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Computer Vision in 2023

Input Image Edited Image

&)

This is a dog. It's a
PD white fluffy dog.

It looks like a summer

r.-): day.

The grass is green and
the dog is not wearing
a sweater.

(> It'saSamoyed.

(® No, it’s sitting.

Flamingo: a Visual Language Model
for Few-Shot Learning. Alayrac et al.,

NeurlPS 2022

What season is this? @

Why do you think s0? (5

What breed is the dog? (5

Is the dog running? €5

Reconstructing Hand-Object Interactions in the
Wild, Cao et al., CVPR 2021

“T'wo kissing parrots”

Imagic: Text-Based Real Image Editing with
Diffusion Models. Kawar et al. 2023
arXiv:2210.09276

Dense video captioning

<1s><8s>The man is fastening the dog. <20s><50s>The dogs are pulling the sled

Vid2Seq: Large-Scale Pretraining of a Visual Language Model for Dense Video
Captioning, Yang et al., CVPR 2023



Computer Vision back in 2000

Object Recognition Action recognition

Columbia Object Image Library (COIL-20), Nene et al., 1996 Aerobics dataset: Bobick and Davis, TPAMI 2001



Video and action recognition in retrospective

Less manual
supervision T

Flamingo .
Alayrac et al 2022 Diverse tasks

HowTo1l00M Disclaimer: lots of
Video + narrations relevant works are not
Miech et al 2019 mentioned on this slide
I . Video Question

: Answering

Shuffle and Learn

Misra et al 2016 Video captioning
I : >

. . Text-video search o
Movies + Scripts — Egocentric videos

Bojanowski et al.
2014
Lng'e.® &
° -9 QG

Classification

YouTube

Lo o2y,
.'x\,‘.i [11/¢,
& /

Geographic diversity

EgodD Grauman et al 2022

A ke ke _ 'E \ —Kinstics...
Gorelick et al Schuldt et al RS UCF 101 ActivityNet arreira an Epic Kitchens: Damen Realistic video
2007 2004 Laptev and Perez Soomro 2012 Heilbron et al Zisserman 2017 etal 2021
2007 5015 data at scale



Video and action recognition in retrospective

Egocentric videos

=
YouTube ; S K 2
MoVieS \“‘ 5”/}," 9 ‘_“,,;b
5 { 7 - e e f:f N Q\G
RS Ly e i =
N =z W Ego4D Grauman et al 2022
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Gorelick et al Schuldteta ——— UCF 101 ActivityNet Carreira and Epic Kitchens: Damen Realistic video
2007 2004 Laptev and Perez Soomro 2012 Heilbron et al Zisserman 2017 etal 2021

2007 5015 data at scale



Representations for video understanding

PhD: Local Spatio-Temporal Image Features for Motion Interpretation
(Laptev 2004, KTH, Stockholm)

Space-time interest points

[

Laptev and Lindeberg ICCV 2003




Representations for video understanding

PhD: Local Spatio-Temporal Image Features for Motion Interpretation
(Laptev 2004, KTH, Stockholm)

Laptev and Lindeberg ICCV 2003

Laptev et al.,, CVPR 2008, Marszalek et al., CVPR 2009

2017 Helmholtz Prize for fundamental contributions in Computer Vision
AL



Video and action recognition in retrospective

Less manual
supervision T

Flamingo
Alayrac et al 2022

HowTol00M
Video + narrations
Miech et al 2019

Shuffle and Learn
Misra et al 2016

Movies + Scripts
Bojanowski et al.
2014

LB 3

Handclapping

Boxing
SRS Sy
R

Jogging Running

Gorelick et al Schuldt et al
2007 2004



As the headwaiter takes them to
a table they pass by the piano,
and the woman looks at Sam.
Sam, with a conscious effort,
keeps his eyes on the keyboard
as they go past. The headwaiter
seats Ilsa...
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As the headwaiter takes them to
a table they pass by the piano,
and the woman looks at Sam.
Sam, with a conscious effort,
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Script-based video annotation

° Scripts available for >500 movies (no time synchronization)
www.dailyscript.com, www.movie-page.com, www.weeklyscript.com ...

Subtitles (with time info.) are available for the most of movies
° Can transfer time to scripts by text alignment

subtitles movie script
1
b RICK
Why weren't you honest with me? Why weren't you honest with me? Why
Why'd you keep your marriage a secret: did you keep your marriage a secret?

P
_) Rick sits down with llsa.

It wasn't my secret, Richard. ILSA
Victor wanted it that way.

Oh, it wasn't my secret, Richard.

1174 Victor wanted it that way. Not even
_ our closest friends knew about our
marriage.

Not even our closest friends
knew about our marriage.



Scripts as weak supervision

Challenges:

e Imprecise temporal localization

o No explicit spatial localization

Subtitles
00:24:22 — 1= 00:24:25

— Yes, Monsieur Laszlo. \

Right this way.

I

00:24:51 —; 00:24:53

Two Cointreaux, please. —+——

Script
Speech

Monsieur Laszlo. Right this way.

Scene description

As the headwaiter takes them to a
table they pass by the piano, and
the woman looks at Sam. Sam,
with a conscious effort, keeps his
eves on the keyboard as they go
past. The headwaiter seats Ilsa...

Speech

Two cointreaux, please.




Constrained text-video assignment

/

)/ Setof plausible solutions

Text
features

the headwaiter takes them to a table

they pass by the piano

Resulting text-video

woman looks at Sam Y
assignment

The headwaiter seats llsa

1
YEY WeRExD 2]

min min

A
WY — Wk + W

[Bojanowski, Lajugie, Grave, Bach, Laptev, Ponce, Schmid 2015]






More data: Narrated instructional videos

af), O\

Donkt jack\xur car without
the !




Going WikiHow scale

How todoanying..  [[&Q7

We're trying to help everyone on the planet
earn how to do anythmg Join us

- ’ R Examples of scrapped tasks

' ' ———rrre=Be=te g lthy
* How to Cook Quinoa in a Rice
e Cooker
oW to TN * How to Sew an Apron
Make.No Bake C i, o™ ., i e * How to Break a Chain

e ewte P ooy our

. .

— Girlfriend
Random Article Write An Article
[ ]
Grow ’ Ed|ble o
Make Sunny Side up Eggs Pond o Wonduiie
‘ ‘l . Dv wikiHow in other languages:
English, espariol, Cestina, Deutsch,
. Frangais, f&=!, Bahasa Indonesia,

ltaliano, H#:3%, Nederlands,

Portugués, Pycckuit, ., Ing,
Tirkge, Tiéng Viét, 81101, 7. You
Sew an Apron can also help start a new version of wikiHow in

your language.

Be a Supportive
Sibling

How 10
Escape from a
Wear a Cravat Straitjacket

Step 1: Scrap ~130K tasks from WikiHow non-visual tasks

How to
Clean Mussels

Step 2: Filter out



HowTol0O0M dataset

WIleOW YouTube Short Superv|5|on Manual

visualtasks  videos clips ez annotation
Traditions Pets and Animals
1.6% 1.9%
Hobbies and Craft
Food 16.1%
29.4% Education
0.9%
Vehicles Healtoh
1.0% 27.0%
Home and Garden
15.9%

[Miech, Zhukov, Alayrac, Tapaswi, Laptev and Sivic, ICCV 2019]



HowTol0O0OM dataset. Examples

two stitches on two by skipping the first mark this so that | running length they
and we'll slip stitch three stitches know when | cut have a consistent
two stitches on two stitch and just going of wood clamp this is an inch and a

and we’'ll slip stitch to Mariel all the way together chisel out half from the edge

Al T
o ‘ Al

garlic no Camino | any repair be sure charging properly of
the garlic powder and some sea salt you've unplugged our reading

[Miech, Zhukov, Alayrac, Tapaswi, Laptev and Sivic, ICCV 2019]



Video description datasets

Dataset Clips Captions Videos Duration Source Year
Charades [42] 10k 16k 10,000 82h  Home 2016
MSR-VTT [52] 10k 200k 7,180 40h Youtube 2016
YouCook2 [61] 14Kk 14k 2,000 176h Youtube 2018
EPIC-KITCHENS [5] 40k 40k 432 55h  Home 2018
DiDeMo [11] 27k 41k 10,464 87h  Flickr 2017
M-VAD [46] 49k S6k 92 84h Movies 2015
MPII-MD [37] 69k 68k 94 41h Movies 2015
ANet Captions [22] 100k 100k 20,000 849h Youtube 2017
TGIF [23] 102k 126k 102,068 103h  Tumblr 2016
LSMDC [38] 128k 128k 200 150h  Movies 2017
How?2 [39] 185k 185k 13,168 298h Youtube 2018
HowTol100M 136M  136M 1.221M 134,472h Youtube 2019

[Miech, Zhukov, Alayrac, Tapaswi, Laptev and Sivic, ICCV 2019]



Learning joint text-video embedding

\} I

[Miech, Alayrac, Laptev, Smaira, Sivic and Zisserman, CVPR 2020]



Time

fresh herbs maybe

some oregano

[Miech, Alayrac, Laptev, Smaira, Sivic and Zisserman, CVPR 2020]



Time
T spinachs what’s
4 the name

keep 1t simple you
Just want to add

fresh herbs maybe
some oregano

you can add
cilantro basil

give 1t a couple
more tosses

[Miech, Alayrac, Laptev, Smaira, Sivic and Zisserman, CVPR 2020]



Learning joint text-video embedding

Multiple Instance
1 .

[Miech, Alayrac, Laptev, Smaira, Sivic and Zisserman, CVPR 2020]



Our formulation: MIL-NCE

Narration

/inwt

ef @) " 9(y)

Video input

1>9

~

Bag of positive Negati
Video network Text network gorp ‘ ‘ egative ‘

candidate pairs video-narration pairs

[Miech, Alayrac, Laptev, Smaira, Sivic and Zisserman, CVPR 2020]



Our formulation: MIL-NCE

2 ks S
H3y \

—_—

| e : : SEEN y =2
ft.\ ’4 ; ;'-7'.':.,\‘ —
"'s aybe
no

)i,: 3 - ,[ 18 —_— ,[
L - - Sl 3 - - -
Spinach what Give it a couple Fresh herbs m
the name more tosses Some orega

) ( S ef@ 9 \

E log (=y)EP:
S ef@ 9w 3 ef(@) o)
(w,’y’)NN'i )

Bag of positive ‘

candidate pairs

[Miech, Alayrac, Laptev, Smaira, Sivic and Zisserman, CVPR 2020]



Our formulation: MIL-NCE

Let’s glue the Keep it simple you Fresh herbs maybe
piece of woods Just want to add Some oregano

) ( S ef@ s \

max Z log (,9)EP
. S ef@)Tay) 437 ef (@) Te(y)

1=1
(z,y)EP; (z',y')~N; )
Negative
video-narration pairs

[Miech, Alayrac, Laptev, Smaira, Sivic and Zisserman, CVPR 2020]



Video-Text model architecture

word2vec dim = 2048 dim = 2048 dim = 512
dim =300

—
Separate the — L Linear + Max : Text
eggs with yolks €aas Relu [ ] Pool — >BEUEEI > | cmbedding
E—

dim = 512

. Video
— Linear — | embedding

32 frames @ 10 fps

[Miech, Alayrac, Laptev, Smaira, Sivic and Zisserman, CVPR 2020]



YouCook2 Zero-Shot Text-to-Video retrieval

First time a
method
No label used . .
60 R@ 10 ImageNet for pretrain and trained with
Kinetics-400 no finetuning no manual
50 Pretrained supervision
" beats fully-
YouCook?2 sed
40 Finetuned Supervise
ImageNet methods
Kinetics-400
30
Pretrained
20
10
0

®[1] HowTol100M onl

[1] A. Miech, D. Zhukov, J.-B. Alayrac, M. Tapaswi, |. Laptev, J. Sivic,
HowTol00M: Learning a Text-Video Embedding by Watching Hundred Million Narrated Video Clips, in ICCV, 2019.

[Miech, Alayrac, Laptev, Smaira, Sivic and Zisserman, CVPR 2020]



Action recognition: comparison to
self-supervised video representations

75.3

100
75
68.7
50
25 w
0
Shuffle & Learn

= HMDB = UCF
79.5

3D RotNet

CBT

[Miech, Alayrac, Laptev, Smaira, Sivic and Zisserman, CVPR 2020]



30

25

20

60

50

40

30

Comparison to fully-supervised

35
29.6 20
25
20

Miech et al. [1] (Kinetics-400 Ours Zero-Shot

+ ImageNet trained)
MSR-VTT R@10
61
sp 542 539
ImageNet Kinetics-700 CBT Ours

pretrained  pretrained

COIN Frame accuracy

[1] A. Miech, D. Zhukov, J.-B. Alayrac, M. Tapaswi, |. Laptev, J. Sivic,
HowTo0100M: Learning a Text-Video Embedding by Watching Hundred Million Narrated Video Clips, in ICCV, 2019.

apresentations

40.5
CrossTask (ImageNet Miech et al. [1] Ours
+ Kinetics-400 +  (ImageNet + Kinetics-
CrossTask trained) 400 trained)

CrossTask avg recall

75 771
7
74 e
70
65
60
Kinetics-700 ImageNet Ours
pretraining pretraining

YouTube-8M Segments mAP

[Miech, Alayrac, Laptev, Smaira, Sivic and Zisserman, CVPR 2020]



Enter your search term... n

etrieving from: HowTolOOM (1M) YouCook2 (10K) MSR-VTT (10K) YouTube 8M (6M)

Video search
by text



https://howto100m.inria.fr/

Video and action recognition in retrospective

Diverse tasks

e

Video Question
Answering

Video captioning
&

Text-video search
>
Classification

Gorelick et al
2007 2004



Zero-Shot Video Question Answering

— Cross-modal Training

FrozenBiLM

Training
data:
Web-
scraped |- * o e
Video + Little cute toy poodle dog
Caption running fast on the beach
—— Zero-Shot VideoQA
! I - ;‘.‘ ) ',:u
Test -
data:
Video i
+ . .
. [CLS] Question: What is the dog
Question doing? Answer: [MASK].

» FrozenBiLM

Answer: Running

[Yang, Miech, Sivic, Laptev and Schmid, NeurlPS 2022]



FrozenBILM: Training

Frozen cake wedding

Trained 11 m

'y th t t's o u ¢ Add&Norm <)
+
Adapter A

1 Ur
UlsuaI—Te;:TPm]ectmnP UlsuaI—Te;thjectmnP B H BB te  ty B o R . Add &+Nnrm < |XN

Adapter A

NN,

The bride and the groom [MASK] the [MASK] at the [MASK]

Caption X

Frame 1 y4 Frame T yrp

[Yang, Miech, Sivic, Laptev and Schmid, NeurlPS 2022]



FrozenBILM: Zero-Shot VideoQA

Running

Frozen .

i

th th th thy ts te t; th th th t'y Add & Norm +

Trained

+
Adapter 4
’ ' CTTTIT) !
™ . vr
Visual- Te:;TPmJectlonP Visual TeTﬁtPrOJectlonP ta to ti tn Add &*Norm < |[XN
Adapter 4
#
o T
‘ 3 wan
. .| [CLS] Question: What is the dog doing?
Answer: [MASK]. [SEP]
Frame 1 y, Frame T yr

Input prompt engineering
Open-ended VideoQA “[CLS] Question: <Question>? Answer: [MASK]. [SEP]”
Multiple-choice VideoQA “[CLS] Question: <Question>? Is it '<Answer Candidate>"? [MASK]. [SEP]”

Video-conditioned fill-in-the-blank task  “[CLS] <Sentence with a [MASK] token>. [SEP]”
[Yang, Miech, Sivic, Laptev and Schmid, NeurlPS 2022]



FrozenBIiLM: Zero-Shot SOTA comparison

* Frozen cake weddmg

i

th th ta ty ts te t; th th tho tuh 7 pAdd&Norm <)

+
Adapter 4

Vr

5 —
St

Visual-Text Projection]” .. Visual-Text ProlectlonP
ut urt

2 5 [t &5 (td (& (&3 (8o Ew fin Add & Norm xN

[ TTTT T ]

The bride and the groom [MASK] the [MASK] at the [MASK]

- Caption X
Frame 1 y4 Frame T yr

Method Trainine Data Fill-in-the-blank Open-ended Multiple-choice

g LSMDC 1IVQA MSRVTT-QA MSVD-QA ActivityNet-QA TGIF-QA|[How2QA TVQA
Random 0.1 0.1 0.1 0.1 0.1 0.1 25 20
CLIP ViT-L/14 [75] 400M image-texts 1.2 9.2 2.1 7.2 1.2 3.6 47.7 26.1

HowToVQAG69M +

Just Ask [108] WebVidVQA3M — 133 5.6 13.5 12.3 — 33.1 —
Reserve [116] YT-Temporal-1B 31.0 — 3.8 — — — — —
FrozenBilLM (Ours) WebVid10M 51.5 26.8 16.7 338 25.9 41.9 58.4 59.7

[Yang, Miech, Sivic, Laptev and Schmid, NeurlPS 2022]



Vid2Seq: Large-Scale Pretraining of a
Visual Language Model
for Dense Video Captioning

Goal: Use unlabeled narrated videos to train dense video captioning model

Large-scale pretraining from narrated videos Dense video captioning
B W T B DR I i '-

| Hey guys today I am going |4 il S———
to teach you how to ski *| The kids make it look easy

3 B\
- | “ |~,4 C—e l"\nd":‘
2 ' e 8 -

A NI B e - R I

https://antoyang.github.io/vid2seq.html [Yang, Nagrani, Seo, Miech, Pont-Tuset, Laptev, Sivic and Schmid, CVPR 2023]



Vid2Seq model

. 0.50s > 8.53s: The man is fastening the dog.
V}sual token Output de.n 3¢ 20.08s = 49.70s: The dogs are pulling the sled.
Time token event captions 44.68s = 49.20s: The man is saying hello.

Text token Visual and speech embeddings [x/, )] Output event sequence z
Xlt th X£_1 X; %-y;—)g—)g—)g—yg—yf—y;-)@t—){f <l> <17> The man isfastening...<98> The man is saying hello. [EOS]
t t t t tt ¢+ ¢t ¢t t+t t t t 1 t t t t t1 t ¢+ t tt t ¢
o Language Modeling Head A/
%0 t
-‘g Temporal Encoder f* 5 Transformer Text Encoder g < Transformer Text Decoder A
o g =
L% t t t t e+t t + + t ¢t + t ¢ 3 LI I R [T R
2y w-x ¥ “ OB B EE OBRHEE J D060HEE 06 222 2 E
I N | SR R A
7
= Spatial Encoder f* = Encoder Token Embedder g° ‘q% Decoder Token Embedder 45
trtrr et Tttt
<6> <10> Please stay calm! <86> <92> Hey my friend! [BOS] <1> <17> The man is <89> <98> The man is saying hello.

Transcribed speech sequence Y

f

Text + Time Tokenization

Text + Time Tokens

stay calm man B gy <<l <Ue

I

3.02s > 4.99s: Please stay calm!
42.87s = 45.97s: Hey my friend!

Input transcribed speech

Input video frames x

Time Tokenization
$1=3.02s

slxNJ . l3.02><100J =

b = |
startl T 49.70

Video timeline, duration T = 49.70s quantized in N = 100 bins

https://antoyang.github.io/vid2seq.html

[Yang, Nagrani, Seo, Miech, Pont-Tuset, Laptev, Sivic and Schmid, CVPR 2023]



GT A man walks up to parallel bars while s spectators

competitors, and ofllc1als are in the background.

T mmm— pap— - __..__.r'_—, S e g
r 2 ot P " Ty,
P i

q: A man walks up to a set of uneven bars.




Vi1d2Seq: Trim off the excess fat of chicken breast
and cut 1t into halves.




Is video understanding getting solved?

Park et al., CVPR19

A small group of people are seen riding around in bumper cars and
bumping into one another. The girl continues riding around the bumper car
while others watch on the side. The girl finishes and walks away.

Yang et al., CVPR 2023

Dense video captioning

Yang et al., NeurlPS 2022
Zero-Shot VideoQA

Test
data:

Video

+
Question

doing? Answer: [MASK].

W»

[CLS] Question: What is the dog

FrozenBiLM

Answer

Running

'11x512

______________ |

i Maximize Slmllarlty

Temporal Pooling

i

1x512 1x512

l Image Encoder b] l

Text Encoder & ‘

t

ITokenize
Prompt: “Ice dancing”

ViFi-CLIP Rasheed et al., 2023

With large-scale data and unsupervised training modern methods are getting

excellent at associating video with language.

Is this sufficient?



Open challenges in vision

What are effects of certain actions on a given scene?

What happens if...?

(P ’

: ""‘%;»

...shaking an apple tree ...pulling tablecloth












Actions

. Vacuuming

.
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What actions
are required?
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What actions
are required?
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Navigation
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History Aware Multimodal Transformer
for Vision-and-Language Navigation, S.
Chen, P.-L. Guhur, C. Schmid and I. Laptev;
in Proc. NeurlPS 2021

Object Goal Navigation with Recursive Implicit Maps,
S. Chen, T. Chabal, I. Laptev and C. Schmid; In
submission 2023

Vision and
language
navigation

Variations of a Task

Training Episode
(Seen Variation)

Press the white button, then
push the green button, then
push the gray one.

Testing Episode
(Unseen Variation)

it L3
Press the darker blue button, b
tapping on the green button an:
then the lighter blue button.

efore
d

Instruction-driven history-aware policies for
robotic manipulations, P.-L. Guhur, S. Chen, R.
Garcia, M. Tapaswi, |. Laptev and C. Schmid; in
Proc. CoRL 2022

Robust visual sim-to-real transfer for robotic
manipulation, R. Garcia, R. Strudel, S. Chen, E. Arlaud,
l. Laptev and C. Schmid. In submission 2023

Vision and
language
manipulation




Summary

History Aware Multimodal Transformer
for Vision-and-Language Navigation, S.
Chen, P.-L. Guhur, C. Schmid and I. Laptev;
in Proc. NeurlPS 2021

Object Goal Navigation with Recursive Implicit Maps,
S. Chen, T. Chabal, I. Laptev and C. Schmid; In

submission 2023

Vision and
language
navigation




brzia— ins | Sk

History Aware Multimodal Transformer
for Vision-and-Language Navigation

/
N, y
o) RGNt ,
L SR L a8
e ¥ f‘ A é‘ \ i ) \

Shizhe Chen Pierre-Louis Guhur Cordelia Schmid lvan Laptev

NeurlPS 2021

Webpage:
https://cshizhe.github.io/projects/vin _hamt.html



https://cshizhe.github.io/projects/vln_hamt.html

VLN Challenges: Modeling history

Keeping track of the navigation state
Environment understanding

Instruction grounding

up the stg
Go straig
the bedr¢
the right
past the bed.

Turn right again and =
go through the closet. > =
Continue straight, into START

the bathroom.

Wait right there, in
front of the mirror.



Our Proposed Model: HAMT

History Aware Multimodal Transformer (HAMT)

Action
Prediction

~N

Cross-modal Transformer Encoder

Transformer Transformer

{ Language

N
Hierarchical Vision Vision
Transformer

[

cls] go straight step1 | m &@g = &) N
behind the . % RN
couch... [se = b -
[sep] step t i T view 1 view K
Histor Observatio

y n

A fully transformer-
based architecture
for multimodal
decision making




Our Proposed Model: HAMT

Long-horizon history modelling
Learn dependency of all panoramic observations and actions in history

sequence

End-to-end optimization for visual representation
Fully transformer-based architecture allows efficient training

Action
Prediction

Vs

.

Cross-modal Transformer Encoder

Vs

Transformer
|\ J

N\ )
Language Hierarchical Vision
Transformer

Vision

Transformer

couch... [sep]

stept mﬁ‘m,g Jw

] go st (E R wwm\

view 1

viewj/

Text History Observation

PROBLEMS

 Computationally expensive to
encode all panoramas

« Kviews, T steps =2 O(K?T?)

* The action prediction task alone
might be insufficient to learn
generalizable models



HAMT: Hierarchical History Encoding

ViT for single view image encoding
Panoramic Transformer for spatial relation encoding within panorama
Temporal Transformer for temporal relation encoding across panoramas

history h h h
embedding ; Yo ? Uy A U2

Temporal Transformer

A s A
embedding - P X
Panoramic Transformer Panoramic Transformer Panoramic Transformer
image é é é 4 4 4
embeding A A A
CULOVIT ViT ViT | ° i VIiT VIiT ViT
BE IOER B OE S IE
L N c1H" 2 al wpale =l s ve
J - Al |-\ P W
panorama ‘ | !LE -




70

60

50

40

30

20

10

Experiments: Comparison with SoTA

HAMT outperforms state of the art on all datasets

+3% (SPL)

recber

R2R

+12.1% (SPL)

recber

RxR

-
()
o]
O
[}
s
R

+3.9% (SPL)

+2.7% (SPL)
l +1.7% (GP)

EVERIE R2R-Last CVDN
B SoTA B HAMT

+5.2% (nDTW)

O
()

—

R4R

+6.9% (nDTW)

(6]

R2R-Back



Experiments: Ablation

How important is the history encoding?

e Recurrent: a fixed-size
vector to encode the
whole history

* Temporal-only: select only
one view per panorama to
improve efficiency

* Hierarchical: hierarchically
encode all panoramas

56
54
52
50
48
46

R2R Val Unseen Split

Recurrent

Temporal-only

Linear (SR)

Hierarchical

Linear (SPL)



HAM

Limitations of HAMT

Navigation Visual Memory
Memory
Oo-0—-@ O—0©
Sequence
no structure of the
house

Action
Space

Local actions
hard to backtrack
many steps

. Current location

O Visited locations

O Navigable locations

Fine-grained
representation

—> Action



HAMT
(NeirlPS
2021)

DUET
(CVPR 2022)

Improving HAMT with Structured Memory

Navigation Visual Memory
Memory
o-0—~0 O-0©@
Sequence
Graph

Action
Space

Local actions

4

Global actions

Build a graphical map
on-the-fly

Allow efficient exploration

‘ Current location

O Visited locations

O Navigable locations

Fine-grained
representation

—> Action



DUET: Experimental Results

* Winner of VLN Challenges hosted in
Human Interaction for Robotics
Navigation Workshop at ICCV 2021

REVERIE dataset

SR [SPL_|RGS _|RGSPL 7 1\

HAMT 30.40 26.67 14.88 13.08 1STPLLACE IN THE
REVERIE CHALLENGE 2021
DUET 52.51 36.06 31.88 22.06

Shizhe Chen!, Pierre-Louis Guhur’, Makarand Tapaswi?
Cordelia Schmid* and Ivan Laptev

!Inria, Ecole normale supérieure, CNRS, PSL Research University

e SOON dataset IIT Hyderabad

presented at the

Human Interaction for Robotic Navigation Workshop
at the IEEE/CVF International Conference on Computer Vision (ICCV) 2021

Split | Methods | TL OSRt SRt SPLt RGSPL?t
Val | GBE[/] 28.96 28.54 19.52 1334 1.16
Unseen | DUET (Ours) | 36.20 5091 36.28 22.58 3.75 8 e

SIGNED, Dr. Qi Wu )
Test | GBE [] 27.88 21.45 1290 923 045 e
Unseen | DUET (Ours) | 41.83 43.00 33.44 2142 4.17
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straight down the red carpet, enter room at the end, stop once inside the room.

Cannot turn right.

Back Track
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Back tracking

according to the
constructed map.
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Instruction: Exit the roped off hall, follow the red carpet, turn right, continue
straight down the red carpet, enter room at the end, stop once inside the room.
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Object Goal Navigation with
Recursive Implicit Maps

Shizhe Chen Thomas Chabal Cordelia Schmid

In submission 2023

lvan Laptev

PSL*




Object Navigation model with Recursive Implicit Map

wil history H action
. /
- modeling . 1| prediction
—> ) )
Recursive

Implicit Map




Object Navigation model with Recursive Implicit Map

Primary Task: Auxiliary Tasks
Action Prediction e R e R O I
1. {  Visual Feature : 1 Explicit Map : Semantic :
- - . - 5 — ! Prediction i 1 Construction | 1  Prediction |
L oMy Mz | ** [Taw eenes My, | *** | Mhw O¢ ! : e | : : : :
g ; : vt! l T I vT1 L " \ I : chair | ... | sofa I
: . | [ |
5 Multi-layer Transformer : E B | || & v Lo [T
H |
‘g ; t=-1 t—1] °°* t=1|  eersss t=1| we» t—1 : ClOSkAfThEF : : T : : T :
5 : 1 My M2 my,, my my | it ! vd n M? E : s !
: | 1
& 1 ' : T | T : : 'f :
! |4 Concatenation + Step embedding I 1 I ]
4 ATz ! FFN - FFN ! E FFN |« !
Linear Layer| |Linear Layer| |Linear Layer "":_‘_‘_‘f_'_'_‘_‘_'_‘I__I'_‘_'_'_$'_:‘_‘_:'_ _‘_'_'_'_'_'_'_'_'_',"I
w Look-up| |Look-up i - '
Resnet50 | | Resnet18 o Table | | Table I qz Mt Ot !
V), ] I
X V (x 'y ’ H ) ! . I
h l v t 1 : Multi-layer Transformer |
X Ar—q C : ]
I
I r t—1 0 T
Implicit map RGB Depth Current Previous Target : il M t o
M Image I{  Imagelf agentpose action category , Querypose  Implicitmap _ Observation

Memory size SR SPL  SoftSPL

Recurrent state 1 xd 3895  11.09 16.35
Episodic sequence T x d 44.51 14.17 19.35
Recursive implicit map h xw xd 47.74 15.12 20.51




Object Goal Navigation with
Recursive Implicit Maps

Shizhe Chen, Thomas Chabal, lvan Laptev and Cordelia Schmid



Examples in simulation: successful cases

Target: "cabinet”

Target: "chest of
drawer"




Real world examples



Summary

Training Episode
(Seen Variation)

e
% L
E R G AR
Press the white button, then
push the green button, then
push the gray one.

Variations of a Task

Testing Episode
(Unseen Variation)

LN o e
Press the darker blue button, before
tapping on the green button and
then the lighter blue button.

Instruction-driven history-aware policies for
robotic manipulations, P.-L. Guhur, S. Chen, R.
Garcia, M. Tapaswi, |. Laptev and C. Schmid; in
Proc. CoRL 2022

Robust visual sim-to-real transfer for robotic
manipulation, R. Garcia, R. Strudel, S. Chen, E. Arlaud,
l. Laptev and C. Schmid. In submission 2023

Vision and
language
manipulation




o W
Instruction-driven History-aware Policies =~ “°f-%%%
for Robotic Manipulation

Pierre-Louis Shizhe Chen! Ricardo Garcia Makarand lvan Laptev!  Cordelia Schmid?!
Guhur? Pinell Tapaswil?

Linria, Ecole normale supérieure, CNRS, PSL Research University, Paris, France,
2IIIT Hyderabad, India

Project page: https://quhur.qgithub.io/hiveformer/



https://guhur.github.io/hiveformer/

Challenges

1. 3.
Many tasks
and their
variations Precision can
be crucial
2. 4.
Current Explicit state
observation is recovery is
insufficient too difficult




Define tasks by
language, e.g.
Use the broom to
brush the dirt into
the dustpan

Encode explicit
observatlon hlstory

How to address these challenges?

Use the b
dirt

Transformer

obrush the 24 Language

-
o O
prioception bl )
Vi
. O
. B \Y
. .
. .
=l
(%}
(7}
Bl prioception 3

hdp

c2 i, <3
el = UNet
&3 -.;t/, _)RGBD?.Pro ioc

Cross-Attention

Self-Attention

Feed-Forward

N
= N

Use multi-camera

inpt
X

Use raw RGB+D for
visuomotor policies

]




HiveFormer
History-aware instruction-conditioned multi-view transformer

Inputs Encoder Transformer Prediction
-~ Use the broom to brush the — Laneuage -
i dirt into the dustpan guag m (= ™ i
y = +
3 K E s
i = o — [ -
UNet = B g" = = S o) TS
RGBD & Proprioception & ¥ _8 O 8 = =
@ S E I L " &
® ® "’, <| "U ¢ f: HN
® . o V) LCB /| .C3
| = o n UAR .
1 = @ — Rotation 7’141
;_ UNet I (6] et
~ RGBD & Proprioception | & @V State
_ ' = | crH-l




HiveFormer
History-aware instruction-conditioned multi-view transformer

Inputs Encoder

Use the broom to brush the

dirt into the dustpan = Language

“BERT not visually @P: visually

grounded grounded



HiveFormer
History-aware instruction-conditioned multi-view transformer

Multi-view input from
the current and all
previous time steps




HiveFormer
History-aware instruction-conditioned multi-view transformer

*
EL C2 C3,
; i RGBD & Proprioception
>

Channel tokens

Step t
C3)|C2||C1

H Patch tokens
\

W




HiveFormer
History-aware instruction-conditioned multi-view transformer

N
Cross-Attention

cslic2licall . o o llc3lic2lca

Cross-Attention: instructions
and the history of past
observations provide
context for current
observations



HiveFormer
History-aware instruction-conditioned multi-view transformer

|
|
Position Pt+1

Rotation 7¢4
) State
Ct+1

Behavior Cloning loss for
training; Single and Multi-
task training



Evaluation: RLBench tasks

74 RLBench Tasks
' 100 hand-designed tasks

Vo —_y - Multi-view RGB-D images
| s A Franka Emika Panda 7 DoF arm
Lamp On | Open Wine Bo‘ttle Push Button‘s TeXt desc”pthn for eaCh taSk

Select 74 tasks we could simulate

i

L J‘ \

Sweep to Dustpan Put Money in Safe Water Plants

: Evaluate in single and multi-task settings

(Task text descriptions are not needed)

James, S., Ma, Z., Arrojo, D. R., & Davison, A. J. (2020). RLBench: The robot learning benchmark & learning
environment. IEEE Robotics and Automation Letters, 5(2), 3019-3026.



Water Plants

Evaluation: RLBench task variations

Variations of a Task

Training Episode Testing Episode
(Seen Variation) (Unseen Variation)

Press the white button, then Press the darker blue button, before

push the green button, then tapping on the green button and
push the gray one. then the lighter blue button.

18 O H B O

Unseen sequence of
colors during training

|:> Evaluate on unseen

o

task variations
Task text
descriptions
become crucial



Results: 10 tasks e Single-task setting

Visual Point Gripper Multi- .. Mask

Tokens Clouds Posﬁlijon View History Attn Obs SR
R1 X X X X X X X 72.9+4.1
R2 Channel X X v X Self X 73.11+4.5
R3 Channel Vv X v X Self X 77.1+£5.8
R4 Channel V v v X Self X 78.1+5.8
R5 Channel V v v v Self X 81.8+5.2
R6 Channel V v v v Self v 82.3+5.3
R7 Patch v v v v Self v 84.4+6.4
R8 Patch v v v v Cross v 88.4+4.9

Transformer with multi-view, depth and gripper: +5.2%

w/ vs. w/o history: +3.7%
Patch vs. channel tokens: +2.1%
Cross- vs. Self-Attention: +4%
Overall: +15.5%
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Results: 10 tasks e Single-task setting

Visual Point Gripper Multi- .. Mask

Tokens Clouds Posﬁlijon View History Attn Obs SR
R1 X X X X X X X 72.9+4.1
R2 Channel X X v X Self X 73.11+4.5
R3 Channel Vv X v X Self X 77.1+£5.8
R4 Channel V v v X Self X 78.1+5.8
R5 Channel Vv v v v Self X 81.8+5.2
R6 Channel V v v ve Self v 82.3+5.3
R7 Patch v v v v Self v 84.4+6.4
R8 Patch v v v v Cross v 88.4+4.9

Transformer with multi-view, depth and gripper: +5.2%

w/ vs. w/o history: +3.7%
Patch vs. channel tokens: +2.1%
Cross- vs. Self-Attention: +4%
Overall: +15.5%

)

+5.2
%



Results: 10 tasks e Single-task setting

Visual Point Gripper Multi- _ . Mask R
Tokens Clouds Position View History Attn Obs >
R1 X X X X X X X 72.9+4+4.1
R2 Channel X X v X Self X 73.1+4.5
cmaman ~— R3 Channel v X v X Self X 77.1£5.8
ddd R4 Channel V v v X Self X 78.1+£5.8
- R5 Channel V v v v Self X 81.8+5.2
Wl R6 Channel v / v /S Self v 823+53
R7 Patch v v v v Self v 84.44+6.4
R8 Patch v v v v Cross v 88.44+4.9

Transformer with multi-view, depth and gripper: +5.2%
w/ vs. w/o history: +3.7%

Patch vs. channel tokens: +2.1%
Cross- vs. Self-Attention: +4%
Overall: +15.5%

+3.7
%



Results: 10 tasks e Single-task setting

Visual Point Gripper Multi- .. Mask

Tokens Clouds Posﬁlijon View History Attn Obs SR
R1 X X X X X X X 72.9+4.1
R2 Channel X X v X Self X 73.11+4.5
R3 Channel Vv X v X Self X 77.1+£5.8
__ R4 Channel Vv v v X Self X 78.1+5.8
e R5 Channel V v v v Self X 81.8+5.2
™ R6 Channel Vv v v v Self v 82.34+5.3
7~ R7  Patch v v v v Self v 84.4+6.4
/ R8 Patch v v v v Cross v 88.4+4.9

Transformer with multi-view, depth and gripper: +5.2%
w/ vs. w/o history: +3.7%

Patch vs. channel tokens: +2.1%
Cross- vs. Self-Attention: +4%
Overall: +15.5%

+2.1
%



Cross-Attention

Results: 10 tasks e Single-task setting

Visual Point Gripper Multi- .. Mask

Tokens Clouds Posﬁlijon View History Attn Obs SR
R1 X X X X X X X 72.9+4.1
R2 Channel X X v X Self X 73.11+4.5
R3 Channel Vv X v X Self X 77.1+£5.8
R4 Channel V v v X Self X 78.1+5.8
R5 Channel Vv v v v Self X 81.8+5.2
R6 Channel V v v v Self v 82.3+5.3
R7 Patch v v v v Self v 84.4+6.4
R8 Patch v v v v Cross v 88.44+4.9

Transformer with multi-view, depth and gripper: +5.2%

w/ vs. w/o history: +3.7%
Patch vs. channel tokens: +2.1%
Cross- vs. Self-Attention: +4%
Overall: +15.5%

+4

%
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Results: 10 tasks e Single-task setting

Visual Point Gripper Multi- .. Mask

Tokens Clouds Posﬁlijon View History Attn Obs SR
R1 X X X X X X X 72.9+4.1
R2 Channel X X v X Self X 73.11+4.5
R3 Channel Vv X v X Self X 77.1+£5.8
R4 Channel V v v X Self X 78.1+5.8
R5 Channel Vv v v v Self X 81.8+5.2
R6 Channel Vv v v v Self v 82.3+5.3
R7 Patch v v v v Self v 84.4+6.4
R8 Patch v v v v Cross v 88.44+4.9

Transformer with multi-view, depth and gripper: +5.2%

w/ vs. w/o history: +3.7%
Patch vs. channel tokens: +2.1%
Cross- vs. Self-Attention: +4%
Overall: +15.5%

+15.5
%



Results: Task variations

Variations of a Task

TeIRIng Episoe Testing Episode # Demos Push Buttons Tower
(Seen Variation) (Unseen Variation) Per Instr. Seen Unseen Seen Unseen

Variation Synt. Synt. Real Synt. Synt. Real

10 Seq. 964 71.1 657 716 498 194
50 Seq. 994 83.1 709 743 521 20.6
100 Seq. 100 86.3 742 774 56.2 24.1

N UV

Generalization to unseen variations

T 3 e AT T

AR Ak bl TAEVE T RN
G Ry 3 y el IR ALY
F eI S ' Pl

Press the white button, then Press the darker blue button, before G I . . | I .
push the green button, then tapping on the green button and eneralization to natural la nguage extractions

push the gray one. then the lighter blue button.




Results: Task variations

Variations of a Task

Sraining Episode Testing Episode # Demos Push Buttons Tower
(Seen Variation) (Unseen Variation) Per Instr. Seen Unseen Seen Unseen
Variation Synt. Synt. Real Synt. Synt. Real

10 Seq. 964 71.1 657 71.6 498 194
50 Seq. 994 83.1 709 743 521 20.6
100 Seq. 100 86.3 742 774 56.2 24.1

N N

Generalization to unseen variations

T 3 e AT T

AR Ak bl TAEVE T RN
G Ry 3 y el IR ALY
F eI S ' Pl

Press the white button, then Press the darker blue button, before G I . . I I .
push the green button, then tapping on the green button and eneralization to natural la ngu age eXp ressions

push the gray one. then the lighter blue button.
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Domain random

Testing: real scenes

Training: simulated scenes




Experiments for Hang Mug Task




Vision should be grounded in real actions

Vision requires models of
f‘> physics and actions in the
real world

Robotics requires models of
vision and perception
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Goal: learn Large Embodied Vision-Language Models (LEVLM)




Thanks to my collaborators and students

Cordelia Schmid Josef Sivic Jeanb Ponce

-

Vijay Kumar Yana Hasson E. Chane-Sane
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Zeru Chen

|. Kalevatkh

m A

Q. Le Lidec Alaa EI-Nouby M. Futeral-Peter D. Zhukov Vincent Delaitre G. Sgguin Guilhem Cheron  Piotr Bojanowski
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Building a new lab for Embodied and Language-
Aware Visual Models
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