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Automatic video understanding

Huge amount of video is available and growing daily

3 1] [® Motion Galler

TV-channels recorded
since 60’s

> 500k hours of videos
uploaded every minute

CCTY SURVEILLANCE CAMERA
Over one billion surveillance
cameras world-wide




Why multimodal video representation?

* Precise understanding of the video content
- Requires access to all modalities simultaneously

Is this Indian?




Why multimodal video representation?

« Large-scale cross-modal supervision
- No manual annotation required

Training on the HowTo100M [1] dataset
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Overview

VideoBERT
Dense Video Captioning
Retrieval Augmented Visual Question Answering

Multimodal transformer for navigation and manipulation



VideoBERT: Learning from multimodal video

« Learning from visual video and speech transcribed with ASR

t?‘_ ‘l..

But in the meantime, you're just kind of
moving around your cake board.

« BERT model learns correspondence between video and speech

« Learning from large-scale data, i.e., cooking, instruction videos

[VideoBERT, C. Sun, A. Myers, C. Vondrick, K. Murphy, C. Schmid, ICCV’19]



BERT model

BERT: Bidirectional Encoder Representation from Transformers
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Fine-Tuning

[BERT, J. Devlin, M.-W. Chang, K. Lee, K. Toutanova, NAACL 2019]



VideoBERT
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 BERT for multiple modalities
« Masked ‘language’ modeling as in BERT
* Video representation with 3D-convolutions + clustering

Video (3D-conv features)

[VideoBERT, C. Sun, A. Myers, C. Vondrick, K. Murphy, C. Schmid, ICCV’19]



VideoBERT

Training on 300k cooking videos Zero-shot prediction

“Keep rolling tight and squeeze the
air out to its side”

Verb: make, Noun: pizza

[VideoBERT, C. Sun, A. Myers, C. Vondrick, K. Murphy, C. Schmid, ICCV 2019]



Zero-shot prediction

Method Verb Object
(top-5 %) | (top-5 %)
S3D (supervised) 46.9 30.9
VideoBERT 43.3 33.7

Results on YouCook Il dataset

Pre-training Verb Object
size (top-5 %) | (top-5 %)
10K 15.5 17.8
50K 15.7 27.3
100K 24.5 30.6

300K 43.3 33.7

o VideoBERT learns video-language correspondence

o Close to fully-supervised accuracy

o More data improves the performance (not saturated yet)

[VideoBERT, C. Sun, A. Myers, C. Vondrick, K. Murphy, C. Schmid, ICCV 2019]




Fine-tuning on downstream tasks

* For captioning cooking video on YouCook2

Method BLEU-3 | BLEU-4 | METEO | ROUG | CIDEr
R E-L

Zhou et al. - 142 | 11.20 - -

(CVPR’18)

S3D 6.12 3.24 | 10.00 | 26.05 | 0.35

VideoBERT 6.80 | 4.07 | 1099 | 2751 | 0.50

o Effective and outperforms S3D features

e Pre-training helps!

[VideoBERT, C. Sun, A. Myers, C. Vondrick, K. Murphy, C. Schmid, ICCV 2019]



Conclusion

* VideoBERT allows to model jointly video + text
« Can be used for zero-shot prediction and pretraining

* Allows to model long-term temporal dependencies



Overview

VideoBERT
Dense Video Captioning
Retrieval Augmented Visual Question Answering

Multimodal transformer for navigation and manipulation



Dense video captioning - task

Video captioning models for long videos with multiple events

— Captions are grounded in the video
— Combines localization and text generation

An elderly man is playing the piano

in front of a crowd

A woman walks to the piano and
briefly talks to the the elderly man.

The woman starts singing along
l with the pianist.

Another man starts dancing to the
» music, gathering attention from the

crowd.

Eventually the elderly man finishes
playing and hugs the woman, and
the crowd applaud.

time

Example of dense, overlapping captions from the ActivityNet dataset



Dense video captioning — SOTA

Current approaches for dense video captioning

— Train separate networks for localization and captioning
— Require task-specific components like event counters
— Train on manually annotated datasets (small)

— Cannot reason over long videos

Localization as language modeling

— Pix2seq casts object detection
as sequence generation

— Spatial coordinates are

quantized and tokenized




Our approach Vid2Seq

« Single target sequence consists of Text + Time tokens
combining localization + captioning

« Large-scale pretraining from narrated untrimmed videos

Large-scale pretraining from narrated videos Dense video captioning
a «® .

Hey guys today I am going
to teach you how to ski

24 <|s><85>The man is fastening the dog. <20s><50s>The dogs are pulling the sled. <455><49s>The man is saying hello.
g 5 7Y

¥ -

A%

sl
vV s

[Vid2Seq, A. Yang, A. Nagrani, P. Seo, A. Miech, J. Pont-Tuset, I. Lapteyv, J. Sivic, C. Schmid, CVPR 2023]



Vid2Seq — model

Output dense  -30s = 8.53s: The man is fastening the dog.

Visual token 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/, y'] Output event sequence z
x,’— _,,—xp!_;—xi_ﬂ-ﬂ—yj—yf—ﬂ—}é—%—ﬂ—ﬁ—y_g I> <17> The man isfastening...<98> The man is saying hello. [EOS]
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Pttt Tttt ot
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 ¥ Testl + A8 Tokens
Text + Time Tokenization e BN ey
3.02s = 4.99s: Please stay calm! fime |\(Tk€}nl])7:!\llon g “IV"N’ = |.S'“._’?‘-100| =0
42.87s > 45.97s: Hey my friend! AR ' T 49.70
Tupurvideo fraes = Input transcribed speech Video timeline, duration T = 49.70s quantized in N = 100 bins

Frozen Visual backbone (CLIP)

Temporal Encoder for video

Speech is cast as a single sequence of text and time tokens
T5 Encoder & Decoder

[Vid2Seq, A. Yang, A. Nagrani, P. Seo, A. Miech, J. Pont-Tuset, I. Lapteyv, J. Sivic, C. Schmid, CVPR 2023]



Vid2Seq — large-scale pretraining

. Pretraining dataset is 15 million YouTube narrated
videos from YT-Temporal-1B

Large-scale pretraining from narrated videos

N e e =
. ASR sentence boundaries used  {umbi ﬁ"‘l
as event boundaries i [l T ) (o

. Generative loss: given visual input predict speech

. Denoising loss: given visual input and masked speech,
predict the masked tokens

[Vid2Seq, A. Yang, A. Nagrani, P. Seo, A. Miech, J. Pont-Tuset, I. Lapteyv, J. Sivic, C. Schmid, CVPR 2023]



CIDEr
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Vid2Seq — SOTA results

= SOTA
B Vid2Seq

YouCook2 VITT ActivityNet Captions
Dense Video Captioning
Benchmark

[Vid2Seq, A. Yang, A. Nagrani, P. Seo, A. Miech, J. Pont-Tuset, I. Lapteyv, J. Sivic, C. Schmid, CVPR 2023]
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Ablation studies

Pretraining is important, datasize and quality matter
Time tokens help when pretraining on untrimmed videos
Visual and speech information is complementary

Importance of losses: denoising loss is important if we
use speech during pretraining

[Vid2Seq, A. Yang, A. Nagrani, P. Seo, A. Miech, J. Pont-Tuset, I. Lapteyv, J. Sivic, C. Schmid, CVPR 2023]



Qualitative results

I'm going || I'm just I've got a piece The So I'm Now, I'm I'm just Now, I've got my small We're
to start going to of wax paper first going to using my going to the cast-iron skillet on going to
off with trim off here and I put thing take two homema mix this breadi dium-high heat be baking
lnput wo the grisly that onto my I'm large eggs de Ttalian together process here and I'm going to these and
boneless || parts and cutting board going and crack bread and now isreally | «| putinaboutaquarter | « | that will
Speech skinless | the " l...] and I'm e thoseinto |* " [ crumbs "t | weean simple +| ofan inch or so of .| finish
chicken excess going to pound needis || abowl here. start on this extra virgin olive oil cooking
breasts fat out my breast ancgg || and if you breading || you just into the bottom of them.
here. maybe halves until wash. get any our want to that and I'm going to
some of they are about shells in chicken. take one let that come up to
the skin 1/2 an inch there, be of your temperature and then
that's left thicker. sure 1o get [-..] I'm going to start
over on those |...] frying up my chicken
there. pieces.

Input
Frames
GT
Vis2Seq Crack two large Fry the
eggs into a bowl chicken ina
and whisk them pan with
together. oil.

And if you'd
like to
follow me
on Google
Plus
Facebook
and/or
Pinterest all
my links
will be in
the
description
box.




Input
Speech

Input
Frames

GT

Vis2Seq |

Qualitative results

Next Oh is Christina Oh Beck full most consistent off the top women javelin throwers
around at the moment.

Well, that's
another
very fine.

Christina Oh beg for
what a wonderful record.

She's got over the years know what
major gold medals until now.

.- She throws her hands up to
| cheer and wraps herself in a
flag.

‘ I She throws a second javelin.

| She waves to

the crowd and
holds up a flag.




Conclusion

» Excellent results for dense video captioning
 Metrics + variations on the detail of annotation

* Open issues
— Small objects not detected & described by the caption
— Rare events not detected
— Missing use of internal and external knowledge



Outlook: Dense video object captioning

a pen?um on the rlght snde
o) block owd yel R

OW penguin

[Dense Video Object Captioning from Disjoint Supervision, X. Zhou, A. Arnab, C. Sun, C. Schmid, arXiv’'23]



Overview

VideoBERT
Dense Video Captioning
Retrieval Augmented Visual Question Answering

Multimodal transformer for navigation and manipulation



LLM with outside knowledge

Answer: Teddy Roosevelt

i

Decoder
I OO O I [ O
I OO O I [ O
I OO O I [ O
e [
e o [

)

Q: Which American
president is associated
with the stuffed animal

seen here?




LLM with outside knowledge

Answer: Teddy Roosevelt

ﬁ Multimodal Knowledge /
Memory
Decoder
N D
N D
o | I '
N e o {
N e o { |:> Retriever

)

Q: Which American
president is associated
with the stuffed animal

seen here?

o Wiki-Image-Text (Images in Wikipedia, 5M)
o Wikidata (Knowledge Graph for Wikipedia
entities, 12B triplets)




Why memory / knowledge?

More accurate models: LLM are dedicated to high-level
reasoning and memory to fine-grained and rare classes

Disentangling knowledge from reasoning, use existing
knowledge

Retrieved memory / knowledge can be used to interpret
model decisions

Incremental learning w/o catastrophic forgetting: memory
update without requiring to update the model



Why memory/ knowledge for VQA?

Answering the question requires additional information

Question : Which part of this meal has the most carbohydrates?

Answer: rice

Example from OK-VQA

Rice
From Wikipedia, the free encyclopedia

For other uses, see Rice (disambiguation)
Rice is the seed of
the grass species
Oryza sativa (Asian
rice) or less
commonly Oryza
glabemima (African
rice). The name
wild rice is usually

Carbohydrate

From Wikipedia, the free encyclopedia

A carbohydrate

(f ka rbouhardre1t/) HO OH
is a biomolecule 0O
consisting of carbon HO (9]

(C), hydrogen (H) oH H

and oxygen (Q)

Subclass of

Staple food

From Wikipedia, the free encyclopedia

A staple food, food staple, or
simply a staple, is a food that is
eaten often and in such
quantities that it constitutes a
dominant portion of a standard
diet for a given person or group
of people, supplying a large s o
fraction of energy needs and Various types of polatoes

o] -
OH contains

1 it e o el i Snsiied o il i

[REVEAL: Retrieval-Augmented Visual-Language Pre-Training with Multi-Source Multimodal Knowledge
Memory, Z. Hu, A. Iscen, C. Sun, Z. Wang, K.-W. Chang, Y. Sun, C. Schmid, D. Ross, A. Fathi, CVPR’23]



Retrieval-augmented vision language model

Model - Encoder

" (a) Input Query Encoding PPPaei sl |

Q: Which Part of the meal has
most carbohydrates?
|

; Lower T5 ;

Base V-L Encoder

L Query :
OO0 00 e Fi

[REVEAL, Z. Hu, A. Iscen, C. Sun, Z. Wang, K.-W. Chang, Y. Sun, C. Schmid, D. Ross, A. Fathi, CVPR’23]



Retrieval-augmented vision language model

I (a) Input Query Encoding ™™ ____

a) Input Query Encoding

Q: Which Part of the meal has
most carbohydrates?
]

( Lower T5 ;

Base V-L Encoder

L Query
o EID

Model - Memory

(b) Asynchonoursy=
=
| Memory Update =2} |
I ]
| e Key L]
| B Head L)
| 2
| Value (Compressed) []
_.|'_ Dol
I -1 (Perceiver to L]
| { compress g
...... lue}
I | val
| Memory (1Y) for VQA v2
_:_ Koy Valtes Nogion |.|stt A "
- : vector-wise multiply
L] OO0 0Od , ,
[ [] :oned-dim embedding
i
T [ : sequence of scalar
I U i ‘ ‘ L 00 - sequence of token
| embeddings
L

19poaug J-A a2seg

-

WikiData
triplets

Staple Food (Q736427)

food that considered a dominant portion
of a standard diet

<staple food, contains, carbohydrate>
<various grains, belongs to, staple food>

Q.

VQA v2

Q: Why would
someone eat
this?

A: hungry

[REVEAL, Z. Hu, A. Iscen, C. Sun, Z. Wang, K.-W. Chang, Y. Sun, C. Schmid, D.

Ross, A. Fathi, CVPR’23]



Retrieval-augmented vision language model

Model - Retriever

(c) Online Retrieval of
Top-K Re-Encoded or

In-Memory Knowledge
( Lower T5 ;

|

|

|

|

| Corpus Corpu

| Gating Weigh
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I Re-Encoded % Memory (1) for VQA v2 triplets | <yarious grains, belongs to, staple food>
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B 32 meone e
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-
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[REVEAL, Z. Hu, A. Iscen, C. Sun, Z. Wang, K.-W. Chang, Y. Sun, C. Schmid, D. Ross, A. Fathi, CVPR’23]



Retrieval-augmented vision language model

I_(a) Input Query Encoding

Q: Which Part of the meal has
most carbohydrates?
]

(c) Online Retrieval of
Top-K Re-Encoded or
In-Memory Knowledge
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VQA v2

Q: Why would
someone eat
this?

A: hungry

K.-W. Chang, Y. Sun, C. Schmid, D.
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Ross, A. Fathi, CVPR’23]



Retrieval-augmented vision language model

Pretraining with image captioning

Multi-Source Multimodal Knowledge Memory

Knowledge Source | Corpus Size Type of Text Avg. Text Length
WIT[ ] 5,233,186  Wikipedia Passage 258
CCI2M [ ] 10,009.901  Alt-Text Caption 37
VQA-V2 [ ] 123,287 Question Answer 111
WikiData [ ] 4,947,397 Linearlized Triplets 326

List of presidents of the+ &
United States
PR —

Theodore Roosevelt Teddy bear
— et

Input Query from
Pre-Training Corpus

[

[

Fuse &

Large-Scale . teddy bear (Q213477)

. Retrieve soft toy in the form of a bear Generate
Image—Text <teddy bear, subclass of, stuffed toy>
COI"pus for WikiData <teddy bear, named after, Theodore Roosevelt>

esnnne

Pre-Training

— _— Q: What i
This children's icon T hanginzt;iove
sy was namee VQA v2 Jtl{TetetgLIEtt’)?ear
after [MASK] il

Theodore Roosevelt
refused to kill a black

|
|
|
|
[MASK] = President |
|
i
bear in a hunt. :

[REVEAL, Z. Hu, A. Iscen, C. Sun, Z. Wang, K.-W. Chang, Y. Sun, C. Schmid, D. Ross, A. Fathi, CVPR’23]



Results on OK-VQA

VQA Model Name Knowledge Sources | Accuracy (%) | # params.
MUTAN+AN Wikipedia + ConceptNet 27.8 -
ConceptBERT Wikipedia 202 -

KRISP [ ] Wikipedia + ConceptNet 38.4 -

Visual Retriever-Reader Google Search 39.2 -

MAVEXx Wikipedia+ConceptNet+Google Images 394 -
KAT-Explicit [ | ] Wikidata 44.3 0.77B
PICa-Base [ | ] Frozen GPT-3 43.3 (175B frozen)
PICa-Full [ ] Frozen GPT-3 48.0 (175B frozen)
KAT [ ] (Single) Wikidata + Frozen GPT-3 53.1 0.77B + (176B frozen)
KAT [ '] (Ensemble) Wikidata + Frozen GPT-3 544 2.31B + (176B frozen)
ReVIVE [ ] (Single) Wikidata + Frozen GPT-3 56.6 0.77B + (176.9B frozen)
ReVIVE [ ] (Ensemble) Wikidata+Frozen GPT-3 58.0 2.31B + (176.9B frozen)
REVEAL-Base WIT + CCI12M + Wikidata + VQA-2 552 0.4B
REVEAL-Large WIT + CCI2M + Wikidata + VQA-2 58.0 1.4B

REVEAL WIT + CC12M + Wikidata + VQA-2 59.1 2.1B

Model Name |T5 Variant Image Encoder # params. ‘GFLOP&

REVEAL-Base | T5-Base ViT-B/16 0.4B 120
REVEAL-Large| T5-Large ViT-L/16 1.4B 528
REVEAL T5-Large ViT-g/14 2:1B 795

Table 2. Model configuration of different REVEAL variants.

[REVEAL, Z. Hu, A. Iscen, C. Sun, Z. Wang, K.-W. Chang, Y. Sun, C. Schmid, D. Ross, A. Fathi, CVPR’23]



Example results

y ‘ "
Input Image .:f“/ What flag is on Where in the
& Question : == |:] the umbrella? world are these
grown?
( Union Jack Saba banana h

AH), s a triploid

7‘ ' \.t:n § (ABB) banana
NG

of Union Flag. is

Top-2 . )
Retrieved .~

L ar onginating
from the Philippines.

It is primarily a

Knowledge: s boon passed g R —
banana (Q503)
A stormy day in elongated, edible fruit produced by several
Westminster, kinds of large herbaceous flowering plants
! London. <banana, subclass of, tropical fruit>
Ground-Truth:  England / Union Jack Phillipines / Africa
Our Prediction: Union Jack Phillipine

[REVEAL, Z. Hu, A. Iscen, C. Sun, Z. Wang, K.-W. Chang, Y. Sun, C. Schmid, D. Ross, A. Fathi, CVPR’23]



How useful is knowledge memory?

——-fgmmmmage=s=s=sgo==- e R A e g e e
< |
o 54
o 52 -
c
O 501
;@
- 481 _e— Remove Knowledge during Finetune and Infernce
E 461 —e— Add Knowledge back during Infernece
a ---- All Sources
&’ a4~ No Retrieval

10% 20% 30% 40% 50% 60% 70% 80% 90%
Percentage of Removed Knowledge Source

Blue curve: x% removed during fine-tuning and inference
Orange curve: x% removed during fine-tuning, but added during inference;
this simulates on-the-fly knowledge update

[REVEAL, Z. Hu, A. Iscen, C. Sun, Z. Wang, K.-W. Chang, Y. Sun, C. Schmid, D. Ross, A. Fathi, CVPR’23]



Conclusion

Excellent performance with large-scale models

Importance of large-scale, but also high quality training
data

Retrieval augmentations improves and complements
large-scale models



Outlook: Large language model for reasoning

List of Objects selected Similar Images "\
With alt-texts

Japanese i
roof of... 1na || @ matcha-jp.com
o o Kyoto's Aoi Matsuri

Object Detection
Men

hanging
drum...

Visual Question )
} In the image, what is

\the drum and event?

Festival: Access Ang
5 Y

[G dreamstime.com
I " ! Men Carrying a Drum
-2 . 1

Atsuta Shrine, Nagoya

Reason w/ LLM:
Answer Visual Question

When was the . Pécompose Question

drum first used

g ) 17 Visual Answer
or this event: = Taiko and Aoi Festival
Plan w/ LLM: ’ .
Write Search Query Search Queries
When was Taiko first ——|a 3.0

E(g" Execute External Tool used for Aoi Festival?

Question: —»[

Searched Web Pages When did Aoi Matsuri start?

6th century CE yoto's establishment as the nati
i Matsuri began in the 7th centur
igins are uncertain, There were m

The origin of taiko drum dates back as early as the 6th|
century CE, with archaeological evidence showing tha
drums were in use during the late Kofun period. Dec 8,4

ccurring that were believed tob

Plan with LLM to decide

= which Tool & query to use Taiko Drum is invented at 6th century
Reason with LLM to before Aoi Festival in 7th century. X Rea!_ion w/ LLM.
. process tools’ outputs Answer: 7th century. Answer Final Question

Example of generated workflow:

LLM-based planner the dynamically selects the external tool
LLM-based reasoner to process tool output

[AVIS: Autonomous Visual Information Seeking with Large Language Model Agent,
Z. Hu, A. Iscen, C. Sun, K.-W. Chang, Y. Sun, D. Ross, C. Schmid, A. Fathi, Neurips’23]



Overview

VideoBERT
Dense Video Captioning
Retrieval Augmented Visual Question Answering

Multimodal transformer for navigation & manipulation



History Aware Multimodal Transformer (HAMT)
for Vision-and-Language Navigation

« Train autonomous agent to follow natural language
Instructions to navigate in in-door environments

Go to the bathroom in the bedroom with orange
stripe. Make sure the faucet is not leaking

Ii;

* Design of a fully transformer based model

[HAMT, S. Chen, PL. Guhur, C. Schmid, |. Laptev, Neurips'21]



History Aware Multimodal transformer (HAMT)

» Long-horizon history modeling for learning temporal
dependency of observations and actions

Action
Prediction

\

Cross-modal Transformer Encoder

\ J

r N
Language Hierarchical Vision Vision
Transformer Transformer Transformer )

\.

[cls] go straight
behind the
couch... [sep]

Text History Observation

[HAMT, S. Chen, PL. Guhur, C. Schmid, |. Laptev, Neurips'21]



Hierarchical history encoding

« VIT for single view image encoding
« Panoramic transformer for view encoding
« Temporal transformer for sequence encoding

sabeig P vb QP ot D ol
Temporal Transformer
panorama f% : $
embedding A @ A
Panoramic Transformer Panoramic Transformer Panoramic Transformer
image i - T 2 2 - 2
embeding kl) , () Q * A A A

VlT VlT VlT ViT Vit | "7 | VIT

V|T
2 -
| l ! ] ‘.
view image ] ] ] Ei g:i PE:
ﬂEE] B ﬂﬁj W -
n i Il! = L] '
=2

[HAMT, S. Chen, PL. Guhur, C. Schmid, |. Laptev, Neurips'21]

panorama

t=1



End-to-end training with several losses

« Common vision-and-language proxy tasks

— Masked Language Modelling
— Masked Region Modelling
— Instruction Trajectory Matching

* New proxy tasks for VLN

MLM

MRC IT™M

SAP/SAR

SPREL

Cross-modal Transformer Encoder

— Single-step Action Regression @:;]ir?dotit;aighj

— Spatial Relationship Prediction

Language Hierarchical Vision | Vision
Transformer Transformer Transformer
1 > i \
LN
. =T 3 ’_S:% ¥ I
couch... [sep] J \step t & “H%ZEZ% \view 1 view §/
Text History Observation

on the left of




Experiments: Comparison with SOTA

« HAMT outperforms state of the art

70 ., +7% (nDTW)
6o ‘3% (SPL) o
50 +12% (SPL) , +5% (nDTW)
20 +4% (SPL)
30 +3% (SPL)
20 I 1234 (GP)
0 [
&
3
&

mSoTA mHAMT



Ablation: transformer / hierarchical model

R2R Val Unseen Split

56
54
52
50
48

Recurrent Temporal-only  Hierarchical
mm SR = SPL o Linéaire (SR) - Linéaire (SPL)

46

« Recurrent: a fixed-size vector to encode the whole history
« Temporal-only: transformer / one view per panorama to improve efficiency
« Hierarchical: transformer with hierarchically encoded panorama



Ablation: visual representation

R2R Val Unseen Split

69

VIT (e2e)
--------- Linéaire (SPL)

 Resnet152 pretrained on ImageNet
* VIT pretrained on ImageNet
* ViT e2e optimized on VLN task



Ablation: training with proxy tasks

R2R Val Unseen Split

66
B3 g .
60
57 . ..................... l ................... .
54
V&L +SAP +SPREL
SR m— SPL

--------- Linéaire (SR) ----Linéaire (SPL)

« Common V&L proxy tasks
« + Single-step action prediction (SAP)

-+ Spatial relation prediction (SPREL)



Limitations of HAMT

Navigation Visual Memory Action Space
Memory
vt O~0~@  O—0-@ @
Sequence Local actions
no structure of the hard to backtrack
house many steps

. Current location

O Visited locations

O Navigable locations

Fine-grained
representation

=»> Action

« Sequential representation, doesn’t learn a structure of the house

* Only local actions, hard to backtrack



Improving HAMT with Structured Memory

Navigation
Memory

‘ Current location
Mt O~0~@  O—O0@

O Visited locations

Visual Memory Action Space

Sequence Local actions

‘ ' O Navigable locations

Fine-grained
representation

bUET  O-0~@ %@@ 3 z o

Build a graphicalmap  Allow efficient exploration
on-the-fly

Graph Global actions

[DUET, S. Chen, PL. Guhur, M. Tapaswi, C. Schmid, I. Laptev, CVPR’22]



DUET: Experimental Results

« REVERIE dataset

SPL RGS
PL

HAMT  30.40 26.67 14.88 13.08

DUET  52.51 36.06 31.88 22.06

* SOON dataset

Split | Methods | TL OSRt SRt SPLt RGSPL?t

Val | GBE [¢] 28.96 28.54 19.52 1334 1.16
Unseen | DUET (Ours) | 36.20 50.91 36.28 22.58  3.75
Test | GBE [¢] 27.88 21.45 1290 9.23 0.45
Unseen | DUET (Ours) | 41.83 43.00 33.44 2142 4.17

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

J \
1STPLACE IN THE
REVERIE CHALLENGE 2021

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

'Inria, Ecole normale supérieure, CNRS, PSL Research University
2[IIT Hyderabad

presented at the

Human ion for Robotic Navigati p
at the IEEE/CVF International Conference on Computer Vision (ICCV) 2021

8 wu
SIGNED, Dr. Qi Wu
On behalf of the 2020 REVERIE Challenge Organizers

Yuankai Qi Fengda Zhu Qi Wu




Object Goal Navigation with
Recursive Implicit Maps

[Object Goal Navigation with Recursive Implicit Maps, S. Chen, T. Chabel, I. Laptev, C. Schmid, IROS 2023]




Hiveformer for robot manipulation

« Hiveformer: History-aware Instruction-conditioned multi-view transformer
— use all the previous multi-view RGB-D images and actions in self-attention
— learn cross-modal alignment between text, image and action in cross-attention

Inputs Encoder Transformer Prediction
1S - 1
Use the broom to brush the -
dirt into the dustpan — Language ol =3 9 c1 =
o I sl =B :
4 E}‘}t i (8] o - =
IR NE UNet B £ M S < L1y 5
,;-,3 ‘*‘1 \ - RGBD & Proprioception ‘% :’) 8 i GCJ g m Cc2 -95
— (8] + 4= : o
d k1 H E a
: . : N SN WS -
. ™ ° @) Q Q : c3
, GIE sl B e -
- =) «~ |0/ B Rotation I'p41
§ \ UNet 1716 ? 1
ol — RGBD & Proprioception B3 o d > Séta:?

[Hiveformer, PL. Guhur, S. Chen, |. Laptev, C. Schmid, |. Laptev, CORL'22]



Evaluation: RLBench

74 RLBench Tasks

100 hand-designed tasks

« Multi-view RGB-D images, Franka
/ DoF arm

» Text description for each task
Select 74 tasks we could simulate

e

Lamp On Open Wine Bottle Push Buttons

N

LY
Sweep to Dustpan Put Money in Safe Water Plants

|:> Evaluate in single and multi-task settings

[RLBench, S. James, Z. Ma, D. Arrojo, A. Davison, IEEE RAL’20]



Evaluation: RLBench task variations

Variations of a Task

Testing Episode
(Unseen Variation)

Training Episode
(Seen Variation)

ol

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

aao

Unseen sequence of
colors during training

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

000

=

Evaluate on
unseen task variations



Results: 74 tasks ¢ Single-task setting

» Manually group 74 RLBench tasks into 9 groups

: Long Rot. Motion Multi . . Visual
ehmng: ool Term Invar. Planning R Modal CrpeasLon Occlusion oVE
Num. of tasks 9 11 4 7 9 4 5 11 14 74
Auto-A [14] 589 200 23 731 @ 66.7 48.2 47.6 34.6 40.6 44.0
Ours (w/o hist) 789 467 100 846 733 72.6  60.0 63.8 579 609 21 4
Ours (one view)  57.7 232 123 57.8 63.2 35.6 40.7 33.7 37.1 40.1 o
Ours 81.6 530 169 842 727 80.9 67.1 64.7 60.2 654

« HiveFormer generalizes well to many tasks: +21.4% over [14]

» History matters especially Planning, Tools and Long-Terms tasks

* Multi-view matters especially for Screw, Precision and Visual
Occlusion tasks

[Hiveformer, PL. Guhur, S. Chen, |. Lapteyv, C. Schmid, |. Laptev, CORL'22]



Results: 74 tasks ¢ Single-task setting

» Manually group 74 RLBench tasks into 9 groups

: Long Rot. Motion Multi . . Visual
£ annng Jov's Term Invar. Planning R Modal CrpeasLon Occlusion oVE
Num. of tasks 9 11 4 7 9 4 5 11 14 74
Auto-A [14] 589 200 23 731 @ 66.7 48.2 47.6 34.6 40.6 44.0

Ours (one view)  57.7 232 123 §7.8 63.2 35.6 40.7 33.7 37.1 40.1

Ours (w/o hist) 789 46.7 10.0 34.6 733 72.6  60.0 63.8 579 609
Ours 816 530 169 M42 727 80.9 67.1 64.7 60.2 654

» HiveFormer generalizes well to many tasks: +21.4% over [14]

« History matters especially Planning, Tools and Long-Terms tasks

* Multi-view matters especially for Screw, Precision and Visual
Occlusion tasks

[Hiveformer, PL. Guhur, S. Chen, |. Lapteyv, C. Schmid, |. Laptev, CORL'22]



Results: 74 tasks ¢ Single-task setting

» Manually group 74 RLBench tasks into 9 groups

Planning Tools Loug Sot. Motion Screw iyt Precision Yol vg
Term Invar. Planning Modal Occlusion
Num. of tasks 9 11 4 7 9 4 5 11 14 74
Auto-A [14] 589 200 23 731 @ 66.7 48.2 47.6 34.6 40.6 44.0
Ours (w/o hist) 789 467 10.0 84.6 733 72.6  60.0 63.8 579 609
Ours (one view) 57.7 232 123 578 632 35.6  40.7 33.7 37.1 7§ 40.1
Ours 81.6 53.0 169 842 727 80.9 67.1 64.7 60.2 & 65.4

 HiveFormer generalizes well to many tasks: +21.4% over [14]

« History matters especially Planning, Tools and Long-Terms tasks

«  Multi-view matters especially for Screw, Precision and Visual
Occlusion tasks

[Hiveformer, PL. Guhur, S. Chen, |. Lapteyv, C. Schmid, |. Laptev, CORL'22]



Results: Task variations

Variations of a Task

Training 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 71.1 657 716 498 194
50 Seq. 994 83.1 709 743 521 206
100 Seq. 100 863 742 774 562 24.1

A A

* Generalization to unseen variations

R TREY T e ot TR e 2

* Press the white buttorr:,hthen Press the darker blue button, before e Generalization to natural la nguage extractions
push the green button, then tapping on the green button and
push the gray one. then the lighter blue button.

[Hiveformer, PL. Guhur, S. Chen, |. Lapteyv, C. Schmid, |. Laptev, CORL'22]



Results: Task variations

Variations of a Task

Training 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 52.1 20.6
100 Seq. 100 86.3 742 774 562 24.1

A A

e 4 | « Generalization to unseen variations
‘Préssrth;whi';; bﬁicfon,zihen I;;ess the d:;rkér blue button, before ° Genera"zation to natural |anguage extractions

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

B el

[Hiveformer, PL. Guhur, S. Chen, |. Lapteyv, C. Schmid, |. Laptev, CORL'22]



Hiveformer — robot manipulation

« SOTA on RLBench in single task and multi-task setting

« Real-robot experiments:
— training on a small number of real-world demonstration
— pre-training on RLBench results in a significant gain

Pretrain Seen Vars Unseen Vars

Success rate of push button task on real robot

[Hiveformer, PL. Guhur, S. Chen, |. Lapteyv, C. Schmid, |. Laptev, CORL'22]



Push Buttons - Success Case

Seen Variation - Synthetic Instruction

Push the yellow button, then press the white button, then push the blue button



Correct execution for varied instructions:

« Stack the yellow cup on top of the pink cup
» Put the yellow cup on top of the pink one

« Place the yellow cup onto the pink one



Correct execution for varied instructions:

« Put a strawberry, then a lemon, then a strawberry in the box

« Take the strawberry and put it in the box, then take a lemon
and put it in the box, then put another strawberry in the box



Conclusion

Transformers can be used to predict actions

Standard vision-language losses improve performance,
can leverage existing vision-language models

Pretraining data useful

Excellent results on benchmarks, initial results on a real
robot promising



THANK YOU



