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M tERIERE (Visual Referring Expression)

" ME—MEERIE WEBRRKFHEAHN
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» E5Z& Lt f5lIntersection over Union (loU) :
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" 2R loU iB1d 0.5, FIANA R, BN,

RefCOCO:
1. giraffe on left
2. first giraffe on left

u RefCOCO+:

1. giraffe with lowered head

( 2. giraffe head down

RefCOCOg:
1. an adult giraffe scratchingits
back with its horn

Tl ¥, 2. giraffe hugging another giraffe

| EAK | BEUHKE FIKE

RefCOCO 50,000 19,994
RefCOCO+ 49,856 19,992
RefCOCOg 26,711 54,822

142,209
141,4564
85,474

3.61
3.53
38.43
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‘ An ddlng a
motorcycle on a dirt road.

A group of young people
playing a game of frisbee.

Two hockey players are fighting
over the puck.

The dog was ready to go. He had a great time on the  And was very happy to be in the His mom was so proud of It was a beautiful day for

hike. field.

him. him.

Photos by kameraschwein / CC BY-NC-ND 2.0

BiEsE

MSCOCO 300,000 +
30,000
8,000

Visual Genome 108,000 +

Instagram ~10,000

FlikrStyle10K 10,000

5 per image
158,000 in total
5 per image
1,445,322 in total
5 per image

Romantic, humorous, factual




MBS o) & (Visual Question Ansering)

4096 output units from last hidden layer 1024
(VGGNet, Normallzed)

TRl SR

L L] v
Convolution Layer Fully-Connected MLP

+ Non-Linearity Pooling Layer

Who is wearing glasses? Where is the child sitting?
man woman fridge arms

1024 1000 1000

>I I > "2”

Fully-Connected Softmax

Fully-Connected

Convolution Layer Pooling Layer
+ Non-Linearity

2X2x512 LSTM

A
[ ) [ ) )
Cd Cd Cal Cd Cad

Is the umbrella upside down? How many children are in the bed?
yes no

Point-wise
multiplication

v
A 4

Fully-Connected

“How many horses are in this image?”
MR
VQA2.0(2015) 204,721(coco) 1,105,904 10 annotated answers : yes/no, number, other

Synthetic; Reason about relationships between

CSHAVIRATG), 100,000 864,968 objects of different shapes, colors and sizes
Visual . Region based ga-pair and caption, scene graph,
Genome(2016) O o (Eeea e 1,445,322 object detection with annotated attribute
GQA(2019) 113,018(coco,flickr, 22 669,678 Unbalanced data; scene graph based; full answer;

visual genome) word-object mapping



M EIRHEIE (Visual Commonsense Reasoning)

&% Whyis [persons jJfl ] pointing at [person1 §Y12

a) Heis telling [person3 i3] that [person1 ] ordered the pancakes.
b) He just told a joke.

c) He is feeling accusatory towards [person1 |

d) Heis giving [personi ] directions.

a) [person1 ] has the pancakes in front of him.

b) [person4 JMl] is taking everyone's order and asked for clarification.

c) [person3 ] is looking at the pancakes and both she and
[person2 ] are smiling slightly.

d) [person3 i1]] is delivering food to the table, and she might not
know whose order is whose.

N

% BE—KER. —EBERPE. —PR&A. IPMER, (1) iLRER
FEW—EESEAE-ERY,  (2) IR ER HIZE RAVERE.

At

= ZUIESE VCR: M110kEE 52 R EXH, FHEXAY290KZIEQA.

From recognition to cognition: Visual commonsense reasoning, ICCV. 2019.
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Auxiliary Text

Total Event: [Personl] is holding onto a bronze statue
while waves of water crash around him.

| | Train Dev Test ‘

47,595 5,973 5,968 59,356
111,796 13,768 13,813 139,377 B T g

Place: Inside a sinking ship

# Images/Places
# Events at Present

# Inferences on Events Before 467,025 58,773 58,413 584,211
# Inferences on Events After 469,430 58,665 5&,323 586,418
# Inferences on Intents at Present 237,608 28,904 28,568 295,080
Before, [Person1] needed to... Because, [Person1] wanted to...
# Total Inferences || 1,174,063 146,332 145,309 ‘ 1,465,704 i R
- Realize the boat is sinking. - Save himself. - Scream for help.
- See the water coming. - Keep his head above water. - Regret boarding the ship.
Table 1: Statistics of our Visual Commonsense Graph repository: there are in - Swim towards the statue. - Wait for help to arrive. - Get washed away.
total 139,377 distinct Visual Commonsense Graphs over 59,356 images involving
1,465,704 commonsense inferences. Fig.2: Task Overview: Our proposed task is to generate commonsense infer-
ences of events before, events after and intents at present, given an image,

a description of an event at present in the image and a plausible scene / lo-

cation of the image.

Visual COMET: Reasoning about the Dynamic Context of a Still Image[J]. 2020.
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BEREE: MER-XANEABAN, BKEFES
s AR BT, ERRE B
" PSR H A

= NWIEARAY ( LXMBert, VILBERT, CLIP)
B AR A

(VLBert, Unicoder-VL)

Vo
Embed hw]
<IMG>
<CLS> Man shopping for fruit . . <SEP>), (il =ror Ll
(Wo Wy W, ws W, Wy Embedl—t»[ TRM ]

L-k x K x

Figure 1: Our ViLBERT model consists of two parallel streams for visual (green) and linguistic
(purple) processing that interact through novel co-attentional transformer layers. This structure allows
for variable depths for each modality and enables sparse interaction through co-attention. Dashed
boxes with multiplier subscripts denote repeated blocks of layers.

VIiLBERT, NIPS 2019

XEIBEXXEH
REBXAEH

= ME R VB CRR .

(CLS)

[ ey ey ey g o | 2 e -\

( Transformer Encoder

Unicoder-VL

D - @G- &)
. --‘I:N*h\f_l G

Figure 1: Illustration of Unicoder-VL in the context of an object and text masked token prediction, or cloze, task. Unicoder-VL
contains multiple Transformer encoders which are used to learn viusal and linguistic representation jointly.

VLBert, ICLR 2020
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" TR ESS
» E=E 51)|Zk (Masked Language Modeling, MLM)
» Bl XiEEE (Mask Region Modeling, MOC)

= [/ X ILAZ (Visual-Linguistic Matching , VLM)

= Tl 4k + T
o [ RHIAEEIEEFH1T1)|%%: (COCO, Visual Genome, Conceptual Captions,
and SBU Captions)
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big-wave man-ride-wave |
man-on top of-surfboard }

Tokens Phrase

on top of H surfboard ]
a man riding a big wave [ |

[ ride H wave H big ]
S o N\ J

Image Sentence Scene Graph

on top of a surfboard

MVPTR: Multi-Level Semantic Alignment for Vision-Language Pre-Training via Multi-Stage Learning, ACM MM 2022
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MVPTR:

S/ XTI 2R 5 v

= W E: BIRS + R SRS = ARSI ER
AR IR+ WiE » 52K ZE S (MCR)
ITM | MLM} |iWPG-] L VSC \
| | T TN T cosine similarity

[CLS] 7 77 [cLs] x n

| o | BARAIE
o —— —¢ - = S RAFAITAD: visual-semantic

ieLs] 2 7/ o [cLs] xn
CrossModal Leaming Stage vemm contrastive learnin g (VSC)
P e R Yo K EITAT: weakly-supervised phrase
| o D [cLs]  |[cLs]. D ‘ MCR ] : .
E Textual Encoder Visual Encoder éé : groundlng (WPG)
E Uni-M;é;lLeaming Stage - ',[CLSI\' % E " éHﬂ *_\\_LJE % Y E EB (ITM) EF I:l EZ_JS *;EFCzLE?ﬁEE

_________________________________________________
Textual Tokens Phrases Concepts Region Features Concept Tags b ’f/;ﬂ Masked Tokens ( M L IVI )

MVPTR: Multi-Level Semantic Alignment for Vision-Language Pre-Training via Multi-Stage Learning, ACM MM 2022



e
* VL-BART 1 OFA X5 Fr 5 E’JERE)’C BZF%’?'J 2| 5 a9 T

G ERINEZ MESHER (ZRES. ARES. XK)
¥ AR (L. K. 1ﬁ§)

HEEE

- is - img8192> Cl <l6¢1000>

Textvocab.  Image vocab.  Location vocab.

)\

fir

white shirt” describe?

({vc: Which region does the text “Man in

Man in white shirt ]

= )

[Gc: What does the region describe? region:

- - ' a [ITM: Does the image describe “Two boys
playing frisbee on the grass” ?
= TG -

- - - - Image Captioning: What does the image OFA (Tw O DS Dl Tiabes on th grass ]
describe?
- VQA: How many people are there in the
Masking (piclure? J ] [TWO
Tasks

Visual Grounding '
\ Grounded Captioning +

Detection: What are the objects in the
image?

e , ot o o e
---n = i Image-Text Matching v R
Image Infilling: What is the image in the ' Image Captionin !
= + [midd,e part? | el Craodiion Ansv?ering: <lmg123><lmg756><lm9311>...<Im9521>]» Decoder W
: =
- - - - : Object Detection ‘ Mesgiiaid

Text Infilling: What is the complete text of ' Image Infilling i S
“A <mask> woman” ? ] Text Infilling F eautiful woman
Vision & Language Tasks Vision Tasks Language Tasks

OFA: Unifying Architectures, Tasks, and Modalities Through a Simple Sequence-to-Sequence Learning Framework, 2022
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KN B =AY (Large Vision Language Model)

" AUEIESRENBABAT R (TR
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rmage ] Connection Module r_Instruction: Describe the image. Response:]

L_2J\ | I J

Visual Encoder




AU E S RE P FIRIR

" 0 e Zm AL BE
= \iT-L/14 6 ViT-G/14, ImageBind

N Language Model
" KIEERE

= FlanT5, LLaMA, Vicuna, LLaMA-2 Chat Connection Module
N Vision Encoder

'1};7[‘75[3%

» 2R = LLaVA, PandaGPT, Shikra

s EECES LLaMA-Adapter V2, ImageBind-LLM

=" Q-Former: BLIP-2, InstructBLIP, MiniGPT-4, Cheetor, BLIVA



LLaVA : BT %44 E & E iR

u %mjﬁfzﬁﬁgﬁﬁ-: VlT'L/14 Language Response X, Q Q Q
KIEEME: Viewna, LLaMA L s,
" BB Projection W OO aae

Projection W
rojection Z. H, qu

Vision Encoder

X, Image Xq Language Instruction

Figure 1: LLaVA network architecture.
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LLaMA Adapter V2: E T &AL Y& IE 1R LR

" L G AR : ViT-L/14
" j('lq:l = *ﬁi LLaMA

" R Linear, Adapter, Gate
» EFO G B EINEERENSE, XEIESHIA
[] Adeption Adapter 4+  Be’ Layersy.

Visual | Y
Prompt S I |
L

& Fine-tune . 1\

Late Fusion
¥ Frozen

4 Concatenate

Adapter <+ Bias‘ quer' <1 ?,ié

) - -
Projection —> . ] |

Early Fusion




BLIP-2 : EFO-FormerfyE Rk

"R DR ViIT-L/14 . Vision-and-Language || Visionto-Language |
1 Representation Learning | Generative Learning |
" KiIESHRE!: Flan-T5, Vicuna p

EAEH: Q-Former | e M. - |

I - : . 1
Querying Transformer | | | Model Write a romantic message |

J I i i (LLM) that goes along this photo. i
! Love is like a sunset, it’s
Text ! hard to see it comingbut |
Queries ¥ when it does it’s so beautiful. E
Bootstrapping Pre-trained i Bootstrapping Pre-trained
Image Models ! Large Language Models (LLMs)

__________________________________________________________________________
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Next Token

Language Model %

Connection Module Language Model
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Visual Tokens Text Tokens
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Response type 1: conversation

Question: What type of vehicle is featured in the image?

Answer: The image features a black sport utility vehicle (SUV).

Question: Where is the vehicle parked?

Answer: The vehicle is parked in an underground parking area, likely in a public garage.
Question: What are the people in the image doing?

Answer: The people are trying to fit all of their luggage into the SUV, likely preparing for a trip.




TEHUATT AR K

MLLM training paradigm Pure Text Instruction
MLLM
Vi Instruction: <instruction>
[ Encoder ] [ a’idﬂ.ptﬂl‘ ] [ LLM ] Inp“t: <text>
1 Response: <output>
E Feature Alignment ,
Pre-training
_______ I R Visual-Language Instruction
T I
' Visual-Language | <BOS> <context>
:__hisj_“fn_ﬂn_liufl_n_g_: ### Instruction: <instruction>
[ ### Input: {<images>, <text>}
[ Tuned MLLM ] _ ### Response: <output> <EQS> )

HEFINEFEFRrE: MULTIINSTRUCT, InstructBLIP,MiniGPT-4, KOSMOS2.M3IT, etc
B4 IESHIE:  LLaVA,Syphus,LVIS-INSTRUCT4V,LMEye,LAMM,MosIT,etc
IR RS Mplug-Owl, PandaGPT, LAVIN, BLIVA,etc

Vision-Language Instruction Tuning: A Review and Analysis, arXiv:2311.08172, 2023
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\ / i Standard

response characteristics i VLIT data
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__________________________________

Annotation Adaption
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REMESH926 M AF
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Image Captioning

SECVIIE 11F
-EIRE S
ZHAE%,Aﬁ&ﬁT

Ll

Visual Reasoning Visual Conversational QA

/||ur

( Knowledge Grounded |
Image Question Answering

[ Image Captioning )

p
Video Question Answering

( MSVD QA J

( MSRVTT QA J
[ iVQA ]

Reading Comprehension

SRR

Image Question Answering

) | Reading Comprehension

" 1Z*$£TE’E

—InstructBhpZd‘,c

s N [ )
Image Question Generation | | LLaVA-Instruct-150K

/Illll'

r )
Image Question Answering [ Visual Conversation

| OCR-VQA ]
( TextVQA ]

RIRTEL

Image Classification

[ HatefulMemes ]

InstructBLIP: Towards General-purpose Vision-Language Models with Instruction Tuning, arXiv:2305.06500




MiniGPT-4: BB TR IR AR
I n I - A T~ | \ ) l
. =T IULHIRN Lo 7N
kk \ / -I'I- ——————————————————— \
u 1% ;:l _ Igjl\‘Eﬁ %Jﬁ l}l 2? l[%:. ?IJ E/\J *% ;FU r The logo design is simple and minimalistic, with a pink line drawing of a flamingo ]
AR [ S AR = = standing on one leg in the water. The design is clean and easy to recognize, making it
<17 /__ > x A L F HH D | suitable for use in various contexts such as a logo for a beach resort or a flamingo- I
T S A %]] 7/ E | themed event. The use of a flamingo as a symbol adds a touch of whimsy and fun to I
- I the design, making it memorable and eye-catching. Overall, it's a well-designed logo
that effectively communicates the brand's message.
S \ +[-. ~ I ‘
"1 AL IEIR
YA A ChatGPT {L1¢3E
- = A D +H- \* Ty
" FENBATE G-k —2

Q-Former

&
* format: ke ViT

e ##tHuman: Describe this image in detail.
Give as many details as possible. Say
everything you see. ###fAssistant:

MiniGPT-4: Enhancing Vision-Language Understanding with Advanced Large Language Models, arXiv:2304.10592
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Context type 1: Captions

A group of people standing outside of a black vehicle with various luggage.
Luggage surrounds a vehicle in an underground parking area

People try to fit all of their luggage in an SUV.

The sport utility vehicle is parked in the public garage, being packed for a trip
Some people with luggage near a van that is transporting it.

Context type 2: Boxes e
person: [0.681, 0.242, 0.774, 0.694], person: [0.63, 0.222, 0.686, 0.516], person: [0. 444 {] 233,
0.487, 0.34], backpack [0.384, 0.696, 0.485, 0.914], backpack: [0.755, 0.413, 0.846, 0.692],
suitcase: [0.758, 0.413, 0.845, 0.69], suitcase: [0.1, 0.497, 0.173, 0.579], bicycle: [0.282, 0.363,
0.327, 0.442], car: [0.786, 0.25, 0.848, 0.322], car: [0.783, 0.27, 0.827, 0.335], car: [0.86, 0.254,
0.891, 0.3], car: [0.261, 0.101, 0.787, 0.626]
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Response type 1: conversation

Question: What type of vehicle is featured in the image?

Answer: The image features a black sport utility vehicle (SUV).

Question: Where 1s the vehicle parked?

Answer: The vehicle is parked in an underground parking area, likely in a public garage.

Question: What are the people in the image doing?

Answer: The people are trying to fit all of their luggage into the SUV, likely preparing for a trip.
Response type 2: detailed description

The image is an underground parking area with a black sport utility vehicle (SUV) parked. There
are three people in the scene, with one person standing closer to the left side of the vehicle, another
person in the middle, and the third person on the right side. They are all working together to pack
their luggage into the SUV for a trip.

In the parking area, various luggage items are scattered around the vehicle. There are two backpacks,
one located near the left rear wheel and the other closer to the right side of the vehicle. Additionally,
there are two suitcases, one on the right side of the car and another further away near the center of
the parking area. A bicycle can also be seen on the left side of the vehicle.

Other cars are parked around the main SUV, with one car positioned behind it and slightly to the left,
another behind and slightly to the right, and the third car further behind on the right side.
Response type 3: complex reasoning

Question: What challenges do these people face?

Answer: In the image, a group of people is standing outside a black SUV in a parking area,
surrounded by various pieces of luggage, including suitcases and backpacks. They are facing the
challenge of fitting all their luggage into the black SUV. There are multiple suitcases and backpacks
to be packed, which suggests that the group has a significant amount of belongings to accommodate.
They might have to strategize and arrange the luggage efficiently to ensure that everything fits
properly into the vehicle. Additionally, they need to consider the comfort of the passengers and
visibility while driving, so the placement of the luggage must not obstruct the driver’s view or make
the passengers uncomfortable during the trip.
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To See is to Believe: Prompting GPT-4V for Better Visual Instruction Tuning, arXiv:2311.07574
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VALLEY: VIDEO ASSISTANT WITH LARGE LANGUAGE MODEL ENHANCED
ABILITY

Ruipu Luo™2*, Ziwang Zhao'-*", Min Yang"", Junwei Dong ', Minghui Qiu", Pengcheng Lu", Tao Wang', Zhongyu Wei?
TByteDance Inc  2Fudan University 3Beijing University of Posts and Telecommunications #Chongging University

ABSTRACT

Recently, several multi-modal models have been developed for joint image and language understanding, which have
demonstrated impressive chat abilities by utilizing advanced large language models (LLMs). The process of
developing such models is straightforward yet effective. It involves pre-training an adaptation module to align the
semantics of the vision encoder and language model, followed by fine-tuning on instruction-following data. However,
despite the success of this pipeline in image and language understanding, its effectiveness in joint video and
language understanding has not been widely explored. In this paper, we aim to develop a novel multi-modal
foundation model capable of perceiving video, image, and language within a general framewark. To achieve this goal,
we introduce Valley: Video Assistant with Large Language model Enhanced abilitY. Specifically, our proposed Valley
model is designed with a simple projection module that bridges video, image, and language modalities, and is further
unified with a multi-lingual LLM. We also collect multi-source vision-text pairs and adopt a spatio-temporal pooling
strategy to obtain a unified vision encoding of video and image input for pre-training. Furthermore, we generate
multi-task instruction-following video data, including multi-shot captions, long video descriptions, action recognition,
causal relationship inference, etc. To obtain the instruction-following data, we design diverse rounds of task-oriented
conversations between humans and videos, facilitated by ChatGPT. Qualitative examples demonstrate that our
proposed model has the potential to function as a highly effective multilingual video assistant that can make complex
video understanding scenarios easy. Code, data, and models will be available at https://github.com/Rupertl uo/Valley.

https://valley-vl.github.io/

A\ Valley: Video Assistant with Large Language model
Enhanced abilitY

Understanding Complex Videos Relying on Large Language and Vision Models

[Project Page] [Paper]idermet

The online demo is no longer available, because we released the code for offline demo deployment

Video Assistant with Large Language model Enhanced abilitY
Ruipu Luo*, Ziwang Zhao*, Min Yang* (*Equal Contribution)

Generated by stablecog via "A cute llama with valley”

https://github.com/RupertLuo/Valley

Valley: Video Assistant with Large Language model Enhanced Ability, 2023



[0s - 9.81s] A young child wearing a helmet is climbing on monkey bars on a
playground.

[0s - 9.365] A person riding a bike goes around the young girl and she climbs until the
last bar

z Can you describe the scene that unfolds in the video?

b In the video, a young child, wearing a helmet, climbs on monkey bars on a playground with a small boy underneath her. Meanwhile, a person riding

a bike goes around the young girl until she climbs the last bar

Dense Caption

&G Instruction Data Generated by ChatGPT

Florida usa-1962: view of clothes hanging
from clothesline on a sunny day

i o

in the background.

First, we see a backyard with a red and white tent covering an area, and a little girl standing under an umbrella. Next, ....
Then ... A shirtless young man and a red awning over the building can also be seen in the background. After that...

Illustrate the video through a descriptive explanation, painting a vivid picture of its content.

Finally... We can also see a woman sitting on a chair, ...

We also see a woman sitting at a table and a stack of books on the table.
, and a large brown bear

Short Caption

» HFChatGPTEY3g
» BRI ESTA

& Instruction Data Generated by ChatGPT

-

5B R ARG
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700N

REFLERRE, B FEMERR
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ValleyA . I AFIBEIEELE Valley-Instruct-703k

(a) Caption Length
I Tl J J 1 J J 111 111 J]J])]

10000

8000

Wildlife 12.5%

Humor 9.1%

Talent 7.7%

(c) Video Category

DIY 3.6%
. 6000
3 Uplifting
3.4%
4000
Newsworthy
2.7%
2000 Cute 2.7%
This guy did an amazing martial arts z Il!ustrate the video through a descriptive explanation, painting a vivid Parenting 2.6%
stunt. He jumped on the mat and did a picture of its content. 0 '
backflip. At the same time, a volunteer | «& In this impressive video, a skilled individual showcases their martial arts 0 50 100 150 200
was standing at the end of a mat = prowess with a jaw-dropping stunt. The video begins with the person
holding a stick with a board at the top at standing on a mat, poised for action. With a burst of energy, they launch .
the height of four meters. He amazingly themselves into the air, executing a flawless backflip mid-flight. The data has been open—sourced n
kicked the board and landed safely on Simultaneously, a volunteer positioned at the end of the mat holds a https://huggingface.co/datasets/luoruipul/Valley-Instruct-73k
the mat. stick with a board balanced on top, an astonishing four meters above
the ground. With ......
Detailed Caption @ Instruction Data Generated by ChatGPT

= EF Jukinmedia YA (MR RE,

Valley: Video Assistant with Large Language model Enhanced Ability, 2023

H

Ho

Awesome 13.3%
Pets 14.0%

Fails 14.0%
Other 5.1%
Food 1.6%

Art 1.6%

Family 1.8%
Fitness 1.9%
Weather 2.3%
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Main Structure The  video shows a man ..

7 Stable-Vicuna
VAR ARANIA TR A

Unified video and image tokens Text tokens

Projection Layer

Temporal Modeling Module

\ [ \ / ______ \ V254f \ stsf \ staf Vl[cm‘] ------

token1 token2 token3 tokend4 token5

= BE=FEA: stable-vicuna LLM

Text inputs

Different Frames Spatio Tokens Temporal Tokens N \N7 .
) Multi-task Instruction Data: Three types of video based u %ﬁ[m}gﬁ Eg . VIT
ViT-L/14 instruction data (detail description, conversation and

complex reasoning) generated from our self-collected
JukinMedia detailed video caption.

T vt = T ZFMITRRTIR
7

Temporal Modeling Module

Temporal

Score —l l—)‘(;;)ﬁ
( Mean Pooling CX‘)? [ Transformer ] [ Mean Pooling J m

v

v

v,‘..

T T T frames
ﬁames?fr T o T frames \_~_ ?f
( ) fces) | [eLs]f ?j: — icts1 | e
W)\ \ e \ ey VA B \
S . i R v ] vz ... Y

\\ v | Vv / \ st"l‘f L

Vi V2 V3
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ARPGHTLN?

The video shows a snowy forest with trees in the background. The two people are riding their
snowmobiles through this scenic landscape.

A P A ILAA?

The video shows a snowy forest with trees in the background. The two people are riding their
snowmobiles through this scenic landscape.

. () wARMRAS-SEES?

Sure! Here’s a story for the video: The video shows a winter wonderland, where two friends decided to go for a thrilling ride on their snowmobiles. They both chose
their favorite color - red - for their jackets, making them stand out against the snowy backdrop. As they started their journey, they passed by trees and bushes,
making the scenery even more picturesque. They rode deeper into the forest, and soon the trees became taller and closer together, creating a feeling of adventure.
IA The friends were having a great time, enjoying the crisp winter air and the exhilarating speed of their snowmobiles. Finally, they emerged from the forest and rode
off into the distance, leaving behind a trail of snow and excitement. This video captures the essence of winter fun and the joy of exploring the great outdoors on a

snowmobile.



Valley A FFIE My

Code: https://qgithub.com/RupertLuo/Valley

Model Zoo:
* Valley-13b: https://huggingface.co/luoruipul/valley-13b-vi-delta
* Valley-7b: https://huggingface.co/luoruipul/Valley2-7b
* Chinese-Valley-13b: https://huggingface.co/Zhaoziwang/chinese valley13b v1
* Chinese-Valley-7b: https://huggingface.co/Zhaoziwang/chinese valley13b v1

* Instruction Tuning Data: https://huggingface.co/datasets/luoruipul/Valley-Instruct-73k
* Pretrain-data: https://huggingface.co/datasets/luoruipul/Valley-webvid2M-Pretrain-703K

Project Page: https://valley-vl.github.io/


https://github.com/RupertLuo/Valley
https://huggingface.co/Zhaoziwang/chinese_valley13b_v1
https://huggingface.co/datasets/luoruipu1/Valley-webvid2M-Pretrain-703K
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« MEFRBARRE : #{EL]5% (Object hallucination)

MONDAY.

Vo

-
JUST..MONDAY.

$ This meme is funny because it shows a
dog laying on the floor with its head

resting on its paws, as if it is

tired or sleepy. The caption, "monday
just monday," adds to the humor by
suggesting that the dog is feeling
the same way as many people do on
Mondays, which are often considered
to be the most dreaded day of the
week. The meme is relatable and
humorous, making it a popular one
among internet users.

EFFIE# (meme understanding)

Instruction-based evaluation

( . : )
Provide a detailed description

of the given image.
\: g = >

/The image features a person N
standing on a sandy beach,
holding a colorful striped
umbrella to provide shade
from the sun. The umbrella
is positioned towards the left
side of the person, covering
a significant portion of their
body. The person appears to
be enjoying their time at the
beach, possibly looking out

\at the ocean. J

- BILSEKAIEE /1 JEEZFFHRA] (OCR) |, HiR#EHE (Commonsense

Befa-

MiniGPT-4, 2023 Evaluating Object Hallucination in Large Vision-Language Models, 2023
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Benchmark: VQA v2
Q: Where is skateboarder looking?
GT: down

Benchmark: Visual Entailment
Claim: The player is well-skilled.
GT: entailment

Benchmark: Object Counting
Q: How many persons are there?
GT: 17

N

J

]

T N\ %0 tEﬂl‘%‘i

i

O

% A Ty N

&6 B TR AE A

Y RE [T

I

r
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SINFIAT

~

J

(

.

Formulation: Open-Ended QA

Prediction: He is looking at down the board.

Judgement: False [EM] / True [Human]

Formulation: Classification
Prediction: The image support the claim.
Judgement: False [EM] / True [Human]

Formulation: Number-Related QA

Prediction: There are more than 17 persons.

Judgement: True [Contain] / False [Human]

~\

J

[*] indicates the evaluation method. Red and Green represent WWrong and Correct judgement. EM is short for “exactly matched”.
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[Y]zkno

RRENFNTAAD,
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Kb

=Yyes

L

[N]

EEIRMNE, FAMIES

=N

CIRITHY

Existence 2

Count £

Position §

Color &

(5

Perception (Coarse-Grained Tasks)

[Y] Is there a elephant in this
image?

[N] Is there a hair drier in this
image?

[Y] Is there a total of two

person appear in the image?
[N] Is there only one person
appear in the image?

[Y] Is the motorcycle on the
right side of the bus?

[N] Is the motorcycle on the left
side of the bus.

[Y] Is there a red coat in the
image?

[N] Is there a yellow coat in the
image?

Poster W
[ Y] Is there a refrigerator in
this image?

[N] Is there a donut in this
image?

Celebrity &
[Y] Are there two pieces of
pizza in this image?

[N] Is there only one piece of
pizza in this image?

[Y] Is the baby on the right of Scene @

the dog in the image?
[N] Is the baby on the left of
the dog in the image?

E

[Y] Is there a red couch in the
image?
[N] Is there a black couch in

the image?

Perception (OCR Task)
Artwork I
[Y] Is the phone number in the - [Y] Is the word in the logo o
picture "0131 555 6363"? "high time coffee shop"?
[N] Is the phone number in the & [N] Is the word in the logo

"0137 556 6363"?

picture

"high tite cofeee shop"’

Landmark[]

Perception (Fine-Grained Tasks)

[Y] Is this movie directed by
Jfrancis ford coppola’
[N] Is this movie directed by
Sfranklin j. schaffner’

[Y] Is the actor inside the red
box called Audrey Hepburn’
[N] Is the actor inside the red
box called Chris April?

place of moat water?
[N] Does this image describe a
place of marsh?

[Y] Is this an image of Beijing
Guozijian’
[N] Is this an image of

Klinikkirche (Pfafferode)’

[Y] Does this artwork belong
to the type of still-life?

[N] Does this artwork belong
to the type of mythological!

[Y] Does this image describe a =
=

[Y] Is this movie titled swilight
(2008)?

[N] Is this movie titled the
horse whisperer (1998)"

[Y] Is the actor inside the red
box named Jim Carrey?

[N] Is the actor inside the red
box named Jari Kinnunen’?

[Y] Is this picture captured in a
place of galley?

[N] Is this picture captured in a
place of physics laboratory?

[Y] Is this a picture of Church
of Saint Giles in Prague’

[N] Is this a picture of
Pfarrkirche St. Martin an der Raab’

[Y] Is this artwork displayed in
musée du louvre?
[N] Is this artwork displayed in

galleria nazionale d'arte

moderna e contemporanea’

Commonsense Reasoning ¢

[Y] Should I stop when I'm —
about to cross the street? =

Numerical Calculation 8

29436 =

%
[N] When I see the sign in the Ba
picture, can I cross the street?
[Y] Is the answer to the arith-
stic anesty 3 o 657
metic question in the image 657 prsmgns 35

[N] Is the answer to the arith-
metic question in the image 56?

Cognition (Reasoning Tasks)

Text Translation g

[Y] Is there one real cat in
this picture?
[N] Is there two real cats in
this picture?

EFE

[Y] Appropriate to translate
into English 'classic taste”!

HEBH
[N] Appropriate to translate

into English 'strawberry flavor'?

Code Reasoning [l

[Y] Should the value of "a"
in the picture cqual 3?
[N] Should the value of "a"
in the picture equal 2?

[Y] Python code. Is the output
of the code 'Hello"?
[N] Python code. Is the output
of the code 'World'?

[Y] Appropriate to translate into
English 'work hard together’

[N] Appropriate to translate into
English 'be filled with intrigue'’

[Y] Python code. Is the output

of the code '0"?

[N] Python code. Is the output
)

of the code
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Circular Evaluation

e original VL problem:
w many apples are there in the image?

o

: H
.4; B.3; C.2; D% atT: A

Passes in Circular Evaluataon (choices with circular shift):

. Q: How many apples are there in the image? Choices: A. 4; B. 3; C. 2; D. 1. VLM prediction: A. GT: A
. Q: How many apples are there ntke image? Choices: A. 3; B. 2; C.1; D.4. VLM prediction: D. GT: D
. Q: How many apples are there in the mg ? Choices: A. 2; B.1; C. 4; D.3. VLM prediction: B. GT: C X
- Q: How many apples a ethee in the image? Choices: A. 1; B. 4; C. 3; D. 2. VLM prediction: B. GT: B

VLM failed at pass 3. Thus wrong.
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ul Quantitative Evaluationul

Visual Perception™® Visual Knowledge Acquisition .
Image Classification Object Counting Image Captioning Key Information Extraction
4 benchmarks COCO, VCR 3 benchmarks SROIE, FUNSD
Multi-Class Identification Optical Characters Recognition
COCO, VCR 12 benchmarks
Visual Reasoning & Visual Commonsenses-
Visual Entailment Visual Question Answering Visual Commonsense QA
SNLI-VE 10 benchmarks ImageNetVC
Knowledge-grounded Image Description Visual Commonsense Reasoning
ScienceQA, VizWiz VCR
Embodied Intelligence & Hallucination
. o S . .- Object Hallucination
Minecra Virtual Home Meta-Wor Kitchen COCO-Ransom/Popular/Adversarial

* LVLM Arena

(!C

- Matchmaking & = Chat & Voting Elo Rating
e S e el N o == — — = N
! it? “ No, this is not I : i ll Kl 1000
! a rabbit. It I\'s :e\ dog : | ﬂ wins : &.. 1000
: dressed in a bunny | | 1 % 1000
! costume. 1 1 1 < 1000
l ' ! = 1000
1 E . .
X No, it |s€ dog 1 1 | 21000
wearing a bunny | | 1 .
: costume. 1 | | 5 1000
X 1 | 1 ® 1000
1 1 1
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Is this a rabbit?

Question Answering
@ Yes, it is a rabbit.

MetricsI ®

No, it is a dog wearing a
bunny costume.

Is this a rabbit?

Prefix-based Score

(A) Sheep 0.1
(B) Rabbit 0.7
(C) Dog 098

Multi-turn Reasoning

Is the person on
left and person
on right dating?

@ Caption l

@Q1: What is the body
language of the man?

Q2: What is the facial

expression of the man?

Q3. What is the facial

expression of the nun?

@Analysis: Watching is a vague
action, so we cannot determine it
is romantic or not. We need
more information about ......

N Answer: We are not sure.

W '

@

AT: He is looking at the nun
A2: Sad
A3: Sad

What should | do
if | feel sleepy?

User Study

@ If you feel sleepy while looking at this image, it ©
might be a good idea to take a break and rest for a
while. The scene features a well-decorated bedroom
with a bed, a chair, and a window. The room is

Relevance

Usefulness

@ v

@ LM

i User

Input

Ground truth
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Unified Benchmark: ReForm-Eval

Q1: Answer the question “Where is skateboarder looking?”
with the options. Options: (A) Down; (B) Up; (C) Right.

Q2: Does the image indicate that the player is well-skilled?
Select the correct option. Options: (A) No; (B) Yes; (C) Maybe.

Q3: How many persons are there? Make your choice from the
provided options. Options: (A) 17; (B) 7; (C) 15; (D) 20.
. J

.

SINIIAT

7

J

.

Unified Formulation: Multiple-Choice
Prediction: The answer is (A) Down.
Judgement: True [Option Matching]

Prediction: The selected answer is (B) Yes.
Judgement: True [Option Matching]

Prediction: The correct answer is (B) 7.
Judgement: False [Option Matching]

[*] indicates the evaluation method. Red and Green represent WWrong and Correct judgement. EM is short for “exactly matched”.

ReForm-Eval: Evaluating Large Vision Language Models via Unified Re-Formulation of Task-Oriented Benchmarks, 2023
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ReForm-Eval: Evaluating Large Vision Language Models via Unified Re-Formulation of Task-Oriented Benchmarks, 2023
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= MAMatterport3DH FJZEMP3D-spatial, FHTZHEELHFVLNIESL

Question: Describe the spatial connection between\
vase and mantel within the image.

Options:

(A) The vase 1s inside the mantel;

(B) The vase 1s right of the mantel;

(C) The vase 1s next to the mantel;

(D) The vase 1s on the top of the mantel.

Answer: (D) /

Question: In the image, point out the object that \
has the greatest distance from you.

Options:

(A)picture;

(B) refrigerator;

(C) stairs;

(D)unknown.

Answer: (B) J

ReForm-Eval: Evaluating Large Vision Language Models via Unified Re-Formulation of Task-Oriented Benchmarks. 2023
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» BRI ETXES (In-Context Learning)
» FESLVIMBIFICLIAFr B A L

1

X, system-message

Human: Can you see the image? Options: (A) Yes; (B) No; (C) Not Sure; (D) Maybe.
Assistant: The answer is (A) Yes.

Human: Xquestion OptiOﬂS: Xoptions

Assistant: The answer 1s

" AR ETITXHEARNE XAARFENRERAFESR

77k AZER (likelihood) T
» FEENETIMlikelihood, FFEF O REM & EI’J

C= arg max Py(c \fv,q) = argmaXZPe Ct‘vv% C<t)
cted ceCi

AN \ S H N N -
= HiC ={c'}_ BRIEW, v BER, q 20/, Py BILLVIMEE,
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ReForm-Eval: Evaluating Large Vision Language Models via Unified Re-Formulation of Task-Oriented Benchmarks, 2023




Reform-Evalfy S {&SLLE

" RMAMERE: 13MTTVARVI6MER], REAEMEEE
Model | Model Architecture
| Vis Encoder | LLM | Connection Module | #oP | #0TP | #o0VT

BLIP-2 ViT-G/14 FlanT5-XL Q-Former 3.94B | 106.7M 32
InstructBLIPx | VIT-G/14 FlanT5-XL Q-Former 4.02B | 187.2M 32
InstructBLIPy | VIT-G/14 Vicuna-7B Q-Former 7.92B | 188.8M 32
LLaVAy ViT-1/14 Vicuna-7B Linear 7.05B | 6.74B 256
LLaVA[, ViT-L/14 LLaMA2-7B Linear 7.05B | 6.74B 256
MiniGPT4 ViT-G/14 Vicuna-7B Q-Former+Linear 7.83B 3.1M 32
mPLUG-Owl | ViT-L/14 LLaMA-7B Perceiver 7.12B | 384.6M 65
PandaGPT ImageBind Vicuna-7B+LoRA Linear 7.98B | 37.8M I
IB-LLM ImageBind LLaMA-7B+LoRA+BT | BindNet+Gate 8.61B | 649.7M I
LA-V2 ViT-L/14 LLaMA-7B+BT Linear+Adapter+Gate 7.14B | 63.1M 10
mmGPT ViT-L/14 LLaMA-7B+LoRA Perceiver+Gate 8.37B | 23.5M 64
Shikra ViT-L/14 Vicuna-7B Linear 6.74B | 6.44B 256
Lynx ViT-G/14 Vicuna-7B+Adapter Perceiver 8.41B | 688.4M 64
Cheetory ViT-G/14 Vicuna-7B Query+Linear+Q-Former | 7.84B 6.3M 32
Cheetory,, ViT-G/14 LLaMA2-Chat Query+Linear+Q-Former | 7.84B 6.3M 32
BLIVA ViT-G/14 Vicuna-7B Q-Former+Linear 7.92B | 194.6M 32

PS: Underlined represents a trainable component.

Table 7: Model architecture of different LVLMs.
parameters, number of trainable parameters, and number of visual tokens, respectively.

“BT" represents bias-tuning

. “BindNet” represents bind network.

“#oP”, “#0TP”, and “#oVT” are number of total




ReForm-Evalfy4E &
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» LA E SRR I

= FHIE TeINEAELIRE, FEMNEUEWE (~3000F A
FHE (IVIIVIBench/IVIIVIEj(/J 91 OT*L) )

» EHEALRE
" ST
= BE+s—ENEAEN A
» TEEFHFENTNTTE ( ELWVLM-ehubaY)
= JTEChatGPTI A THIFE) (FELAMMFIMMBenchHfY)

/Illll'

ReForm-Eval: Evaluating Large Vision Language Models via Unified Re-Formulation of Task-Oriented Benchmarks, 2023
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ReForm-Eval: Evaluating Large Vision Language Models via Unified Re-Formulation of Task-Oriented Benchmarks, 2023



ReForm-EvalFE 1 !

* https://github.com/FudanDISC/ReForm-Eval/

ReForm-Eval ¢

S

Licence 'Apache 2.0 | DISC Repositories Visitors | 49 f 227
Paper | PDF @ Hugging Face Dataset Google Drive | Dataset

ReForm-Eval: EVALUATING LARGE VISION LANGUAGE MODELS VIA UNIFIED
RE-FORMULATION OF TASK-ORIENTED BENCHMARKS ¢

Zejun Li'", Ye Wang'", Mengfei Du'", Qingwen Liu"", Binhao Wu'", Jiwen Zhang' , Chengxing Zhou? , Zhihao Fan3
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, Jie Fu*, Jingjing Chen', Xuanjing Huang', Zhongyu Wei'".
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Visual ChatG

PT :

IMZero-ShotF

H
Y
2

= B XA
» HJ& : ChatGPT

" 7Z1

" ERT

LTHRER

mRENRSG
X AN [ Bl

(Al

» TH: e EafifEA (VFM)

» B ERE A ENUREEE

liﬁ"

K

%3 [8]:

IR TT A

i__
B, R ERICAE. .

/EE
THE®ZZE

19 k&

= JEB1J “prompts manager”

= Zero-shot #f|

=W

g_

[ User Query

" please generate a red
Y!ﬂu:nwlatr conditioned on
‘ the predicted depth of
this
make it like a cartoon,
step by step
b

image and then

1

Prompt

Manager

"

fVisual Foundation Models)

X

Stable
Diffusion SR

B =

V.

O |

ControINet Detection

Iterative Reasonlng

-

Outputs

Here you are.
What else
can | help
you?

—ChatGPT

Visual chatgpt: Talking, drawing and editing with visual foundation models, 2023




Visual ChatGPT : ) Zero-Shot A R{EH T B

-

Intermediate Jﬂ\ns'u«.f-s.-ra'f.?.2 -

1 @2: replace the sofa in this image with a desk and )
Q;: Visual Foundation | [ yeer B then mak,.e-.fi.'.{fffe :%rwater-cofor painting
2db9a50a.png Models F : . e
P\ F |t il 0 in{V =9 {A0 = ¢
System g History of ; lllllllllllllllllllll
_ principles ||} Dialogue 5., BNy,
l CH1: Rece'ved' e
\} ¢ Determine 1: Use VFM? Yes
) : ]
rgzz B image] Prompt Manager M Execute 1: Replace Something From The
with a desk and then make it like Photo = Inputs: (2db9a50a.png, sofa, desk)

_a water-color painting

? 7 inailo, | oR&» i 4@

T

Determine 2: Use VFM? Yes

Execute 2: Instruct Image Using Text—> Inputs:
(483d_replace-something_2db%a50a_2db9a50a.pngl|
make it like a water-color painting)

Intermediate Answer 04533 :

Gz :483d_replace-
something_2db9a5
0a_2db9a50a.png

= Output 4;

fab1l_pix2pix_483d
_2db9a50a.png

L B VFMs Execute fab1_pix2pix_483d_2db9%a50a.png
i  — ’ 20| ER P S R
picture History of Intermediate | 3 _
, - - : Reasoning " ! | Answer 4Y ) M © chatcPT
A3: The wall in the picture is ‘y‘ * . Determine 3: Use VFM? No
blue. L\Outputs As: fAbl_pix2pix_483d_2db9a50a.png y.

Visual chatgpt: Talking, drawing and editing with visual foundation models, 2023



LLaVA-Plus: 7)

ZARRBSI T HREFE

= ELRE:

LLaVA (2 E

Lt fERE LVLMs)

- iﬁj ti?)?‘é]:ﬁ = ctable Diffus () Instruction 4 @ Tool Use N
ol .z Stable VITTUSIoN
n K éj\ %IJ: %:: SAM HUman/—\ > ASSiStantO Repsol:illory
- *ZT‘iE*E 5;%;:¢%1Z|§7Fﬁ5ﬂug'§ O Response L O Tool Output /
"R TIE:
" 4-BR I TREVE I
" B AENSRINGFERFZISREEHTRENES
Human : I; <\n> X <STOP> Assistant: X_ . |, ,..<STOP>
Human : Xaxi11 resu1t <STOP> Assistant : X, ... <STOP>

Llava-plus: Learning to use tools for creating multimodal agents, 2023
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Shikra: AN ARFRINESENEE

o1 Ry [T HISE S AN PSLY v
Kbt

" BRIES E’Jﬁ/‘t R ESLNEE

w/ 2:5\
What is this man [0.171,0.330,0.650,0.779] scared of?
(2
i i S e :
The man [0.171,0.330,0.650.0.779] is scared of the chicken D
[0.620,0.219,0.996,0.659] that 1s flying towards him.

Shikra: Unleashing Multimodal LLM‘s Referential Dialogue Magic, 2023

" f5] ﬁﬁvll ?*Q?EE’WJ@
» 52 A BIEEE: RefCOCO, Visual-7W, visual genome, Flickr30k entities

" ;_)ﬂZE'JQA"‘)‘(TE T Flickr30k entities £ &1 13 GPT-44 A

= Y ZkF ER-1: {3 Eiﬁéﬁ*ﬂ&
» |2k EX-2: LLaVA + & B B9 QAZTIE

lmI




Kosmos2: IX¥ RiaFRBFE R 3EfTGrounding

" o 25 [E]: FRICARE
" RRITT A R
= \[ & tokens: P*P tokens £ 3k 7~ P*P P E

FE

2 HY 7 R

= 157K tokens: [ markdown 2 B L\ 1TR~

" <p>3ARFHIR </ p><box>FRICAE</box>

= <grounding> {E A— P HRFIsT~IRE B2 R HEHTgrounding

<s> <image> Image Embedding </image> <grounding> <p> It </p><box><loc.s><locgsz></box>

seats next to <p> a campfire </p><box><locs><locigo7></box> </s>

s Tl 2 B SO + SCAELIE + GRIT

= 3£4-5%3: LLaVA + unnatural instructions + GRIT
Kosmos-2: Grounding Multimodal Large Language Models to the World, 2023




Kosmos2: GRIT ( Grounded Image-Text) &

» $IR-1 1915 R 1A IB-FRICHEX: SpaCy + GLIP

n SR D 7|"'z§J1|:._referring-expression-d‘,wa?I‘ES(qL

RIS AR SIE X S A 1E R IE R E Elreferring expression
- %ﬁ%&if’@?ﬁl_ (referring expression) & AV

Sentence dependency relations

!

|

adogina Identify Expand

B ———

field of flowers noun chunks noun chunks \
adog - -+ adogin a field of flowers b5 Keep “a dog in a field of flowers”
afield - - =+ afield of flowers P > Drop “afield of flowers”
substrings " i
flowers - ----+ flowers Drop “flowers
Detection &
Post-process Compase
1 a dog: "y a dog in a field of
[290,371,605,750] flowers:
‘ a field: . [290,371,605,750]
~ [0,264,919,921] NS - e e
Step-1: Creating noun Step-2: Producing referring
chunk - bounding box pairs expression - bounding box pairs

Kosmos-2: Grounding Multimodal Large Language Models to the World, 2023



VisionLLM:

B =

EMIEIRY 5T

lﬁ’l-

AR T
» 512 [ & tokens: /<AL ER + 3

= 8]: DL H +

“HRTTE: ERINIE

iguﬁtokens J

AR FR
SEYE

[ '] Random Query []

 {E 51

Language-Guided
Image Token

Image Tokenizer

U b

R+ BRI E X

Desired Output:
<cl><pl><p3> ..

([@E - O
It o1 bt
Backbone i.. Language-Guided Open-Ended Task

Decoder with LLM

I

<text>
.

Vision-language example: "Describe the image <image> in details."

Language Instructions <text>

Vision-only example: "For each object in image <image> that is @ member of class set <class>, output a
tuple with the class label and the coordinates of a polygon with 16 points that encloses the object. The
coordinates should be within range <range>. The output format should be (c, x1, y1, ...)."

K Jtokens E
ISREABENFER, FESHH

1T E AV FERD

Visionlim: Large language model is also an open-ended decoder for vision-centric tasks, 2023
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DreamLLM: 3| A B3 A

» B CLIP + Vicuna + Stable Diffusion
i e SXARZENER
R A
= <dream> token G fFIE R =EE AN E
» S| AT S Jdream queries ..o  orooe B0 o

" BRI

L -

special

Lie on her cozy Embedding
o nest.” ...
+'-j< A AN/ U embvé(:jgngs D <dream> token <s> I like
| IVI M C4 Ej \ H /s - Inference Stream
K/

" 7 FHGPT-4 A XX HE M EIE M R AJQART

Dreamlim: Synergistic multimodal comprehension and creation, 2023




Next-GPT: {-

4

-
ERIRAS

Y~

= i

L =a ,f
s S E: =
Text 5_‘5;
Image /\9\
—J
Audio
Video E[>:
More modalities .

RS RS

Image Input
Projection (A’

Audio Input
Projection (hﬁ

Video Input
Projection fh)

—_ L
/\

X3

E/] 'L:l 70N

Image Output N s (o) |
Projection A

Audio Output
Projection (A’

Video Output

Projection 4

X

Multimodal Input
Encoding

LILM-centric
Alignment

Next-gpt: Any-to-any multimodal lim, 2023

LLM-based Semantic Instruction-following  Multimodal Output
Understanding Alignment Generation




Next-GPT: {ERIRSHIAE K

" iﬁtjfﬁérﬁj: 'fi-%:\ ;ZE\ W/b\jzhﬂ:ﬂl:l'flzl 70N

“HRRTTE: EAEMImS I AESER ST
. *ET%ELLEEE&%E*&:UL:,U, E.g. <IMGO><IMG1><IMG2><IMG3>
WETRERAEM, SN NRRTREANNESBDISRNEA
" 15 H{lﬂ"‘ﬂ%’%:
" LA + X =3 A: LLaVA, miniGPT-4, VideoChat
" XK - XA+ X: ET X-HiR FIRE
* MosIT: #J1E 1Y 5K 314
= B TGPT-4p3Self-instruct 77 7A: MIEZ 5. BIES. BARXERIXIE

o PR B IUED A AR S E13E: Youtube, StableDiffusion, Midjourney

= ATiRiE, RiERE
Next-gpt: Any-to-any multimodal lim, 2023




AnyGPT: {5 Fi 58 8 Zr 0 == [B) N ZARZS A AR Y

94} = —
..u-.|||.||“||‘l||’ ”“ ’||"|.|||..||....|.. %1, 4 iy g
sapht ok

“It was the night---
silent night, whence ..."”

speech image music
de- tokemze | de-tokenize de-tokenize

<sos> .Speechtokens <eos> Texttokens <soi> / Image tokens  <eoi> <som> a Music tokens <eom>

ANYGPT

S0S eech tokens eos ext tokens soi mage tokens eoi som usic tokens eom
<sos> S h tok <eos>  Texttok <soi> | tok <eoi> < > M tok < >

speech ! image music
tokenizer it tokenizer tokenizer
N7
L text J3

speech image music

AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling, 2024



WVIMRBEF €. R EESS LR AR

» AR EES £ WLMs FIXT R/ AY SOTAs {38 Z 3 (213K B Qwen-
VL):

Model | Nocaps | Flickr30K | VQAV2 | OKVOA | GQA | SciQAdmg | Viewiz_

BLIP-2 103.9 71.6 65.0 45.9 32.3 61.0 19.6
Specialist 127.0 84.5 86.1 66.1 72.1 92.5 70.9
SOTAs (PALI)  (InstructBLIP) (PALI-X)  (PALI-X) (CFR) (LLaVA)  (PALI-X)

= Zero-shot LVLMs v.s Fine-tuned SOTAs
s VUM E I 3B EFESHNEE M N\EEE R

" \VLMBEE S5 EES E45/\FISOTARY = FE L ?
= TEXFHI{ES: VQA, Object Grounding, Image Captioning




Qwen-VL: Z1L

Cilea

>

= $i1)

m gF:

"B

%%%TJ' =] /
LSHIA: B

Stagel: Pretraining

Multi-task and

R 5

» 2 AL BE: OpenCLIP ViT-bigG (448 px)
"LLM: Qwen-7B;
= 3-Br EX AT I ZRHE SR -

|85 RAAR, 55 <BXAY B SR

T =2UE (VQA, Caption, Grounding, OCR)
THEEREIE (RS + XK)

Stage2:Multi-task
Pretraining

Stage3: Supervised

Finetuning

|

QwenlLM (t

eeeeeeeee

I
sAttn ft

Cros:
1

E Hizgh Resolution

Chat Interleaved
VL Data

= fYcross-attentionf& 1L

Qwen-vl: A frontier large vision-
language model with versatile
abilities, 2023



MiniGPT4-v2: EINS|I NS IETRRT
" 3 SR AD S5 EVA-VIT (448 px)

*LLM: LLaMA-2 L_N,:,T
m . $3 | p
FEIEAEER: B M4 tokensyE TLinear = "'L.,“*Taf e
\ [INST] N r < |mg>. refer
- 3-Bﬁﬁglﬂlg§: <Imci:cat Iri}"l‘: rl}lea '{i}i: Tg?teenaerf F/hliJST]
* SINFESIRRH: vaal, [grounding], [refer].. Attt

= FiillZk: 325> 55 R BRAY EI DO - o
» ZIESF S XA ERESSEHE (VQA + Caption + Grounding)
" M I5EEEUE (BT + XK)

L

Minigpt-v2: large language model as a unified interface for vision-language multi-task learning, 2023



CogVLM: S| AL & KRR

= 3 5t 2R A0 2% : EVA2-CLIP-E (490 px)

= LLM: Vicuna-7B-v1.5 + ¥ it & R AR LR,
 E IR MLPZ
= T4k

= LAION + EF Kosmos2 #J3&fY grounding 253E

= SFTXS il 4k:
= [ LaVA, LLaVAR, LRV-Instruction, JE/AF

PR

= NF#{E55 £ R Fine-tuning:
= Captioning, VQA, visual grounding

CogVLM: Visual Expert for Pretrained Language Models, 2023
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OKV matrix
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OKV matrix j
Text featur
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25T

HEl, BUERSEERBRESHFRERA RFLUTHEE

Instruction
= XS (usually in an egocentric view) Turn right and head
NI towards the kitchen.
B A~-~ : : Then turn left, pass a
via texts or audios P
XL ( ) table and enter the Global
\ ) hallway. Walk down trajectori
| | jectiories
FEIE (understand surroundings and plan) the hallway and turn in top-down

into the entry way to

S, — . .
" 47XJ] (through motor controls or high-level actions). your right without
doors. Stop in front

of the toilet.
. . /\ Initial Position
- %ﬂﬁiﬁ%—%ﬂﬁ i Target Position
. . . . Demonstration Path A
(Vision-and-Language Navigation) S e
= =) P — d h
*@EE%*A%A Eq_%ﬁ%ﬂ@ﬁﬁl_] Executed Path C
— P HEEIFYVINFES]

Vision-and-language navigation: Interpreting visually-grounded navigation instructions in real environments, 2018
Reinforced cross-modal matching and self-supervised imitation learning for vision-language navigation, 2019.
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ETXKIESEE Ym0 SR

" LLMER T 5K izlxﬂﬁﬁu

" LLIMEF RIFHIZIEE

Title: Star’s Tux Promise Draws Megyn Kelly’s Sarcasm

Subtitle: Joaquin Phoenix pledged to not change for each awards event

Article: A year ago, Joaquin Phoenix made headlines when he appeared on
the red carpet at the Golden Globes wearing a tuxedo with a paper bag over
his head that read, "I am a shape-shifter. I can’t change the world. I
can only change myself." It was a promise to not change to fit into the
Hollywood mold: "I think that’s a really special thing, to not change
yourself. I think it’s a really special thing to say, ‘This is what’s
inside of me, I’m proud of it, and I’m not going to be ashamed because of
the way that someone else thinks I should be.’" Now, it’s the Oscars, and
Phoenix is at it again. But this time, his publicist is saying he’ll be
wearing a tux no matter what.

Megyn Kelly was not impressed, and she let him have it on The Tonight Show.
"You know, I feel like, I feel like you could have worn the tux," she says.
"But you’re saying you’re a shape-shifter. I don’t know if you can change
your tux, but you can change your mind. You can change your mind. You can
change your mind." Phoenix says he did, but it didn’t stick. "I was like,
‘Okay, I’m going to wear a tuxedo to this thing.’ And then I thought, ‘I
don’t want to wear a tuxedo to this thing.’" Kelly goes on to encourage him
to change his mind again, but Phoenix says it’s too late: "I’m committed to
wearing this."

- PEE

B I 5 L R AL

Sample question using prompt template

The following are multiple choice questions (with answers) about medical knowledge.
**Question**: A 40-year-old woman has had hypercalcemia for 1 year and recently
passed a renal calculus. Serum parathyroid hormone and calcium concentrations are
increased, and serum phosphate concentration is decreased. Parathyroid hormone most
likely causes an increase in the serum calcium concentration by which of the following
mechanisms?

(A) Decreased degradation of 25-hydroxycholecalciferol

(B) Direct action on intestine to increase calcium absorption

(C) Direct action on intestine to increase magnesium absorption

(D) Increased synthesis of 25-hydroxycholecalciferol

(E) Inhibition of calcitonin production

(F) Stimulation of 1,25-dihydroxycholecalciferol production

** Answer:**(F

Figure 3.15: The GPT-3 generated news article that humans found the easiest to distinguish from a human written

article (accuracy: 61%).

Zero-shot medical analysis (GPT-4)

) {5 ARIRELSR A B A A VINE RE4AK

Language models are few-shot learners, 2020

A comprehensive capability analysis of gpt-3 and gpt-3.5 series models, 2023




A* Nav: KIESEEMEANIES MRS

7,

JLLMALC;

Y SO IR FRANHEIE BE TR T8 < 0 R A

~NF1ES

- GATFESES

Instruction: Proceed beyond the sofa after departing from the
bedroom. Continue walking forward until reaching the table

T — /[\ :[;-m 1:/]_( 4 Large Language Model
— N — i Exit Bedroom = Go pastSofa = Go to Table
= —PEiZMirE R E SE : . '
> Agent e ) o ——
e & # Object Landmark Q = e -’v:—%:l
v’ > [} Region Landmark
@ (GoTo, OBJECT) (@ (GoPasT, OBJecT)  Navigation Path
------- AT
> = : 1' ?— - -

____________ ]

3 (GoINTO, REGION) @) (GOTHROUGH, REGION) o ® (ExiT, REGION)

i (— Existing Methoc?

— =% B 5> &K . ‘[ = Our Method
" Zj] 1/E}I§\' %I:I E/\] T_l'ﬁﬂ, ﬁi H]% . D Action Demand
Start Position

» BHEARYIESHES (Zero-Shot Object Navigator, ZSON)
= HAPISONFT—MRERENFES

' Goal Position

A2 Nav: Action-Aware Zero-Shot Robot Navigation by Exploiting Vision-and-Language Ability of Foundation Models, 2023



SWIFTSAGE: 5| AKRIBEREFHITRRRE
UM AT R, AESTAE (B T—50E i)

Task: Your task is to melt ice cream.; Time: 14; Score: 35; Action history: <extra_id_0> Action 5 (+5): open fridge
-->You opened fridge. In it, you see an ice cream... [...] <extra_id_9> Action 14 (+0): move metal pot to stove --

i
= SWIFT *%i% (T'S La rge): > You move the metal pot to the stove. </s> Current environment: This room is kitchen. You see: a fridge
_ (closed) | asink | an oven (closed, turned off) | a stove (turned off; on it: a metal pot containing ice cream ...).
N N = A VAR Yl Vivas
u ]Eﬁ*%'fjﬁ# >j ﬁ'rj' fET.l i;kﬂi o |[....]1| Inventory: an orange, ... </s> Visited: workshop, hallway, kitchen </s> What should be the next action?
‘ Q. o Next action: Obs. 15: The stove appears X Time to
= SAGE 1;;52 :[:5% (G PT-4) . Swil activate stove _’_' broken and can't be Z,:tivated. switch
= A IFSWIFTAEEREERIRR IR
= (@]
Task + History (t=1—15) + Env. ©  Plans: Q1: ... Q2: ... Q3: ...
Qi1 & Q2: Locate Needed Obijects é Qa: 1. Find a working hgat s‘ource
Qs & Q«: Plan & Track Subgoals ; \I;I/agte th:lr;\:ta'\l pot with |ce|::ream on the heat source.
= SAGE E/‘J Tfk] B/I\‘EQ%'E [H% . 9 DetectiSiix Excepticas [l—_ﬁ 5 ds: s:)uutr;icled tg :jseectr:: r;:rcr:;((:ensst,tove as a heat source. To
] ' ‘ﬁ” Action buffer o fix this, you should try using the oven in the kitchen or ...
S =z N Open oven |
- . - && =1 Bl S
*mj?’u /}%‘J‘j—' @ ':llEJ\Ei\'XTJ-Jj—JEEEFD 'T} Env. \R) § move metal pot to oven 3 Demo + Task + Env. + History + Plan + Action Types:
%?}‘L{T'I‘?}Rﬁ{j‘ ,ré'\ g:g /\ \% close oven > Ol - POUR (4, B): pour object A into container B; e.g., POUR(water, pot)
ﬁ/ activate oven e - ... Convert next subgoals to a sequence of actions:
[

PLEC: (EELLME T T T —H H

7"/—]?, %>%—ﬁ$§fr}% ﬁk— %\ § IJ ’/fﬁ'z—?j] o 1) There are five consecutive time steps with zero reward (22;3_5 R; =0). f a1
2) The SWIFT’s prediction for the next action (A}) is invalid in the current environme E'[EH-}\ ASWI FT_'T_’E‘ j%
3) A} can result in a critical decision, such as giving the final answer for the experime —[:]] -TF% @J SAG E*%ij%?
4) The observation of A} suggests that an exception is encountered.

SwiftSage: A Generative Agent with Fast and Slow Thinking for Complex Interactive Tasks, 2023
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n — NERFEAME S SAUES, A KESEEAE NSRRI,
= DISCAR R IR s Bﬁ%LMXJu{WJﬁﬂﬁiﬁﬁﬁr)bi«Fﬂﬂ
o fEREHS, {8 chain-of-thought, Rl& 4 (HHEE) 5Fﬂﬁ?§i] (HRH

[ Instrﬁctlon J { Observatlon Hlstory l
Walk into the hallway and through the ‘ € g
* % iil:'g‘ ;Jig *@ &h:nt::nnk“a:: :tr::v:i::eh:nan:":t.o:hblekt:::n‘ :dhe a = ﬁ Lumma"zer ‘J
refrigerator and dining table . 0
u Visual FOU ndation MOdEIS: ( System Principles T ‘ | Visual Foundation Models Buffer ]
' v + R, | N |
[ %')lﬁilf%‘jzﬁ BLl P'Z _)Q Prompt Tﬂanager
7 7 v ? 7
Ay [ \
] q:@ ,le“&\{m” . Fa Ste - RCN N C@ Large Language Model Yes
L , Stop? LLM
. ﬁ1lL Uﬂ zlk.l . G PT'3 . 5 : No Thoughts
Reasoning Format
" History Summarizer: GPT-3.5 ey R
to navigate according to the instruction ALIt_'M
ction

] LLM : G PT_4 \»\7 7 mﬂAction: Mack_action("ViewpointID")

NavGPT: Explicit Reasoning in Vision-and-Language Navigation with Large Language Models, 2023
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Topic 4: Decision Testing

Thought: ...... Prediction: Direction &

Prediction: Direction 6

@ Thought: ......

Thought: ...... Prediction: Direction 8

Can you help me fusae the thoughts leading to the
same movement direction? These thoughts are ...

. Aid R AR T S WHRE IS
A Y N - -1 A Y N
LLAE &= M JRRIT =
Cycle at Every Movement Step Until “Stop”
Topic 1: Instruction Analysis Topic 2: Vision Perception Topic 3: Completion Estimation
G p ctions in the instruct Direction 1 Direction & Direction 9 -
an you decompose a s in the instruction =
"Turn left and exit the room. Keep walking along @ Can you summarize navigation trajectory?
the hall past the kitchen area. Wait by the
doorway to the dining table area.”? [Step 1] Observation: ... Thought: ... — [Step 2]
- ) e
?c:lﬁﬁlleft ES What room can you see in the current direction 12 Can you estimate the completion of given
2: Exit the foom. - - instruction based on the navigation history?
3. Keep walking along the hall | can see a hallway in the middle of the scene.
4. Walk past the kitchen area. - - Thought: (1) | have exited room... Prediction:
5. Wait by the doarway to the dining table area. @ What infrastructure can you see in the cument Exﬂcﬂtea [Ac]:'tiong .
direction 17 1. Tum left -
E Can you extract landmarks in the instruction .__7?

2. Exit the room.

This are glass door on the right side of the hall.

3. Keep walking along the hall.

4. Walk past the kitchen area.

In-progress Actions:

5. Wait by the doorway to the dining table area.
..... ] Actions Waiting to be Execute: None

Actions are all correct. Landmarks:

Room (room), Hall (room), Kitchen Area
(room) , Doorway to the Dining Table Area
(furmniture, room)

hallway | vase | glass door | ceiling | light | ...

(Dbserve 12 directions with these 2 questions

GPT-4 InstructBLIP + RAM ChatGPT & GPT4

extract actions and
identify landmark as
well as their types

summarize the trajectory;
estimate what actions have
been executed

observe the scene-level
vision and objects

Discuss Before Moving: Visual Language Navigation via Multi-expert Discussions,

(1) Thought: ...... Prediction: Direction & 8
(2) Thought: ...... Prediction: Direction 9

@ Can you help me make final decision? The ...

Thought: ... Direction 6 is better than Direction 9. 8
Prediction: Direction &

ChatGPT & GPT4

fuse given thought from
multi-experts; select the
final action

2023
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RESULTS ON R2R VALIDATION UNSEEN SPLIT.

Training Schema Method TL NE|, OSRT SRt SPL?
Seq2Seq [1] 839 7.81 28 21
Train Only Speaker Follower [5] - 6.62 45 35 -
EnvDrop [6] 10.70 5.22 - 52 48
PREVALENT [7] 10.19 4.71 - 58 53
Pretrain + Finet VLN O BERT [8] 12.01 3.93 69 63 57
clran + FInetune  pHAMT [9] 1146 229 73 66 6l
DuET [10] 13.94 3.31 81 72 60
DuET (Init. LXMERT [51]) 22.03 9.74 7 1 0
Zero-shot NavGPT [11] 11.45 6.46 42 34 29
DiscussNav (Ours) 9.69 5.32 61 43 40

> Trzero-shot 1% E T~, DiscussNavtELE

> {BREEEBITHIY/NEE
Sim-2-Real TransferSCL5

I

4t B

-A7

1 DiscussNav 7EIEfRIES .

REAL ROBOT EXPERIMENTS IN INDOOR SCENE.

Training Schema Method SR?T
Pretrain + Finetune DuET [10] 0
Zero-shot NavGPT [11] 10

DiscussNav (Ours) 25

UL &2 AR B HD AR AT HE IR 5

Discuss Before Moving: Visual Language Nawgatlon via Multi-expert Discussions, 2023
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Image Captioning
(GPT-4V)

A modern living room with
cream walls, a beige sofa,
and a black fireplace. A
decorative mirror, indoor
plants, and a dark wooden
No direction staircase with black railings
enhance the space. Natural
Useless light streams in through
information ample windows.

No chairs

FEERTFZHMTI,

Instruction Parser
(GPT-4)

1.Identify Bed

2.Move to Left of Bed
3.Exit Bedroom

4.Enter Hallway

5.Proceed Down Hallway
6.Turn Right at Top of Stairs
7.Go Past Stairs

8.Enter Second Bedroom

Go to the left of the bed and out of the bedroom. Then go down 9 Wai o
the hall and make a right at the top of the stairs, go past the stairs Wait hallucination

and go a couple steps into the bedroom and wait there.

" INRETRREIE, /R

F= RIRF

Szl

R MEIR S

IR




TR S RS T E A S A AR

I
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» Image Text Retrieval

Image Query Retrieval Results

» Vision-based Text Generation

Arson ridlng a
motorcycle on a dirt road.

Two dogs play in the grass.
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EmbodiedGPT: 3¢

KA

[ |

XFLVLMs 3 £

Transformer

=Bk

%’n’kﬂ%%ﬂ’ﬁ‘éj} iSRS

2. EZIEBANHIERE N F S
RETRYF

Embodiedgpt: Vision-language pre-training via embodied chain of thought,

3. WTRASES

THOI%, DIME—

Vision

A

N Bl ¥

<

nHR 5 EE

L\L’,'

At = :ﬁ,EME' ;FU

y

<imgs>[Image/8de837d8.mp4]
How to do this task?

Assistant : Plans are

<

Embodied Queries Text Queries

v v

—» Embodied-Former —» Langu?ge — LLaMA —_—
Mapping
Instance information
Text prompt
Questions
Global information Task description
COIRaE Examples
I Dialogue Memory
“4  CNN w/ global Policy
average pooling Mapping

Physical Manipulation

. ¢ -

Nk

Step 1: grasp the handle of
the microwave oven door
Step2: pull the handle out
Actions:

Grasp(handle)

2023

Pull out(handle)

&

Embodied Planning

Human: Please give caption c\
AGSiStant: A FOBot 1s of Video/8de837d8.mp4
g opening the door of the
microwave Oven
Video Caption )
- <imgs>[Video/8de837d8.mp4] )
What object is the robot =
g Assistant: The microwave operating?
Oven.
\ Video Q&A )

<imgs>[Video/8de837d8.mp4]
What object is the robot
operating?

g{ Assistant: The button l

What is the color of the
button?

g{ Assistant: Red l

" Multi-turn Dialogue

¢
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AT

YR -TEE?

IR a a
. ' Trained with Onlm\eh ( Action Head | Value Head | | Action Head [ Value Head |
° V|sua| Encoder: VC-1 Remforcen'ent learm 9
MLP cee MLP

* LLM: LLaMA-7B V1 Large Language Model

H o |3 0 1 4 )
* Connection: Linear e emos ) (e emtem S O
. . t t 1 t
¢ ACtIOn DECOder: M LP Wlth Re LU Tokenize: ll [ X X ] Uy \‘ Vision Encoder Vision Encoder
Task Instruction: “Move all the fruit to the fridge”
Froz Egocentric yisual % 000 %
= A Y PR (@) Tained from scratch with RL Opsenvations e &?
R 1k, > X FIDD-PPOR %, =~

RBVE — TRV EE LB S Language Rearrangement it f 7l %k, 1ZEIREE & 150k MIIZR1E
S 1k MR TS, BlnEEaEE. SRE,
BT EIESEERE FEHabitat 2.04EHlz8 1, HEEASHNEREH#HTRXE, MMmiFfTEZEBELZFES],

Large Language Models as Generalizable Policies for Embodied Tasks, 2023
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LLM-based Agent )

Transformer-based Agent N\
iod 8 P P oo

| Temporal Transformer l

panorama 4 + *
embedding @ q) A
Panoramic Transformer \ I Panoramic Transformer | [ Panoramic Transformer |
image x e 3 2 4 es L A x s 2
embeding Q é Q Q , Q A A 3
[v.T||v|T| [t ] |v|T||v|T| [vir ] [t |[vir | [T |
X
e HEEL Y - P -0

panorama

History as sequential observation features

_@» _ Instruction: “go into the 5 =
k513/ living room and water the TOpOIOg'caI Mappmg

** plant on the table.” Graph
= Update |—>
Observations

step t: panorama + GPS location

Panorama

Encoding

? m LE @ le—— Environment .

History as Topological graph
\ y polog grap j

\_

Instruction: Walk into the house, and go through the kitchen. Leave

the kitchen through the door on the right of the large black bookcase.

Go down the stairs. Stop on the third stair from the top.

Init observation: .with hardwood floors and a dining table..
Thought: First, I need to go through the kitchen. The kitchen is in
the front left direction, so I should move to the viewpoint

' 68aafa779b9c41ecal6156cfddcedd2b’ .

Action: action_maker ("68aafa779b9c41ecal6156cfddcedd2b™)
Observation: .A dining room and kitchen with hardwood floors.

Thought: 1 n n Next, I need to find

the right of I should move

e685b298 t a better view
tchen an

Act:.on actzon_maker( ©685b29863794f00b09C23€1536412d8")

Observation: ..A kitchen with white cabinets, varying flooring and
counter top materials, and white ceiling lights.

Thought: I can see the kitchen clearly now, but I still can't find
the large black bookcase and the door on its right. I should move to
the viewpoint 'S5b01ffae96874e60a9decdifbac7edee’ to explore the
kitchen further.

Action: action_maker ("5b01ffae96874e60a9decd1fbac7edee”)

Observation: .A kitchen with a marble top island, counter top, and
fireplace.

Thought: I found the large black bookcase in the rear left direction,
and the door on its right. Jl(] move to the viewpoin
e62661ec94d04adda7fee9a81d429d2b' to get closer to the door

Action: action_maker ("e62661ec94d04adda7fee9a81d429d2b")

Observation: .A hallway with hardwood floors and a door leads to a
room with a bookcase and a ceiling fan, while another hallway
features a bookcase and a bookshelf.

through the door and reach

Action: act;on_maker( ea374bef649549d8a12bb06d67ed206e")

Observation: .A hallway with hardwood floors, a staircase, a painting.

Thought: I am now in the hallway with the staircase. I need to go
down the stairs and stop on the third stair from the top. I should
move to the viewpoint 'a8311575bf3d485a81af8350aa25bddb' to start
going down the stairs.

Action: action_maker ("a8311575bf3d485a81af8350aa25bddb")
Observation: .A view of a staircase with a black railing, a hallway
with a white railing and art, and a bathroom with a white ceiling and
a light fixture.

Thought: I am now on the stairs. I should move to the viewpoint
'998dfb2663e84564b136c862fae09dd5' to go down the stairs and stop on
the third ..

History as Long Context

J

History aware multimodal transformer for vision-and-language navigation, 2021

LVLM-based Agent \

Observation

!

previous
history
features

History Features

History as summarized features

Any better methods to
modelling the long-term
dependency of this task ?




Heik: BRTEh = SRR TR ERE R E

| Space-based Perception | Spatial Relation Judgment |
Model Avg.
| CLEVR | VSR | MP3D-Spatial |
| Acc Instability | Acc Instability | Acc Instability | Acc  Instability
Generation Evaluation
BLIP-25 42.67 0.28 46.95 0.21 39.87 0.32 43.16 0.27
InstructBLIPy | 44.84 0.39 52.37 0.25 41.01 0.37 46.07 0.34
InstructBLIPy, | 46.32 0.51 52.37 0.49 34.59 0.50 44.43 0.50
LLaVAy 19.01 1.24 40.00 0.88 27.19 1.13 28.73 1.08
LLaVAz, 36.52 0.61 52.54 0.21 34.67 0.64 41.24 0.49
MiniGPT4 | 33.74 0.84 36.44 0.81 33.62 0.84 34.60 0.83
mPLUG-Owl | 27.48 1.01 28.81 0.97 2423 1.04 26.84 1.01
PandaGPT | 29.65 0.90 35.76 0.86 34.50 0.80 33.30 0.85
IB-LLM 31.45 0.96 40.00 0.94 35.22 0.83 35.56 091
LA-V2 21.39 1.05 23.05 1.04 27.06 1.01 23.83 1.03 ChatGPT-4
mmGPT 22.26 1.13 28.98 1.01 29.30 0.98 26.85 1.04 at - N
Shikra 23.82 0.77 46.27 0.60 29.77 0.84 33.29 0.74 EBRFBEMN B— P EKKBEAEWNKTE. KE
Lynx 40.58 0.68 45.76 0.66 34.38 0.78 40.24 0.71 s e . A Nzt ey AR
Cheetory, 24.72 1.03 35.76 0.77 31.21 0.88 30.56 0.89 EAREE, RE— THNEERE, SAEES,
Cheetory, 29.10 0.77 40.85 0.69 33.53 0.73 34.49 0.73 VAW (NI =N B E 78 3L 22y
BLIVA | 30.64 0.85 35.25 0.61 34.12 0.59 33.34 0.68 = ELLY 2 £§Eﬁ SR E IR f@ﬁ?ﬁ E I %7 ‘%
o, E=H— QI@ﬂ*EEﬁ/%TZIS THBE_
Kl & %%iﬁl%ﬁﬁ AR, BEEZL, & Etﬁﬁ{%
o WLMNZ[EMZERIEMEKE (<50%) TR IRY ER
Hes X o ﬁTHbET& EE_kﬂTlu\EI] UTT]JDIZIo

» ROBEERE H61!]?’“’3 S [B) EARAE KRB SR LRI
» RZERBEE[EIERFRE N OHEIRR.

ReForm-Eval: Evaluatlng Large Vision Language Models via Unified Re-Formulation of Task-Oriented Benchmarks, 2023
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