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AI Assistant with 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 
image?
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Q: What happened in the image?

A woman and a man touching 
and looking at each other. The 
woman is sitting on the bench 
on the left, and the man is 
sitting on the right bench. They 
are in front of many trees.



Q: What happened in the image?

Scene Graph



Using scene graph:

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

Add some commonsense:
Q: What are the man and the 
woman doing?
Q: What is the relation between 
the man and the woman?

Beyond Object Recognition



PSG: Panoptic Scene Graph

Input: 
 An image with complex scene

Output: 
A scene graph
with p anoptic segments

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



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

Scene Graph

Panoptic Segments

Bounding Box Groundings
Scene Graph

Classic
Scene Graph Generation 

Output

PSG
Our  Panoptic 

Scene Graph Generation

PSG: Panoptic Scene Graph



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

- 49K images
- 133 object classes (80 objects and 53 stuff)
- COCO + VG
- 56 predicate classes. 
- Careful Predicate Design and Annotate

http:// psgdataset.org/explore.html

PSG Dataset



Image

Panoptic FPN

Object Features

Relation FeaturesFeature Map

(b) Stage-2: Scene Graph Prediction(a) Stage-1: Segment Feature Extractor
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Two Stage Methods

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



One Stage Method (PSGTR)

Tr iplet Quer ies 

Image

Feature Map
Backbone

Transformer Encoder

Positional 

Encoding
+ é
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Tr iplet Decoder

Subject Class Prediction

FFN

& 

Panoptic 

Head

Subject Mask Prediction

Predicate Class Prediction

Object Class Prediction

Object Mask Prediction

Subject

Object

(c) SG Prediction Head(b) Transformer Block(a) Input

+ Focus on Vision
+ Direct Training
-  Need Long Time to Learn
-  Conflict with PanSeg



One Stage Method (PSGFormer)

Object Quer ies 

Relation Quer ies 

Image

Feature Map
Backbone

Object Class Predictions 

(d) Prediction

Predicate Class Predictions 

Tr iplets

Object Mask Predictions Object Mask Predictions 

(c) Query Matching Block

Transformer  Encoder
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(b) Query Learning Block

Object Decoder

Relation Decoder

Object Class Predictions 

Object Quer ies 

(a) Input

Object Representations 

Subject Representations 

Predicate Class Predictions

Relation Quer ies
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Subject

Selector
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Object Selector
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+ Explicit Relation Model
+ Fun Query Matching
+ Quick Converge
-  Larger model



PSG: Panoptic Scene Graph

Q: Who is wearing a fancy 
bag in the photo?

Q: Where is the man with 
fancy bag standing?



PSG + Video = PVSG



Dynamic Scene Graph

PVSG - Panoptic Video Scene Graph Generation
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PVSG Dataset
A long-video, multiple perspectives, dense annotated, 
long-term dependent VidSGG dataset 

VidOR
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Ego4D
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(b) The histogram of the relation categor ies, grouped by parent classes.

(a)Video Source &  Types

position

object relation
general actions

human actions

background
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(c) The histogram of the object categor ies, grouped by parent classes.
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400 videos, 9 hours
77s long in average
3rd + egocentric
150K Panoptic Seg.
Dynamic Scene Graph
Dense Captioning
Commonsense QAThird-Person View

Ego View



PVSG Dataset

At Frame 0035: Q: Why did the little boy (child-1) 
give the gift (gift-1) to the woman (adult-1)? 
A: It might be a gift exchange moment, and the 
gift is for the woman (adult-1).

0000-0018: The little boy (child-1) passed 
through the television (tv-1) to pick up a gift 
(gift-1). 

0018-0045: The little boy (child-1) handed 
the gift (gift-1) to a woman (adult-1), who 
appears to be his mother (adult-1). 

The scene depicts the boy receiving, giving, 
and unwrapping gifts on the holiday.

Video Description

Dense Description

Dense QA



PVSG Dataset (Egocentric)

EpicKitchen (55 videos) Ego4D (56 videos)

Towards Comprehensive Egocentric Video Scene Understanding 





Model



Demo Results



PSG + Video + 3D = PSG4D



PSG4D: AI Assistant in 4D world



PSG4D Dataset
Source: Grand Theft Auto V
67 videos (avg. 84s) 
28K RGB-D images
35 object classes, 43 relations

Source: HOI-4D
2973 videos (avg. 20s), Egocentric
891K RGB-D images
46 object classes, 15 relations



PSG4D Pipeline



PSG4D Real-World Application

person-1 drinking from bottle-1

person-1 throwing bottle-1

bottle-1 on ground

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

(b) PSG-4D Parsing 

(d) Robot Reaction

(c) Reasoning & Planning

PSG4D

14.2s ς17.6s 

20.0s ς30.0s 

18.8s ς20.0s 

I am a service robot, In the past 
30s, what I captured is: [ ]. Is 
there anything I could serve?

1. Cleanup: Χ; 
2. Reminder: Χ

DonΨt litter!

+ Collecting SG with 
        Real World Assistant

+ Providing LLM with
        Eyes (Scene Graph)

? Can we directly feed 
      LLM with Images?

 Ą Towards VLM



AI Assistant with SG

2D Image 2D Video 3D video
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Multimodal input -> Scene Graph -> LLM Prompts 
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The pathway: From Language Models 
to Language Assistant

GPT- 2 GPT- 3 ChatGPTGPT- 3.5

BERT Open AssistantVicuna/Flan - T5LLaMA/T5

Industrial

Open-source

Zero - shot learning
In - context learning

Zero - shot learning
In - context learning
Instruct following

Zero - shot learning
In - context learning
Instruct following
Humanalignment

Zero - shot
learning



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

Industrial

Open-source

Flamingo

OpenFlamingoOpenCLIP

Zero - shot learning
In - context learning

Zero - shot learning

CLIP



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

Industrial

Open-source

Flamingo

OpenFlamingoOpenCLIP

Zero - shot learning
In - context learning

Zero - shot learning

CLIP

Otter



Flamingo: a Visual Language Model for Few-Shot Learning

Alayrac et. al. Flamingo: a visual language model for few-shot learning. 2022 



Flamingo Multi - modal Assistants

Question: What is the danger of this sport?

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 simply completes 
the next reasonable sentence.

* OpenFlamingo is the open- source version of Flamingo, enabl ing  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.



MMC4:Image-text interleaveddatafor
OpenFlamingoPretraining

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

Zhu et. al. Multimodal C4: An open, billion-scale corpus of images interleaved with text. 2023



Frominterleaveddatapretrainingto multi-
modal In-contextinstructiontuning

OpenFlamingo OtterMIMIC- IT
( Multi - Modal In - Context

Instruction Tuning )

Open the 
memory 
card 

cover ƛ

Paris has a 
reputation 
for being ƛ

Bryant and 
the Lakers 
encountered 
difficultie

s.

you'll have 
tender, juicy, 

flavourful chicken 
thighs

MMC4
(interleaved pretraining)



Frominterleaveddatapretrainingto multi-
modal In-contextinstructiontuning

 Otter enhances OpeÎ&ÌÁÍÉÎÇÏƦÓcapabilities, including:

ÅIns truction following : align ing  with user intent

ÅStronger in - context learning ability.

ÅFine - grained understanding: spot the difference between images.

ÅVision 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: AMulti-ModalIn-contextInstructionTunedModel

<image>User: What is the reason for the dog's current 
expression and outfit?
GPT:<answer> The dog's expression can be a result of 
excitement or a response to the outfit and its surroundings. 
<image>User: Why teddy bear ornament on the Christmas tree?
GPT:<answer> xxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxx

Perceiver
Resampler

N-th LLMBlock

N-th GatedCross-Attn

1st LLMBlock

1st GatedCross-Attn

M
o

d
ifie

d
L

L
a

M
AM

o
d

e
l

These emotions are commonly associated with the 
holiday season and often evoke fond memories of 

childhood or the act of giving and receiving gifts.

V
is

io
n

E
n

co
d

e
r

VisualInput



MIMIC-ITDataset



MIMIC-ITDataset



OtterΩǎCapacitiesPreview

Instruction :
7ÈÁÔƦÓ
written on
this image?
Otter: pepsi ,
is pepsi okay?

Instruction :
7ÈÁÔƦÓ
written on
this image?
Otter: SUBWAY,
eat fresh.

Instruction :

7ÈÁÔƦÓwritten on this image?

(wo/ICE) Otter: Ƨ4ÈÉÎË $ÉÆÆÅÒÅÎÔƨ 

is written on this image.

(w/ICE) Otter: Think Different

Learning with In - context Examples

Understanding Videos (trained on MIMIC- IT - DC)

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

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



OtterΩǎBenchmarkPerformance
MMBench
ÅCategory

ÅPerception(1860Questions)
ÅReasoning(1114Questions)

ÅExampleQuestion

ÅEvalMethod
ÅMultiple-Choicewith GPT-4 asJudge.
ÅCircularEvaluation

ÅhǘǘŜǊΩǎPerformance(Testset)
Å48.3ς55.9%

ÅAnalysis
ÅFormattingis important.
ÅPaddingwith in-contextexamplesto

enableƳƻŘŜƭΩǎbetter formatting.

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


