, creating
a serene and relaxing ambiance. three
pendant light fixtures hang above the tub,
adding a touch of sophistication. a large
window with a wooden panel provides
natural light, while a potted plant adds a
touch of greenery. the freestanding bath-
tub stands out as a statement piece in this
contemporary bathroom.

DSC

Improving Image Generation with Better Captions. 2023.

a quilt is laid out on a ironing board
with an iron resting on top. the quilt has
a patchwork design with pastel-colored
strips of fabric and floral patterns. the
iron 1s turned on and the tip is resting on
top of one of the strips. the quilt appears
to be in the process of being pressed, as
the steam from the iron is visible on the
surface. the quilt has a vintage feel and
the colors are yellow, blue, and white, giv-
ing it an antique look.

rhubarb pieces in a glass jar, waiting to be
pickled. the colors of the rhubarb range
from bright red to pale green, creating a
beautiful contrast. the jar is sitting on a
gravel background, giving a rustic feel to
the image.

2023

Important details that are
commonly omitted in all-text:
1. The presence of objects like
stop signs along a sidewalk
and descriptions of them.
2. The position of objects in a
scene and the number of
those objects.
3. Common sense details like
the colors and sizes of objects
in a scene.
4. The text that is displayed in
an image.
To improve the captions in
our image generation dataset,
we want our captioner to
produce image descriptions
useful for learning a text-to-
image model.

Examples of alt-text accompanying selected images scraped
from the internet, short synthetic captions (SSC),
and descriptive synthetic captions (DSC)



DALL-E 3: Improving Image Generation with Better Captions

Effect of using
"upsampled”
drawbench
captions to create
samples with
DALL-E 3.
Original
drawbench
captions on top,
upsampled
captions on
bottom. Images
are best of 4 for
each caption.

...TO KauecTBo
reHepauum
nsobparkeHnmn
TaK)Ke pesKo
ynayywunrca!

A large, vibrant bird with an impressive

wingspan swoops down from the sky, let-

ting out a piercing call as it approaches
a weathered scarecrow in a sunlit field.

The scarecrow, dressed in tattered cloth-

ing and a straw hat, appears to tremble,
almost as if it’s coming to life in fear of
the approaching bird.

Paying for a quarter-sized pizza with a
pizza-sized quarter.

A person is standing at a pizza counter.

holding a gigantic quarter the size of a

pizza. The cashier, wide-eyed with as-
tonishment, hands over a tiny, quarter-

sized pizza in return. The background
features various pizza toppings and other
customers, all of them equally amazed by
the unusual transaction.

Improving Image Generation with Better Captions. 2023.

a % 2
A smafml vessef epropoeilled on watvewr
by ors, sauls, or han engie.

A small vessel. propelled on water by
oars, sails, or an engine, floats gracefully
on a serene lake. the sun casts a warm
glow on the water, reflecting the vibrant
colors of the sky as birds fly overhead.

Important details that are
commonly omitted in all-text:
1. The presence of objects like
stop signs along a sidewalk
and descriptions of them.
2. The position of objects in a
scene and the number of
those objects.
3. Common sense details like
the colors and sizes of objects
in a scene.
4. The text that is displayed in
an image.
To improve the captions in
our image generation dataset,
we want our captioner to
produce image descriptions
useful for learning a text-to-
image model.
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Input Canny edge

“masterpiece of fairy tale, giant deer, golden antlers™  “..., quaint city Galic”

3apava:
ynpasaAaTb

| S
A \
b ’ -
4 ; ' —

[nput human pose Default “chef in kitchen”

“Lincoln statue” o
Figure 1: Controlling Stable Diffusion with learned conditions. ControlNet allows users to add conditions like Canny edges LR e

(top), human pose (bottom), etc., to control the image generation of large pretrained diffusion models. The default results use usobpaxkeHus
the prompt ““a high-quality, detailed, and professional image”. Users can optionally give prompts like the “chef in kitchen™. He TO/IbKO

Adding Conditional Control to Text-to-Image Diffusion Models. 2023. ChoBecHO



Uni-ControlNet: All-in-One Control to Text-to-Image Diffusion Models

Canny Openpose Depth Content Text-2-Image:
/ Jlobasum K
/I0KA/IbHbIM
8U3YasIbHbIM
ceolicmeam
2n06aabHbIE

Uni-ControlNet, a unified
framework that allows for the
simultaneous utilization of
different local controls (e.g.,
edge maps, depth map,
segmentation masks) and global
controls (e.g., CLIP image
embeddings) in a flexible and
composable manner within one
single model

Figure 1: Visual results of our proposed Uni-ControlNet. The top and bottom two rows are results for
single condition and multi-conditions respectively.

Uni-ControlNet: All-in-One Control to Text-to-Image Diffusion Models. 2023.



UG AlEL L IP-Adapter: Text Compatible Image Prompt Adapter

He 0ob6asum ymo-
mo K mekcmy,

a nodaoum
nosHOYyeHHbIlU
8u3yanbHsbii 3anpoc!

The overall architecture of our proposed IP-Adapter
with decoupled cross-attention strategy. Only the newly
added modules (in red color) are trained while the
pretrained text-to-image model is frozen.

&:; ‘ Image Features

Decoupled Cross-Attention

Image r 7 ‘ Cross "' Cross
—r = 3 — ) 3 i
Encoder = Attention Attention
bepem
roToBYyliO i L, l | l LF
text-2-image l |
mopgenb
n pobasnaem
aganrtep ana Frozen
modules
BU3yasbHOro o
I Xt Denoising U-Net X¢_1 ‘
3anpoca!
Trainable
ke Text Features odul
A girl with sunglasses — e — -
Encoder

The main problem: cross-
attention layers in the pretrained
diffusion model are trained to
adapt the text features.
Consequently, merging image
features and text features only
accomplishes the alignment of
image features to text features,
but potentially misses some
image-specific information from
the reference image. Our IP-
Adapter adopts a decoupled
cross-attention mechanism. For
every cross-attention layer in the
UNet of diffusion model, we add
an additional cross-attention
layer only for image features. In
the training stage, parameters of
the new cross-attention layers
are trained, while the original
UNet model remains frozen.

IP-Adapter: Text Compatible Image Prompt Adapter for Text-to-Image Diffusion Models. 2023.



Text-2-Image: IP-Adapter: Text Compatible Image Prompt Adapter
Tekcmoeolli u
8U3yasbHbIl Images of different diffusion models with our proposed

IP-Adapter. The IP-Adapter is only trained once.

3anpoc!

Image prompt ".‘,‘.
SD 1.5

Realistic Vision
V4.0

Anything v4

ReV Animated

IP-Adapter: Text Compatible Image Prompt Ad

u&“;lé/ & ‘ »/

apter for Text-to-Image Diffusion Models. 2023.

We present IP-Adapter, an
effective and lightweight adapter
to achieve image prompt
capability for the pretrained text-
to-image diffusion models. The
key design of our IP-Adapter is
decoupled cross-attention
mechanism that separates cross-
attention layers for text features
and image features. IP-Adapter
with only 22M parameters can
achieve comparable or even
better performance to a fully
fine-tuned image prompt model.
As we freeze the pretrained
diffusion model, the proposed IP-
Adapter can be generalized not
only to other custom models fine-
tuned from the same base model,
but also to controllable
generation using existing
controllable tools
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A cheeseburger with juicy a hoke in the floorof my  a small office made out of car  This dreamlike digital art  human life depicted entirely an origami pig on fire
beef patties and melted bathroom with small parts captures a vibrant, out of fractals in the middle of a

cheese sits on top of a toilet gremlins living in it kaleidoscopic bird in a lush dark room with a

that looks like a throne and rainforest. pentagram on the

stands in the middle of the floor

royal chamber.
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a space elevator,
cinematic scifi art

smiling cartoon dog sits at a table. coffee mug on hand, as a room goes up in flames. “This is fine.” the
dog assures himself.

an old rusted robot wearing pants and a jacket riding skis in a supermarket

Our new Multimodal Diffusion Transformer (MMDIT) architecture uses separate
sets of weights for image and language representations, which improves text
understanding and spelling capabilities compared to previous Stable Diffusion.

Scaling Rectified Flow Transformers for High-Resolution Image Synthesis. 2024.

Stable Diffusion 3: Tekywuin anpep (maprt

2024)
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B Prompt Following

Typography
100
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Human Preference Evaluation against
current closed and open SOTA
generative image models. Our 8B
model compares favorable against
current state-of-the-art text-to-image
models when evaluated on the parti-
prompts (Yu et al., 2022) across the
categories visual quality, prompt
following and typography generation.

Outperforms DALL-E 3,
Midjourney v6, and Ideogram v1



One-step Diffusion (2023). auctunnupyem DM B oauH 3tan!

distribution matching gradient

one-step generator

random latent z

paired dataset
generated offline

Distribution Matching Gradient Computation

“ealdal:al

score function

real score computed

fake score gradient

fake data
score function

Figure 2. Method overview. We train one-step generator Gy to map random noise z into a realistic image. To match the multi-step
sampling outputs of the diffusion model, we pre-compute a collection of noise—image pairs, and occasionally load the noise from the
collection and enforce LPIPS [85] regression loss between our one-step generator and the diffusion output. Furthermore, we provide
distribution matching gradient Vy ) k1, to the fake image to enhance realism. We inject a random amount of noise to the fake image and
pass it to two diffusion models, one pretrained on the real data and the other continually trained on the fake images with a _ to
obtain its denoised versions. The denoising scores (visualized as mean prediction in the plot) indicate directions to make the images more
realistic or fake. The difference between the two represents the direction toward more realism and less fakeness and is backpropagated to

the one-step generator.

One-step Diffusion with Distribution Matching Distillation, 2023

3agava:; YCKOpUTb reHepauuio n3oopaxeHumn



One-step Diffusion (2023): reHepauusa obpa3oB B 30 pa3 6b|CTpee'

“a hzgh resolution photo of an orange Porsche under sunshine”

{‘ﬂ

Lﬂ& ...,, g_-.pi\a";‘“ 4‘14 o

90ms 90ms 20ms 260ms

DMD IIIi : 1.-step) ) InstaFlow (1 step) ¥ LCM (1 step) . LCM (2 steps)” DPM++ (4 steps)

) _ _ o ) _ o Starting from Stable Diffusion (right), our distribution matching distillation algorithm
One-step Diffusion with Distribution Matching Distillation, 2023 yields a model that can generate images with the close quality (left), but faster!



Text-2-Video



IMAGEN VIDEO: video generation with diffusion models

Coffee pouring into a cup.

Kamepa Ha asuetca, 3D o6pa3 HapywaeTtca
leHepauua suaeo no

IMAGEN VIDEO: HIGH DEFINITION VIDEO GENERATION WITH DIFFUSION MODELS, TEKCTOBOMY ONMUCAHUIO
Google Research, Brain Team, 2022



SORA: Video generation models as world simulators (2024)

Ponukun gpanHHee s
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https://cdn.openai.com/tmp/s/bike 1.mp4

3D consistency. SORA moxeT co3aaBaTb BUAE0
C AMHaMMUYECKMM ABUXeHuem Kamepbl. Korga
Kamepa CABUraeTca u BpawaeTca, 1toam U
3/1EMEHTbI CLEHbI NOC/Ie40BaTENbHO
nepemeLLaoTcA B TPEeXMepPHOM NPOCTPaHCTBeE.

https://openai.com/sora#tresearch leHepauua Bugeo no
Video generation models as world simulators, OpenAl, 2024 TEKCTOBOMY ONMUCaHUIO
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3D Scene Generation & Analysis

[lpedoby4yeHHbIe o paKypPCHbIM
uzobpaxceHuam onucaHua 3D cuyeH



Neural Radiance Fields (NeRF)

[lpedoby4yeHHbIe o paKypPCHbIM
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NeRF: Representing Scenes as Neural Radiance Fields
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Continuous 5D neural radiance field representation (volume density and
view-dependent color at any continuous location) of a scene from a set
of input images. We use techniques from volume rendering to
accumulate samples of this scene representation along rays to render the
scene from any viewpoint.
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Mildenhall et. al, Nerf: Representing scenes as neural radiance fields for view synthesis. UC Berkeley, Google Research, 2021



Paszsutue u npunoxkeHmna NeRF

He TonbKo KomnbloTepHasa rpaduKa,
HO U KOMNbIOTEPHOE 3peHue

NeRF-RPN: object detection in NeRFs ‘

Object Detection
1

Overview

B ncxogHou 3apgaue reHepauum
n3obpakeHuu 3D cueH u 06beKTOB

Multi-modal Visual-
Language Tasks

Vid Naturaiiangsugee, rrom gostract qUErNies ke  ciectriciny ,
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SLAM: Opuel-n'au,uﬂ p060'rOB nb/lAB npOCTpaHCTBe

DiffRF: Rendering-Guided 3D Radiance Field Diffusion Bepremcen k
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Neural Descnptor Fields:
SE(3)-Equivariant Object Representations for Manipulation

Test-time oxecsrions: Unseen cbjects in out-of-distributien poses

Fagure 1. From lefk 10 right, input RGE image, extio . 2
the depeh by ins umcertainty (4 < 1.0) for visualizal Small Handfel (~3-10) of Demonstratices
Inpet image. Our pipedine is capable of reconstncti| e
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Neural Fields for Robotic Object Manipulation from a Single Image 0 .
|

@ J rendenng peralize the task to movel

pitrary 3D tramstation and
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volume 1
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veew dr,
[ the surrogaie task of 3D
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: Field F(TIP)
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Fig. 1. W senl ified sentation that be used -render =5 and ate i <. Gi obj
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image). The rendering ray-marches through a set of volumes (cuboids in which the objects reside). In order 1o generale grinps (sNOWn 10 green on (e
right), we use a grid sampling approach that covers cach object volume. Grasp onentation and score are predicted using a decoder which is partially shared
with the volumetric rendering process. We select the grasp point that yields the highest confidence score. FC refers to a fully connected layer,

MaHunyaupoBaHuWe npeameTamu

DiffusioNeRF: Regularizing Neural Radiance Fields
with Denoising Diffusion Models
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Figure 4. Qualitative results for the task of novel view synthesis on LLFF dataset. NeRF models are trained with 3 views and rendered

from one of test views. Our DDM model encourages more realistic geometry as seen in the depth maps.

Coeguuaem NeRF ¢ anddysHbimu mogenammu
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NeRF-RPN: object detection in NeRFs
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(a) Anchor-based 3D RPN head and bounding box representation
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(b) Anchor-free 3D RPN head and bounding box representation

\

—_— —> 3D RPN Head P

Region Proposals

NeRF-RPNdirectly operates on
NeRF. Given a pre-trained NeRF
model, NeRF-RPN aims to detect
all bounding boxes of objects in a
scene. By exploiting a novel voxel
representation that incorporates
multi-scale 3D neural volumetric
features, we demonstrate it is
possible to regress the 3D bounding
boxes of objects in NeRF directly
without rendering the NeRF at any
viewpoint.

NeRF-RPN: A general framework for object detection in NeRFs, 2022

Rows 1-2
show the NeRF reconstruction quality and ground-truth bounding
box quality of our 3D-FRONT NeRF dataset. Rows 3—4 show
groundtruth boxes with diverse object appearance in the dataset.

Figure 5. 3D-FRONT NeRF Dataset Samples.

He TonbKo KomnbloTepHasa rpaduKa,
HO U KOMNbIOTEPHOE 3pEeHUue



LERF: Language Embedded Radiance Fields

NeRF \ ’/—CLIP

* Multi-Scale Semantics

‘fgb Long-Tail Objects

LERF grounds CLIP representations in a dense, multi-scale
3D field. A LERF can be reconstructed from a hand-held
phone capture within 45 minutes, then can render dense
relevancy maps given textual queries interactively in real-
time. LERF enables a broad range of concepts to be queried
via natural language, from abstract queries like “Electricity”,
visual properties like “Yellow”, long-tail objects such as

“Paper tovel ol “Waldo”, and even reading text like “Boops” on the mug. For
2 each prompt, an RGB image and relevancy map are rendered

focusing on the location with maximum relevancy activation

Language Embedded Radiance Field

"Wooden spoon”

(3 Abstract Queries

"Electricity”

A Text Reading

"Yellow"

LERF Rendering - Multiscale CLIP Preprocessing
We pre-compute a multi-scale

feature pyramid of CLIP '_.N.' tw k —>RGB

. . CIWOTK e

embeddings over training gt Density
views, and during trainin A =PDNO Features
' & & . = CLIP Features

interpolate this pyramid with

. . . S
simg and the ray’s pixel location i Volume Render

to obtain CLIP supervision. The \

CLIP loss maximizes cosine "a"L%‘gge 4-—-—

similarity, and other outputs are E

supervised with mean squared- !

error using standard per-pixel :

rendering. \ + Multiscale CLIP Features Image Patches Training Image

LERF: Language Embedded Radiance Fields, UC Berkeley, 2023 Multi-modal Visual-Language Tasks



NeRF-SLAM: Real-Time Dense Monocular SLAM
with Neural Radiance Fields

Depth Uncertainty Rendered
. ' I Img 1 Ly = Loy + ApLp
— ConvGRU ] b’ Volumetric
Img 2 P Zp,
pp’ ]
’ R | x| D| T
He R(c'+p}><{('+p}
I (T, (p,. di) P+ PUETEEP!
A 5 -
Figure 1. From left to right, input RGB image, estimated depth uncertainty, back-projected depth-maps into a pointcloud, after thresholding —] Schur -
the depth by its uncertainty (o4 < 1.0) for visualization, and our resulting neural radiance field, rendered from the same viewpoint as the EP
input image. Our pipeline is capable of reconstructing neural radiance fields in real-time given only a stream of RGB images. . -
Hr € R Zr=LTL}!
T | Cholesky i

Figure 5. (Top-Left) Raw pointcloud estimated by the tracking
module, (Bottom-Left) Pointcloud after thresholding the depth un-
certainty (o4 < 1.0) for visualization. (Right Column) Radiance
field reconstructions after 120s of optimization, with and without
depth weighting (top-right and bottom-right respectively). Room
scene in Cube-Diorama dataset [ !].

H; = LL!

Figure 2. The input to our pipeline consists of sequential monoc-
ular images (here represented as Img 1 & Img 2). Starting from
the top-right, our architecture fits a NeRF using Instant-NGP [ 7],
which we supervise using RGB images I, depths D, where the
depths are weighted by their marginal covariance, X. Inspired
by Rosinol et al. [23], we compute these covariances from dense
monocular SLAM. In our case, we use Droid-SLAM [31]. We
provide more details about the flow of information in Sec. 3.1. In
blue, we show Droid-SLAM’s [*1] contributions and flow of in-
formation, similarly, in pink are Rosinol’s contribution [23], and
in red, our contribution.

SLAM: OpueHTauua pobotos n BJ1A B npocTpaHCcTBe



Neural Descriptor Fields:
SE(3)-Equivariant Object Representations for Manipulation

Small Handful (~5-10) of Demonstrations Test-time executions: Unseen objects in out-of-distribution poses

“.r

3 =
£ &

Fig. 1: Given a few (~5-10) demonstrations of a manipulation task (left), Neural Descriptor Fields (NDFs) generalize the task to novel
object instances in any 6-DoF configuration, including those unobserved at training time, such as mugs with arbitrary 3D translation and
rotation (right). NDFs are continuous functions that map 3D spatial coordinates to spatial descriptors. We generalize this to functions
which encode SE(3) poses, such as those used for grasping and placing. NDFs are trained self-supervised for the surrogate task of 3D
reconstruction, do not require labeled keypoints, and are SE(3)-equivariant, guaranteeing generalization to unseen object configurations.

Neural Point Descriptor Field f(x|P) Neural Pose Descriptor Field F(T|P)
; ) s N
: Occupancy Network
L E®) [ S i
' g Pomt cloud Object
DbJeCt encoder 6 (% £(P)) point cloud f (xl | P)>z; >Z
point cloud _-.3;3'. _I—>
3 TEeSE@) T = [pX;— ewalPomt
L Descriptor Fie N
PX. ?C]R 4 L Self-supervised pre-trammng for 3D reconstruction j@ Pose X € R =
omt Loord. J \I_’ose—to—Pointcluud )

Fig. 2: Point Descriptor Fields — We propose to parameterize a  Fig. 3: Pose Descriptor Fields — NDFs can extract pose descriptors
Neural Point Descriptor Field [ as the concatenation of the layer- by representing a pose via its action on a guery poinicloud X, and
wise activations of an occupancy network ®(x,&E(P)). Both the then extracting point-level spatial descriptors z; for each point x;
point cloud encoder and the point descriptor function can be pre- with a point-level NDF. Concatenation then yields the final pose
trained with a 3D reconstruction task. descriptor Z.

MaHunynuposaHue npeameramm



Neural Fields for Robotic Object Manipulation from a Single Image

ray marching

Camera volumetric

rendering
ﬁU|ew dir.

volume 1 pose 1

volume 2 pose 2

UD|L-I;‘I.'IE k polét-a k

C density
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¢ JUSIE|

grasp score /

grasp rot.

¥ Juaie|

grasping samples

Fig. 1. We present a unified representation that can be used to re-render scenes and generate grasping poses. Given object poses (top left), volumes (top
left), and learned latent codes (bottom left), the system renders the scene in novel configurations and annotates each object with a grasping pose (right
image). The rendering ray-marches through a set of volumes (cuboids in which the objects reside). In order to generate grasps (shown in green on the
right), we use a grnd sampling approach that covers each object volume. Grasp orientation and score are predicted using a decoder which is partially shared
with the volumetric rendering process. We select the grasp point that yields the highest confidence score. FC refers to a fully connected layer.
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DiffRF: Rendering-Guided 3D Radiance Field Diffusion Bepremcs K

Volumetric Diffusion 3a4a4ye reHepauuum
n3obpaxkeHun 3D
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Figure 1. Our method performs denoising of a probabilistic diffusion process applied to 3D radiance fields. Guided by 3D supervision
and volumetric rendering, our model enables the unconditional synthesis of high-fidelity 3D assets (left). We further introduce the novel
application of masked completion (right), i.e., the task of recovering shape and appearance from incomplete objects (highlighted in light-
blue on the top right chair), solved by our model as conditional inference without task-specific training.

CoeguHaem NeRF ¢ andoy3Hbimu moaenamu



DiffusioNeRF: Regularizing Neural Radiance Fields
with Denoising Diffusion Models

Figure 4. Qualitative results for the task of novel view synthesis on LLFF dataset. NeRF models are trained with 3 views and rendered
from one of test views. Our DDM model encourages more realistic geometry as seen in the depth maps.

CoeguHaem NeRF ¢ andoy3Hbimu moaenamu



Single-Stage Diffusion NeRF: A Unified Approach to
3D Generation and Reconstruction

— Training Testing Extracted mesh
Diffusion p(x)
Prior  /\ e c——- .
f Multi-view training images \ ® 0 view Trained on
(3 views or more) | \ SRN Cars
I i ~
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Figure 1. During training, SSDNeRF jointly learns triplane features of individual scenes, a shared NeRF decoder, and a triplane diffusion
prior. During testing, it can perform (a) unconditional generation, (b) single-view reconstruction, as well as multi-view reconstruction.

CoeguHaem NeRF ¢ andoy3Hbimu moaenamu



Instruct-NeRF2NeRF: BepbanbHoe peaaktuposaHue 3D cueH

Tenepb K yke
HeupoceTtesou 3D
moaenu NeRF moxkHo
A06aBUTb pa3inyHble
reHepaTuBHbIE
BO3MOXHOCTHU
HeupoceTen,

B TOM 4YMucC/e — CUHTE3
M peaaKTUpoBaHue
No TEKCTOBOMY
OMUCaHUIO...

Original NeRF

Ou rs

NeRF Scene ) Edjted NeRF

Instruct -
NeRF2NeRF

" “Turn his face into a skull” “Turn him into a Modigliani painti" “Turn him into Batman”

3D consistency. Ha ocHoBe NeRF TaKXe MOXHO
co34aBaTb BUAEO C AMHAMUYECKUM ABUKEHUEM
Kamepbl 8 UCKyccmaeeHHO udmeHeHHom mupe. Korga
Kamepa CABUraeTcA M BpalaeTca, USMEHEHHbIe
31eMeHTbl COXPaHAOT CBOM BUA,

Instruct-NeRF2NeRF: Editing 3D Scenes with Instructions, 2023



Re-ReND: distill NeRFs to shaders

@ - sie|= “”

¥ 4 ] @
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a) Mesh Rasterization b) Texture Map Look-Up c) Color Rasterization

Figure 2. Rendering a NeRF using Re-ReND. Given a pre-trained NeRF, Re-ReND renders it in real time by leveraging a mesh and light
field embedding maps (u, v, w and [3) which are compatible with a standard rasterization pipeline with programmable shaders. Rendering
occurs in three steps: a) The mesh gets rasterized, and its vertices go through a regular vertex shader. b) The light field embedding maps are
indexed (with the uv coordinates from the rasterization) to obtain values for the position-dependent (u, v and w) and direction-dependent
(3) embeddings. ¢) Pixel colors are obtained by combining u, v, w and 3 in a custom fragment shader implementing an inexpensive dot
product. Since Re-ReND uses light fields, alpha compositing is unnecessary, and so we set alpha values to 1. Note that our method entirely
disposes of MLPs at render time, and thus enjoys substantial boosts in rendering speed.
-8 I l = Sig (—3
c

u v w u v ow
Lo ¢) Dot Product
2
~| =2 [0 -@l:
reR. c Iprvu(r_]
Ldu 5}
a) Pseudo data and polygonal mesh b) Re-ReND d) Optimization

Figure 3. Training Re-ReND. a) Starting with a pre-trained NeRF, we extract a polygonal mesh and generate pseudo-images to train
our factorized NeLLF. These images are generated by rendering the NeRF from various points of view. b) Our factorized NeLF consists of
two MLPs (Lpos and Lgir) that independently compute position and direction embeddings. Lp.s outputs position-dependent deep radiance
embeddings (u, v, w) for points on the mesh’s surface, while Lg;, outputs direction-dependent embeddings (/3). Since this representation
is amenable to “baking”, i.e. pre-computing and storing outputs, it allows us to dispose of MLPs for deployment. ¢) Under this formulation,
computing pixel color amounts to a dot product of (u, v, w) and 3. d) We optimize our framework with an MSE reconstruction loss w.r.t.
to the pseudo-images we extracted from the pre-trained NeRF,

Re-ReND: Real-time Rendering of NeRFs across Devices. 2023.

Kak yckoputb NeRF

We introduce Re-ReND, a
method enabling Real-time
Rendering of NeRFs across
Devices. Re-ReND is
designed to achieve real-
time performance by
converting the NeRF into a
representation that can be
efficiently processed by
standard graphics
pipelines. Re-ReND
preserves remarkable
photo-metric quality even
when rendering at over
1,013 FPS on a desktop
browser, or at the capped
74 FPS of a VR headset



Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Fields | Kakyayuwuteu yckopurs NeRF

§ | f ° SR 1) MLPs are slow to train: The original NeRF model

gv/\/ ——  —— " useda multilayer perceptron (MLP) to parameterize

[T —————— ————  the mapping from spatial coordinates to colors and

EW S e T densities. Though compact and expressive, and recent
(@) Input / Baseline, 146 dB (b) Ground-truth (©) Downweighting, 24308 (&) Multisampling, 25.2dB () Our Approach, 26.5 4B work has accelerated training by replacing or

Figure 2: Here we show a toy 1-dimensional iNGP [21] with | feature per scale. Each subplot represents a different strategy a ugmenting MLPs Wlth Voxelgrid_like data structures.
One example is Instant NGP (iNGP), which uses a

Figure 3: Here we show a toy 3D ray with an exaggerated

pixel width (viewed along the ray as an inset) divided into pyramid of coarse and fine grids (the finest of which
4 frustums denoted by color. We multisample each frustum t d . hash t t t1 d
with a hexagonal pattern that matches the frustum’s first and are stored using a nas map) O construct learne
second moments. Each pattern is rotated around the ray and features that are processed by a tiny MLP,
flipped along the ray (a) randomly when training and (b) bli | | d . .

— —_ deterministically when rendering. €nabling great y acce erate trammg-

. o 2) In addition to being slow, the original NeRF model
) oy W) was also aliased: NeRF reasons about individual points
2r / 0 . . . .
ts,wﬁ(s'is[l:] _“;[:_1]) == bhurstepton (5, ) /s ‘]w along a ray, which results in “jaggies” in rendered

wl = . E> LK (5w L (5] images and limits NeRFs ability to reason about scale.
H giﬁ’i‘“f diff@mp(‘nl_h_ Mip-NeRF resolved this issue by casting cones instead

— of rays, and by featurizing the entire volume within a

Figure 5: Computing our anti-aliased loss requires that we smooth and resample a NeRF histogram (s, w) into the same set

of endpoints as a proposal histogram (8, W), which we outline here. (1) We divide w by the size of each interval in s to yield a conica I frU stum fO ruse as in p ut to the M I-P M I p' N e R F
piecewise constant PDF that integrates to < 1. (2) We convolve that PDF with a rectangular pulse to obtain a piecewise linear . . .

PDE. (3) This PDF is integrated to produce a piecewise-quadratic CDF that is queried via piecewise quadratic interpolation an d Its successor mi pNeRF 360 S h Owed that th IS

at each location in S. (4) By taking the difference between adjacent interpolated values we obtain w*®, which are the NeRF a p p roa Ch ena b IeS h |gh Iy accurate ren d e ri ng on

histogram weights w resampled into the endpoints of the proposal histogram 8. (5) After resampling, we evaluate our loss

L prop as an element-wise function of w* and W, as they share a common coordinate space. challe ng| ng rea I-world scenes.

Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Fields. Google Research 2023.



3D Gaussian Splatting (3DGS)
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3D Gaussian Splatting for Real-Time Radiance Field Rendering | 2023

PeHpepuHr B peanbHOM BpemeHu! Camera | —»

. /' Projection \
Image Space Gaussians
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¢ e Differentiable | —

L]
Splatting g °% o —» | Intialization | —» Tile Rasterizer Image
— . 1 \ /
StM Points 3D Gaussians Adaptive

Density Control — Operation Flow ~ —3 Gradient Flow

Adaptive Gaussian densification scheme: split and merge e The anisotropic 3D Gaussians as a high-quality, unstructured

centroids clustering. When small-scale geometry (black representation of radiance fields.

outline) is insufficiently covered, we clone the respective e An optimization method of 3D Gaussian properties, interleaved

gig:sggrstlf\;zig[ﬁilﬁ] iii)ometry 8 MEITESEEe (5 OnE with adaptive density control for representations for captured scenes.
’ ' e A fast, differentiable rendering approach for the GPU, which

is visibility-aware, allows anisotropic splatting and fast

c
o . . . . . .
.- backpropagation to achieve high-quality novel view synthesis.
§ E ' se e
53 Clone Optimization ENG
E Continues (& .
£ : &
.E -““;;" N,’ ¥ . I J
. | S \
g & coe _..'\\%k--‘
o o :
§ Split Ogg::;::jt;zn InstantNGP (92 fps) Plenoxels (8.2 fps) Mip-NeRF360 (0.071 fps) Ours (135 fps) Ours (93 fps) G d Truth
Train: 7min, PSNR: 221 | Train: 26min, PSNR:219 | Train: 48h, PSNR:243 || Train: 6min, PSNR: 236 || Train: 5Tmin, PSNR: 252 b ety

3D Gaussian Splatting for Real-Time Radiance Field Rendering. 2023.



3D Gaussian Splatting for Real-Time Radiance Field Rendering
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Fig. 6. For some scenes (above) we can see that even at 7K iterations (~5min
for this scene), our method has captured the train quite well. At 30K itera-
tions (~35min) the background artifacts have been reduced significantly. For Fig 7. Initialization with SfM points helps. Above: initialization with a
other scenes (below), the difference is barely visible; 7K iterations (~8min) random point cloud. Below: initialization using SfM points.

is already very high quality.

He TOoNbKO peHAepuUHr B peaZibHOM BpeMEHMU, HO U bbicTpoe obyueHue!
Our method achieves real-time rendering of radiance fields with quality that
equals the previous method with the best quality [Barron et al. 2022],

Fig. 8. Ablation of densification strategy for the two cases "clone" and

while only requiring optimization times competitive with the fastest previous ~split" (Sec. 5).
methods. Note that for comparable training times to InstantNGP [Miiller et al.

2022], we achieve similar quality to theirs; by training for 51min we achieve state-
of-the-art quality, even slightly better than Mip-NeRF360 [Barron et al. 2022]. 6 O5y'»laeMle Radiance Field

Hoebili cmaHOapm

] /
3D Gaussian Splatting for Real-Time Radiance Field Rendering. 2023. Representations:



3D Gaussian Splatting: Game Changing

Rendering _with Leamed
Introduction Background 3D Gaussian Splatting 3D Gaussians (§3, ) L o Application Areas Performance Future Research Conclusions
( §1 ) ( §;2 ) N ( §3) — and Tasks (§-L ) Comparison (§5 ) Directions (§6 ) (§7 )
Optm:uzazlon of |
3DGS(83.2)
/ /
/ / : .
/ .J"f Data-Efficient 3D GS Solutions
B Simultaneous Localization and /
€Cb CNEKTP 3aAa4 Mapping (§4.1) Memory-Efficient 3D GS Solutions
oy /
KOMNbIOTEPHOU rpadPuUKu Dynamic Scene Modeling (§4.2) |/
Advanced Rendering Algonthms
N KOMNbOTEPHOTO 3peHnA AT Generated Content (§4.3)
/ Optimization and Regulanization
¥il Autonomous Driving (§4.4) | /
,/ III.' 3D Gaussians in Mesh Reconstruction
:' - Probleam *|_lmphcit Radiance Field Empowering 3D GS with More Possibilities
| Formulation (32.1) —»| Explicit Radiance Field ,'

| L | Localization (§5.1)
»| 3D Gaussian Splatting: The Best of Both Worlds

= : . —»| Rendering in Static Scenes (§5.2)
~* Scene Reconstruction and Rendering |

©< 3| Rendering in Dynamic Scenes (§5.3)

—»| Neural Rendering and Radiance Fields

Context and
Terminology (§22}

»| Volumetric Representations and Ray-Marching *|  Rendering in Driving Scenes (§5.4)

+| Point-based Rendering | "~>| Human Avatar (§5.5) |

3D Gaussian splatting (3D GS) represents a significant departure from NeRF.

3D GS, with its explicit scene representations and differentiable rendering algorithms,
not only promises real-time rendering capabilities but also introduces unprecedented
levels of control and editability. This positions 3D GS as a potential game-changer for
the next generation of 3D reconstruction and representation

A Survey on 3D Gaussian Splatting. 2024.

Method 3D GS
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Vox-Fusion [139] psmara 3D GS
NICE-SLAM [140] (cverez; gna SLAM
ESLAM [141] (cvrres
Point-SLAM [142] nccvas) '
Co-SLAM [143] (cvere
F2GM+EF2F [64] fanav v
GSSLAM [63] 1aniv] v
SplaTAM [66] fanx] v
GS-SLAM [65] janiv] v
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Hoesblili cmaHdapm
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Stable Zero-123: Zero-shot One Image to 3D Object HoBblii paKypc NO 0AHOMY CHUMKY

Input Synthesized

Synthesized

Synthesized

Down 30° Left: 90° Up 45° Right 60° Up: 90°

Synthesized Synthesized Synthesized

Input

Down: 25° Right: 95° Up: 45° Left: 60° Left: 120°

Given a single RGB image of an object, we present Zero-1-to-3, a method to synthesize an image from a specified
camera viewpoint. Our approach synthesizes views that contain rich details consistent with the input view for large relative
transformations. It also achieves strong zero-shot performance on objects with complex geometry and artistic styles.

Zero-1-to-3: Zero-shot One Image to 3D Object. 2023.



Stable Zero-123: Zero-shot One Image to 3D Object

Input View (RGB)

iaaad n—__'_‘:_'z"i;‘w -
Latent Diffusion Model \ m"m"”m] |

Gaussian Noise Output View (RGB)

Figure 3: Zero-1-to-3 is a viewpoint-conditioned image
translation model using a conditional latent diffusion archi-
tecture. Both the input view and a relative viewpoint trans-
formation are used as conditional information.

“A computer from
the 90s in the style
of vaporwave”

“3D render of a pink E
balloon dog” .

Text = Dall-E-2 % =» Image = Zero-1-to-3 4

@ » Zero-l-to-3 #F V. Pgc

VFyc Zero-lto3 & « TQ;E . L %%q . &y )
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-
Meural Field ‘@ ‘.

V&g Zero-1-to3 &
. Ru.T)

Ml Volumetric Rendering

Relative Viewpoint Transform
T;
&) from Input View

Figure 4: 3D reconstruction with Zero-1-to-3. Zero-1-
to-3 can be used to optimize a neural field for the task of
3D reconstruction from a single image. During training, we
randomly sample viewpoints and use Zero-1-to-3 to super-
vise the 3D reconstruction.

+ 3D u3 nsobparkeHums

%%%*I

+ 3D u3 TeKcra!

Novel Views

Figure 10: Novel View Synthesis from Dall-E-2 Generated Images. The composition of multiple objects (1st row) and the
lighting details (2nd row) are preserved in our synthesized novel views.

Zero-1-to-3: Zero-shot One Image to 3D Object. 2023.

HoBbli1 pakypc No 0 4HOMY CHUMKY

Our conditional diffusion model uses
a synthetic dataset to learn controls
of the relative camera viewpoint,
which allow new images to be
generated of the same object under a
specified camera transformation.
Even though it is trained on a
synthetic dataset, our model retains a
strong zero-shot generalization ability
to out-of-distribution datasets as well
as in-the-wild images, including
impressionist paintings. Our
viewpoint-conditioned diffusion
approach can further be used for the
task of 3D reconstruction

from a single image. Qualitative and
guantitative experiments show that
our method significantly outperforms
stateof-the-art single-view 3D
reconstruction and novel view
synthesis models by leveraging
Internet-scale pre-training.



Text-2-3D
3D Avatars



CAT3D: 3D with Multi-View Diffusion Models HoBbIi pakypc No 0gHOMY CHUMKY -> 3D

We present CAT3D,

a method for creating
anything in 3D by
simulating this real-
world capture process
with a multi-view
diffusion model. Given
any number of input
images and

a set of target novel
viewpoints, our model
generates highly
consistent novel views
of a scene. These
generated views can be
used as input to robust
3D reconstruction
techniques to produce 3D
representations that can
be rendered from any
viewpoint

in real-time. CAT3D can
create entire 3D scenes in
as little as one minute,
and

outperforms existing
methods for single image
and few-view 3D scene
creation.

See our project page for
results and interactive
demos: cat3d.github.io.

a shiny silver
robot cat

Text-to-image-to-3D Real image to 3D Sparse multi-view to 3D

CAT3D: Create Anything in 3D with Multi-View Diffusion Models. 2024.



GALA3D: Text-to-3D Complex Scene Generation via Layout-guided GS

"ﬁ «f' i LLM + 3D Gaussian Splatting
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GALA3D: Towards Text-to-3D Complex Scene Generation via Layout-guided Generative Gaussian Splatting. 2024.



Drivable 3D Gaussian Avatars

We present Drivable 3D Gaussian
Avatars (D3GA), the first 3D
controllable model for human
bodies rendered with Gaussian
splats.This work uses the recently
presented 3D Gaussian Splatting
(3DGS) technique to render realistic
humans at real-time framerates. To
deform those primitives, we depart
from the commonly used point
deformation method of linear blend
skinning (LBS) and use a classic
volumetric deformation method:

a s bl Ag 2SS cage deformations.
‘T'H <] WEE | .

[y

§ o  UEE
ml h; —d

k

Mopaenb 3D GS TaKXe NCNonb3yeTcAa ANA reHepauumn n peHgepHura
B pea/ibHOM BpeMeHu peanuctuuHbix 3D aBaTtap (moaBuXKHbIX Mogenen
Tena) nNtoaen no nx poctosbim poTorpadpuam.

Drivable 3D Gaussian Avatars. 2024.

Figure 8. Reposing eight avatars with a pose from another subject
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Neural Network Diffusion (2024)

Parameter Autoencoder Parameter Generation «orwar process .
(standard latent diffusion) > o
0 = 2
JOO m i i © i in E =
le) 00 LL L e — 000
£ Q : ; § ! | LDM : : Reverse Process
S =) el = = .= Adding Noise N
— . Latent Random Latent Acc:76.6 1 ilAcc:64.0 hepuiAce:42.1 fefeiAced 4 o
epresentations Noise Representations B A ol ey LA R M
e Py %, S e Tk e Rpts 1 ._g
Inference ':, , : i Ty b B
L \ “ SGD Optimization Fin.  maX
1 I o)
: - g 3 ) The top: illustrates the standard diffusion process
! ] . LDM ' % Q : in image generation. The bottom: denotes the
' I 2 Generated Parameters . -
= o parameter distribution of batch normalization (BN)
Random during the training CIFAR-100 with
Noise ResNet-18. The upper half of the bracket: BN

e[ : Forward/Reverse Process

3% : Frozen

Parameter autoencoder aims to extract
the latent representations and reconstruct model

weights. The lower half of the bracket: BN biases.

Table 1. We present results in the format of ‘original / ensemble / p-diff’. Our method obtains similar or even higher performance than
baselines. The results of p-diff is average in three runs. Bold entries are best results.

parameters via the decoder. The extracted Network'\Dataset | MNIST CIFAR-10 CIFAR-100 STL-10 Flowers Pets F-101 ImageNet-1K
representations are used to train a standard ResNet-18 99.2/992/99.3 92.5/92.5/927 76.7/76.7/769 75.5/755/754 49.1/49.1/497 609/60.8/61.1 71.2/71.3/71.3 78.7/78.5/78.7
o ) ResNet-50 994/993/994 913/91.4/91.3 71.6/71.6/717 69.2/69.1/692 33.7/33.9/381 58.0/58.0/58.0 68.6/68.5/68.6 79.2/79.2/79.3
latent diffusion model (LDM). In the inference, the ViT-Tiny 99.5/99.5/99.5 96.8/96.8/96.8 86.7/86.8/86.7 97.3/973/973 87.5/87.5/87.5 89.3/89.3/89.3 785/78.4/78.5 73.7/73.7/74.1
random noise is fed into LDM and trained decoder ViT-Basc 99.5/99.4/99.5 98.7/987/98.7 91.5/91.4/917 99.1/99.0/99.2 983/98.3/983 91.6/91.5/917 83.4/83.4/834 84.5/84.5/84.7
, ConvNeXt-T | 99.3/99.4/99.3 97.6/97.6/97.7 87.0/87.0/87.1 982/98.0/982 70.0/70.0/70.5 92.9/92.8/93.0 76.1/76.1/76.2 82.1/82.1/82.3
to obtain the generated parameters. ConvNeXt-B | 99.3/99.3/99.4 98.1/98.1/98.1 88.3/88.4/88.4 98.8/98.8/98.9 88.4/88.4/88.5 94.1/94.0/94.1 81.4/81.4/8L.6 83.8/83.7/83.9

We extend our approach to two small architectures: ConvNet-3 on CIFAR-10/100 and MLP-3 on CIFAR-10 and MNIST datasets.
These experiments demonstrate the effectiveness and generalization of our approach in synthesizing entire model parameters.
However, we can not synthesize the entire parameters of large architectures, such as ResNet, ViT, and ConvNeXt series.

It is mainly constrained by the limitation of the GPU memory.

Wang, Kai, et al. Neural Network Diffusion, 2024

Ha uenbix ManeHbKux
mopgensax Toxe pabortaer

Anddy3Haa moaenb reHepupyeTt obyuyeHHble Beca
ana CNN uaum ViT! (noka He 011 yenoli modenu)
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Minecraft RL

RL BcTpeuvaerca c LLM



Deep Reinforcement Learning: obyueHue c nogkpenneHnem RL ao 2020
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Model-free RL

Model-based RL

Policy Gradient
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RL Taxonomy )

Az2eHm (OY) delicmeyem

—— Reward R(t): score you earned at current step
Bo3sHarpakgeHue (nocne xopa)

State S: current screen

CoctosiHMe (4TO BUAUM Ha 3KpaHe)
* Action i: move your board left / right
OevicTtBue (ynpasneHue/xopa)

Policy t(s): How to choose your action
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Human-level control through deep reinforcement learning ( Minh, et al. Nature, 2015)
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AlphaGo, AlphaZero, AlphaStar: uto ganbwe? RL po 2020
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lMpobaemsoi u 8vbi308b1 6 RL (2020) AreHTbl He YHUBepCa/ibHble (YYUM NOJ KaXKaylo Urpy)
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Open-Ended Learning

Hy»KHO 60/1bLIOE KONAMYECTBO NPUMEPOB OT N0AeN AreHTbl He YHUBepcaabHble (yunm noa Kaxkayio urpy)
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f'MnoTtesa: ec/iM NOCTPOUTb BCE/IGHHYIO UFPOBbIX 33434 U Nocnea0BaTe/IbHO XapaKTepHbl ANnA KOTHUTUBHOIO noBeaeHUA

obyuatb MN-areHTOB UrpaTb B 3T UTPbI, TO C KaXKA0i HOBOI UTPoi OHU ByayT
AOCTUraTb Iy4LLNX pPe3y/bTaToOB B 3TO BCE/IEHHOM U 3a ee npeaenamm

Open-Ended Learning Leads to Generally Capable Agents, DeepMind, 2021.

NoAaein N XKUBOTHbIX U Heobxoaumbl ann
camoobyualowmxca pobotos.




Close-Ended Learning vs. Open-Ended Learning

Mo cymu peyb udem o npedobyyeHHoOU pyHOameHmManobHoU moodenu 04 RL!

Close-Ended RL

MoxcHo nu Hayyume U pewames
3apaHee Heu3seecmHble 3a0a4U 8

cosepuieHHO Hosol obcmaHoeKe?
Open-Ended RL
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CYAUTENEM o e otme 1 otbo 3a43auu MOMUCK peLueHunn
UcxoaHble 3apaya npeacraBsieHa obyyatowen ~ UcxopHblie 3apava npeacrtaBieHa TekctoBbiM (GopmanbHbIM)
AQHHbIE U BbibopKon. Tpebyetca HabpaTb AAHHbIE U onucaHuem (zero-shot) n HebonbLwoM obyyatowen
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TpaHcpopmepbl B RL

AreHTbl He YHUBepcaabHble (yunm noa Kaxkayio urpy)



Decision Transformer

Cocmaensaem s1eHMy moKeHo8
«cocmosHue-Oeilicmeue —
803HazpaxcdeHue» u obyyaem GPT
npeodcKasbieamo nNpooonxceHue, m.e.
«30MACKUPOBAHHOE» OM HaC
Hauny4yuwee bydyuee peweHue

N3meHeHa
cama
nocmaHoeKa
3a0a4u RL!

2021: TpaHchopmep 0nAa

obyyeHus ¢ NnoOKpensaeHUem

“We study, if
generative trajectory
modeling —i.e.
modeling the joint
distribution of the
sequence of states,
actions, and rewards —
can serve as a
replacement for
conventional RL
algorithms.”

Decision Transformer architecture. States, actions, and returns are fed into modality-specific linear
embeddings and a positional episodic timestep encoding is added. Tokens are fed into a GPT architecture
which predicts actions autoregressively using a causal self-attention mask.

Decision Transformer: Reinforcement Learning via Sequence Modeling, Lili Chen, Kevin Lu, Aravind Rajeswaran, Kimin Lee,
Aditya Grover, Michael Laskin, Pieter Abbeel, Aravind Srinivas, Igor Mordatch, 2021.



o TpaHcghopmep Onsa
GATO: yHuBepcanbHbIU areHT ecex 3a0a4, 8KAKOYASA yrpasaeHue

Inspired by progress in large-
scale language modeling, we
apply a similar approach towards
building a single generalist agent
beyond the realm of text
outputs. The agent, which we
refer to as Gato, works as a
gy Bt i e capte of multi-modal, multi-task, multi-
' embodiment generalist policy.
The same network with the
same weights can play Atari,
i"g":":%':i”“ o caption images, chat, stack
blocks with a real robot arm and
much more, deciding based on
its context whether to output
text, joint torques, button
presses, or other tokens.

Paris. G

@ Can you write me a poem?

_ﬂ‘ - N
A cat that is sitting next
oy - ey - to a brick wall

i = o SR T AL P aYE M DrEne

A Generalist Agent, DeepMind, 2022.



o TpaHcghopmep Onsa
GATO: yHuBepcanbHbIU areHT ecex 3a0ay, 8K0YASA ynpaesneHue

Multi-modal Learning

JaHHbIe ecex modanbHocmeli = o
nepesodsamcsa 6 eQuHoe yHuUeepcasnbHoe L +3¢hcpekmusHoe
npedocmaseneHue U NOMom B npedobyyeHue
obpabamesiearomca coemecmHO T nymem
; MacCKuposaHus
Observation MOKEHOE
. Action r +.* +.*

Tenepo u deiicmeus e RL! |

Fixed prompt (optional)

Running Gato as a control policy. Gato consumes a sequence of interleaved tokenized observations,
separator tokens, and previously sampled actions to produce the next action in standard autoregressive manner.
The new action is applied to the environment — a game console in this illustration, a new set of observations is

obtained, and the process repeats. Each batch mixes subsequences approximately uniformly

A Generalist Agent, DeepMind, 2022. over domains (e.g. Atari, MassiveWeb, etc.)!



Minecraft RL

Mpo6nema oTN0XKEeHHOro BO3HarpaxaeHus



TpaHcghopmep, Komopblili y4umcsa Ha
Hepa3mMeYyeHHbIX MpumMepax eaudeo ¢ uzpoli

Video PreTraining (VPT)

Hy>KHO 60/1bLLIOE KONMYECTBO NPUMEPOB OT Ntoaei

‘ Collecting “Clean” Data Training the VPT Foundation Model
fd?r?gélr.'affutrvricejleegsa " ﬂ, Filter for “clean” M via Behavioral Cloning
via keywords unlabeled video segments unfa_abefed

video video Train causal

VPT Foundation Model

Training the Inverse Dynamics Model (IDM) bl video ~/0Khours .
Train non-causal IDM : ot gy Pl M
with IDM IDM-labeled ml
iii ~2k hours - - - with actions T Da
wdeo @ @
E;Ir:é?%t:tf Iabefed with
actions T

@ % Az2eHm noay4yun bpunauaHm e Minecraft

Ana mHormx obnacten, TpebyroLWKNX BbINONHEHMSA CIOXKHbIX NOCAeA0BaTeIbHOCTEN AeNCTBMIN (pOoOOTOTEXHUKA, BUAEOUTPHI,...),
obLenoCcTynHbIE AaHHbIE HE COAEPKAT METOK, HeobxoanmbIx ANna obyyeHna peleHunto 3aaa4. 34echb NpeasoxXeHa napaanrma
npeaBaputTenbHoro obyueHua no gaHHbim U3 MHTepHeTa Ha NOC/1e[0BaTe/IbHOE NPUHATUE PeLleHUA C MOMOLLbIO MMUTALLUMK
obyueHusn, B xoae KOTPOM areHTbl y4yaTca AeinCcTBOBaTb, NPOCMATPMUBAA OHNAUH-BUAE0 6e3 MapKUpPOBKU.

B 4acTHOCTU, NOKa3aHO, YTO € HEOGONbLUMM KOIMYECTBOM Pa3MeUYeHHbIX AaHHbIX MOXHO 006y4nTb Mogenb obpaTHOM
AVHAMMWKN, AOCTAaTOYHO TOYHYIO, YTOObI PAa3METUTb OFPOMHbI Hepa3MeUuyeHHbIW UCTOYHUK OHNAaH-AaHHbIX (OHNalH-BMAeo
ngeu, urparowmx B Minecraft), Ha oCHoBe KOTOpPbIX 3aTeM MOXXHO Bbly4uUTb 06LLYI0 moaenb noseaeHua (Urpoil).

Video PreTraining (VPT): Learning to Act by Watching Unlabeled Online Videos, OpenAl, 2022.



. O6yueHue c NnodKpenneHuem
DreamerV3: World Model is all you need ) R R S

Context Input Open Loop Prediction

Minecraft Diamond

True

Model

A2eHm noay4vun
6punauaHm 8 Minecraft
6e3 npedobyyeHusn

True

Ha eudeo!
K]
3 - Max
=
. | | Mean TOP Al
10K 100K 1M 10M 100M 2022!

True

Environment Steps

Model

Multi-step predictions on Minecraft. The

model receives the first 5 frames as
Ymobbl no6edumeo 8 uzpe, 20e 803HazpaxcoeHue context input and the predicts 45 steps

OMJ10}(€HO Ha MHO20 X0008, HY}HHO ymemb' into the future given the action sequence
npedckasbieams bydywjee Ha MHO20 X0006! and without access to intermediate images

True

Model

Mastering Diverse Domains through World Models, DeepMind, 2022.



MpozpammupoeaHue Ha LLM 0ns

GITM: Large Language Model is all you need UBGSEHEHUR U IPUMEHEHUS SHAHU]
RL KaK rpaguneHTHbIN cnyck: yuum seca HC metogom npob u ownbok
RL-based method
“ Q keyboard&mnuse_ o
goal ‘ > W ‘ ~ o
‘ h‘_________ J//

observation

RL Agent Environment

his work makes significant
progress towards the
ObtainDiamond challenge,
outperforming all previous
methods by a significant
margin (+47.5% success rate)

action list keyboard & mouse
T e N

ig?\ e Wi
feedback observation

sub-goal tree LLM Planner structured actions Environment

(g) sme

RL 6e3 rpagueHToB: LLM, rnaga B8 onucanue urpsol (Wiki Minecraft) BbinonHser
aBTOMaTUUYECKoe uepapxuyeckoe naaHMpoBaHue (NOCTPOEHUE AepeBa pPeLLEeHUN),
KOTopoe B uuKae npob u ownbok HaxoauT NyTb K 3aA4aHHOM LLenu B urpe

Ctparer* pasbuBaer 3agauy Ha 4acTy,
TakTuk* nnaHupyer gencresusa, Urpok™
urpaet, Habaogatens™ onucbiBaer onblr.
=> U TaK B UUKNe A0 AOCTUXKEHUA Luenm
*Bce oHM — 3anpocbl K GPT-3.5!

(a) Shelter with Farmland (b) Iron Golem (c) Redstone Circuit (d) Nether Portal

Ghost in the Minecraft: Generally Capable Agents for Open-World Environments via Large Language Models with
Text-based Knowledge and Memory, 2023.



. MpozpammupoeaHue Ha LLM 0ns
GITM: Large Language Model is all you need TS 0 ST S

RL 6e3 rpagueHTOB: He HacTpoOiiKa BecoB, a U3BevyeHne 3HaHU u3 Npob u ownobokK!

Instruction ; Plan

Action Interface: {

explore(object) "explanation":.”'lhe last actiqn failed because diamond c.annot be found on the ground.”, n p nu Me p H o BO ﬁ n a paAM rMbl
mine(object, tool) L “thoughts”: “First | need to dig down to level 12 where diamond is usually found. :
i arge Then | can explore diamond ore underground with branching strategy. . .
ixg_down(y_level, ool La ng 3 age Once | find diamondlore, I can mlijne it wit: the tlool iron pi'ckaxe." - n p O r p a MMAU p 0 Ba HUA B M M o
“action_list”: [
Query lllustration: Model a((:”:'?ar:ne'i down args {“y_levels: “12”, “tool”: “iron plckaxe h I_I po rpa MMW po BaHWe HAa LLM
Query contains a goal, feedback from the {“name™: ﬁ Jee CHMStBaV lqylng M
agent, and reference plan from the memory R TR AenC preritook: ANA U3BNEYEHUA N NPUMEHEHMA 3HAHUM.
Response Format: } d I'IOTOM cnpocu y Hee pelwleHune
{ P y P YacTMYHO HanoOMUHaEeT
“explanation”: “explain action failure”,

} [ Error message: the target object “diamond_ore” is too far O
22‘:‘::’.1.‘..‘"2273:2';”&, :;{"')y N OTtanyume B TO M, 4UTO 6a3a 3HaHUI

dbopmmpyeTca aBTOMaTUYECKN

i «YepHbin Aawmk» LLM co3pgaert «npo3payHbie» | >
Reference plan: MHTEpNpeTUpyembie NPaBu/Ia NPUHATUA PeLeHU B npouecce 06V“I €HNA 60” bloun

[ 19
|’ {“name”: “dig_down”, “args”: {“y_level”: “12”, “tool”: “iron_pickaxe”}}, A3bIKOBOU MO,CI,efI n.
{“name

Interaction Guideline:

You will receive feedback messages. If
your action failed, please replan ...

Memory

Query

Goal: obtain 1 diamond given iron pickaxe.
External info: Diamond is usually
found at level 12 ...

Feedback

A BOT cocTaB/IeHWe 3anpocoB U

Reference plan
e i —— . MCNONb30BaHME OTBETOB — AeNo
2 «NporpammmcTos Ha LLM».

MporHos: B 6ankanwem byayuiem

”: “explore”, “args”: {“object”: “diamond_ore”, “strategy”: “branching”}},

{“name”: “approach”, “args”: {“object”: “diamond_ore”}},
{“name”: “mine”, “args”: {“object”: “diamond_ore”, “tool”:

“iron_pickaxe”}

1
N 1
1 1
N 1
N 1
1 1
N 1
I 1
N 1
1
1 1
I 1
1 1
| 1
1 1
I 1
' 1
N 1
N 1
1 1
| 1
S ' Feedback
: “thoughts”: “thoughts on your plan”, 1 A ) n 0 r a M M M 0 B a H M e H a I-I On 0 re
1 “action_list”: [ ... ] : The action {“name”: “mine”, “args”: {“object”: “diamond_ore”, “tool”: “iron_pickaxe”} failed .
i . lista e il
1 1
1 1
N 1
1 1
I 1
1 1
| 1
| 1
1 1
1 1
N 1
1 1
1 1
' 1
| 1
1 1
1 1
N ]
1 T
1

Crparter® paszbuBaert 3agauy Ha yactuy,

% Yy’ %
TakTMK™ naaHnpyet Q‘EMCTBMH’ AreHt nporpammumnctbl Ha LLM BO MHOrom 3ameHAT
— wurpaert, Habaoaartenb* onucbiBaer onbir. NPOrPaMMMCTOB Ha Python.
=>WNTaK B UuMKine Ao A0oCTUXXeHunAa ueam (MH)KEHeme 3anpoc03)
*Bce oHM — 3anpocbl K GPT-3.5!

(a) Shelter with Farmland (b) Iro

Ghost in the Minecraft: Generally Capable Agents for Open-World Environments via Large Language Models with
Text-based Knowledge and Memory, 2023.



Describe, Explain, Plan and Select:
Open-World Multi-Task Agents

Instruction
¥
(Re-)Planner Explainer
LLM® explain LLM*
I %
plan P, description d;

! I

Selector Descriptor
HPM VLM
I t
goal g, feedback
Controller

Goal-conditioned Policy

obst 1 action

obs

Environment

MpozpammupoeaHue Ha LLM 0ns
u3esnevyeHus U npumeHeHuUs 3HAHUl

Task instruction: Obtain a diamond 4} in Minecraft survival mode step-by-step?

Initial Plan Py: “ ﬁ..ﬁ—)‘
-> /—> ;n-x-»ﬁ—>@—>ﬁ —:rc,} 1

Candidate goals: ..’;
Selected Goal g1: [ x 4

The agent locates in the birch forest,
which only has birch wood.

5; Agent

Description d, : I succeed on goal 1-5. 1
fail on goal 6, mining 3 @ with 2 .
Now my inventory has 5 planks, ...

Explanation: Because mining ‘ needs to
use at least A, which I do not have.
So I need to craft /b first.

Updated Plan P,:
?-:»,a—»‘ee»«;;;.;—»,%—»@
1 3 1 1

Selected Goal
gt . x 3
no other choices

Description d,: I succeed on goal ... I
fail on smelting 3¢5 from 3 ‘ \ on‘.
My inventory now has 3 iron ore, ...

Explanation: Because smelting 2> needs
to use ‘ and @ , which I do not have.
So I need to craft . | first.

Task Finished !
\

Fimshed Plan Pp: S~

‘—} ‘—)..—)@—) f»ﬁ—»@

@ Mine oak wood £33 Mine birch wood ) Craft acacia planks @ Craft crafting table /Craft stick ) Mine iron ore i Mine coal @ Craft furnace (3 Mine diamond

Mine acacia wood [l Craft oak planks i) Craft birch planks P4 Craft wood pickaxe P Craft stone pickaxe Mine cubblestﬂne(:.} Smelt iron ingot /3 Craft iron pickaxe
@] e planks (g planks 4 pickaxe /4 pickaxe ) 7 pi

DEPS facilitates better
error correction on

initial LLM-generated plan
by integrating description
of the plan execution
process and providing self-
explanation of

feedback when
encountering failures
during the extended
planning phases.
Furthermore, it includes a
goal selector,

which is a trainable
module that ranks parallel
candidate sub-goals based
on the estimated steps of
completion,

consequently refining the
initial plan.

1%t zero-shot multi-task agent: 70+ Minecraft tasks, x2 overall performances
Describe, Explain, Plan and Select: Interactive Planning with LLM Enables Open-World Multi-Task Agents. 2023.



RL & LLM

(ymo oHuU mo2ym smecme)



RL/LLM Taxonomy Tree

1. RLALLM: use RL to improve the
performance of the LLM in an NLP task.
2. LLMA4RL: use an LLM to supplement the

RL nomoraer LLM

3

RL/LLM

Taxonomy
Tree Root

LLM nomoraet RL

training of an RL model that performs [

]

a general task that is not inherently
related to natural language. RLALLM LLM4RL RL+LLM
3. RL+LLM: combine RL models |
with LLM models to plan [ , . | [ |
over a set of skills, without Prompt _ Without With
using either model to train | FiNe-Tuning Engineering SE £ e 'ﬁae’;g‘ég%ﬁ %ﬂ%ﬂﬂ%ﬁ
or fine-tune the other. /
¢ LLM4RL-Reward: Includes studies where ¢ RL+LLM-No Language
With Human \Iil‘v':ltrf:::;t:]t the LLM is used to design the reward Feedback: studies where the
Feedback Feedback function of the RL agent. prompt of the LLM is updated

¢ RL4LLM-Fine-tuning: Encompasses studies where RL is
used to perform model fine-tuning, which involves
tweaking the model parameters, until the model
achieves the desired performance. This subclass can be
further refined according to the presence or absence of
human feedback.

¢ RL4LLM-Prompt Engineering: Includes studies where
RL is used to iteratively update the prompt of the LLM,
until the model achieves the desired performance.

¢ LLM4RL-Goal: includes studies where the
LLM is utilized for goal setting, which
applies to goal-conditioned RL settings.

e LLM4RL-Policy: includes studies where
the LLM represents the policy function to
be learned, or directly assists its training or
pretraining.

during the planning process.
e RL+LLM-With Language
Feedback: studies where the
prompt of the LLM stays fixed
throughout the planning
process.

RL u LLM BmecTe pocturator
HOBOrO KayecTBa

THE RL/LLM TAXONOMY TREE: REVIEWING SYNERGIES BETWEEN REINFORCEMENT LEARNING AND LARGE LANGUAGE MODELS, 2024



LLM gna RL

(8epbasibHbIU, KOHMEKCMHbIU
U cUMB0s1bHbIU RL)



Reflexion: Verbal Reinforcement Learning

Agent

External feedback

Evaluator (LM)

Self-reflection (LM)
Internal h o Reflective
feedback text

-

(long-term memory)

Experience

Trajectory

(short-term memory)

—

Actor (LM) 1|

—QObs / Reward —]

Environment

-— Action

Algorithm 1 Reinforcement via self-reflection

Initialize Actor, Evaluator, Self-Reflection:
May, Me, Mgy

Initialize policy 7g(a;|s;), 8 = {M,, mem}
Generate initial trajectory using g

Evaluate 19 using M,

Generate initial self-reflection srg using Mg,
Set mem <— [sro]

Sett =10
while 1/, not pass or ¢ < max trials do
Generate 7, = [ag, 0g, . . . a3, 0;] using 7y

Evaluate 7+ using M,
Generate self-reflection s7; using Mg,
Append s7¢ to mem
Increment ¢

end while

return

Monpo6osaTb, onpeaenuTsb, B Yem OoWwWNOKA, 3aNOMHUTb, HAUTU HOBbIN NJ1aH C YYETOM ONbITa

Self-reflection (LLM) generates verbal self-reflections to provide valuable feedback for
future trials. Given a sparse reward signal, such as a binary success status (success/fail),
the current trajectory, and its persistent memory mem, the self-reflection model
generates nuanced and specific feedback, which is more informative than scalar
rewards, is then stored in the agent’s memory (mem).

Reflexion: Language Agents with Verbal Reinforcement Learning, Shinn et al. 2023.

LLMA4RL

This is akin to how
humans iteratively
learn to accomplish
complex tasks in a
few-shot manner —
by reflecting on
their previous
failures in order to
form an improved
plan of attack for
the next attempt.

RL 0n5a NN: onepaHmHoe
Hay4yeHue (KaK 0na

6eccnosecHbIX HUBOMHbIX)
RL 0nsa LLM: ckaxcu, 8 yem

owubka! (Kak yenoseky)



In-context Reinforcement Learning with Algorithm Distillation LLM4RL

30ecb makxce peyb uoem o co30aHuu rnpedobyyeHHol hyHOameHmManbHouU mooenu 011 RL!
Data Generation

Anroputm RL yunrtca yumntbes, AD is the first
Tosk ] I | AUCTUNNUPYA onbIT npowabix RL method to
as
. | RL algorithm demonstrate
rask 1 () ( ) learning histories in-context
as = (09, a9,70,01,01,71y...,07, AT, T .
T e e A Otanuma ot Open-ended-learning reinforcement
e .  Offline RL (Ha uy»ux ownbKax), learning via
o learning progress a He Online RL (Ha cBoux) sequential
Model Training *  KoHTeKcTHbIl RL modeling of
00 || ag || 7o | wvrevnnn. 0r—1| laz—1| [71-1]| o Predict actions using offline data
across-episodic contexts with an
l l l l l l l imitation loss
Causal Transformer B PB(at‘ht—la Ot)

Algorithm Distillation (AD) has two steps — (i) a dataset of learning histories is collected from individual single-task RL
algorithms solving different tasks; (ii) a causal transformer predicts actions from these histories using across-episodic
contexts. Since the RL policy improves throughout the learning histories, by predicting actions accurately AD learns to
output an improved policy relative to the one seen in its context. AD models state-action-reward tokens.

Laskin et al. “In-context Reinforcement Learning with Algorithm Distillation” (2023)



Eureka: Human-Level Reward Design via Coding Large Language Models 'LLM4RL

Reward Term

Formulation

Dexterity
Minimize distance
Maximize distance

Minimize orientation

~[lpy = pall2
I — p2ll2
2 arcsin(min(||v(g142)|[2. 1))

AllegroHand
Minimize distance
Maximize distance

20 Tasks)

Minimize orientation difference
Maximize orientation difference

=g = p2ll2

lpr — p2ll2
1/(|2 arcsin(min(|lv(q142) [l2, 1))] + €)
—1/(|2 arcsin(min(||v(q142) |2, 1))] + €)

Ant

CMMBO/IbHbBIN o

|h h;l

~lvzyllz — il

—0 — 04

Angle to target
R L Anymal

Minimize difference

exp —(z — z¢)?

Pen Spinning (Trajector

BallBalance

Ball position 1/(1+ |lp = pell2)
Ball velocity 1/(1+ [|lv — v]2)
Cartpole
Pole angle —(0—0,)?
Pole velocity —|v =
. . . . Cart velocit —lv—u
Evolution-driven Universal REward Kit for Agent ( EUREKA) FrankaCabinet S
Minimize hand distance =[lp1 = p2ll2
Algorithm 1 EUREKA . Maximize hand di.s.lancc lpr — p2ll2
1. Human-level performance on reward design. Drawer extension ~lp—nl
1: Require: Task description [, environment code M, Humanoid
coding LLM LLM, fitness function F, initial prompt prompt 2. Solves dexterous manipulation tasks that were rorso height N,
2: Hyperparameters: search iteration IV, iteration batch size K forso velocity “lvzylz = vl
yp ‘P . ’ H H Angle to target —|6 — 6]
3. for N iterations do previously not feasible by manual reward T
4: // Sample K reward code from LLM engineering Quadcopter position 1/(1 + I|pp‘”j)
5:  Ri,...,Rx ~ LLM(l, M, prompt) ’ Upright alignment 1/(1+ |1 —n.|?)
o /7 i S 3. Enables a new gradient-free in-context learning e s, A
7. s1=F(Ri),...,sx = F(Rk ' ngular velocity + o — nll
8: // Reward reflection approach to reinforcement learning from human ShadowHand
9: prompt := prompt : Reflection(Rj.y, Shest)s feedback (RLHF) that te h I q ::l:ll:::i?i::ﬂiz _H!!::‘__;:illz
where best = arg maxg s1, ..., Sk eedoac el Bz EniElale A=l e Minimize orientation difference  1/(|2 aresin(min(|lv(q1q2)[|2, 1))] + ¢)
10: // Update Eureka reward reward functions based on various forms of human Maximize orientation difference  —1/(|2arcsin(min([|v(q142)]|2. 1))| + €)
11 . REureka-; SEureka — (R&m Sz)lest)y if S&m > SEureka o t o
12: Output: Rpueka INpUts. Asmomamuyeckuii nod6op reward daa RL

Eureka: Human-Level Reward Design via Coding Large Language Models, 2023

c ucnosv3osaHuem LLM pedgnekcuu!



RL & LLM

30 npeodesibl oby4yarowed 8bibopku!



Surpassing the training data: getting more from LLMs at inference time

Phi-1: Textbooks Are All You Need (06y4aTbca TONBKO Ha XOpOLMX NpUMepax)

Mpepenvi 0byuyeHna LLM:

* [pepobyyeHHasa LLM nbiTaeTca
NPOAO/IKATb TEKCT KaK B cpeaHem

No UHTEpHeTy

U3 MHTEepHeTa

* [lpu nomowm punbTPaLUU
NaHHbIX (textbooks) u RLHF mbl
NblTaeMcA CABUHYTb BblyYeHHOE

High educational value Lo ssbucat honal valus

The standard code datasets form a large and diverse corpus covering
broad range of topics and use caze:s. One can only imagine how
frustrating and inefficient it would befor a human learner to try to
acquire coding skills from these datasets, 2= they would havetodeal
with a lot of noise, ambiguity, and incompleteneszinthe data. We
hypothesize that these issues also affect the perfformance of
language models, as they reduce the gquality and quantity of the
signal that maps natural language to code. We conjecture that
language model=would bensfit from a tmining set that has the same
qualities as a good “textbook™ it should be clear, seff-conined,
instructive, and balanced.

D training refies on three main datasets:

= A filtered code-longuage dotoset, which is & subset of The Stack and
StackOwerflow obtained by

using a lEnguage modetbased classifier {consisting of about 6B tokens).

= A spnthetic textbook doteset consisting of <16 tokens of GPT-3.5 generated
Python textbooks.

= A smaoll synthetic exercises dotoset consisting of ~1E0M tokens of Python
exercises and solutions.

Textbooks Are All You MNeed, Microsoft Research, 2023

E
=
&
z

LLM pacnpeaeneHue K ayqywemy

* TakMm nytem B nAy4dllem cayyae
LLM moxkeT 4oCTUYb Ayylliero
YPOBHA YenoBe4YeCcKnxX OTBeToB

* MOXXHO N1 NPEeBbICUTb 3TOT

YPOBEHb?

ChatGPT (InstructGPT): Kak

Ao6uTbCA oT GPT nonesHbIX U

peeBaHTHRIX OTEETOB NMPKM NMOMOLLMK Oﬁ\."—IEHI’IH C nogKpenneHHem

VWe want language Steat s J—_—
Collect demonstration data, Collest comparison data, Optimize a policy sgainst
:L?Efe;:f E,::;_Igi should and train & supervised policy. and train o reward modal, tha reward model using
roindofcamant larning
helpthe user solve Ennﬁyueuue © YHMTENEM ?EYHEHH': HYHELMM DLEHEM ADE}.I YEHME © NOOKPENNeHHeER
- promet is prompi Nrvs EeOMpl
their tas k}. sampbed from our ,“ng savarsl modsl |w€—iw i marmpied from '__:'m
honest (they Promat datasat g2 e ':':::'-:cmu g § e sad the dalasit —
shouldn'tfabricate o o
information or A fatalos ===t e Th policy
) [ damonEtiates th @ __9 .__D__ penmaise .-
misleadthe user), osvedcutput 0 s eem orcn L
s, e iy v A
harmless (they NPMBERLL e a Labsaler rorice reHEPUPOEATE YIyHweHtEE
shouldnotcause DTEETOE MIoaei | the cutputs from OTEETEI METOMOM  Coom s
physical This dats s used - st ko warst P4 npot n owwiox
- - . @00
- 2 PEHEMPOEIHHE Thhar rrwvae rracedel
DS}‘;hﬁ]IOgICtEJ, or Weth suparvised '% OTEETOR CETH FIOOLMH ‘““'E'[““‘
i " ¥ rawand for
pecple orhe. o O oo
environment). o sl macied e |
o000

Ofy4eHMe C NogHpenIsHHen C 4enceekom & o0paTHon ceRzn -
He BcerpanoHumaer,
4ero oT Hee XOTAT Reinforcement Learning from Human Feedback (RLHF)

Training language modelsto follow instructionswith human feedback, Openal, 2022

Alexander Novikov, Surpassing the training data: getting more from LLMs at inference time, 2024

RLALLM



Surpassing the training data: getting more from LLMs at inference time | RL4LLM

k | B uukne:
Task Sample T T OTAnuMA oT Knaccuueckoro RL:

FEEE dunbTpyem, e CrapTyem yxe C «xopoLien»

Add Aoobyyaem} npepobyyeHHou LLM
pretrain Filter by <amples *  YyuTbiBas, YTO moAdenb 6onblLuas,
LLM . reward to TF;B HY>XEeH pa3yMHbIiA KOMNPOMMUCC
MeXAy BpeMeHeM U pecypcamum,
Task 3aTpaYeHHbIMM Ha reHepauuio,
Evaluation OLUEHKY U goobyueHue.
Tool
3a cuer
*30Ha *30|-|a AoobyuyeHun
_oisgey  MHTEpeca cnn v GUbpaLmUm pacnpegeneHue
5328 e peweHuii LLM

» nocreneHHo

“. ~ ..' ~ v
X wene 105 850Dt Sy
R
eHepPaUUAL: - el
? PO
N
8 - -
Bl v o o Yohy #
v

peweHnit ; " cmelaercs

C Pa3NHHOM #:7 5 R X B CTOPOHY

peLueHMM ‘” Temnep TVPOM i npuNTepoB e )Kenaemoi
obnactu

Alexander Novikov, Surpassing the training data: getting more from LLMs at inference time, 2024



Surpassing the training data: getting more from LLMs at inference time ' RLALLM

FunSearch

Evalation RL uweTt anroputm, a He geuncreume:
Pre-trained LM, [ _.B  Manoe nsmeHeHme Nporpammoi

L M BeAeT K 6bonbwomy nsmeHeHuto
Novel program HOBEAEH Uus

Speéc‘\fiation / \ . @ -
= | — L  MoryT BO3HMKATb U B Aa/IbHENLLEM

j=, = -
MHOIOKPATHO UCMOJ/1b30BaTbCA
Promt E = 6ubanoreku anroputmos
anane He npocto LLM, («HOy-xay», peuenTos, GYHKLMN)
a Coding LLM

!

AlphaCode 2: 1M nonbiToK + $MALTP = pacluMpeHHe NPOCTPAHCTEA PELUEeHUIA | 3a cyeT
Google DeepMind bt AlphaGeometry: Neuro-symbolic Olympiad-level Al sys‘tem forgeome‘try e 6
® _ . AoobyueHusn
FreT—— — r—— -
® . . goiemess| FunSearch Mathematical discoveries from program search with LLMs prsp— o
P @ I Jr - | ME Google DespMind FunSearch e npa, FunSearch | Prar—— H a H o Bo M
a Ll PEASEp LI
@ L niand S LM Mp FunSesrch CM HTeTM Ke
L FPro- . (] — -4 =T i E. i KOMEMHITDPKER
AlpheEsametry solving a simple problem: Given the probiem dis iagram and 'umm:reﬂ'ss frasr] = — npofaEmE NPEAEAEHOND MHOMECTES — MLl
.ﬂ:ﬂeswm frmiicie] £ 'slasn:amboicug.emm mm oot e disgram wntil 1) o |t mOEmE
so_ltm e mmm re exvusted. f no solution i found, AlphaEeametry's language mos = L™, MIONECTE, BOOIDAUME 58 PEMKM CAMBX MSBECTHU, KEK 8 pacnpeAeneHMe
= potentisily us :mmn:umn . opening new :\emo'asanm‘o the symboiic engine. This kop Spacilication \ =\ Meval program P [
om‘t'us wtil 5 ::.l:' 5 found [right]. o this exemzie, fust one conatroct i reguined. D . / D :‘ \ - D P ¥ P cra FunSearch, npuwmenas 2o s LLM
=== — ApheGeometry &3 xanrap i zaeae, o v peweHuun
T —— an Diympiad prob womE yry wneponz
- = o o e e NOCTENEeHHO
+ i . nternational Prormat Vv bUIMHCTSS NOAXOS0S K KOMMADIOTERHOMY NOWCKY,
® ) P i Msthematios Diyr ECO=E| - s Ml e
prumms np e Moo Tore,
® s s shnies & {left] and 2 conde Programs R p rpammE ] "
. rsion of databa
° AT L == capese e e, o e, e cmellaeTcs
e on {right]. TH HHTEpNPETHPRYEMB], UTD T SR
=Y :’L: P The FunSearch process: Memgy sncnepTaMK 5 NpasweTRol ofiRac
= s \ N The LLM is shown aselection of the best programs it hasgenerated so far B CTO po Hy
A added constructs. "
AlphaCode 2 Technical Report, 2023 F Rl A HMiphaGeomatrys [retrieved fromthe programs database), and asked to generatean even better ANropMTM peweHHAa moGoA 3agaun
LBy sohution has 108 one. MONHO OMMCATE KaK NPOTpaMMY o
steps. * The programs proposed by the LLM are automatically executed, and evaluated. [HHCTPYHLHID) HE CRELHANBHOM HAK ).K "n
* The best programs are added tothedatabase, for selection insubsequent cydes. ECTECTEEHHOM A3bIke: [ToUCK peleHus en a e O M
Solving olympiad geometry without human demenstrations, 2024 * The user can at any point retrieve the highest-scoring programs discovered sofar KOk MPOZPAMME! ORT36IETEMCT
Mathematical discoveries from program search with large language models, 2024 YHUSEPCAMBHBIM HIYYHBIM HISBIKOM ! OﬁnaCTM

Alexander Novikov, Surpassing the training data: getting more from LLMs at inference time, 2024



AlphaCode 2: Generate and filter 1M code solutions for each problem
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AlphaCode 2 Technical Report, 2023

e A family of policy models which generate
code samples for each problem;

e A sampling mechanism that encourages
generating a wide diversity of code samples
to search over the space of possible
programs;

e A filtering mechanism to remove code
samples that do not comply with the
problem description;

e A clustering algorithm that groups
semantically similar code samples, allowing
us to avoid redundancies;

¢ A scoring model which we use to surface
the best candidate out of each of the 10
biggest code samples clusters.

We generate up to a million code samples per
problem, using a randomized temperature
parameter to encourage diversity.

We execute each code sample and filter out all
which do not produce the expected output.



AlphaGeometry: Neuro-symbolic Olympiad-level Al system for geometry

Number of solved problems in IMO-AG-30

A simple problem AlphaGeometry Solution | 1 AlphaGeometry: near o 250 AlphaGeometry method to generate
A (48 e o A p | gold-medallist level ., gy and train language models on purely
U S 204 g .
A 4&; ooty synthetic data provides a general
g e - Not g > < 5 | uiding framework for mathematical
construct ..--..... solved @ 10
Theorem premises: e > - Construct D: midpoint B0 3 domains with the same data-scarcity
Let ABC be any triangle with AB=AC Solved | - AB=AC, BD=DC, AD=AD = ZABD= ZDCA
Prove that angle (£) ABC= £BCA £ symbolic engine } > . £ABD= ZDCA, B C D collinear = o prOblem.
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(Wu's method)

AlphaGeometry solving a simple problem: Given the problem diagram and its theorem premises (left),
AlphaGeometry (middle) first uses its symbolic engine to deduce new statements about the diagram until the
solution is found or new statements are exhausted. If no solution is found, AlphaGeometry’s language model adds
one potentially useful construct (blue), opening new paths of deduction for the symbolic engine. This loop
continues until a solution is found (right). In this example, just one construct is required.

S N
N

IMO 2015 P3

Let ABC be an acute triangle. Let (O) be its
circumcircle, H its orthocenter, and F the foot
of the altitude from A. Let M be the midpoint
of BC. Let Q be the point on (O) such that
QH 1 QA and let K be the point on (O) such
that KH L KQ. Prove that the circumcircles (O;)
and (O;) of triangles FKM and KQH are tangent
to each other.

AlphaGeometry

Solution

Esa)

Construct D: midpoint BH [a]

[al, 0. midpoint HQ = BQ || 0.D [20]
[l

Construct G: midpoint HC [b]

ZGMD = £G0,D = M 0, G D cyclic [26]
[oon
fol,[b] = BC|IDG [30]

|

Construct E: midpoint MK [c]

[e] = £4KFC = £KO,E [104]

sl

ZLFKO; = ZFKO, = KO:. || KO, [109]

[109] = 0:0,K collinear = (0,)(0;) tangent

Solving olympiad geometry without human demonstrations, 2024

AlphaGeometry solving
an Olympiad problem:
Problem 3 of the 2015
International
Mathematics Olympiad

Generating 100 million synthet;i'-cﬂdata examples

(left) and a condensed

version of
AlphaGeometry’s
solution (right). The

Sample
random premises

b Symbolic deducticn
and traceback

AlphaGeometry synthetic-
data-generation process

c

Synthetic
problems and proofs

cyclicfEA.D,H)
blue elements are ‘;
added constructs. Zenn= zeoH
AlphaGeometry’s s
solution has 109 logical et
= cyclic[E,B,.C.0)
steps. :
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FunSearch: Mathematical discoveries from program search with LLMs

Google DeepMind FunSearch
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The FunSearch process:

* The LLM is shown a selection of the best programs it has generated so far
(retrieved from the programs database), and asked to generate an even better
one.

* The programs proposed by the LLM are automatically executed, and evaluated.

* The best programs are added to the database, for selection in subsequent cycles.

* The user can at any point retrieve the highest-scoring programs discovered so far.

MbI npeactasnsem FunSearch (cokpalieHne oT «NOUCK B
npocTpaHcTBe GYHKLMIN»), 3BONOLUOHHYIO NpoLeaypy,
OCHOBaHHYIO Ha 06beaAHeHMU NpeaBapUTeIbHO 06y4eHHOro
LLM c cuctematnyeckum oueHLMUKom. [MpumeHaa FunSearch
K LeHTpaNbHOM Npobaeme aKcTpemaibHOM KOMBUHATOPUKMK
— npobneme npesfenbHOro MHOXEeCTBa — Mbl
0bHapyX1MBaem HOBble KOHCTPYKL MUK 60bLUNX NpeaenbHbIX
MHOXKeCTB, BbIXO4ALLME 32 pAMKU CAaMbIX U3BECTHbIX, KaK B
KOHEYHOMEPHDIX, TaK U B aCUMNTOTUYECKUX caydanx. Vb
AEMOHCTpMpPYyeM yHMBepCcanbHOCTb FunSearch, npumeHasa ero
K a/IFOPUTMUYECKOM 3a4a4€e, OHNaMH-YMaKOBKEe KOP3MH, U
HaX0AMM HOBbIe 3BPUCTUKM, KOTOPbDIE YYy4LLAIOT LUMPOKO
ucnonb3yemblie 6asoBble NoKasarenun. B otimnume ot
60NbLWMHCTBA NOAXOA0B K KOMMbIOTEPHOMY MOUCKY,
FunSearch nwert nporpammbl, KOTOpble ONUCbIBAIOT, KaK
pewunTb Nnpobaemy, a He KakoBo ee peweHue. NommMmo Toro,
4YTO HalAeHHble NPorpammbl ABAAOTCA 3PPEKTUBHOMN U
macwtTabupyemom ctpaTtermei, oHn, Kak npasuno, bonee
MHTEeprnpeTupyemsbl, 4To obecneynBaeT o6paTHYIO CBA3b

MeX Ay dKCnepTamu B npegmeTHon obnactm

Anroputm pewueHua nobou 3agaum
MOXHO ONMUCaTb KaK Nporpammy
(MHCTPYKUMIO) Ha cneyuasnbHOM UK
ectecTBeHHOM f3biKe: [Touck peweHus
KaK npoz2pamMmmbl OKa3bieaemcs

Mathematical discoveries from program search with large language models, 2024 yHU8epcanbHbIM HAy4YHbIM HABbIKOM!



MepcnekTusbl, Npobaemol
n Bbi30oBbl 2024



HabntopeHue: 6onbioe o6vegnHeHune yKe Hayanoco (DL)

Deep Learning (rnybokoe oby4yeHue)

CV NLP RL GM

2011 CNN
Deep RL
GAN
Transformer
Diffusion models
Multi-modal Multi-modal Multi-modal

2023 YHuBepcanbHble Moaenu
3mo cunbHbIU apeyMeHm 8 rnoJib3y moeo, 4Ymo MOXHO LLM yxe 06y‘-leHbl Ha 6osbweli Yyacmu
o)xudamb 3ameosieHUs1 unu 3aeepuieHusi mekKyweco amalia umbopmauuu HakonseHHoll Yyerioeeyecmeom
«pesosiroyuu 8 UN», cessizaHHO20 ¢ HeupocemsiMu ’

O6o06weHue, akctpanonauyua: KO.Busunbrep, 03.2023 (cyry6o IMHO)



MporHo3: 6onblioe 06veanHeHUue B 6anxKauvwme rogbi (DL)

DL
CNN
Deep RL
GAN
Transformer, LLM
Diffusion models
Multi-modal

2023 YHuBepcarnbHble
rnyookune moaenw

O6o06weHue, akctpanonauyua: KO.Busunbrep, 03.2023 (cyry6o IMHO)



MporHo3: 6oablwioe 06veanHeHne B 6anKauwume roabl (DL, ML)

MawunHHOe oby4eHue

DL ML
CNN y
[epeBbs pelleHumn
Deep RL Eai
GAN anecoBCKMe peLleHns

Jlornctnyeckas perpeccud
PyHKUMN NOTEeHUMANoB

Transformer, LLM
Diffusion models

Multi-modal AHcambnu
2023 YHuBepcarnbHble

rnyookune moaenw
2023 YHuBepcarnbHble Moaenu

O6o06weHue, akctpanonauyua: KO.Busunbrep, 03.2023 (cyry6o IMHO)



2023

2023
2025

MporHo3: 6oablwioe 06veanHeHne B 6anxKauwme rogbl (UA)

Al for Robotics:

UCcKyCcCTBEHHbIN UHTENNEKT

UA-2 (MaumHHOE oby4eHue)

DL ML
CNN y
[epeBbs pelleHumn
Deep RL Eai
GAN anecoBCKMe peLleHns

Jlornctnyeckas perpeccud
PyHKUMN NOTEeHUMANoB

Transformer, LLM
Diffusion models

Multi-modal Arcamory

YHuBepcarnbHble
rmyookune moaenwu

YHuBepcarnbHble Mmoaenu

Un-1

dopmanbHble CUCTEMBI

CumMmBOJSIbHOE
nporpamMmmMmpoBaHme

Jlornyeckoe
nporpaMmmMmupoBaHune

basbl 3HaHuK
OKCMnepTHblE CUCTEMBI

OHTONOrMN
CemaHTH4eckmne cetu

Noruvka
AHanus
Yucna

YHuBepcanbHbIU rTMOPUAHbLIA UCKYCCTBEHHbIVN UHTEMNMEKT

Mpouenypsbl ML, UA-1, BbluucnuTenbHbIe anropuTMbl, MaTeMaTMyeckoe MmoaenmpoBaHue v ap.

CTaHOBATCA UHCMPYyMeHmamMu, KOToOpbIMU Nosnb3yTcs LLM-areHTbl n AGI

O6o06weHue, akctpanonauyua: KO.Busunbrep, 03.2023 (cyry6o IMHO)

Open-world

(paboTa B HOBbIX
MeCTax U CUTyaunsax)
Open-task

(C HOBbIMUM 3aja4amMmn)
Open-Ended
Learning
(KOrHUTMBHOE
nosegeHve, ymMeHue
YUNTHCSA)
Retrieval-based
(cnocobHOCTb
aKTUBHO A00ObLIBATb
NHopMaLmio 13
PasSINYHbIX
NCTOYHUKOB)
Transparent
(Mpo3pavyHOCTbL)
Explainable
(0B6BACHUMOCTD)



MporHo3: 6onbluoe 06beguHeHUe B 6auKaiwime rogbl (MA+EUN = U?)

UCcKyCcCTBEHHbIN UHTENNEKT

UA-2 (MaumHHOE oby4eHue)

DL ML
CNN y
[epeBbs pelleHumn
Deep RL Eai
GAN anecoBCKMe peLleHns

Jlornctnyeckas perpeccud
PyHKUMN NOTEeHUMANoB

Transformer, LLM
Diffusion models

Multi-modal Arcamory

YHuBepcarnbHble

2023
rnyookune moaenw

2023
2025

YHuBepcarnbHble Mmoaenu

2030

YHuBepcanbHbIU TMOPUAHLIU UCKYCCTBEHHbLIU UHTESNIEKT

EcTecTBEeHHbIN
UHTEenNnnNeKT

Un-1

dopmanbHble CUCTEMBI
CumMmBoOnbLHoOE
nporpamMmmMmupoBaHmne

Jlornyeckoe
nporpaMmmMmupoBaHune

basbl 3HaHuK
OKCMnepTHblE CUCTEMBI

OHTONOrMN
CemaHTH4eckmne cetu

A - ‘ ﬂ:’&’ﬁu —
YenoBeko-MalUMHHbIE CeTU
KaK YCUNUTenb UHTesseKTa

i’ %
Noruka
AHanuns
Yucna

prmewmum-k

MaTtemaTuka — v

YHuBepcanbHbIX TMOPUAHbLIA YeNOBeKO-MaLUMHHbIU UHTENNEKT

O6o06weHue, akctpanonauyua: KO.Busunbrep, 03.2023 (cyry6o IMHO)



Bonpocbl, npobaembl, Bbi30BbI

EcTb nn y Hac cerogHa TeopeTmyeckoe
NMOHMMaHue Toro, Kak paboTatoT n obyyatortcs
HENPOHHLIE ceTn? [locTaTo4YHO N HaM 3TOro
noHumMaHua? Cnegyet nu ygensatb 6onbLue
BHMMaHNS TEOPETUYECKMM OCHOBaM
HEeNnpoceTeBbIX TEXHOMNOMMN U MaLLUMHHOTO
obyyeHna?

CnegyeTt nun oxmnaatb AanbHewnwero 6ypHoro
pasBUTUA HENMPOCETEN, NN NOTEHUNan 3Ton
TEXHOMOrMNM yxxe 6rmsok K NoNHOM
peanusaunn?

JlexxaT nv no-npexxHemy B OCHOBE YCMELUHbIX
HenpoceTeBbIX peleHn cbop n obpaboTka
OonbLUNX AAHHbIX?

MeluaeT nn cerogHs HeAOCTATOK AaHHbIX AN
00y4eHus peLleHnto NpakTuyeckmx 3agay? Kak
BopoTbCs ¢ 3TON Npobnemon?

MoxHO nun ncnonb3oBaTb Ha NPaKTUKE CUCTEMbI
C NocTosiHHbIM AoobyyeHuem (life-long learning)
N aKTUBHbIM caMoobyyeHnem?

OcTtanuck nu ewé HepeLleHHbIe Hay4YHble
npobnembl B 06nacTn KOMMNbIOTEPHOIO 3PEHNAT?

Kakune HenpoceTeBble mogenu byaoyT
BOCTpeboBaHbI A51s1 06paboTKN CEHCOPHbIX
AAHHbIX - CBEPTOYHbIE, TPAHCOPMEpPHbIE,
rmépunaHble, Kakme-To HOBble?

Bonblne a3bikoBble mogenu (LLM)
AEeNCTBUTENbHO CNOCOOHLI paccyxaaTb, Unm
OHM NPOCTO BOCMPOM3BOAAT TO, YTO
3anoMHuUnn?

YUTto BygeTt OCHOBHbLIM MHCTPYMEHTOM
paspaboTunka MHTenneKkTyanbHbIX CUCTEM B
Bnwxkanwime rogbl - MalWMHHOE 0ByYeHne nunum
NHXXEHepusi 3anpocoB?

KakoBbl nepcnekTmBbl TMOpPUAHbBIX CUCTEM,
covyeTaroLmx cumeosbHbIM N ¢ MalLMHHBIM
obyyeHnem?

Korga obyyeHune HenpoceTen ¢
NoAKpensieHneM Ha4yHET nokasblBaTb
CepbEé3Hble NpakTu4eckmne pesynsratbl 3a
npeaenamm KOMMbITEPHbIX Urp?

KakoBbl nepcnekTnBbl aBTOMaTU4eCcKoro
nporpaMmmupoBaHus npyn nomowim LLM?

Hackonbko nosisneHne LLM n reHepaTBHbIX
areHToB MNOBMMUSET Ha pa3BUTUE HayKu B
Gnwxkanwwme 5-10 net?

O6napatoT N1 reHepaTUBHbIE HENPOCETH
TBOPYECKMMU CMOCOBHOCTAMMN, UMK 3TO
TONbKO UX rpybas nmmtauma?

Hackonbko BaxkHa npobnema
HEenpo3pavyHOCTN HEMPOCETEBLIX PELLEHNIA?
KakoBbl NyTn pelueHnst aTon npobnembi?

Hackonbko BaXkHa C NPakTU4YECKON TOYKM
3peHus ya3BMMOCTb HerpoceTen? Kak
BopoTbCH C aTakaMu Ha HenpoceTn?

Kak obecneunTtb goBepue n 6€30nacHoOCTb
NPy NPaKTU4ECKOM NPUMEHEHUN
HENPOCETEBbLIX PELLEHMIA, OCOOEHHO B
aBTOHOMHOW POBOTOTEXHUKE?

BbiTecHUT nn HoBas annapaTHo-
nporpaMmHasi TEXHOSTOrMUS HblHELLHUN
HenpoceTteson I Ha ocHoBe rpadonyeckmx
KapT 1 TEH30PHbIX Yyckoputenen? Ecnv aa,
TO KOrga, U C Kakmm TUMOM BbIYUCITUTENS:
HEMPOMOPMHLIM, ONTUYECKNM, KBAHTOBbIM,
ewé kakum-nnbo gpyrum?

BaxxHo nu cerogHsa MeTb NOMHbIN
OTEYECTBEHHbIN CTEK annapaTHbIX K
NPOrpamMMHbIX TEXHOMOMMIW ANs peanunsaumm
n oby4eHns HempoceTen?

Cneayet nun npakTn4ecknm paspaboTynkam
OPUEHTMPOBATLCHA HA OTEYECTBEHHbIE
peLleHnst, Unm ny4yle nosIHOCTbIO
onMpaTbCs Ha OTKPbITbIN CTEK CPEACTB
00y4YeHus 1 NCNOSIb30BaHNA HENPOCETEBLIX
Moaenen?

Kakne HenpoceTeBbie TeXHONoOrmm Hanbonee
CUNBbHO MOBMANAKOT HA HaLLY >XMU3Hb B
onwxanwme 5 net? 10 net? 15 net?

Mo>XHO nNn cymnTaTb, YTO OOLLMIM K
cunbHbin U (AGl)yxe cosgan? Ecnu Her,
TO KOrda ero MOXHoO oXxXuagatb?

Cenvac mHorune 3agayun I yxe peluatotcs
superhuman (HEMHOro ny4yLle ypoBHS
yenoseka): BO3MOXHO N1 co3gaHune
HenpoceTesoro superhuman UW, yposeHb
peLleHnn KoToporo ByaeT HaCTONbKO
NPEBOCXOANTb YENOBEYECKUI, YTO ero
3ambICribl, Lenn 1 peleHuns dyayT noasm
COBEPLUEHO HEMOHATHbI?



YHuduumposaHHaa naarpopma HeilpoceTeBon pa3pabotku «Mnarpopma-rHC» (2018-2023)

YOPDIVINMPDODBC

n obyueHme FrHC

peanusauymua rHC

YHudUumnposaHHasa naatpopma

epTupuumnupyembin Ha A B NCXOAHbIN KOA

/AMnopT/3KcnopT, paboTta ¢ pperimBopKamm
OTOBbIE pelleHna ANA TUNOBbIX 33434

oAaAep>KKa oteyectBeHHoro AO u C

KOHTPO/1b A0CTYNa K AaHHbIM U MPOEKTaM

AU3KUe TpedboBaHUA K KBannpukaumm UTF

APM PaspaboTtuuka

APM AgmuHuctpatopa

[NpuKknagHblie nakeTbl

* [oTOBbIE TUMOBbIE peLeHna
* WHTerpupoBaHHblE peLlleHuna
* [lonb3oBaTenbCKUe peeHunAa

CpepactBa annapaTHOM
peannsaymu

Cpeactsa
BCTPaMBaHMA
peweHnmn
PlatformAPI

Bubanoteka malMHHOrO
0byuyeHuns (bpenmBopkK)
PlatLib

¢ PyTorch

focHUMAC nopgpeprkuBaet U pa3BMBAET MOJIHbIM OTeYECTBEHHbIW NPOrpaMMHO-annapaTHbl CTeK TexHoaornn ana UA



Mpouecc co3paaHna KOHeYHoro peweHuaA. NMonHbin umkn paspabortku B Nnrardpopme-rHC

1. C6op AaHHDbIX
PASMETYUK
CUrHANOB

2. AHHOTaUUA AAaHHbIX

PEAAKTOP
BbIEOPOK U
AYITMETALUNA

PASMETYUK
M30BPAXEHUN

3. PopmupoBaHue
BblbopoK/ayrmeHTauma

3arpysymK

dunbTp TEM NPOEKTOB,
CTAaTUCTUKA NO NPOEKTaMm

4. Bbibop apxuteKTypbl
ceTu nopa 3agavy

5. Bbibop napamertpoB MoAYNb
b ep P PAGOTDI MoAYNb
AT C TUNOBbLIMMU BM3YA/IbHOTO
PELLIEHNAMM NPOrPAMMM-

POBAHUA

6. OueHKa pe3ynbraTta

MOAYNb
OGV‘-IEHMH Ana PABOTbI nna
nonb3osartens C KOAOM y4ebHbIX
7. MopTnpoBaHue obyueHHOMU Ans ueneim

mopaesin Ha BblHNCINTENb pa3paboTumka




CpeacTBa annapaTtHou peanusauuu: Llenesble annapatHble naaTdopmbl

PASMETYMK
CUTHANOB

PEOAKTOP
BblIEOPOK U
AYIMETALUUMA

PASMETYMK
MU30BPAXEHUI

3arpysumk

$bunbTp TEM NPoeKToB, rpapuyeckas
CTaTUCTMKA MO NPoeKTam

MOoAY/b
BU3YA/IBHOTO
NPOTPAMMMU-

POBAHMS

MOAY/1b PABOTbI
CKoaoOM

ApmuHucTpatop

ApmMmuHucTpaTop

pecypcos NpPOeKToB

HanpaBneHue

CPU x86-64
CPU ARM (Baiikan-M)

CPU + NVidia GPU (CC 6.0+)
CPU + AMD GPU (gfx9)

NeuroMatrix (HTL, «Moaynb»)

N/INC UltraScale+ (Xilinx)

Robodeus (HML, «3aBuc»)

CPU 3nb6pyc (A0 «MLICT»)

CHK IVA (IVA technologies)

NMoppepKKa K

HacToALemy
MOMEHTY

Oa

Aa

Aa

Aa

Aa

Oa

Aa

UHTerpupoBaHue
CYLL,eCTBYIOLLUX
peweHnit namn
pa3paboTtka

Pa3pabotka

Pa3pabotka

UHTerpupoBaHue

UHTerpupoBaHue
Pa3pabotka

Pa3paboTka

UHTerpupoBaHue

Pa3pabotka
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CpeacTBa annapaTtHou peanusauuu: Llenesble annapatHble naaTdopmbl

PASMETYUK

CpasHUTeNbHOE TeCTUPOBAHME OTEeYeCTBEHHbIX annapaTHbIX cpeacTs B 3agavax UA

PeweHre anA poccuickoro ONMK:

nporpaMMa CpaBHUTENEHOrO TecTupoBannA oT NocHUWAC
Habop 3apay anA TectupoBaHuA (ver,' 02 2022)

3anaua KnaccApHKaLHMH H300D@IKEHN A

MOAY/1b PABOTbI Rashistss
CKoAOM Rasists
"‘DDIIM-

OBkapy- | s50-
weHme Fssl

55D-
Mobiishist-
Vi

Cermes- Unat-

Pelenne anA poccuiickoro ONK:

nporpamMmMa CpaBHUTENEHOro TecTupoeaHna oT NocHUWAC

CocTaB TecTUpYEMBIX annapaTtHelX nnatdopm (ver. 02.2022)

CUTHANOB CTMpOBaHWE B[l ann oByuenwn v TecTupoeannn | ILSVRC 2014 HataueHtp
urTenei MCnonkayemsie apXHTEKTYRLL v ResNet 128 Xeon Silver 4112 Intel (2017)
. Reshat 34 OTpaHNYEHNITH
TBEHHBLIX — fely 447 8C AQ«MUCT» (2014]
" ResNet2) noTpednAsMy0 MOWHOCTE. MEORYE I )
¥ MobileNet w1 1892BM248 «RoboDeuss AOQHMNY «3NBIACs (2021)
Mcnonk3yemle METRUKA KasecTea | Accuracy, Tops A
PEOAKTOP e e Eorme «BOPTOBOE WCNOMHEHHE»™ Bop
PASMETHIK w BbIEOPOK " = o TEropUA Nofpasymesact K1945BM028 VA H TPU T Technologies
Zoan OrpaHNYeHne B =
U3OBPAKEHWIA RS, e e e _ (MK oXaiTos) (2021)
Ll MCNONLIyeMmIE 3PXHTEETYRLI v SSD-Rechet 34 Bhl nuTens oo 100 Bart Jetzon AGX Xavier Mvidia (2020)
' SSD-Mobilenst v2
Temem e e e | «BOPTOBOE MCMONMHEeHHe B (20BarT)
{20 BarT)»* — kaTeropua
POpME EXOOHLIX S3HHLIX 3x512x512 nogpa s 1879BMEA NME408 AQHTL «Mogynes (2017)
3a r 3q M K 3aga OTpaHUYEHWE B 18928M248 «RoboDeuss Ac.» l-.mLL «3NBC» (2020)
py BNl ann oby " Giy IHepronoTpednennn Jet=on Nano Nvidia (2020}
GUABLTP TEM NPOEKTOB, rpaduuecKas Men YU BHi Tens no 20 NUC, Pentium Silver J5005 Intel (2019)
’ T —— T 0] NUC, UHD Graphics 605 Intel (2019)
CTaTUCTMKA MO NpOoeKTam —_—— Fer—

MO/Y/1b PAOTBI mMoAy/ib TecTUpoBaHUE OTEYECTBEHHLIX BhIYUCIUTENEH PesynsraTtbl cpaBHUTENbHOrO TecTUpoBaHuA (ver. 02.2022)
BU3YANIbHOTO ver. 02.2022 [INA KaTeropuu «fataleHTp»
C TUNOBbIMU NPOrPAMMMU-
PELUEHWAMU POBAHUA CpaHuit FPS o Boaw Tecram 1 naker
== e e e e = e
— 4112 Sivar 5005 | Gremicasos | amxxavier | TN
mu“v.m Reshstis | Net ° o °
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TaumR VEE1S Tecr &

o - TecT npoigeH 0 - TECT He NPOAdeH N KaUecTey o - O3HHEIE HE NPEO0CTABNEHEI

PesynsraTthl cpaBHUTENBHOrO TecTUpoBaHua (ver. 02.2022)
ansa kateropuu «BopToBoe ucnonHeHue (20 BatT)»

Peaynsrathl cpaBHUTENBHOrO TecTUpoBaHua (ver. 02.2022)
AnA KaTeropun «BopToBOE UCNOMHEHUE»

Cpammnit FPS 10 BoaM ToeTam Cpegwil FPS N0 B0 TcTaM 1 nakeT




Mnatdopma-rHC n PLAT: NMepcnekTuebl pa3sutua (Jo0poXKHaA KapTa)

2022

2023

Bepcusa 2.0
«ABTOMaT»

Bonbline u
yHUBepCa/ibHble
Moaenm

LokymeHmauyus,

rnpeseHmauyuu,
SUOEOMGmepUGﬂbI

[m] o [m]

JocTtynHa

ANA TeCTUPOBAHUA
| v ucnonbsosanus
| coktabpa 2023

2023: Nnatdpopma-rHC 2.0 «cAsTomar»

2024



AKTYAJIbHbIE TEHAEHUWWU U PE3YJIbTATDI
B OBJIACTU KOMINbKOTEPHOIO 3PEHUA, TEHEPALUUU OAHHDbIX
N OBYHYEHUA C NOAKPEN/ZIEHUEM (2020-2024)
Busunorep IOpuit BaneHtnHosuuy, a.¢.-m.H., npod. PAH, anpekTtop

NO HAaMNPaBAEHUID — PYKOBOAUTENb HAYYHOro KomnaeKkca « MCKycCcTBEHHbIN
NHTENNEKT U TeXHNYecKkoe 3peHune» PAY «focHUUNACY, viz@gosniias.ru

Cnacubo 3a aHumaHue!

CemuHap HUY BLLUD
MO BbICOKONPOM3BOAUTENbHbBIM
Bepcua BbIYUCIEHUAM

AOKNaja Mocksa, 04.06.2024

PacwunpeHHasn




