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Hmm, so many people!

Can you find me a seat?

Give way to her rour o seats in the canteen, but | have
> Rl find one in a table of your friends.
< g 2 Do you want to join them?

v

Your seat is marked green.
But please
first.



Al Assistant with Scene Graph

PANOPTIC SCENE GRAPH PANOPTIC VIDEO SCENE GRAPH

2D Image 2D Video 3D video
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.Beyond Object Recognition

Q: What Is in the image”?

Q: What happened in the
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ond Object Recognition
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Q: What iIs in the image”?
A:2 x person, 2 x bench,
tree, and pavement

Q: What happened in the
Image?
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Q: What iIs in the image”?
A:2 x person, 2 x bench,
tree, and pavement

Q: What happened in the
Image?



.Q: What happened in the image?

A woman and touching
and looking at eachother. The
woman is sitting on the bench
on the left, and the man is
sitting on the right bench They
arein front of




.Q: What happened in the image?
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Beyond Object Recognition

Using scene graph:

Q: What happened in the image
Q: Where is sitting on?

Add some commonsense:

Q: What are andthe

woman doing?

Q: What is the relation between
andthe womarn?

— e — e e e e e e e —,




.PSG: Panoptic Scene Graph .ll

Input Image

Input:
An image with complex scene

Output:
A scene graph
with p anoptic segments

J Yang, et al. Panoptic Scene Graph Generation, ECCV 2022



.PSG: Panoptic Scene Graph

+ Accurate Grounding + Proper Class Granularity + Able to involve Background
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PSG Dataset

- 49Kimages e
. 133 object classes (80 objects and 53 stuff)
- COCO + VG Type or Select Reasonable S-V-O to View Examples

SUBJECT VERB OBJECT

- 56 predicate classes. = .
- Careful Predicate Design and Annotate

http:// psgdataset.orexplore.html

J Yang, et al. Panoptic Scene Graph Generation, ECCV 2022



Two Stage Methods

Panopic FPN
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(a) Stage1: Segment Feature Extractor (b) Stage2: Scene Graph Prediction

+ Fast, Simple, Easy to use
+ Support Classic Methods
- Heavily Rely on Detectors



One Stage Method (PSGTR)
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Triplet Queries
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(a) Input

Triplet Decoder ]
v

& Object Mask Prediction

(c) SG Prediction Head

(b) Transformer Block

+ Focus on Vision

+ Direct Training

- Need Long Time to Learn

- Conflict with PanSeg



One Stage Method (PSGFormer)
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+ Explicit Relation Model
+ Fun Query Matching

+ Quick Converge

- Larger model



.PSG: Panoptic Scene Graph ll.

SELF REGISTRAT

Pre P-—istered & Ne’ i

Q: Who is wearing a fanc '
bag in the photo?

o L G e

Q: Where is the man with|#Bas e
fancy bag standing?

\ !

Prediction Result from the PSG Model

beside ]y



Pl

PANOPTIC VIDEO SCENE GRAPH

PSG + Video = PVSG



PVSG Panoptic Video Scene G.raph Generation
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.PVSG Dataset

Along-video, multiple perspectives

long-term dependentVidSGQlataset

Ego4D

// Kl

Ego View

(56)

EPIC-
TCHENS
(55)

&

=

Third-Person View

',[ Housawork
- (39)

Kitchen
\.'ﬁ.._:;. (72)

Birthday
(62)
(35)
Ceremony

Sports
(66)

Pd

‘“\il

Paenting
(73)

400 videos, 9 hours
/7s long In average
3rd + egocentric



PVSG Dataset

hild-1 walking on floor-0
child-1 standing on flooxr-0

child-1 sitting on flooxr—0

child-1 holding box-1
adult-1 sitting on sof ) 1]

child-1 opening gift-2

VideoDescription

The scenedepictsthe boy receiving,giving,
andunwrappinggifts on the holiday

DenseDescription

00000018:Thelittle boy (child-1) passed
throughthe television (tw1) to pick upa gift

(gift-1).

00180045:Thelittle boy (child-1) handed
the gift (gift-1)to a who
appears to be

DenseQA

At Frame 0035€Q: Whydid the little boy (child1)
givethe gift (gift-1) to the
A: It might be a gift exchange moment, and the

gift is for
o



PVSG Dataset (Egocentric)

EpicKitcher{55 videos) Ego4D (56 videos)

Towards Comprehensive Egocentric Video Scene Understanding
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Temporal
Prediction

(i1) Handcrafted Window
(iv) Transformer Encoder

Pair Selecting | !'----------

(1) Vanilla

(ii1) 1D Convolutional Layer

End-to-End Video Panoptic Segmentation Model

Option-2

10N

Predict

10N

Relati

(b) Stage 2

For Feature Tube and Mask Tube Output

(a) Stage-1



Demo Results

adult-10 ‘wearing hat-
child-6 weaxing hat-3
adult-30 wearing hat-9
adult-5 wearing hat-9
adult-32 wearing hat-9
adult-27 hugging adult-5
adult-27 wearing hat-9
adult-32 hugging adult-30
child-6 hugging adult-5
adult-30 standing on groumd-2
e .- - P i e . —— others-7 on grass-1
I~ R —
shild-1 widing bike-1 adult-27 hugging adult-30
adult-1 looking hild ; car-22 entering groumd-2
div adult-5 hugging adult-10
dog-36 on groumd-2

m adult-32 standing on groumd-2
adult-1 talking to child-1 adult-5 hugging adult-27
adult-10 hugging adult-5




PSG + Video + 3D = PSG4D



PSG4D: Al Assistant in 4D world

(a) Visual Input from the 4D Dynamic World o (c) Reasoning & Planning

L J L g rr -
PercelVl'\g | Executi "g‘ :SZ Dﬁ [keep sending scene graph..] ] i

\ , |
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Oh wait, seems a man fell from his'> &
bike, we should go help him pick up/ U™
hs bike. Where is the bike? |

‘@ < The bike is 2.4m ahead,
PSGAD | |ying on the ground.

Good, go forward 2.4m to the )
bike, straighten the bike, and —
d.

check whether the man injure

=

©
Reasoning




PSG4D Dataset

0000-0017: Dcplant bi
person-3 walking on stair r O a d i wgl
0037-0079: 2 ... table "
person-3 holding handbag-1 N
0066-0084:
person-1 talking to person-2 door., b a r r- l e r
0125-0176: CUp
person-2 talking to person-1

= bottle

nnnnnn ~logking
talklng

holdlng

pointi ng

"%starﬁding 5;

walklng
tting

(a) PSG4D-GTA (Synthetic, Third-Person View)

as l a l R A R A R AR R R B ERERERNERRERERE
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0006-0012:

0085-0089:

0045-0048:

0090-0095:

hand-1 grasp bin-1
hand-1 open bin-1

hand-1 putdown bin-1

2: bottled ® drinks
hand-1 reach out for bin-1 ]_ O Ck e r
U'H”*SCISSOI"S s desk™ :z:‘

toy . Ss

o ot

furniture bowlGi

close

Reachout

Press

(b) PSG4D-HOI (Real-World, Egocentric)

Source:Grand Theft Auto V

67 videos (avg. 84s)

28K RGH images

35 object classes, 43 relations

Source:HOMD

2973 videos (avg. 20s), Egocentric
891K RGI® images

46 object classes, 15 relations




.PSG4D Pipeline
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PSG4D Re®Vorld Application

(a) The RGB-D sequence that is captured by the robot.
Illlllllllllllllllllllllllllllllllll

'7

d i \d

SESSESSNEEENSEEENEEEEEENENEENERERERES
(c) Reasoning & Planning

(b) PSG-4D Parsing
14 2s¢ 17.6s
drinking from
() 18.85¢ 20.0
throwing
@ 20.0s¢ 30.0s
on

s

rw
(5 ol

PSG4D

~\

30s, what | captured is: [z==]. Is
there anything | could serve?

{I am a service robot, Inthe pastJ

(1. Qeanup: X;
| 2. Reminder: X

(d) Robot Reaction

.
I
: »
b |
d _—

E .‘ y

+ Collecting SG with
Real World Assistant

+ Providing LLM with
Eyes (Scene Graph)

?

Can we directly feed
LLM with Images?

A Towards VLM



Al Assistant with SG

PANOPTIC VIDEO SCENE GRAPH

2D Image 2D Video 3D video
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Multimodal input -> Scene Grapf» LLM Prompts
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[ Al Assistant with Scene Graph

PiSle

PANOPTIC SCENE GRAPH

Panoptic Scene Grapﬁanopt|cv|deoScene Graph4D Panoptic Scene Graph
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Al Assistant with VLMs
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\! Multi-modality Models
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A High-Res Multi-
modality Model

LLaVANEXT

Bo Li
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Assistant
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N

Benchmarklng Al ASS|stants
FunQA Unh;:I;)abI; Problem wIIm)etectloD

YuanhanZhang

Embodied
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The pathway: From Language Models
‘'to Language Assistant

GPT2 GPT3 GPT3.5 ChatGPT
@OpenAI @OpenAI @OpenAI @OpenAI
Industrial
Opensource

BERT LLaMATS Vicuna/Flan -T5 Open Assistant

Google =
& * m:ng T 5 > w l
Y ¢ FLAN-TS
Zero-shot learning
Zero - shot Zero- shot learning Zero - shot Iearnlr!g In - context learning
learning In - context learning In - context  learning Instruct.  féllowing

Instruct  following Humanalignment



The pathway: From Multnodal Models to
Multi-modal Assistants

CLIP Flamingo
& 0penAr
Industrial
Opensource

OpenCLIP  OpenFlamingo

LAION LAION

Zero-shot learning Zero-shot learning
In - context learning



The pathway: From Multnodal Models to
"Multi-modal Assistants

CLIP Flamingo

& OpenAl ,
Industrial '

Opensource

OpenCLIP  OpenFlamingo

LAION LAION

Zero-shot learning Zero-shot learning
In - context learning




Flamingo: a Visual Languadedelfor FewShot Learning

Output: text

. Pretrained and frozen .
a very serious cat.

fratned from scrateh —

| n-th GATED XATTN-DENSE

1st GATED XATTN-DENSE

Yy v

Perceiver Perceiver
Resampler Resampler

Yy v

Processed text T

<image> This is a very cute dog.<image> This is

Interleaved visual/text data

This is a very cute dog.

This 1is

Alayracet. al. Flamingo: a visual language model for-&het learning. 2022



OpenFlamingo*: What is the danger of
playing baseball ? What is the danger of
this sport? What might be the danger of
this sports?

Flaming (trained in the SSL manner) are not aligned with user intent and
serve as a Chatbot. °

*OpenFlamingo is the open-source version of Flamingo, enabling community research with a strong interleaved data pretrained model



Flamingo Multi - modal Assistants

Question: What is the danger of this sport?

Human Expected: The sport involves players
running and  trying to catch the ball while

others are standing in the grass, which can
lead to collisions or accidents.
Flaming (trained in the SSL manner) are not aligned with user intent and

serve as a Chatbot.



MMCA4:Imagetext interleaveddatafor
OpenFlaming@’retraining

[..., "Check out Shane Driscoll’s take on sustainable communities and how his photograph fits this year’s

Green Cities theme.", ..., ; "Man-made platforms like the one pictured here allow these fish-eating

birds of prey to thrive in developed coastal areas.", "A city surrounded by mountains.", "I took this photo

in October on a hike in New Hampshire.", , "It is looking at Mt. Chicora from the middle sister

mountain.", "Getting people out into beautiful places like this is becoming more and more popular, and each

time we bring a little piece of nature back with us that inspires us to make ocur cities better.", ...]

Diverse and large -scale, but lack of Instruct -following scenario

Zhu et. al. Multimodal C4: An open, billisoale corpus of images interleaved with te3(023



Frominterleaveadatapretrainingto multi-
‘modal Incontextinstructiontuning

Bryant and
the Lakers -
encountered

difficultie

S

MMC4 OpenFlamingo MIMIG IT Otter

(interleaved pretraining) (Multi - Modal In - Context
Instruction Tuning )




Frominterleaveadatapretrainingto multi-
modal Incontextinstructiontuning

@ Otter enhances Opd &1 Al E 1 c@dailites, including:

Alns truction  following : align ing with user intent
AStronger in -context learning ability.
AFine - grained understanding:  spot the difference  between images.

AVision reasoning and even planning: It can write story for a
series of images and even suggestion how to clean your room from
your room tour video.



Otter: A Multi-Modal In-context

Visuallinput

nstructionTunedModel

These emotions are commonly associated with the
holiday season and often evoke fond memories of
childhood or the act of giving and receiving gifts.

A

N-th LLMBIlock

Perceiver

Resampler

N-th GatedCrossAttn

1st LLMBIlock

ISPOIAVINETT P3IPOIN

1st GatedCrossAttn

\ 4

............................. - Klmage>USer:
GPT<answer>

............................... ><image>U3er:
GPT:<answer>

What is the reason for the dog's current

expression and outfit?

The dog's expression can be a result of

excitement or a response to the outfit and its surroundings.

Why teddy bear ornament on the Christmas tree?




o] NANYANG

TECHNOLOGICAL S-LAB
UNIVERSITY FOR ADVANCED
SINGAPORE INTELLIGENCE

MIMIGIT Dataset

How did the students advocate for immigration

What might be the purpose of this
reform policies during the ceremony? (VIST)

gathering of people? (LA)
Social Reasoning

Story Telling

What is the
difference between
the two images? (SD)

Subtle Difference

Is it safe to walk on the floor while the woman is cleaning? (E4D)
Egocentric Video Reasoning

What are the male and female
characters holding while they
are together? (TVC)

What might this young boy ‘
learn from this ;
experience? (LA)

What is the difference
between the two images? (GSD)

General Scene Difference

Can you suggest any ways to
brighten up the room I’m in? (E4D)

What does the girl do
after completing the
routine? (DC)

: M Can you think of some reasons
Episode ry why cats might sit on
someone‘s laptop? (LA)

Write a detailed description Abductive Reasoning
of the given image. (LA)

Image Description

N—

Can you suggest any recreational pursuits that
can be enjoyed within this room? (IEP)

MIMIC-IT



3 9%

NANYANG

S-LAB

MIMIGIT Dataset
UNIVERSITY | FoR abvancep
SINGAPORE INTELLIGENCE

[ )
Dataset Visual Data (Scenes) In-context Video #Clips/Images #Unique Instruction. #Instances Lang.
MiniGPT-4 [54] CC (General) -/- X -/ 134M 4 5K English
LLaVA [28] COCO (General) [27] lang./- X -/ 81K 261K 345K  English

COCO (General) [27]  lang./vis. X -/ 81K 261K 345K

SD (Surveillance) [21] lang./vis. X -/ 9K 10K 15K

SN (Indoor Ego.) [15]  lang./vis. X -/0.5K 4.8K 6K
MIMIC-IT DC (General)[22] lang.fv%s. v 16K/ 1M 40K 62K Multi.

VIST (Story)[20] lang./vis. -/ 16K 32K 33K

TVC (TV)[24] lang./vis. 86K / 577K 86K 92K

E4D (General Ego.)[19] lang./vis. « 400K/ 6.4M 1.8M 2.4M

Total lang./vis. « 502K /8.1IM 2.2M 2.8M

3 > Aa
2.8M Instructions Multi-Modal In-context Multi-Lingual

Our dataset has 2.8M multimodal instruction-
response pairs, with 2.2M unigue instruc- tions
derived from images and videos. Each pair is
accompanied by multi-modal in-context
information, forming conversational contexts
aimed at empowering VLMs in perception,
reasoning, and planning.

Discover the first multi-modal in-context
instruction dataset, a integrated compilation
that seamlessly blends videos and images,

spanning a diverse array of scenes.

Featuring 8 languages: English, Chinese, Korean,

Japanese, German, French, Spanish, and Arabic,
thereby allowing a larger global audience to
altoghther enjoy from the convenience brought
about by advancements in artificial intelligence.



OtterQ@apacities’review

Learning with In - context Examples

Ingtrqctjon o Instruction Instruction
7EAORO 7EAORO ’ 7 EAORren on this image?

CeOS| NS M? written  on S (WO/ICE) Otterr 24 EET E $E A&

- ; Bl this image? " this image? N L
? . h. : ; _. t h .
G Oier:  pepsi, at fré® oter:  suBwAyThink different; | > \/’:'gtEen %nttt S 'mﬁ?ek Sifferent
is pepsi okay? eat fresh. el e Nk Lireren

Understanding Videos (trained on MIMIG IT - DC)

Instruction  : Hey Otter, do you think it looks cool?

Otter : Yes, | do think it is cool that the man is playing video games while wearing a head -
mounted display.



OtterQBenchmarkPerformance

MMBench

A Category
A Perception(1860Questions)
A Reasoning1114Questions)

A ExampleQuestion

A EvalMethod
A Multiple-Choicewith GPF4 asJudge.
A CircularEvaluation

Ah (i (i Bad@rancgTestset)
A 48.3¢55.9%

A Analysis

A Formattingisimportant.

A Paddingwith.in-contextexamplego
enableY 2 R Sétt&dormatting.

Liu, Yuan, et al. "MMBench: Is Your Multi-modal Model an All-around Player?." arXiv preprint arXiv:2307.06281 (2023).



