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Source: https://www.barnorama.com/wp- content/uploads/2016/12/03- Confusing-Pictures. jpg
‘What is unusual about this image?

The unusual aspect of this image is a man ironing clothes on the back of a minivan or
van. This is not a typical place to perform this activity, as one would usually iron clothes
in a more stationary and safe location, such as a home, using a regular ironing board.
The scene depicted in the image is peculiar as it involves a makeshift ironing setup on a
vehicle, which can be both unsafe and unconventional. Additionally, it is not clear how
the man is able to maintain balance and stability while ironing clothes in such an unstable
environment.

Visual Instruction Tuning
[Liu+, NeurlPS’23]

EDFREDHLER

Natural Language Visual Reasoning

LEFT:

Statement: The left and right image contains a total of six people and two boats.

Program:

ANSWER@=Vqa(image=LEFT, question=‘How many people are in the image?’)
ANSWER1=Vqa(image=RIGHT, question=‘How many people are in the image?’)
ANSWER2=Vqa(image=LEFT, question=‘How many boats are in the image?’)
ANSWER3=Vqa(image=RIGHT, question=‘How many boats are in the image?’)
ANSWER4=Eval( ‘{ANSWER®} + {ANSWER1} == 6 and {ANSWER2} + {ANSWER3} == 2’)
RESULT=ANSWER4

Prediction: False
A

Visual Programming: Compositional visual
reasoning without traininng
[Gupta+, CVPR’23]
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language model (Vicuna v1.5 13B)

Multimodal LLM&[i EEEEEEEEE ooooO

vision-language connector (MLP) tokenizer &
LLM (: ¥ Image enCOder (VIT@ g) éﬁ%é_d-é : &—Cs\ vision encoder (CLIP ViT-L/336pXx) mbedans
THFRAMITTEL BBREVST-RERBRLKASETIL i User. what is

unusual about
this image?

Improved Baselines with Visual Instruction Tuning
(LLaVA-1.5)

3£:VLM (Vison Language Model), MLLM, LVLM, LMM E0RZBDFENS (FIZTOVWTAREHTIIUTDOLIIZEE
VLM ... Vision&Language RA& LT=ET /L (ffl: VIBERT, SAM, CLIP)
-Multimodal LLM, Large VLM, Large Multimodal Model ... VLMD —#&, A &R CTIIRI—EHZEDELTES,
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Embodied Al&[Z
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A Survey on Large Language Model based Autonomous Agents
[Wang+, Frontiers of Computer Science]
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Language Models as Zero-Shot Planners: Extracting Actionable Knowledge for
Embodied Agents (ICML 2022)

[LLMDZ=ELMEIEL. /1359 T47HBIIRETHETESTLEON ? |

CDHMXTIE, BREETREAIN-ELARILEIRT (B TEABZ1ES 1) EEKNLGITEIRTYT I T
EZEIT51) 0T HAEEZRAEL TLNVD,

F A CREGBRIIFESINI-EEBETILIE. BMOIFELZEL TRRAIZHEIZHRMIZDBETETLHEMNS
Motz =L, EREN=5TEZEEICTEIICIYE T SNENTENZLY,

BEDTEVAN —2a | CEDWTCEHEZITEICEIRR TS FIEZFIREL, VirtualHomelR1E TOH Rl T=E
TAREENKIBIZM ET B2 EERLT=,

Prompt

Task: Shave
Step 1: Grab razor

Step 2: Switch on razor
Step 3: Put razor on face

Task: Apply lotion

Step 1:
‘ Frozen
Pre-Trained
Causal LLM 8
‘ Admissible Actions
Frozen
( Sqncezeout 2 plobiof lotion ] Pre-Trained Masked LLM
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Least-to-Most Prompting Enables Complex Reasoning in Large Language Models

(ICLR 2023)

WE: CoTTIXE#LLVEIBEZRETHLDITX LT, LA ZE Dleast to mostFEFIRZEL =, least to mostIL L
WEBEZELOID LY EBEAARREIZHEIL T, Y THEZE#EL,
o NEZOEBOITOVIMNIX, pEERT —EDFBENHY ., ZORIZHEINS45TEDEBEIHL,
o HIMBEDMR . CORT—DTAVTMEIIDDE I LIEREINS :(DEDBEBNED ISIZEHhINnD
NErRT—EDHIFE., QUANZHBEIN-BIBBEEERSIN-FEDBEMICED) X, QRIZEBREIN

S,

M : CoTIX - BREDEAAZHRAONT, BEEICHLT.ONSEAET . LMIE: LIFIDOBEAICH-LEZAZE

MLT. HLWEZAZED, cIZEY RLWITHL T, KYEHEICEALN D,

Stage 1: D

Q ion into Subqt

Stage 2: SeqL

Subquestion 1 —

Append model
a Tt —

nswer to
Subquestion 1

Subquestion 2 —

Q: It takes Amy 4 minutes to climb to the top
of a slide. It takes her 1 minute to slide down.
The water slide closes in 15 minutes. How
many times can she slide before it closes?

ially Solve Sub

It takes Amy 4 minutes to climb to the top of a
slide. It takes her 1 minute to slide down. The
slide closes in 15 minutes.

QQ: How long does each trip take?

Aﬁakes Amy 4 minutes to climb to the top of\

a slide. It takes her 1 minute to slide down.
The slide closes in 15 minutes.

Q: How long does each trip take?

| A:Ittakes Amy 4 minutes to climb and 1
minute to slide down. 4 + 1 = 5. So each trip
takes 5 minutes.

| Q: How many times can she slide before it

Qloses?

Language
Model

Language
Model
Language
Model

A: To solve “How many times
can she slide before it
closes?", we need to first
solve: “How long does each
trip take?”

A: It takes Amy 4 minutes to

climb and 1 minute to slide
down. 4 + 1 = 5. So each trip
takes 5 minutes.

A: The water slide closes in
15 minutes. Each trip takes 5
minutes. So Amy can slide
15 + 5 = 3 times before it
closes.
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Reasoning with Language Model is Planning with World Model (EMNLP 2023)

BE: LIMZX. ATYITNARTYTDHRERITTDRENERLTNSN, — A CABMNEE(CAERTESMHEET
BEHTDHENHD, REWETERRBERESIAL— M 5=HDHRETILINFAZEETHSIZENERHD — i
EEBEBZON TS, COMXIILLMEEFRETILELTHIAT 516 DT IL — LT —[RAP (Reasoning
via Planning) JZ12ELTL\5,
Fik: RAPO LR A

e Monte Carlo Tree Search(MCTS) ICEDGHE 7L X LEZHARAD

o LLMIE, HRFICKRLEELHB/BATYT (FTH EREMICEE

o TOWHE.SREIZKRKDEREZTA

o ?ﬁﬁ CREABEIDHERIL —X) EFA (CNETITHAMN SN - BOHR/RATVT) DB LGNSV A%

Chain-of-Thought

So e e i el et el e el e
12D (o GO @ b i Pick Pick Pick
(%) a e messe tetse V4
Fanguage Mods| (- £ 5 i - — - =
s = ;
1 =2 =M M e oM =™
o) a e e e X
a X/ — =
N w - e =l = ="
Fs 3 sy Pickup pickioe | Pickup Pickup 5
- ) 1 » 1/ a  omang od orange red
World ™  aciona “1'/ £ = = (- — =
7 |
. Model \\o : N \/ PN S3 =M Ho ™ =M Ho
\ S2 ) ( ! 1
N OO : T i 1Q
”s B © a2, for . i :
.||] DS II ; el ) reward
e Reware — (sr (sr) o EJ:L E_:L
Language Model /

Reasoning via Planning (RAP) (a) Selection (b) Expansion (c) Simulation (d) Back-propagation
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On the Planning Abilities of Large Language Models : A Critical Investigation (NeurlPS
2023)

BE: — a9 a— /A THEINFLLMOF - HEREENIZ DL T, ROD2E£5HHET 5,

(1) LLMAAE B E 2RI (ABRBEET R4 BT, ENIFERVWHEZE KB LUVRIITESH,
(2) LLMAMED T —C U MAIT S F—O AT S0 —) 1T T REa— ) RTAvIIRAA TV ADIRELT, &
NIEEFDD ., B ERBETHEASNARANVIZE DNV AR FY—IR M — ERFEL. LLMZBEE—FK.
Ea—YURXAT4vIE—F,. LUV ABSME—FDIDDE—FTEEML -,

R LLMABEMICETRELEZER T 2N ERITEL. BRUMFFEHHNI%THO=. EA—1)X
T4VIE—FEABSME—RTIIOPRFLGERNELONT-,

Reasoning

Plan Component
l l [[ Flanner ] Validator ]]

1
I Q 7
! Test Case Domain Test Case
1
! Generator Independent Evaluator
! Components
b
)
Domain Domain
: Model Dependent .
, Components . ‘( Language Models Being
U S~ | | e sxemganemie = syemnt 'L Tested

Domain-
Specific
translator
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On Grounded Planning for Embodied Tasks with Language Models (AAAI 2023)

EETETILIIYEBEHRICE T AEBMOMEEE->TULAN, BRI CETO LT EE/ER TEDAN TR
BH, *Eﬁb%ﬁi;%iﬁbw‘o@?»r—lf/ \WONEWN =6, BTG EOERITIRETH S,
CDFXIEIG-PlanET JIELVSFLLVEIRBEE XL EIREL TS, G-PlanETIEELANILD BIEEBHEDREIZE T
%’afl%ﬁil BT —3T—JIEANEL. ARYIDEITTERIRTYINARTYITDEEEZE HT 5,
F- BT OMILEFENLL., STEDOEZ T ET 5= DIGIETHAKASEERET L= EERER(CLD L. IRIEE
HET—IJILTIVO—RL. RETI—FEBEZERTLHET. LMO EARMAETEEE DA KIEICH LT HEM
Rant=,

(GHE ) b (5150057 )
| G+Sy+ ..+ S +E | -}

Figure 2: The overall workflow of the proposed methods. First, we extract the object table from the realistic environment. Then
we flatten the table into a sequence of tokens E (Sec. 3.2). We provide two learning methods for generating plans: 1) generate
the whole plan Sy, S, +++, St and 2) iteratively decode the Sy, (Sec. 3.3).

Stove
69 Knob -0.02 088 -2.18 45

Object table for the env. (E) [Task (G): Move a teapot from the stove to a shelf.}
D Obj PosX PosY Posz RotX RotY RotZ Parent _ — P N
( ( \
20 Pot 007 111 025 0 O O 62 g — } g
Glass 0 - o
28 Bottle 032 091 -271 0 0 0 64 & o} — o}
43 Pot 096 091 -233 0 0 0 64 2 3 - 2
Counter g A
62 Top -007 114 000 0 0 O
Counter
64 Top 069 094 248 0 0 0
0o o
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LLM-Planner: Few-Shot Grounded Planning for Embodied Agents with Large Language
Model (ICCV 2023)

o HMEDLMETISUF—ELTHERMLBIRIEERIEDLIFEIET—FORMEL YU TILEIEMEL =
OHRRAENEHONTLES, COMXIL. LLME;ZERAL T, fewshot TO FEFIRELT-
o high-level: T—U UMW EEBIE R CRICEEEZERT 5012, IBBISERTILENHDIHTI—
IWEYRRT B
o low-level: &H I3 — L% BRI ITEIZZTHT S
o ELRNILDEELBHNIL, BELNILDETEIIEAREE ‘T‘?ﬁ\bzﬁ_LL AT ONDEEBRENDTES —
Ly BUIGIREDOETHAFDIZLELIDT, MAZMEITLTEITTESLIIZE-TLVS,

t=0
/{ Cook a potato and put it into the recycle bin. ] Embodied Agent & LLM High-level Plan Navigation garbagecan,
Environment PutObject potato garbagecan
Navigation potato, Pickup potato, fi\ T Prompt
..., PutObject potato recyclebin
Create a high-level plan for ing a household task using the allowed actions and

t=5

I cannot find a potato, but I saw a fridge. v
1 Navigation fridge, OpenObject £rid Ii i
Planner 7] Z z 5 8¢/ . /&

visible objects. Action
o . . q 4 - 5 Low-level Planner
Allowed actions: OpenObiject, CloseObject, PickupObiject, PutObject, ToggleObjectOn,

ToggleObjectOff, SliceObject, Navigation

i Task description: Put a heated egg in the sink.
| Completed plan: Navigation fridge, OpenObject fridge, PickupObject egg, CloseObject

| fridge
Pickup potato, CloseObject fridge, ...., R ké\,lN > Vis Sle o objects are sink, egg, microwave Obiect Detector
PutObject potato recyclebin SiTiever, { Next plan: ., OpenObject mi PutObject egg mi )

| CloseObject microwave, ToggleObjectOn microwave, ToggleObjectOff microwave, Simulator
| OpenObject microwave, Picku pOb]ect egg, CloseObject microwave, Navigation
| sinkbasin, PutObject egg sinkbas

State

I cannot find a r;cycle bin, butIsaw a }ix pota f; dagnd put it into the recycle bm Change
garbage can.
Navigation garbagecan,
PutObject potato garbagecan
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Describe, Explain, Plan and Select: Interactive Planning with Large Language Models
Enables Open-World Multi-Task Agents (NeurlPS 2023)

BE: AT 00— LFBETORILFEIRII—SI D
RRVFEIZDONTI() REAMGRR DO A—T >
J—)LRIREE (5] : Minecraft) TETEIZEITT HIZIXEETS
EREDHERNDE, 2 EEDTSUF—(XEHLFTEAND
1795 Tad—IILEIEFFITRREIC. T—Vz oY T4
AV EBLOTINESIHIEEELLZL =0, FHEAIES)
FEFE-(IETAAREICLDARENEL B D, IRIENFELT
W5, ChnlZxtid Bz Describe, Explain, Plan and
Select | (DEPS) EWNSA U RSO TA4THETEI 7 TO—F %18
=L,

TR PO aYMNIILFERII— O MNT0UL ED
Minecraft 2 A VB EITERL. EARDNTA—T U ANIF
(X212 > 1=,

Fi%: DEPSIE., #1EADLLMAE R ETE 2%
BIS—EEZEREL. STEETIOERD
B KBBEED I —R /Ny D EBHRBEAE
MET S, 62, WITTHIE@\HTI—)L
FETETCDORTYITRTSUIMFFTBHE
L—= Y A E o a—ILTHH I —ILt
LOA—%EH, NHETEEZHRR T 5,

Instruction Task instruction: Obtain a diamond @ in Minecraft survival mode step-by-step?
L/
Initial Plan Po: @@ 3>@@u—~>H Updated Plan P:
Re-)Planner Explainer 4 16 1
(29) — > />P >N >0
L explain L
| t
plan P, description d
Selector Descriptor
HPM VLM
! t
goal g, feedback
Explanation: Because smel Iting = needs
Controller to use @ and @, which I do not have.

Goal-conditioned Policy So I need to craft @ first.
. , Task Finished !
obsT l action . -~ g
5 Explanation: Because mining ) needs to / Finished Plan Py i
obs se at least 74, which I do not have.
Environment S 22 iy v ?'—),—’I.—)Q—)} ?ﬂ—ﬂ?

@ Mine oak wood €38 Mine birch wood @@ Craft acacia planks @ Craft crafting table ,/Craft stick ) Mine iron ore @ Mine coal & Craft fumace & Mine diamond
@ iine acacia wood @ Craft oak planks g Craft birch planks 2} Craft wood pickaxe, 2} Craf stone pickaxe i Mine cobblestone G Smelt iron ingot 2} Craft iron pickaxe
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Guiding Pretraining in Reinforcement Learning with Large Language Models (ICML 2023)

BE A LZWNREBIZCEL T, NEMGEHRENZBA LTI —C s bDIFEEZ R T FERIT. KIRBELIRECIXEEZRICEEL
HWHLENZ WV =8O, IRABEA TS, COMBIZHL T, T—Uz A RAEDIREICE DT, LLMOSIRESh-B1Z
HEMT DI ETHRINE S S AExploring with LLMELLM)Z1RZEL 1=,

B LETOF XL, FEICTHRMEBEHEZRFTITIVELHY . ELLMALLMDEN TS HEREEQZFIFAL., BFERENSH
ENAY(Zdiverse. common—sense sensitive. context sensitive’s B2 THA,

&8 : Crafter’7 — LIRIE EHousekeep 2L A—T, ELLMTIlIEEN - T—D U A FEIZ B R IT—RMGITEIZ XY KL<H
IN—L.SHIZIEZLDTREARVTREDHREET ERF (IR ESESTEFRLTILNS,

1:k
9y Ctransitiou(()h at, 0t+1)

Cut down the tree.
Dig in the grass.
Attack the cow.

|

LM Embed LM Embed

| 0
A(Ctransition(oty at, 0t+1)a g;)v 1€ [1k]

“Chop tree”

g

Cut down the tree. I%hn
Dig in the grass.
Attack the cow.

{WG(at l Eimg(ot)a Etext(cobs(ot))7 Etext(gtlzk))]

(b) LLM reward scheme. We reward the agent for
(a) Policy parametrization for ELLM. We optionally condition on embeddings of the similarity between the captioned transition and
the goals Eex(g¢ *) and state Eiex(Cobs(0t)). the goals.
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MetaGPT: Meta Programming for a Multi-Agent Collaborative Framework (ICLR 2024)

BE: BEOLLMIZEMEZR DI R L TS, 1844
AR TIELIELITBRYBELOTWVELSRIELH D, —DERE
(233 578 MetaGPTEWLVSFTILWVIILFIT—V LMD
L—LT—9%FRZELE, SR AMARERTIIRERETF
IE(SOPs) ZLLME#E A T LT, EH G REE EH AT BB
YITRRYIZHRTH57TA—FTH 5.

Bt : SOPsHESFEART AT EIZLY . MetaGPTIX A D FIER
%uéﬁﬁt%ﬁ&&wf'aﬁ@i@)wjﬁiim B eI fR IR E K IR
L. BHROFEESEFZML,

ﬂ_(ET(DI)

Foundational Components Layer: /ZTA@PJSO)'T ikt
78, V— )b)%h

DI=HDATEZR(GRE. ATV, &
#y5

- Collaboration Layer: &1t H T — gjn_a)jjj_t,)ba !

B> T. T—CxV MEIDREEITS

#£8 - HumanEval, MBPP, SoftwareDev&lLND=DNDTAY 532

GRUOFI—9FFAWTRIIL., BIZFICE W TERELIRDERE
(SoTA) ZERLT-,

MetaGPT Agents Collaboration with Developin;

set_prefix() _think() _observe()
aask() _reflect() _publish_message()
& Foundational Components Layer

@ Task decomposion

J1\. Actions normalization

\'m Encapsulating W urkﬂmu’l
— é® Knowledge Sharing
P Sy

i © Message dispatch  Role-based subscriptions ¢ il

Memory caching and indexing o o

MetaGPTIZH LT,
VIR TRFED
SOP

/ Core Components Role \
»o  Enviornment Action oa--f
“Touls Memory o4

(A}

Message replication ~ Contextual retrieval | -

Updates synchronization

; Collaborations Layer —/

Anchor Agents
Engineer

Write elegant, readable,
extensible, efficient code

The code you write should conform
to code standard like PEPS, be

modular,easy to read and maintain

‘!. o Observe

i in cer Think & Rcﬂeu
.

@; o Knowledge precipitation & Act
o State management

9 Broadcast messages

lDilevery

4. Next agent

Role Template: You are a\
{profile}, named {name},

your goal is {goal}, and the
constraint is {constraints}.

<Environment>

o - msgA| |
§ msgB msg...
&

subscriplion

[roleA,msgA]

lmsgA acti on/\l
msgB -
Publish

_
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Embodied Multi-Modal Agent trained by an LLM from a Parallel TextWorld (CVPR 2024)

BE . VIMA RN ERICIERIETES— A REOEFRES LV -EERETOEINL LDIEE DELLVSICERELTT
W5, ZL T, FRIAEEF OLLMI -V U hE i THICE T REH R CTEHTESE DIV -EEET IV VM) I =D U EEE
FTHHLLWTTO—FEIREL . Embodied Multi-Modal Agent (EMMA) Z1&ZEL 1=, EMMADIFEIZ (X, FHILLMERFEEFE 7IILTU X L
DAgger-DPOZFFALY, CNIZKYEMMAN R R IEZ RV 2 IG TEA LS -oT=,
ii_*ﬁﬁ(ZEIODE{EIJ)tTﬂFXHai*(ZEIODEEIJ)%’\H'CL\%
RE REBHRZVITISEL TQ-FromeriZH T, B ET A HZNMYE T, LLMTHREFBEIRIDN—I EEEL. ActionZFBIT
S
- TERMBEETOEREEZTEAMEL. LLMIZH TActionZ FHIT 5,
- WEAMSDActionfllDLossFEY  HRERIZLLMD XX JLOMEBE —BIE 5,

FER: ALFWorldRUFT—912E VT, SoaTATHAVLMAR—RSA U LHEL . BRTIEEAY20% ~T70% @ £ LT-,

Textual Action Inference Training ‘ Retrospective Process

Embodied Multi- Retrospective
Modal Agent LLM Expert

Visual State + Task s
_ Text State + Task

VLM Agent in Ai2Thor Visual World ! LLM Agent in TextWorld

n emr e | Welcome to the TextWorld!
Instruction: put a clean'apple on fridge. )

| Your task is to: put a ... \

[ LLM Decoder ] i :Yo arrive at loc 2. On the |
' Long-term | | table 1, y see knife 1, :

Memory |

.| LLM Actor

1

Bird's-Eye View 1applel, cup 1...

| > take apple 1 lron table 1

| You pick up the apple 1 from :
! the table 1.

1

I

1

1

1

1

1

1

1

1

1

. = :
| basin 1 " e )
| | = i You arrive at loc 4. On the |
| It ) —4 | basin 1, you see |
| "

! ; ; - ks

H b E

] \

1 / :
1

1

1

1

1

1

1

1

1

1

GradlentsV

Short-term | | (LM Critic |

Memory

You arrive at cabinet 1. [ |

cabinet 1 is closed.

!> clean apple 1 with basin 1 |
i You clean the apple 1 using |

VL-aligned

Your task is to: Put a \\j Text State + Task jrne basin 1.
- g - - pan on the dining table ) -
Queries - Your task is to:... | You open the fridge 1. The
Tokenlzgr ' T [:] Pretrained and frozen | fridge 1 is open. In it, you !
Embedding | ; / . putapple 1 | see egg 1, cup 2 ... :
. ; Ai2Thor Simulator | Metadata Parallel TextWorld () Leamable weights L M v———
' Visual State Task i (Visual Env.) (Textual Env.) (3 Updatable prompts | The action taken by VLM agent The action taken by LLM agent Target object ‘

INSUIILERIZEWNT, =220 D535
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MultiPLY: A Multisensory Object-Centric Embodied Large Language Model in 3D World

HEE : EmbodiedIRiEH . Multisensory D [F ¥R Z IR E - Interactive TH EHIIZ WA E A Sensory D [EEREVF T=AMLLM
ETILDIRE, £1-. ChatGPTZF| AL KR #EMultisensory InteractionT —A2 Y REIRE,

iR BIEDOMLLMIEMultisensoryD T —REFBEETESETIILMNZLVH, Active TMultisensory D [EE#RZ{F > T

XEET 5. BEIZIECTE EMI"Multisensory DT —43%Embodied Scene NS EF TEAET LT EA LR, 1B
EDMLEHEAIEEFEEELR,

Fik: ChatGPT, I DIRITL—VEREBEHMIDT—4 v, 3R ITTMultisensory¥){A T —%4 12y ~ObjectFolder&

ObjaversemEEFRALTT—3 2y hE4E 5, 3D Scene GraphZ 4L T. Pretrained LLM®Instruction FinetuningZ
BIHIZITI,

Interaction with Multisensory Environment ) 0

S R < Sensor Set

<select><navigate> <select> <touch>

Q: Is the donut ready to eat? v
—A: <scene> @ <\scene> <ambient_sound> [l <\ambient_sound > | heard microwave beeping and
Audio features [ B B i plan to go toward it <select> <navigate>. After navigation, | see a donut <select>
————————————————————— <touch><tactile> ll <\tactile> <temperature> ll<\temperature>. No, it is hard and cold.

ll
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ChatSim@:Editable Scene Simulation for Autonomous Driving via LLM-Agent

Collaboration

BE: =L —23 i — VR ETRETEICTSIFEDIEE IREF
iEIELLMEMulti-camera NeRFDFES T, SFEE M Dflexible T —U % iR
AlgeIZLT=,

M- R APEGZOFET 2B OEROHFLOLFEDRE;
NETOBREFE B 3RTHEBEE. NeRFRFIE. 3RTIIaL—5—)
ELRT EBLES—2 DT YT BHREWN, Flo. SEANICEYHE
BRLERE. FHLHEE. RELI-— OBHRELEZTATREICL=, £/
RN EEMEHELEEFFEERIBIC LR ST=,

BB D Agent (LLMAR—X) HiCollaborateL, A SN -a~<v R LA
M=V DREEITI Tz TNEND AgentTBEFEDARYIZEF T
BHIET, KYBWNBEETZER

- Multi—-cameral 23t i AT BEZZFT LU WNeRFFEF IR R,

-5V BRI —RE D —UITEMATEEIZT S1=8IZ. LightingZ#RE AT e HTL
LINeRFRFEBIRE,

Remove all the cars. -
“We need todothisby..” ChatSim

P " Make the scene
7 crowded and move “I will do car removall”
8 [ 4 the view ahead.
- Chat (=) C™ am
—_—
Get! Here is your & @
simulation result. g
“will do

il car addition!”

“I will do view adjustment!”

Comman d 2: e

turn lefi. Add a Chevrolet

the added car. Add anothei

left of the added Mini driving toward me.”

= cvpaper.challenge 24



EmbodiedScan: A Holistic Multi-Modal 3D Perception Suite Towards Embodied Al

HEE . KiR&EIndoor Embodied AgentDFEE D= DT —4+tYFEmbodiedScanZF 2 =X , EmbodiedScan Tl First
Person View®RGBDE)E A IH 5. 3RIT—>2 D Object Detection. Segmentation, FL T. LanguagehH 53D
Grounding’ldEDRARIZ1TI,

iRl : SR VBLUVT -2V DFREN A, BFARITIE. A H D Holisticki3RTL—
ZhEHEL T, EmbodiedScanTI&FPVORGBDE)H,

FiE: ARG R—RX S UFEELT-, EXREEL. MultimodalZ #3Encoder& 2 X9 5l MDDecoder,

ER38 . AR =L VgFirst Person View A J1MDEmbodied LLMDFES ML UK,

EmbodiedScan: 5k scans, 1M ego-centric images, 1M language prompts, 160k instances, 760+ categories

Ego-Centric Exploration Real Capture (Ours) Multi-Modal 3D Perception

2 qy
y - {
£,
i -
i i
H' & a ok =
14
| (

table toaster

s
s
counter
’

Find the table that is closer to the counter, it is
farthest from the chair and in front of the toaster

ll

cvpaper.challenge 25



OpenEQA: Embodied Question Answering in the Era of Foundation Models

BEE : Embodied AgentD 1= D KIRET —2 2V FDIRE, ZDDE—FEAHEICLTz, E—F 1 :Episodic/E EE A
HLEMZEE; E—F2: Active CIRIBIERLGA L EMZEIE,

P T AU OFRMES A FTRFET 2 YMEEITSZaL—La BTN H T, OpenEQAT —4
Ty F IR FEpisodicEIE A AHBIREIZLT=, FT=. Open—Vocabulary CERIEIZE T HEZAHEFHLLY,

BER: GPTAVERRELIZFEUOMLLMZE>TH. ABILARNILEEMKEZLY, $F[Z. Spatial RelationshipsZE & [ F+
VALARIL,

38 . FU<CVPR2024MEmbodiedScan& 381l %, EmbodiedLLMIE kLK, GPT-4VAEE{E>TE . Embodied
BRIEOBBENF Yo ALRNLGECANEALY,

Question:
What is below the white plastic
storage bin?
Answer:
Two microwaves.

 Question:
Where did | leave my paper bag?
Answer:
Near two microwaves and a

Question:

Where can | get some pop drinks?
T Answer:
x’—j&?‘, [F‘Kl q (Y X ) Buy some from the vending machine

Camera t

near the corner of the laundry room

Environment Trajectory " Multimodal Observations Open-Vocabular Q&A

ll
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Holodeck: Language Guided Generation of 3D Embodied Al Environments

BE:. TXRMS  3RT—VEERTEHFEDR
=, BAMIC. FFCGPTATANDEENGHENR
R—R ., YA .. MAR O GIERREERK, XI
EX7F DAssets TENEZE AL TS, Holodeck TEHAIl
FEYHLET BIFET—F2tYMProcTHORKY & LY
Zero—shot ObjectNavifs EZ1ZERK

oMY GPTALEDLLMEERT 5E2AT. BRIFD
T—EEVvb&KYUE 2 EARBIDEBEIZELMN D/ IT—
AV NS EEERAIRE, LLERAIZIELV IR RT3
Ruuo—% ERATHE

B T IEKRMICGPTATEHERD T HAU%EL
T.ZLTBREDT—2t YD Assets TENEZHE L
910, LLERICHE T EFFRMEAE L, BRIFEE
X ApplicationDERETOE TIXE ALY,

4 Prompt

‘ | LLM Ruponu} [ User input: a 1b1b apartment of a researcher who has a cat]

[ Floor Module & Wall Modules ] [ Doorway & Window Modules I (

Object Selection Module

)

Layout Design Module ]

Please design the floor plan

with the following format:
=\ room type | floor material |

wall material | vertices

Please design the doorway
with the following format:

=\ room 1 | room 2 | connection
type | size | style

Please help select the objects
N with the following format
=\ category | description | size |
quantity | children objects

these objects using constraints.
object-name | constraint-1 |

Please tell me how to arrange
constraint-2 | ......

1. living room | oak hardwood |
cream-colored stucco | v

[(0, 0), (0, 6), (7, 6), (7, 0)] g
2. kitchen | blue marble tile...

1. living room | bathroom |
doorway | single | wooden door \ g+
with black handle

2. living room | kitchen | open

1. coffee table | large round
wood | (100, 100, 45) | 1 | mug \ g
2. cat tower | multi-level | (60,

60, 180) | 1 | cat toy

3.

1. sofa | edge

sofa | face to, sofa
tv stand | edge | face to sofa

2. coffee table | middle | near

Room Vertices  Select Materials

Please design the window with
the following format:

=\ room | direction | type | size |
quantity | height (in cm)

1. living room | west | hung |
(130, 130) | 4| 80
2. kitchen | south | slider |
(150,92) 2] 100 ...

¥

Retrieve Assets: multi-level cat tower
Objaverse
A

==
_—
==

=
\ stand €0l
‘huve

Spatial Relational Constraints

abovef
ontop of (" neag.@
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RILA: Reflective and Imaginative Language Agent for Zero-Shot Semantic Audio-Visual

Navigation
W= LLMZ B\ TZero—shotTAudio Visual NavigationZ{TOFEDIRE,
IR : Reflective planner CIERBHEREZZTDEFEFRTAIDTIILL, BoTREBLI-NESIHEFTVITHED
AFTLLY,
FiE: F9.MLLMTELG S A—DRHRETFANIERT 5, Reflective Planner CILERBIL 1= 1BEERIZ KLY
NavigationDPlanZ 1T, o2, BAIDHFER (TFAR) NELLVMEINEFYIL., Bo1=BHE KR, FTf-. LLM
AR—Z MDImaginative AssistantET JLZIZZEL. F O—/\JLEERH#E N— X ["NavigationD T RK/INA A& T 5,
B8 : Reflective Plannerl I BATHIGHRBERBAELLNEINEFIVITHEIAHEAL, LLMZEE ST
Embodied Agenth\ 1={SAH>TENZEND BREIEZRELUNESPLHTEMIT DM RIZES,

Semantic Map Imaginative sistant
Perception Module

rwu

[Thoughfs] You are probably in the liv

Hive There are several surroundmg roams
L — mcludmg a lobby, a hallway, etc.

4 [Suggzsflon] The sink seems in the kitchen,

Reflective Planner

Object Grounding
Yisual e > (RefPlanner)
@ X ¥ Pretrain [Observations]: Reflechve l QI
-,’F. & Models You have observed several objects;, Planner
1 A Sofa at <524 874> HISTOr’y
Audlo : :
[Goal Prediction]: [Thoughts]: The percepfunl
| Classification ' The audio sounds from a Sink. information might be misleading.
Audio Map [Planning]: Navigate to <640,740>
Auditory I
= —1—» [Goal Localization]: e .
g P + The audio sounds from the Befesminstickolicy
@ v, r'omp rear right. |
- Rl Templates o
[Action]: Turn Left

ll
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LLMZ AL f=Embodied Al

Embodied AID 4 & D EhA :
e Sim2Real D AK#&1L:
o  Embodied AIDFFIZHE VT, 2aLl—2arTEEL. UTIILIRETEL Zero-shotiEEEZ/ONTI-FEMNT T
2D H B,
m Habitat Synthetic Scenes Dataset (HSSD-200): An Analysis of 3D Scene Scale and Realism Tradeoffs
for ObjectGoal Navigation (CVPR2024)
m SPOC: Imitating Shortest Paths in Simulation Enables Effective Navigation and Manipulation in the Real
World (CVPR2024)
o & LLMEFEWNGNS, BITUTITAHENEL T—EE2LW KRGS Ial—2ar T—2Eyhdo3al—
A—MEIFTEED,

e  Multimodal Embodied B [ZEE-TLK:

o ZIEFHDSensorEENDEA
m AudiofE AN EIZ—HEMIIZIES
B AudioDHELT . ALV —OMBE L H—HELEALEABASN TEICMuUltimodal{b N ED (F

BRANATLIZEVWTEWNW Y —RNHASKYEEELWNSEREH D)

o BEMICSensorfFHREIFRLTLK
m  — AFRR S REmbodied AIDFFZEANE Z TL K
m ZEIHICSensoriFEREZ (T D711 THL, BEENRIIZHAE 4 SensorfFE R ZEENFL TL K

ll
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Visual Programming: Compositional visual reasoning without training (CVPR 2023)

BEE: LLM®Din—context learning& EP 3V ETIVREZHARAATRE TOTSLR—=RQOT7TO—F(Z&KY., 2R
IEDEELGLICEMGREIRDERER

M LLM®Din—context learning®EAICKYAR I EDHEENRLRE  BEDETILEE S 1—)LELTIRYS
LA AL CENTEDD T EHEARIIZHIET A ENTEE, PRBROERICESO T, I5—DRETEAE
Z1ZLTh4%,

FiEh: LLMAEZon=T0J S LHFIEZSRBLT. ANSNRET —HEBRATE R RICRILILTOISLE
R, £RLI-TRYSLERTYT (AT) TEIZRFTL, ERATVTITEITERERE. 1D2DETILTHRRLGEER
DICHISAIRE T, 21— —ICLBIERDFa1—=UJ LAHE,

TR ADDEHGREIRVIZEVTEVMEEZRHEL:, m E—

\GE)
ge=IMAGE, object=0810, query=‘Nic 1 Kidman’)
image=IMAGE, object=0BJ1, emoji=‘face_with_tongue’)

3]
RESULT=IMAGE®

xamples

Instru ti : Create a color pop of the white Audi

Factual Knowledge Object Tagging

Prograr
TMACEQ 0BJ0=Sey g(s age=IMAGE )
IMAGE: Prediction: IMAGE® Image FaceDet 0BJ1=Select(image=IMAGE, object=0B1®, query=‘white Audi’)

e - ” £ IMAGE@=ColorPop(image=IMAGE, object=0BJ1)

v E . - Byl A ")) Understanding OWL-VAT DSFD (pypi) rrrrrrr CLIP-VAT CLIP-ViT § RESULT=IMAGE®
. > :

5 S 7 ) 2
N -

text E:
A

In

Instru(tlun: Replace the red car with a blue car

’ p Prograr
¢ 3! 0BJ@=Se, g(i age=IMAGE )
" & e o % ; Replace ColorPop BgBlur 0BI1-Select(inage=IMAGE, object=0830, query=* ,)
. . . . e stable PIL.convert() | | PIL.GaussianBlur() | | PIL.rectangle() | | Augly (pypi) e ';M;én( Sge-IHAGE, abject 01, pra P‘ bl car’)
e h Swr - Image Diffusion cv2.grabCut () cv2.grabCut () PIL.text() L
% 2 C Ma"ipu‘ation : ; tl n: Replace the BMW with an Audi and cloudy sky with clear sky
CropRight CropAbove CropBelow

Instruction: Tag the 7 main characters on the TV show Big Bang Theory PIL.crop() PIL.crop() PIL.crop() PIL.crop() l PIL.crop() | Prompt ——
Program: - Program l

0OBJ@=FaceDet (image=IMAGE)

LISTO=List(query=‘main characters on the TV show Big Bang Theory’, max=7) Knowledge Arithmetic osniszl

0BJ1=Classify(image=IMAGE, object=0BJ®, categories=LIST®) 3 : Eo-i
H 2 Retril GPT3 | 1 1 dict

IMAGE@=Tag(image=IMAGE, object=0BJ1) etrieval & Logica (D _ en() ict() e

=Se:

e=IMAGE )
mage=IMAGE, object=0B1@, query=‘BMW’)
ge-IMAGE object=0831, pror pt “Audi’)

\GE)
mage=IMAGE®, object=0B]1, query=‘cloudy ky)

RESULT=IMAGE® e(image=IMAGE®, object=0BJ2, prompt=‘clear sky’)
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Visual Programming& O 7 7O—F

Oy Ea1—AE a9 BIZE1T B Visual Programming®F % ) B

BHOEARER IRV ZEMGT Y TERIIZ5E

LLMAER L= 0T 5 LIZE>TRRIZEfEL
hEERAZERTAIEI2LY . BRYE - ZAMLARL

IR L= 'Y a—IL BEED=1—JIILRxyhD—01iE) #E A

BROZEICT—E2ybEER LY, DL— LT —H%FHRELI-YT BHEINLLY

Natural Language Visual Reasoning

LEFT:

Statement: The left and right image contains a total of six people and two boats.
Program:

ANSWER@=Vqga(image=LEFT, question=‘How many people are in the image?’)
ANSWER1=Vqa(image=RIGHT, question=‘How many people are in the image?’)
ANSWER2=Vqa(image=LEFT, question=‘How many boats are in the image?’)
ANSWER3=Vqa(image=RIGHT, question=‘How many boats are in the image?’)
ANSWER4=Eval( ‘{ANSWER®} + {ANSWER1} == 6 and {ANSWER2} + {ANSWER3} == 2’)
RESULT=ANSWER4

Prediction: False

€ IMAGE

Instruction: Replace the ground
with white snow and the bear
with a white polar bear

€ 0BJe=Seg(

0832=Seg(
image=IMAGE®)

0B)3=Select(
image=IMAGE®,
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Visual Programming® & {782

Za—SI)EYa1—ILRYET—S(NMN)
o BHEARVEHTARJIZHEIL,. ENENEEED—2—F /LY OHREED 12—/l TUIE
o HIARIADHRERIIBREZDIIVEENSBHMIZITHNS
o BRYTEIZEDA—ILDIAHELELBFMIEEIND

question="There is a small gray block; are there any spheres to the left of it?”

‘[ small grey block<|-r
‘ ® ® 3 £1]

etee tial expression=“the cyan thin, gtlz at is made /lle same material as the yellow object”

|nd yellow object materi aI fllter cyan thing J—‘w the J <|"
u ) -

=a—SJ)LEDa—ILRYFT—% (NMN) 239 B Visual Programming®) AL
e LLM @ in—context learning ZF|FALTHARIFELI=ODED 21— ILEFEEZFHIKTET S0
ARVEEDFEBT—HELHEELEL
o RTYITEDHRERMNEMINST-NH. BFRECHHEIEL
o MHEHFEREEMLI(—EN\YY)DFEEIZKY. T5—HEHOprompt tuningB 3

ll
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Visual Programming DB D 5 Mt

o JL—LDJ—/BEDOWE
o IS—EHTBLLLMBANITS

m CLOVA

o W—ILEEDHEIE
m CodeNav

o HNEEBBIZLYIDDVLMTHINIEZEBIHEIZ
m VPD

o ¥I-EARHIADEA
o BEarrO—IL (BELEMELER)

m Programmable Motion Generation for Open—Set Motion Control Tasks

ll
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CLOVA: A Closed-Loop Visual Assistant with Tool Usage and Update (CVPR 2024)

BEZE: Visual ProgrammingR M F % (BEZLLMTHEIL T, /MEEZ E N E 1 Visual Module TAZS) D Continual
Learning/t# A CLOVAZIRE, MEZHE<T AR TED/NN—YHLEE =M ENHTL. EIWIZZE T —4F W
BL. BES-/\—YDEEETS,

SR : BEA 0D Visual Programming ¥ Tld. A BIF BLLM®, /NI MCVisual Module EBEIEL TLVS.
CLOVATI&, LLM&Visual ModuleZ B NBIIZEFHTELEHEATIRE,

Fik:30DTAELRANSEKT B Inference R IE TLLMZE AL TRIEZE 2 FIL/MEREZ A < D Visual Module T
f2<{, ReflectionEXFETIL . BIZEHEHE S T=HlMDHuman FeedbackZ 85, LearningtX[E T, FE T —4Z BT HIIZIR
£L. EE->=ModuleDEE%E1TI,

B3 CLOVAIXEZ T4y IHIIZ) yF7Ehuman feedback CMLLMD 14 EEZ [M] £ 9%, LEE D K 5%feedbackt®
annotation|LZNF L (D EULVEE example T) MLLMZZE D 1 EER £IZD7EHY S, B 2B 1E -ReflectionNEE,
ReflectionE 12— )LAMLLM T TCEALCEHE %S,

ll

cvpaper.challenge 35



CodeNav: Beyond tool-use to using real-world codebases with LLM agents (arXiv 2024)

BE: 21— H/TVISIBLTA—FRA—R ZREL, BREERENICTRETHLLMI—DIUbERE,

Pl BEOI -2z ME FEICEDY—IL(WIRBRBE RN —0F) DEHFELELELTLNS , ZDKSIC,
A—KRIZE>THOMNLOHY—ILEFEEZT HFEIL. FRAMIMNBEIZY—ILDFEWNVALFHIRENS, 2T, BF
DA—RR—RZEEFRATEIIL—LT—UFEEL]-,

FE B I MN BHOETRE(BE -FET-EZEA IT—2 20 MIO—FR—XFFERL. WER
OA—RFRZARYLFRYIAH . RIEIIZ ) 2—a FER, BT I —F N\ IFZITRULGNLIS—%EIEL ., ##
REFEEET S,

R BEEDTool-useNUFI—I(2HEWNTHEMGHREEZERLT -,

Agent Environments

Library Description action-4

Retrieval
Environment

LLM

Indexed
Interaction History Codebase

User Query
(task to solve using codebase)

response-4 Execution
Environment

|

==
_—
==
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Visual Program Distillation: Distilling Tools and Programmatic Reasoning into Vision-Language Models
(CVPR 2024)

BE: LMAERLI-T0YSLEERAL EREREIRVEE-DVIMERE-FEET /L) THRR

ﬁ'ﬁiﬂi Visual ProgrammingZ A4S HHEAHZET. VLMW EFET AV VM OERMGHRESOEMITHETH
MARDERRARAIREIZLT=, REHBIRIZTIDDETILCRESEAILT, EERBOEHFELCIHTEIRMNDIE

/J',ELF‘ZIJJL,T:O LLMAH A3 3705 S LMNELLIMNESMEEEFToT-=,

Fik: LLMAE B LE-EHOERE IO SLEETL. ELWTOTSLEERN, FOHEREBLN=-TO0JSL%FH

,-|\=nno)*EHHHZT‘Jj(~WmL/s VLM(:,’iE‘Eo

BR: EHOBEIRIRFI—YITHEDVLME LB S EREE ZER,

Input Data Program Generation VLM Fine-Tuning Output
-
i How many i A There are
ol o b h
$ie l @ buses are . If \ /CoT ¢ :
]: L not yellow? LLM Code Program Program Conversion Soniy 'U'
: Generation  Execution Filtering to CoT . - - /VLM\ VLM-VPD
- A o A
. £ Program . :
LLM Code Generation Program Execution with Visual Modules Fil?gr;:\g Convert to Chain-of-Thought Available Tools
; > find("bus") o (=) 0
fef nd
(;; . : ”C:mm (iagek J (469 124 726 351) bus =7 *® There are 3 buses in the
bus_patches = image find(*bus") L feecr )| (494 338 692 512) bus = image. The bus at 469 124 LLM VLM
A (494404 710 667) ;bus 726 351 is not yellow. The
n_not_yel b -0 Q: Is this bus yellow? @ buses at
‘or bus_patcl us_patches: 9. Qogd A No 4 71 - Object Depth
biis W?")== VoA BB q: Is this bus yellow? and 494 464 710 667 ére Deteclor Estimator
ot yellow Bus o 1 A Yes yellow. Thus, there is 1
returnn _not_yellow_bus Pr;)‘g;'am Output: 1 —® bus that is not yellow. %
VQA

ll
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Programmable Motion Generation for Open-Set Motion Control Tasks (CVPR 2024)

BE: F—T oy MEEERIHARVIZE T, TR S LA THIHTT R EMEAE R FEZEIRE

IR ERSRVITFHMELEBIEF AL EGY . EEORIMEHICHISRIREA LA E R BN Z D, F1-.
FEDIERT —ZUNE ARG RV T —IRETEVELELIEL,

Fikh: EHTEEHIEIRVEEBRDOHFINEHIZOEL, ThoZFREEHELTIOTSLILT S, ZLT, I
FEREHSOHEERETIVEFERAL. ERSNEBMENFIRNEBICHSIIIICHREIL T 5, BMERIEIRID HEEH
DHEFEHEAD R, FEHHLIE LLMERAWLTEE T HON S,

R BV BROFNEHERT=T SOTBEDEMERRL=,

Constraints in Character Animation

= # & &k kB # ¥ 3

trajectory vel keyframe interaction manipulation contact physics combinations
Prey: Individual Tasks Ours: Open-Set Motion Control
Trajectory control Task: “walking” + left hand always  “walkin; g d turning around™+ “walking” + holding a ball “walking” + holding
touching head (radius=0.1m) inside a square (- l<x<1 1< z<1) (diameter=0.4m) a heavy ball (diameter=0.4m)
¢ ¢ %
480 X2 1. All the joints fall inside the 1. Distance between both hands = 0.4
é - 3 AL ©/ OB « poxpsuyoiosowm | Remtiormimatn e
m
®/ S Motion Programming iy
Motion in-betweening o
total_err = '
e & for frane & J
441 J .
Human: e interactl
14 J

ll
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Visual Programming®& 7 7O0—F D &

Visual Programming vs End—to—End Model

Visual Programming

O: YT2RIIZHENTHIET, MPLRBEERS LN TED

O: ATYTTLIChRBEREERT 5126 . B -BRELEL

O: 2RICEIERTDED1—ILPIEEZRIRTED 0. FHME-BESHEARL

O: #1542 RVE@ECLET ARVEEDEE (AREFHEEL LS5HRNEE) ZHELLAL
XK EATALLMOED 2—IL(BAFETIL) DHEREICIKRET S

End-to—End Model (*ZZTI&. single-stage TAR4F LD T—2 Y TEE LI=ETILEIET)
O: BELGFETHLEGIFIAADOHERE #FEHTED

O: FI-BRIABRER §52L0H5

X HEaRMOT =2y MEBIRMD DD

X ERIRMEAVELY

W EEOHI U BEEFECDOLEEDERTIRINEF (HEINDDOHS)

ll
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LLMxCVERX D7 —FTIF v

Learnable
Visual Prompt Query
o | Text (bbox,
Non-text Modality (image, { Pre-trained|_.| QFor | _ class,...)
video, audio, pose,...) et F:;rtgre N |
mask, bbox,
pose...
LLM
LoRa
*\‘ Z
Text (Prompt) "|Pre-trained - |[Adapter
Learnable
Prompts

ll
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Research Direction Summary

ELD
77O0—F
W/ LVLMD B G AN EB T el Z 12k
, RERE/HMEOR L U/ WVLMOBHEIL—LT—I%ITR
L. :ILLEEHZEGE

- O

BEICHADITIES)TA4FX VT, TNHFE

HI A1-8I
. - T—RTEEWHS or S EREHEZFEYAD ‘ "
Eigﬁ%}%jj % Hallucination @ 1| -5@”’6 E{]t; —#.7_—79'—)(;0)%)\ ;ﬂ?;‘él:\aﬁgj]
PeL= BEOHR/ I ERTIL—LT—y PEE
DEA . Q
Ej EEX00(eg, ¥v=EaL—313
o v, B8 LTI
LLMZ UL =T —2H5RICEKY
BEARIDFEERL Ej LVLMIZEh -G RE N Z (T 5 (eg.,
El"] LoT, hooT42%9)

S s
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Research Direction Summary

1.

4.

5.

6.

LLMZE =T —2DEE-HLIRICKY, CAETIVESEICHEFIRIDEET—

MLLM/LVLMIZ & [T 5 hallucinationZ | 9 5.
a. ERAUTAHDOXvyvT4BHL-FARLTWAFMTIEREFE TS

i.  ETILHCadustd HED1—ILEEM
ii. ZNEMHEERZ BN (object detection/segmentation)
i. SagT —F%&EM
LVLMICERf-GEENF 5 (BRIGEVLSKYEEEM 7 T0—F)
a. LoT(T—R+JL—LT—7)
b. AITAVT
LVLMDEBEIL—LT—9ZITRL, HILLEENZNE
a. Visual Prompt
b. V*: Guided Visual Search as a Core Mechanism in Multimodal LLMs
LVLMDBZALIB il &E (2 LD, SREHE
a. Dynamic TokenME&E A
b. Projector®DHE

ll

BDREZITICET, FREMR

E.
LLMZRIILFE—HILEL T ChETHIYRYBEENR TV, EEX OO0 (eg, ¥=Fal—3y, £, L
AT OR)ERREIZT 5.
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Reconstructing Hand-Held Objects in 3D

o HWIE LLMTIEZEANDYIAZRIAL, Text-to-3DTYAD T TL—FEE1E. Retrieval
Augmented ReconstrucitonZig=E.

o RAVM BETUITL—FCERITMADHIK) EHELTHIRTYERZZHFICEALT, 7
T —bFEGPT-4&Text-to-3DTER. — T TL—krI1)—

c

Template

Hand-Object
Inferred Geometry

Input Image

Hand-Object
Reconstruction

)
3D Hand
(Visible Points)

\ ) MCC-HO

- Retrieval-Augmented Reconstruction

ll
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PointCLIP V2: Prompting CLIP and GPT for Powerful 3D Open-world Learning (ICCV 2023)

BE: CLIPEGPTOHBIZEYIDT —RIZR T A —T o7 —ILREEEEHE,

PR CLIPTOY T KA EMGRETYTER., GPTZHEWV=3DIZHEHEL-5BAX D ERKICKYEZRET
FRAMDT A A RERED,

FiZ:IDRBET)IRR—ZADRIEIVIZEHL., BRTNE IV T % E AT S ETRYIRENLTRETY
TEER, GPTZAWVWTHTI)ZLDIDRREH R T 2T X AN EE K,

FEH: zero—shotD3IDHFE- T A T—a - BHETEWMEREZ RLT=,

Zero-shot 3D Segmentation POlntC L I P : Naive Text

1 ! Dense
i Prompting CLIP with Realistic Projection : Features r e =
1 ! (FHL, -
| Ll Back !
! - P LO—D\T k- i or > | Projection| —> s i
! g“‘“@«,w - & [ @l\() - bl 1 _, | visual Global 1 = £ {
: RN =P e | Encoder |~ =y Features s
i 1 Y ! L, ~
A *
o L |

Zero-shot/Few-shot 3D Classification

! |
® airplane guitar - table

1
1
| Input Point Cloud 3D Gird, G Multi-view Depth Maps, {V;}'1, 1
1

Textusl Features _ PointCLIP V2: GPT Generated 3D-specific Text
Zero-shot 3D Detection

" L=-ges r.
Class-agnostic 3D Boxes — —
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PoseGPT: Chatting about 3D Human Pose

WWMSTHID PoseZ AR TES. (fl: TOR—XDEEL)
EERANA : Text—to—Pose Generation, Pose Estimation CEE{.

HER TPGIXEICE AN T T AMiBANLDIR—XER A L. &
UHIEE L% B 5. ReferenceZ v E LT HPEIZHE1aSoTA.

P Explict Pose Description —— Implict Pose Description
They are in a sitting position with their body also This
tumed towards the left and they are looking left

N Theirlegs are together and bent and theirright
MO\ amis outstretched to the side and behind them.
Thelr left arm is slightly bent and extended

person may be reaching
to pick up rom
the ground

GPT4

BE: TXXREARBID3D PosexiE#r. 45 IZGPTATT —4¥L3E T A LT, BEEMILIK]

iC

HOPEXFEETILE

RAVS .GPTATEZMZET —245ET 5. (LHOLIRTEBAIDHRIRIFEL ?)

towards the side and the bottom as well

Both knees are bent and he's leaning towards e
s right side with his right arm at his side with E pecsanioould e mimcking
his elbow bent. His right hand is about chest ctof throwing & basebell
high and the paim of his hand is facing forward. o e

His left elbow s elevated and his arm is at his 5

side and his hand is about chin height

Their hands are approximately shoulder

width apart and their right upper arm is

parallel to the Floor while their right elbow -

is a bit bent, their right knee and their left
knee are in 1-shape.

igure 7. Tllustration of the annotation pipeline that generates implicit pose description for our SPG benchmark. We take the fine-grained l

«plicit pose descriptions from PoseScript [©] and query GPT4 to reformulate them into indirect pose descriptions. Vision Projection |

Person Description

=) Y 2N
\ Q [ €an you give the SMPL pose of this person?

. J {s«m, its <POSE>. ‘
4

Hpose \

SMPL Projection SMPL Projection

Image with
KPT Prompt

Image

igure 8. Tllustration of our method to generate person descriptions for the RPE benchmark. We use ViTPose [50] to detect the body key-
oints and mark the left-body and right-body joints with different colors as visual prompts, and then query GPT4V for person descriptions.

/ N
What are the possible reasons for the dog's
outfit and the context in the image?

Vision Encoder

[ witn

In the image, a small black pug s wearing
a Harley-Davidson shirt, goggles
(sunglasses), and is sitting on a motorcycle.
The dog's outfit and presence on the
motorcycle suggest that it is participating
in a themed event or promotional activity

related to motorcycles or the Harley-
Davidson brand. In such scenarios, it is
common for pets, especially dogs, fo be
dressed up in outfits and accessories fo
reflect the theme of the event or attract
attention.
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HOI-Ref: Hand-Object Interaction Referral in Egocentric Vision

o M VLM THand-Object InteractionZf&lTHLIIZLT=

o EERAZA HOI-QA (¥R Q75QA :what is happening, where, bbox, action, contact) T —43% IR &
L, HO-Ref(FOYMEDENZTNDAEDITRIEE), -Ref (FYA DR MELE) DARY
TEER. A5 D IEEEOCBBoxD IEFEME, 2 EIZHWLTEEM. MiniGPT-v2&LEES.

o RAk :LLMTHand-Object InteractionZF KON HFHT. (LMLLLMZESRESAHFEYH
TV ?)

(@) VLM4HOI Ka (®) (©) o
. N B “"
0 Large Language Model (fp) Right:and d 4 .
— B—-——% VLM4HOI VLM4HOI
EL

N Projection (W)

><22> Locate the
k S o right hand
= BN...
¥ 5

Fig. 2: (a) VLM4HOI for hand-object interaction referral in egocentric images. The
VLM4HOI model takes in an image (I), passes it through a vision encoder (g) and a
projection layer (W) to obtain embeddings (E,) in language model’s (fy) embedding
space. This is concatenated with the tokenised text (F) and passed through fp to
generate a language response (E.). We show two examples where based on the task
instruction template, the model generates an output. (b), the model identifies a bound-
ing box input as the right hand. (c), the model takes in the image and a question to
refer the object being held in the right hand and outputs a bounding box.

ll
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PIGEON: Predicting Image Geolocations

BE: HEDBFICHTHEHER/ 1 ROEBRI S, ZOBFOEZEEZHTET 2FEDIRE, HEEFER, CLIPD
FATIREFENABOEMARLVS VR ELTZERK,

M . BIF AT E(CClustering P xt lBFEE LT EZ AL TERAN—X TGeolocalizationZ 1T, TD71=8&.
unseeniGFTDHEEFFEINEL, BEFEFIHIBRFEROFBSLUVCLPOFAIZKY ., BELTHIBIFERASEE I
5# L VgeolocationDFFHELXVILF IR TEEFLT -,

BA8 - Wikipediai & D IEIR CTHEIZFE 1 GeolocalizationM TEZF5,

Voronoi i 4 levels of prediction granularity

[ 59.3346" N, 18.0632° E ]

ll
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CogAgent: A Visual Language Model for GUI Agents

BEE : VLM-based GUI Agent&AgentDEE DTF=-H D KIRIET—2 Y DIRE, UserD A N EGUIEE M S, User
MDDemandIZEHHE TGUINEED B EEIRR. —BIREDETEGE M AT,

M : GUIDEITE EUserDDemandh o, GUIDFEAZ S REEICHR—FTEAHVLMZRE, BFOFETILSE
THEAMOHIMLOAZF AT 53D LZ N, BIZTF/T—avliz-T—2 ey b DRELF SN S,

F3%: Encoder—-decoderR—AMDVLMZFEH, £f-. GUOEEERZO-ODEHEEGEBEGEI I—FT5E
Da—JLEFER,

B ABNEAZEDGUINE D LSS TLLD MDA RIS,

% User: Could you guide me through the steps to ‘“change the display mode to light mode”? Smartphone Agent
5 Display & Brightnes

o B ~ Co.gAgent. Touch the CogAgent: Touch the CogAgent: Touch the
I ot st area on the screen where area of the screen where area on the screen that

| n the 'Settings' icon is D : el B
o i the 'Display & Brightness corresponds to the 'Light' |
%" & = ww  located. This action aims texl s locaicakThi: acton %
: 9 . 2 | to open the settings menu aeims tooocpefx tile displayo ?;;;ER?;:EE‘ ght
QRSP vLicre you can proceed settings where you can section. This action aims -
A ot with changing the phone's proceed with changing ¢ ) 'h h\ e S pr—
S5 S s | display mode to light e €0 swiich Qe cispay
&) Pg) o2 mode. 0 g % T € mode from dark to light.
= °" " [Operation]: - )pc[[r:;(;)g l'l]] {Opecation]:

tap [[396,587]] af DU, tap [[305,234]]
_— —— —_— . . «
o @
SHOR- N |
=
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GeoChat: Grounded Large Vision-Language Model for Remote Sensing

BEE : Remote SensingE{&1Z5& iz L=MLLM&Multimodal Instruction—-Tuning T —2tE Y DIRE,

iR GPT-4VEE H TEEFEDMLLMARemote SensingBI{R R IZTEREMN S B, F1=. BEFEDRemote Sensing
D IZE [Lfixed—sizedZT—2 Y TITIEL D HZ <. Open—vocabulary CE]EFFIZRecognition& GroundingM T= 3 E
TILBMRESNTULVELY,

Fi&: FERFIMDERIIZEIGT DEED—EZEMLLMEFEEL, T3 KE A Instruction-TuningT—2tvrERAE,
FDIRIZVicuna-v1 5&FFAULIELIRMTI18kD T —A v EHEE, LLaVA-1.5,LoRA fine—tuning CE 5 MDMLLM
TFE,

B8 : L LM% Remote Sensingl ZiEFRILT=1I, BXTF D8 D Remote SensingDEEEZ — DD ET JLIZEKY I AT HE
[ZLTz BET R EYRDEBAKREL, BREF 1 TIIEL BEBIZT HELHTEDLOMNEZ ZS,

Referring Expression Region captioning Image Description Visual QA

[USER}:[refer] Football [USER]: [identify] What is [USER]: How many football
ground on the right side, present in this area? grounds and basketball

surre bytrees. | ., Sy | | | courts the

5 image?
¥ ¥ -
sketball 2
Sur field at the bottom of the i
present
‘ (4] Large Language Model b ‘
<im_start> MLP Adaptor <im_end> [task specific prompts]

T

‘ CLIP-VIT

B
K
T

=
L3
=
i
il
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WonderJourney: Going from Anywhere to Everywhere

BE: S E R/l T F RS, SRTMIZ—HMLTOWTRN—)— D H 5 —EDEBRELE KT SR X perpetual 3D
scene generationEFEDIRE

R ARV DFIRENAY  BFEDFEIEI—RMDEBREROIRT—VDEFBNEZ L, CSTIEIIRT—HMEE R T
BHOEBREREITO>TLD,

FR - EHOED1—ILDHBAAHAEDHE=ModularE %, = LLMTY—U DR EITI HEEDS1—ILTO—UDIRT—H
HEHERT D, VIMET L TEARMLBEREROERET D,

B -BEOETIV(EBERETIL. LLMTR—J—FT /L. OutpaintingET L, SRITERETIV) Z5FMAEHLETH
BUEREERTE, ETILORN—YDHFHRMEITEN, ETILNEBELOT U, FFRELL-AETRVNEE - BIEHE
NED?IRFTEFL>T—HHMLTRDODESAIFEF SN D,

Input Scene description generation Visual validation
A beautiful village Scene description memory % Next scene description Re-generate
e - LLM =>» -Scenei+1:Snowfield... or go Are there any unwanted effects in
l - Scene i: Village ... f\ the generated scene image?
. Unwanted effects:
Input pairing /‘ - Painting frame
- Photo border

A beautiful village Visual scene generation :Out~0f-focus objects

i ; e &

Captioning Text2lmage a i - v
= P ‘ N Text-guided
—2 %‘ » Outpainting

Point cloud Rendered partial image Generated new scene

§§$ Yes — Re-generate
the scene.

No — Generate the
next scene.
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Binding Touch to Everything: Learning Unified Multimodal Tactile Representations

BE - EZHE. SE. BF LUV ISEBET LUniTouchZIRE, Fi-. BELSME v H—5FE TES
sensor—specific tokensZFE A , UniTouchTHR ALt TR D AR IVEITA 5D  Zero—shotfll B iR it T RITHM S
B - & 7E - TX ALDRetrieval, B{RAER . X—to-TouchZ ik, $¥(Z. Touch-LLM TR N SEMLTH R ELTA
AEo

PR MRERIVOCLP, RALGMEIRVEH— LT, F-ELAME Y —Z RIS AR,

FiE: ERVEMERIDContrastive LearningTMRERITEZFE, TOER. RERBEZELTHOES)T1&
20385,

38 : Touch-LLMAYEIE LY, Robot manipulation|Z;EFATES, il EMNE RN, ESL2T7T)r—arTER
SMEEBELT LY,

(Zero-shot Touch Understanding\ ( Cross-modal Retrieval N( Zero-shot Image Synthesis with Touch
Image Audio

ouc ex
. | “Itis
A the st
g of s guitar
Fstring Guitar

Touch-LLM

Input touch Text prompts:

[CLASS ]

1%
enerated Image Restyled Image

; (o) p7d
Can you tgll me mater@ls and hardness @ Raference Original Image
of objects in the touch image? \

Referencaliinputitoticn (Q) ( X-to-Touch Generation

o
4
o — Q
S The materials of the objects in the
1 (=] touch image are likely to be rocks, or
stones, which is a hard and durable.
\_ Score A )

ll
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MuseChat: A Conversational Music Recommendation System for Videos

BEE: Human userEREELEMNS, ADETAHICERE%:
Recommendd % F;EMuseChatDIRE ., BEFE D KFREE
TAT—R2EyrELMEFRI AL THBDFEE T3t vk
TIRE,

i : B F AN AR DpreferenceZ B ELIGENEDH
%L\, MuseChat TIE ¥ EE 2 -, Tuser preferencel ZHiE>7=
Recommendation® CT& %, MLLMD T, BE%
Recommendd SR DIEBGE TR HRIL - AIEEE D,
48 : ApplicationE L TITE B TEAMENT LY, I
BL TR EETE KB TESMusic-LLMATESLEEAEZ
S0 T—AEYMEEDEAHAEEZ,

_____________________ Output
.(.’.'_‘.'1'-"!.'_'.;‘.[..;‘__.{"‘3?{ .............. 1"
iaij high 1} energy [}
g g »
( 1 1 1
Vicuna
LoRA |
& 4 0
b b
# Prompt) | [ | _|Response)
-2+ { Music token | - GenerateRecommendatlon/ nV .s B _ high )+
e B A .

% Linear Proj ]

[*5 AST Encoder ]

[*Text Embedding

[ Text Tokenizer

o S — |

Music: “You Aint Know”

\
[l daiddh Generate Recommendation: !
: ’ L o 2 e 3, Itis a high energy track with |
1 l ‘
I
I
1

Music-Reasoning Pair

a mix of hip-hop, electronic, |

and rock elements.
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LISA: Reasoning Segmentation via Large Language Model

BE: SO TXRNERICET A T—2a0TRIE#RL . H AT BHEWNSFH f-Lireason segmentationZ AT %
BE, ZDARIITH LT, LUSALLSLLME AW =T Ao T—2a v ETILEREL:,
o EFR—I3V BEDARYTIL., step-by-stepTCI—U T MNMIARYEEZ D, ZOPYATIEHT) DS
BNEKREEFTELELE-TLED,
e reason segmentation® HHY:
o BHMDBARKWTHEWNTFIAMBGERADCEFHAFTE=S->LIM(BEFEOMREIITFAMNERIZE
BLTWAH . MLLMAA 2T A T—L 3 0 RRVEERTELDH ?)
o BHAUT—LaUIRRIEERTHEITEY

Vision e f Decoder D e
Backbone = “*¢ ]——Eec 6 iy
A hseg <
N N
Multi-Modal 5

LLM =F | LoRA [

What is the food with the most F _
Ztzt Vitamin C in this image? Please '::> 6 Ltiis (Skex 0 Trainable

oufput segmentation mask. \ J U J Frozen
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mPLUG-OwI2: Revolutionizing Multi-modal Large Language Model
with Modality Collaboration

BE M{BELEELEVSELGSER) T4DATKRL—2a FBARMICED 2—I)LELTIRS
ET, THFANMRAVIZEBG-EEBIRVIZHAET H KDL T =
RAVE BEHEIEE T ARERETITANMIEE THIRERET, ELAETYRITTEE TES LIS

A b

- mPLUG-OwI2 w/ Modality-Adaptive Module |

Ve N : ( " User: <image> What are the seven colors of
P the rainbow?
BLIP'Z, M|n|GPT'4, LLaVA, etc. I mPLUG'OWIZ R;::r’:se?;range, yellow, green, blue, indigo,
(Vanilla Language Decoder) : (Modality-Adaptive Language Decoder) violet and white.
9 E : ,1—1"—1 200000 Visual Tokens <— Textual Tokens —
AN 0 R N N NN
: TYIXIIXI
’ Feed Forward Network ] : |  Feed Forward Network |
’ R = ] : I Mod di‘y- Ad ive Module h Average Attention Map
1 L { mPLUG-OwL2 wio ity-Adaptive Module |
N A User: <image> What are the seven colors of
I the rainbow?
¢ I > Rees::):se?WOmnge, Yellow, Green, Blue,
i I A Purple, and White.
Modality Interference : Modality Collaboratlon @
Visual Tokens <«— Textual Tokens —~
(a) Text Instruction Understandlng : (b) Text Instruction Understanding
» Visual Concept Understanding : « Visual Concept Understanding
Average Attention Map

ll
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UniBind: LLM-Augmented Unified and Balanced Representation Space to Bind
Them All

B LLMZFRWTE =K1 B8 9 58k < 7% 5 BAIZE DL v f=text—centeredZiRepresentation
Learningl—&kl, KUNSURDEINT=TILFE—F LB

KEAR BRGEFI)TADEIRY.
FI)LARTTSoTAZH-1-. $§lZZero-shot.

RAVS BV SR TATS5—=0 9 TIFHAMN WER S IZEEL THE
TEREZDADITELL.

BB - Z{DIILFE—

ImageBind Ours
(a) Multi-modal Representation Space

A = % "Chelicopter

"helicopter Embedding % \ center

L2 “A photo of a Center |/ | “airplane”

ﬁairpl aaaa N izati / center

/ L, O
Ly |

ImageBind W/o ECL: ImageBind W ECL:
Li>1L, X L,> L

(b) Embedding Center Localization (ECL)

EMN TS

B ERRE R D & B BT

Model

Image

| Audio

| Thermal

Video

Event

|IN-1K |Place-365 |

|ESC-50|Urban-S|LLVIP|RGB-T |MSR-VTT |UCF-101|N-Cal|N-IN-1K

Fine-tuning Setting

Meta-Transformer [61] 83.10  52.70 90.50 99.30 - - - - 46.60 x x
ImageBind [13] w/linear 80.19  49.45 X x 83.40 71.60 60.55 63.81 98.06 X x
PointBind [15] w/ linear 80.19  49.45 90.64 99.09 8340 71.60 60.55 63.81 98.06 x x
PointBind (+Event) 80.19 4945 90.64 99.09 8340 71.60 60.55 63.81 98.06 77.83 23.69
Ours w/ PointBind 86.94 56.99 90.72 99.59 84.01 69.09 60.71 69.53 9331 78.05 24.48
A +6.75 +7.54 +0.08 +0.50 +0.61 -2.51 +0.16  +5.72 475 4022 +0.79
Zero-shot Setting
ImageBind [13] 71.70 4540 x x 66.90 41.73 6340 54.71 31.27 64.84 x x
PointBind [15] 7170 4540 71.67 98.85 6690 41.73 63.40 54.71 31.27 64.84 x x
PointBind (+Event) 7170 4540 71.67 98.85 6690 4173 63.40 54.71 31.27 64.84 50.98 10.79
Ours w/ PointBind 83.25 53.84 80.59 98.96 7170 6256 64.67 5620  40.90 73.74 59.26 13.85
A +5.55 +8.4 +2.92 +0.11  +4.80 +20.83 +1.27 +1.49  +9.63 +8.90 +8.28 +3.06
Table 2. Emergent zero-shot and fine-tuning recognition on six modalities.
==
= cvpaper.challenge
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Modeling Collaborator: Enabling Subjective Vision Classification With Minimal
Human Effort via LLM Tool-Use

o MEE : LUfine—grainedZ%ihuman feedbacklZ&klY, LLM®Mhallucination M $h R B/ SERAIIZHIZ 5
nTL5.

o RAVM ATHIZHAHLSIZ, $Hl eedbacklZLERT, #iH L \feedbackD IFSAY, T—HEI(Z
%19 BhallucinationDNFIFNE N KEWNZEAHMS.

68
o LLaVA-RLHF Data
-
pw &) £\, Fine-grained Correctional < #— Our Data
|7 Inputs = MLLM outputs <7 Human Feedback e = E 64
! )
o
7 \\y ~ o The image shows a clock tower ... Q The image shows a clock tower ... : o_ —_— 0_ —_— : g
The clock reads approximately The clock reads approximately : e < —— | Kl e b PG e s el s e e Resi s e e S S W
11:20 ... There are also some flags @ 15:26 ... There are also some flags i —_— vee = || 3]
flying in the top left corner of the flying in the top right corner of the 1 1 = 60 1 LLaVA-1.5
image ... There are several people image ... There are trees in the N i s S B S i i s Ve 3 ©
scattered throughout the scene... /,? background behind the buildings... s =
— Dense Direct Preference
o @ 1 Optimization (DDPO) 56
The image features a large clock The image features a large clock ' " " ¥ y
tower with a clock face on each of tower with a clock face on its front 0 200 800 1400 2200
its sides ... The clocks on the tower side ... The clock on the tower \\
display the time as 11:50. The displays the time as 15:26. There
tower is adorned with orange and are red, green, yellow and blue s += 170 4
P:""Pc Plea;e dt_alscrlbe pink flags, adding a festive touch ... flags, adding a festive touch ... Final MLLM / S X
the image in detail. 8 It e e T S e e )
O LLaVA-1.5
5 (1) Human Feedback Collection e (2) Human Preference Learning ——— | 8 150 4
._a
Figure 1. The RLHF-V framework for MLLM behavior alignment from human feedback. (1) Given the input image and prompt, we obtain s
outputs from MLLMs and collect human feedback in the form of fine-grained segment-level corrections on hallucinations. (2) During .—_3 1301
human preference learning, we perform dense direct preference optimization over the fine-grained correctional human feedback. I
110 T T T T T
0 200 800 1400 2200

Data Scale

ll
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Incorporating Geo-Diverse Knowledge into Prompting for Increased
Geographical Robustness in Object Recognition

o BIE RULYHARTHLHIBZEIZRI-EMNELS. £2T, LLMAOL & MDA D RN 3#%E
WML, FE A[REZ S soft promptE L TEEIT 5.

o REBAR BRALEOWAZHE.

o HER.JOUINEANSBZLET, BEHMNRAL.

o RAVKM TEEWKRIZISLSREB IEVLDIEBEVIMIZZESAATLS. (LAL, 7/VLY
F:—2avDIGELHAHADTIE?)

(1) Acquire Target Knowledge [ Target: Americas, Asia, Africa ]

(2) Optimize Soft Prompts on Source Data

While Regularizing Towards Target Knowledge

Internal CLIP Knowledge A photo of a stove/hobin Mexico...
A photo of a stove/hobin Vietnam... Image
: E
that | took in <country>?

A stove/hobin - 3-4 burners

BurkinaFasomay | - Wide rectangular shape Trainable
be/have... - Metal/ceramic material

Soft [\ | V= ‘ ’[V]MI [cu\ssl‘ )

Prompts

- Stone/mud material -
E Target
gkr Knowledge

- Black/brown color Embeddings

- Charcoal or wood fuel

1
1
1
1
I
it 1! Features
N eature:
External LLM Knowledge A photo of a stove/hobin BurkinaFaso... : o cLIP E/{Tce
m mage A Class Text
What are useful features for distinguishing a stove in a photo ] : nco?ler L Embeddings
1
1
1
1
1
1
1

Target Knowledge Prompts

- Metal grate on top g k:lyl
1 2 Ne
~ Four or more burners Astove/hobin Viethammaybe/have... | | & & & & o o e e e e e e ——— ——— iy e i = = =
A stove/hob | - Metal or ceramic material s | ) Vietnam BurkinaFaso
in Mexico | - White, black, or stainless-steel color - Redlangular o circular shape ' (3) Recognize
~ Flat or slightly angled surface - Flat or slightly raised surface o =
may - Knobs for setting temperature - One, two, or four bumers ! Ob]ects inTa rget
be/have... - Black or white color 1 -
- Over or broiler below burners countnes
- Gas or electric powered - Knobs, dials, and/or buttons 1
_ Vent above hood - Stainless steel or ceramic material 1
1

Figure 2. Geography knowledge regularization. To ensure robustness in soft prompt learning, we (1) incorporate knowledge internal to
CLIP and externally obtained from an LLM. (2) This descriptive knowledge regularizes class representations when training on a specific
source geography (e.g. Europe), thus (3) increasing robustness when generalizing to target geographies (e.g. Vietnam).
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Let’s Think Outside the Box: Exploring Leap-of-Thought in Large Language
Models with Creative Humor Generation

o MEE :Leap of Thought: DLRELF-FHEEFRREICT HLET, KEFIZO>FEL(TESHEIIZL
T=.

o RAVM: FHEORELZIKLT—EEVIDZEEB XFEBORELTEEDLYTHEDELIIC

Refinement.
Think step by step T'hink outside the box
Chain-of-Thought (CoT) Leap-of-Thought (LoT)

Figure 2. Comparison of CoT and LoT. “()” denotes the thought
and “—” represents the connection between two thoughts.

Image&Text to Text (IT2T) Text to Text (T2T)

Image to Text (I2T)
3

% Excuse me, Sir How many

fingers do
programmers

usually use
to write code?

‘Would....Would you mind Get out of my way! Two.
uncuffing me? My friend is badly hurt! Ctrl+C / Ctrl+V

Figure 3. Examples of the three types of LoT-based Oogiri games.
Players are required to make surprising and creative humorous re-
sponses (blue box) to the given multimodal information e.g., im-
ages, text, or both.
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VisionLLM: Large Language Model is also an Open-Ended Decoder for Vision-Centric

Tasks (NeurlPS 2023)

BE: LLMOEO 3y MMERE GRIETERE) ZF| L . Open endSA RV E L EMNTEAVLMEZIRE, VRLAR =T
T7%< . VisionR DA AT Einstructiond D ETHEKZ EMNTE S,

M LLM®Dzero—shotEREZ FIAL - GRXX IR TIE. iR b)) . T X Dinstruction|Z
RO TCHE{EZEIO—F 9 bimage tokenizeré, LLMAR—X MDA X T decoderFIRE,

R BRAIECV-VALARITRIIL. —EDEEEER

Desired output:

Vision
Generalist Model | <cl><pl><p3>...

1l ! !

SR Vision + LLM
Prompt Tuning

Pre-defined tasks:

detection, captioning, I T | I ]
VQA, grounding, ... 3 Task defined
“ e & by instructions

(c) VisionLLM (ours) can flexibly
manage vision-centric tasks using
language instructions like LLMs.

(a) Vision generalist models [51,
53, 74] are constrained by the for-
mat of pre-defined tasks.

(b) Visual prompt tuning [24, 56,
54] are inconsistent with the for-
mat of LLMs.

Language-Guided
[] Random Query [] Image Token

Backbone —

o

[I:l---l:]
(I

T
! S
E, Language-Guided ‘ Open-Ended Task

Image Tokenizer

fho BH-B

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

Decoder with LLM

<text>
oS

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

Vision-only example: "For each object in image <image> that is a 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, ...)."

Language Instructions <text>
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Cheap and Quick: Efficient Vision-Language Instruction Tuning for Large Language

Models (NeurlPS 2023)

BE: (EEOMEL., FEIARMEL VRLARIDEEIT B K512 B KD YITNLPER I DI EEA T 45 A
Hof=o T T, FEFARXMENZ 1= & NLPAR LR ITAMMAE LS FEFIREL ., HILLWLMTHALAVINFIRE,
Rt MMAL LS FEDRE, COFEDEHEHMIEL. DLLMEE BencoderF B IFABREES 1 —ILQZEEFED
B. TEXERANDHDZEETIAMNEBERTDIFE D Z1EY H 5 m (Mixture—of-Modality Training) T#H 5,

R HAQECV-VRLARYTHRIIL. —EDEMMEEHEE

: ) R SF']T']...DD é
0 E:) o T TuM
i bl ; 3 —
i g 1 Visual Tokens | Mixturesot Modaliygie § s

: = appears to be enjoying itself

Adapter

5 O

: [ Multi-head Attention *]

Instruction: : E !

O

Text-only Data E 7 7
............... Sampling ,:> Mixture-of-Modality

............... Training

..........................

Response: The image
features a small brown dog
running across a grassy
field, with its tongue out

¢ and ears flapping. The dog

{ : as it runs through the open
i ! space.In the background,
{ there are several trees

E i scattered across the field,

| Parameter Updates

i adding to the natural setting.
Textual Tokens Lx Layers ' i i s 8

=
1
[

| -
e Pl

w2 1

! 1
it Routing Weights e |
D Generation 1—!
L

\

Figure 3: [Illustration of the
Mixture-of-Modality Adapter
(MMA). MMA can dynamically
select the appropriate adapter
according to the input modalities.
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Beyond Text: Frozen Large Language Models in Visual Signal Comprehension

o WME . EEZELLMORFVIS—Dr—IUTRIETSIET, frozen LLMTRIILFE—F )L
IREEDARXDZAREIZ.

o HRAVM LLMATHEIREZELD T, In—context learninglZ&Yfew—-shot TARIMNERITBL, T+
A= ELT= B IXVQARIRA R U121+ T7i<, Denoising TaskbEEKZEMTES.

Rand wln]eJm]™
P V2L Al | cat| ap | 3 i
“ Tokenizer & ina| 10 | * )
@ (oY) e /'
=l —|% Vocabulary
3% LM
d Image Recognition VQA Image Caption

Inpainting  Outpainting Deblur Image Restoration

Figure 1. Illustration of our V2L Tokenizer (Vision-to-Language
Tokenizer). The V2L Tokenizer translates an image into a col-
lection of interpretable tokens derived from an LLM vocabulary.
Subsequently, the frozen LLM can comprehend the visual sig-
nals and perform multi-modal understanding tasks (highlighted in
Blue) and image denoising tasks (highlighted in Orange) without
the necessity of fine-tuning.
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Exploring the Transferability of Visual Prompting for Multimodal Large Language
Models

BEE TN FETODVisual PromptingIF B RFERLAETIVISERTHERENTMNO>TLEDS
FREMNHof-. T TAAETIIEREDREEIT 1.

RA /b :(i)Visual Prompting|Z k2452 D BR IR REZ Prompting Bl i D EE/NSKT S
(8L (L.FCA) MDE A TR, (i)PromptiIZARIDEHELIVEEIZEETEH=HIC

. Prompted ImageE 3R NDEZDCLIPIREEZ /INSKT HERL (LTSE)ZE A.

Peatare Connistency Alignment: . -~ . Vanilla Visual Promiptiugl oo o Task Semanfic Enrichment. .
Frozen 0’ Learnable I
Text Tokens Visual Features
— Forward Pass

Task-specific Visual Prompts

Recogniti
(REC)
X
REC: This is a photo of
CNT: How many cats are there? et LI
HAL: Is there a dog? y
Countin Ilucination |
(CNT)g (HAL) Task-specific Text Prompts REC: This is a photo of cats.

CNT: There are 3 cats.
HAL: There are only cats. 7

Task-specific Descriptions |

Figure 2. Overview of our proposed Transferable Visual Prompting (TVP) method for adapting MLLMs. TVP optimizes a visual prompt
on a single MLLM towards a downstream task. Feature Consistency Alignment (FCA) and Task Semantic Enrichment (TSE) are proposed
to make learned visual prompts more transferable and benefit more unseen MLLM:s to improve on the same task.
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Pixel Aligned Language Models

BEE : | LMZVisual Grounding| SIS L=TAR, EE CEHREEAR/ THXALDEABOELGED AN DD,
Captioning. Localization, Word—Grounding’i EZ{TOET JLPixelLLMZIRE , H#H DN F T — TSOTA% Visual
Grounding#g BE % 3Z il

iRl BEVIMEENEBRET T AMNIEET ZENTEE, IREDPixelLLMALLMAYE {50 Wisual Grounding
(THFRAROT—FDSEBROX IGEHEZTHETE) ICHELH LD I EIRETLT=,

FL: PixelEWordD AlignmentMEN TS T—R YR TEE,, BEN D T IL T, Wordf D LIZTMLPE AN T
BEAZEA TRl 5, £1=. LLMDLoRA FinetuningZ{E AL T-,

B8 T I)LA 2T )L TStraight—forward, BRIFEE N+ 597515 E T, LLMAE L GroundingBE M H B EE R

L,Tﬁo Pixel-aligned Image Captioning
et e e L S S I
! .- A |
~image only a cat reaches up |
I
|
I
. | : slon screen
B incge + text | PixelLLM | || ‘ ey
: The blackdogonthescreen | | T T T T | [
—_— | 1
- 1 Referring
- - -——- 1| = : Localization
A . | .
a cat holding [ —— |
its paw up to
atv screen.
-
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SOK-Bench: A Situated Video Reasoning Benchmark with Aligned Open-World Knowledge

HEE : Situation|“EH T AE EENFBDIERE . Open—World Commonsense ReasoningZi & Z 5Ll TZ 5 #7L L Wideo Question
AnsweringT —41twFSOK-BenchMRE, LLMFFRAL T, MBI ST7DOHEBE LT —22v QAN BB E K E1To 1=,

B i€k D Video QAT —AR Y TlE#k K 7EReasoningBE NI TE AN, EIRIEDFR L % SituationZEEL T
Problem—solving®D 1= DT —42ty bV o1=,

T3y ERFE: TORTRET 2V DERAELIREDLLMEFRALI:T—2 YD LLEETRT  IRED
SOK-Benchl& @I T 7EN—RIZL TS, VLETILICKYE TA Do AW E DERHZEITLN. LLMAY RIS 0% LT -
Y. ELITTFTER—RICQADERKZETTI,

B LLMET 3ty ERIZESTAEN S L{E>TET=, Reasoning P E L HEBN UL ELR T —3 YR EIZE LN THIZLLM
HMELOT LY,

czm 48020 eeeeeeeeeeeeeeeee i [ ) Rmmar’
vvvvv !

gelatinization

Mapo Tofu attributes+relationship+

Question: \What wot the person did not use the white
substance dissolved in water in glass?

A.The dish would be completely different.

B.The dish would lack thickening agent. v/

C.The dish would lack seasoning and taste bland.

D.The dish would lose its signature flavor.

Previous methods
‘W _— ' QA generation > & Question templates
an :nstrucnons tock QA
Rsearchais mle‘aim‘ Filtering,

Top-down generation

.z maaam A LB VL model
L ndl W W W W Wi
i gia fia @A Ga Norme I

Videos Human annotators QA draft QAs Videos LLM VG, GKG, SKG QAs

==
_—
==
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Modeling Collaborator: Enabling Subjective Vision Classification With Minimal Human
Effort via LLM Tool-Use

o ME VLMIZHLWLWIO LT REFEEIEBREEIZ, LLMEVIMEZRWAI LT, TOHMENERIEE &
YD IEWNT—RTROHBDBZEMTES.

o RAVM ERHFERTIE LWLV ETFTHICEKVLVEENE TS, BEGOVETHIDLNTE, &
BHEDSIEIXHFEYLLN.

5 [ A A . PaLI-X [] CLIP[] CuPL[ ] Ours
i A. LLM Questions | 1 B. VQA Answers | | C. Captioning | D. Final : Concept Pre Rec  F1 Pre Rec F1 Pre Rec  F1 Pre  Rec F1
i o : | e : ' g ! Annotation ] Easy concepts
! Positive Questions ' | Positive Questions | The image shows two [ '
1 i 5 i i arts-and-crafts 071 097 0.82 0.68 0.86 0.76 0.68 0.90 0.77 0.96 0.75 0.84
b Eﬁthhe et s Tl i ‘ggﬁscgﬁt;iﬁ‘; S i Decision: Positive | dance 057 087 069 051 095 066 052 08 066 067 095 079
| - Is the dish gourmet?—»-- Yes I | noodles, lettuce, : 52:5‘;:; I:ﬁa“;'ﬁge J emergency-service 067 088 076 053 087 065 054 091 067 08 073 076
. - Is the tuna in the ——-»- Yes . and avocado. The : is gourmet 1 hair-coloring 0.76 097 0.85 0.70 099 0.82 0.70 0.99 0.82 076 097 085
H image a gourmet tuna? | | ], other bowl contains 1 ) : in-ear-headphones 0.70 096 0.81 043 095 059 044 096 0.60 0.82 0.86 0.82
| - Is the dish a photo of—- No ‘|| tuna, lettuce, and ||~ """""" I pie-chart 080 096 088 052 080 063 050 092 065 080 096 088
i tth_e flosh ttur‘a itself? | st e | |1 avocado. ) N CRELRZaT single-sneaker 065 092 076 051 099 067 051 100 067 070 088 078
' egative uestions + | Negative uestions : 2 =4
| - None - N/A ' ! thought reasoning iasy conceptsaverage 060 093 0.80 055 0:92: 10:68 0:565 1094 0:69 +f1§,2 (_)68; f:qf
L) 1 1 3 Hard concepts
S e e S S e S S e S e e S e R e S e e R S e eSS R s R e ) astronaut 061 087 071 040 095 056 042 095 058 072 079 072
1 Concept : block-tower 045 0.97 0.62 0.38 099 0.55 037 098 0.54 0.89 068 0.66
U Nale CoUMRGE Tika ! gourmet-tuna 052 095 067 029 100 045 029 100 045 052 095 067
| Description: Photos of gourmet dishes (i.e. fancy, elegant) that must contain tuna. This includes sushi, sashimi, | hand-pointing 056 0.99 0.71 039 087 0.54 039 094 055 089 079 074
: seared tuna, a fancy ahi tuna salad. This does not include canned tuna, tuna sandwich, a photo of the fish tuna itself.: healthy-dish 038 1.00 0.55 037 099 0.54 038 1.00 0.55 0.84  0.61 0.61
___________________________________________________________________________________ home-fragrance 0.57 051 054 040 095 0.56 0.40 096 0.57 0.57 0.51 0.54
stop-sign 0.61 099 0.76 048 1.00 0.65 0.49 0.99 0.65 0.83 0.83 0.81
Figure 2. Modeling Collaborator Annotator system. For a given image, concept name, and description, the Annotator outputs a positive or Hard concepts average 0.53 0.90 0.65 039 096 055 039 097 0.56 075 074  0.68
negative label. Based on the name and description of the concept, the LLM generates relevant atomic questions to ask a VQA model (PaLI 8 i 05T 0T AT 05E 0 T +32;: ':)GZ; ;379:‘;
VQA in our case) (step A). These questions are fed into the VQA model that typically outputs a yes/no short answer (Step B). Additionally, Avem AVErage _ = == ’ ’ i ! : ’ +1%% 13% +é%
we use a captioning version <?f PaLlI (Step C) to gc?nerate a detailed descnpno‘n.capturmg as much detail as possible from the image. Finally, Hateful memes 1] 066 042 051 049 098 066 0350 08 062 038 077 066
the LLM goes through a chain-of-thought reasoning process to output a decision and rationale (Step D). A 8% +35% +15%
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VPGTrans: Transfer Visual Prompt Generator across LLMs (NeurlPS 2023)

BE: BEOMLLMOZE [, €02 BL TV TERISHEIRME L, 22T, BEFDOMLLMO Vision
Encoder (VPG) Z#T LU LLMIZERE 9 HFiEVPGTransZF iR E,
PR : VPGEERE T HHLLVFIEVPGTransFIRE, O
FEBEAHVPGEMRA T HLET. ZEEIMETE S, @ projetorz#& 2 [Twarm-—up g 5 EFEF ZE MRS LLM®D

projector&word converterd LN THIHE GRXRIDLLMD B BIRH A FERE R DT NITIRFERR) 3§52 LT,
#RMprojectEDwarm-upZ IR Y HTEMNTES

BWR: DO DFEELRFLULEDMREZTERTE, BLGHET I AMTHDEEIZH L TRAMEDERILZERR

VPG © Project .
—_— jector &y 3
(1.2B) (4M)
Trainable Trainabl
(fully or partially) rainable

(a) General MLLM architecture
(representatively with a 11B LLM)

LLM
(11B)

Frozen

DFEF. UTORTOFERELEIEBEIN TS, D

e ————

——___Jransfer _____
\ ’ \
VPG | | VPG \ Transfer across: ~LLMsrc LLMg¢
1
T R g e e et
1 1 1 :
Projector | | Projector |  LLMsize LLMsman LLMiarge
I I b e o I
R
' . LLM LLM
LLM,,. : : LLMtgt : LLM type typeA typeB
____________ 7/
SRC MLLM TGT MLLM

(b) VPG transfer across LLMs
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Chat-UniVi: Unified Visual Representation Empowers Large Language Models with
Image and Video Understanding

= E{E-FHEZLLMTIRSMRIZ, Dynamic TokenZEB AL T, ELG 97T —2L, EELE]
MMIb—=D % FSET, RGNV FTARXZEHR. I KYEBEEEZEEL5BRICLLM TR

ABH&DIZLT=.
RA b E{E/ ENE I #E D ZE 58 TDynamic TokenZFE A.

Chat-UniVi Response: The boy in the image has blonde hair, and the pot used to cook the
pasta in the video is red.

‘ Fine-tune %Frozen EE:'Concatenaw L

[ Pre-trained Large Language Model & ]

A A

User Query: What color is the boy's hair in the image and the pot
used to cook the pasta in the video?

Projection W &

SwiSopy [enedg
SuiSoN [eneds
SuiSoN [enedg

(- - —_—

Visual inputs Original visual tokens Step one Step two Step three

Figure 3. The overview of the proposed Chat-UniVi for conversations containing both images and videos. Chat-UniVi uniformly
represents images and videos using a collection of dynamic visual tokens and provides a multi-scale representation that equips large
language models to perceive both high-level semantic concepts and low-level visual details.
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Honeybee: Locality-enhanced Projector for Multimodal LLM

BEE . MLLMIZ$E [T Sprojector[ZTDWVNT, CNETOINREEEID ML —FAT7ZEITEH LS, KUFE
gy D% Xy AV N2 o= -] e O

RAV AGFREO T X AMER DML, BHRDEMREZRFIZITI=8IZ, Convolution
Abstractor&, Deformable attention—based AbstractorM2DZIRE. D EIFEE D KESDMLLMELE

RTEYHED A L.

Q 0
Vision O | . @
Encoder J% Projector ]8—1_[’0 Large Language Model J
O i O

) 0000 0000000000
Visual Features '," Visual Tokens Text Tokens
s 2
awer R ~
0 Y 0. on Y 0% %
o 13se% | Ne={ires | W it %4 |
20090 28| 90990 0 S8 i ElaEt %00 |&|.%
q09% |2%| Q0% | g EMe | HBEIEPT BB |Ep°
3002 |= | 900 J00%” | Ctoam op0°— &
X Flexibility v Flexibility v Flexibility
v Locality Preservation X Locality Preservation v Locality Preservation
. oy
(a) Linear Projector (b) Abstractor (c) Locality-enhanced Abstractor
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1. LLMIE, TFRADOE N Z -BE-FHDEEHN O, IRIEVLVERBIGREEZF >TSS, ChEFIAL,
a. FET—HLE
b. ETIDRIREDLHEEDMR L
NEUHENRTNNS. = CORFIX, ZAEARIMDEES.
2. BXFFOMLLM/LVLMMA KRR T HE D ZAREICL, HE T HENTYBHEN TS,
a. T—AMTTO—F or 7T—FTHOF V7 TO—F (T—2DIGEENZNRNTS)
b. MUYEM7IO—F or EEZEMT7IO—F
— ZONFIE, BELWARIEBRFEICLELE, MLLMOKEER DITADIZEELLY. fmIZZERLT-
WDOMWFBRFEICT 2 EHY.
3. MLLM&YELEWEROIL—LT—IDHFANBYMBENTINS.
a. BEHEDI—ILOBEAEDLEPMUMZEMES 17TV X LDRFEIZG>TEY, FEMNHL
AY

— CORFH, LG<EEZIRA, MLLMOBAEHOETIVOT—RAFETRITDEITLEIEEZDC
ET, MYHBTASHRELAREICLES.
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CVARIIZEITH LLMOBREIDSIE (1, 2BEDFELEND)

A, BHGIRVEBIODED1—ILELTOFA

B.

LLMZZ R T —2 D YE Rk ZF| F

a.

b.

Data Augmentation (7—%¥5L5E)

i. Rephrasing(S L i#t%)

i. Captioning(F+T3=2%)
Knowledge Retrieval (£05$8 H)

i. Extrapolating (§}4&)

Condition

Input ——

*

Pretrained
LLMs — Output

C.

LLM®fine—tuning

a.
b.

Parser (7 \—1")
Internal Knwoledge Extrapolation (PRBAI&NEE 4} 38)

Input

—

(Pretrained)

LLMs —— Output
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A. BHGIRVERI=ODED1—ILELTOFA

Bk B4R DLLMOZEIE R (FE), EARNLRI AT LS
Keywords: A AGPT (MetaGPT), Embodied Al, Agents, Visual Programming
MECLITERETSA:

o FAUEFEDVATLERFTODIXIE?

o HBLLMIZEALIERELTLS? (EALEEFZLTLS?)

o 1—H—T4—FN\YOEZRYANTNSEM?

o FHI—Tx hOHREERZFMLTLEN?
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B. LLMZHEhT—24ERLIZFI A

Bk : LLMZE>TEERT 525
Keywords: via LLMs, using LLMs, LLM-Augmented, Knowledge
FHI SR
o LLMDZE
o Data Augmentation (T —4#5L5E)
m Rephrasing(§ LMt Z)
m Captioning(Fv 7T 3=2%)
o Knowledge Retrieval (ENZ&8H)
m Extrapolating (¥}$&)
o LIMIZEDKIHETESZATLNDM?
o FETRICEDLKLWEAGRAAVFENA-TILNS ? (J—ILTLVEL?)
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C. LLM®fine-tuning

Bk : LLMTEZELWLWARIDT—2ZHAEL:, LLMOERETE I kLT
Keywords : Instruction Tuning, AAGPT, OOLLM ({51 : PoseGPT)
FEITAHR:
o FET—AELSPOTHELR?
o LLMOERGEHCIXRIEHD?
o CDXITNILIEREZRLTNS?
o KRHDARVIIfEITSH?
o KHMVFADEHIZKIETES?
o RHDIKRICHIGTES?
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Computer Vision[ZH T3
Prompting



Prompting

Prompting& (&

ETILIZIETOAN prompt) ZEZTHEDERIE

EITSEAHIE

Bl :ChatGPTICHERXZ A AL T HEDIEVIET HREVLIRGEZITHLES

&)

&

T OXEZREICRL T ZE W,

BAOEIERRT, 75V RAOEHIF/CY T,
The capital of Japan is Tokyo, and the capital of France is Paris.
FAYDOERFEZTIMN?

FAUDOEEETY Y hrDLC.TY,

il

cvpaper.challenge

ZOERICDOVWTHAL T EE W,

6] ZOE&RIE. Tcvpaper.challenge; EWSEROOITY, OTDFTHA Vg, THEDOEE UIc#EEY
DESICRZET. BHOKFLR A VHUGFHNEHREEHM L. IAROEREZRLTWET, IHK
FTL—ORETEHIMTED, RENICBAN TS, THICIE Tcvpaper.challenge; &WSFF R hAY
REBEINTWET, COOTE, IVE1—9EYaVICEESZFrLyIPaAVRTryavaERrBL
TWBTEEMAH D £,

ChatGPT 4ol{§ "XZEA S

ChatGPT 4olCE{&EIETRXEA S
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Prompt®D %38

CVAEFIZEWWTERINSPromptid22IZ7 5 d
1. Hard Prompt: BRI CREIESNT=FETRP AN, —ARBIC AR AER

(2) Create dataset classifier from label text

bird

(3) Use for zero-shot prediction

A photo of

a {object}.

\\\;;;\\\w

Image
Encoder

Y

//,fiiifii/J

— > [1

Y

Y Y

T,

W || T

TN

IL'Ty

I'T, | II'T3

I' Ty

4

A photo of
a aog.

2ET—A
E{& L2 D EREA ("Pepper the aussie pup”)

TANT—2D—HI:
E{REMIRU TR (“dog”)

— “A photo of a {label}.”®D k5%
JaVIrDTUTL—rERNT
B EE(label)2 X9 4HZLT
T—REDFyTEED,
EBMEFLZLICEEZMR L,
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Prompt®D %38

CVAFIZEWTHERINSPromptld2DIZ2 165
2. Soft Prompt: ZERIRELANIRIL, —fREIICABHAEEIRTELVRIR

Caltech101 Prompt
a [CLASS].

a photo of [CLASS].

a photo of a [CLASS].
[V11 [V]; ... [V]m [CLASS].
(a)

Describable Textures (DTD) Prompt
; a photo of a [CLASS].

[CLASS] texture.

[V]1 [V]: ... [VIm [CLASS].
(c)

a photo of a [CLASS] texture.

Accuracy
82.68

80.81
86.29

91.83

Accuracy
39.83

40.25
42.32

63.58

Flowers102

EuroSAT

Prompt
a photo of a [CLASS].

a flower photo of a [CLASS].
a photo of a [CLASS], a type of flower.

[VI1 [V]; ... [VIm [CLASS].
(b)
Prompt
a photo of a [CLASS].

a satellite photo of [CLASS].
a centered satellite photo of [CLASS].

(V1 [V] ... [VIm [CLASS].
(d)

Accuracy
60.86

581 Hard prompt
66.14

94.51

Accuracy
24.17

3746 Hard prom pt
37.56

83.53

ll
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https://arxiv.org/pdf/2109.01134

Prompt®D %38

Hard Prompt&Soft Prompt®;&(»

Hard Prompt

Soft Prompt

ERLTS i& ADRRYIZIGCTERET ETILNEE
M - WIS &L =0
(BRIIZIGE LTz promptDBERETA W | (FiT=E2RVIZIECTETIILHEIR
=) [ZpromptZ %)
fEFR S0 &L
(ABIAZREILTWWAT=®. O Tk | (BIERIRILELTERESN D=6,
DEKROCERMNEHZLOTLY) ABIDEEBERT S EITHLLY)
i FA 451 FoTa ER. IARE zero-shot# & | s FH

(BAESNI-IERBBEHEZRY )

RET—2F-LBRAO~ADES )

ll

cvpaper.challenge 86



Hard Prompt(ZDULNT

Hard Prompt® %> %8
1.  Text Prompt
- THXANDAHZEANET S
-EHBRICEAT ABRARENGFERLTEFANTAR
Bl: X 5T YERDINDOTAU TR R D EE

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. S e
The sport utility vehicle is parked in the public garage, being packed for a tripfs D =g
Some people with luggage near a van that is transporting it. - rli’-’ -

Context type 2: Boxes Vg e
person: [0.681, 0.242, 0.774, 0.694], backpack: [0.384, 0.696, 0.485, 0.914], suitcase: ...<omitted>

LLaVA

ll
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https://arxiv.org/pdf/2304.08485

Hard Prompt(ZDULNT

Hard Prompt® %> %8
2. Visual Prompt

ERPEBGE BRWGESL)T4ZAS
Bl SREBREADL, EOERZH-LERICEEZ TS

BERICKRHGEZMASET HEDHEBISERSES

~ Render an image of the [refi#1] vase that depicts the caption, adopting the |

style of [ref#2] style image : a vase with flowers on to

[ref#1] vase

[ref#2] style image

' Create an image of an [refi#1] actionfigure, outlined as the [ref#2] edge

map, and reflect the caption: an actio:

[ref#1] actionfigure

ure stand next to a slee
[ref#2] edge map

Instruct-lImagen

do,

Instruct-
Imagen
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Kosmos-2: Grounding Multimodal Large Language Models to the World (ICLR 2024)

BE: WEROMEZZHL . TFRANMERBEHARISHU DTSR AZHOVILFE—FLRRESEETILOR
E 3

Fi&: KERGERETF A Dgrounding N7 T —2EBEL. SRR, HERDMLLMAEFEL TV
groundingD 1t REZ M LS WA LEEZEL R (BROEEELL TRLUMEREH NI D) SEE/REICL =,

R BLDEFVUAN)—LRRTEBN-IEREEER.

Input Prompt

Grounding

Question: How many cows are Question: What does the

[a campfire](<loc,> <locyg97>)
here? Answer: sign say? Answer:

The sign says "Welcome to
Carnaby Street."

" 7!
}
u‘m%a

present in the image.

Kosmos-2: Multimodal Large Language Model

[It](<loc,,> <locgss>) sits next to

Completion

Referring

i || |

ll
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Learning to Localize Objects Improves Spatial Reasoning in Visual-LLMs

o = :V-LLMs (BLIP-2%5LLaVA) CRLE FRIGEDEMM)) —X =0T %1T5LE, EDLSL
MERIRAN—FBERLVON? TXARAMAVWVHMERBIZDOVLTIER.

o HRAVM INIEREE, BYMRE, 7TUoHh—DoDERIZLEEREEALI=ESS, BHREN
— BB I=(HFYEDLLLELD). T, FET—FIZIIMAENFEELLGLVNNEZ—28E6H
A ET, HallucinationMHIZ 5 5.

T4 .; I Quory‘Des b[1y1x2y2]
locatio

Ours: A blue plaid blanket
behind a teddy bear.

—

| uery: wrich sid ortre CR | GQA (Acc) | RD (METEOR) | A-QA (Acc)

potted plant is the stove?

.....

gt NFP 46.1 19.6 37.1
eblidiotobidti IVB 473 20.7 374
- DIGA 47.0 20.8 373

Table 2. Ablation on Coordinate Representation (CR) methods:
we compare each of the three proposed CR variants, namely nor-
malized floating point values (NFP), integer valued binning (IVB),
and deviation from image-grid based anchors (DIGA).

F'gur e 1. We illustrate one unique blty of our model: contextual
region description (top). Note the contextual information used in
describing the selected region in ea hlmg Explicitly teaching
localization to Visual-LLMs also 1mp spatial awareness in
VQA settings (bottom). Color box lyf r illustration purposes.

ll
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GPT4Rol: Instruction Tuning Large Language Model on Region-of-Interest (arXiv 2023)

BE: DB RIDNDSEZELCERMNGIEROBEAICELY ., BRISHLTIYVEDLLLANIILTORIILFE—S
IWEBRERE, TXARND T4 TR REF AL R EEMATEEIZ,

Fik: RolAlign| Tk A4 2R T k> TA—H — 1B RICEEN DRI G T D BB DIFHE EHEICHE ., 1RE
MR EEEFROBEEHEZRDA-ODEEFEHEFEOBNET LA —F— B R~DEKEEZTDH L=
Mend-to—endGTFEEF [CKY | BHELGHERIRIANDX ISZEAREIZT B,

R RIICEEINZIMADBOBREIMBTHIEMNTES, Visual Commonsense Reasoning CHE LVEES
£,

\ Please provide a detailed description of the <region1> and
pr— Region Feature <region2>. What was <region1> doing before <region3>
St Extractor touched him?

4 r

Tokenization &
Embedding

""""

£7 — g|—( 0008080000084 |
Py l

s < 4 ‘ LLM > ’

ll
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What does CLIP know about a red circle? Visual prompt engineering for VLMs (ICCV 2023)

BE: EEGLICHRVHAZAE5TBE0SHT=%visual promptDE A [ZLDT. CLIPMDzero-shot referring
expressions{keypoint localization|ZH [TH M EEZFIER L 1=,

Fi&k: TXANTOVTIOEGN SOV TUEMEEE TG FOAZFIATHIET, BEROITHAME
HERFLOD EROBEDEBRISERZMITSELHIENTES, FLAIXCLIPEEROT—4tvbRIZE
BFENTVWV O ORI PR ELEERL TERHESNL LT LY,

$EBR : zero—shot referring expressions{°keypoint localization|ZE WLV TEULMEREZ ZERLT-c COFEDEMMEITK
MBELGT—2ybEDav I a—RIZEVWTENA LTV, ETILORBEIZIINATANEENTEY., KFLVET
FEo= AVIEIILFEZFCITAFBABELTERMINOT LY,

Classification Referring exressmns comprehension

murderer
missing person
man

woman

woman
man

missing person
murderer

missing person
woman
murderer
man

L

This is an
image of a

Lol o
P D2
Ll ol ol o

ll
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ViP-LLaVA: Making Large Multimodal Models Understand Arbitrary Visual Prompts(CVPR 2024)

BE: ARG —h—270 T L THIAT HZET, A—F—DJL IR AU 3—DJ1—REESHRE D HELE

HfEEWmIL,

PR ET LA LRBEDOY—H—IIR IS EEE,

FFZ:TINIT7ILUTAVTIZEDTIY—h—42EBICER AL ET-EBEZCLIPCEAE , ZOMCLIPD F 45
#FATHETIY—H—DEHFRIE, T—H—IAHDERIZFH L TGPT-AVER W =AU 2593 AV AT HE.

FEH - Visual7W. PointQA. Visual Commonsense ReasoningZi & D FEIHIEAEZF X TSoTA,

@ :The person marked with the red arrow is holding a
green flag. This flag is used for ...

Large Multimodal Model

Visual Prompt

DNEEEE

Text Prompt

@ : What is the
person marked
with the red arrow
holding?

1991

Among the regions with red, blue, and green ‘:vlr'
circles, which two share the same content?

The two regions with the same content are the
red and blue circles. Both circles contain a train.

ll
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Prompting [CH T 5EBIEERDEAA

ORE T
o MEEEEZ(EL.ATETXANTOVIRELTERS
o LLMARSCEDTESHKX(BAERE) THY. BEIFEDMultimodal LLMIZHHAIAAX5F LY
o (MEMFREEICYEOEFZRMELGEELH R
o T2DDRIVELLEL TpromptD FTEEIZIEIRITS

@ PiATEE
o EHEBADYEKDINDUTAVTRYIRAEEIEDalignmentZERS
o EgEeREFvITIarKULEMLIERNIRGTES
o WEREEBOHAERYHT-OH. ATFAMERAEZL LT LY

@ ~w—4
o NVXKHILGZEDYT—Y(HR)EANERIZEMT S
o EEEEOITIAMERETEL-WVEEDEREZFERICRGTES
o 1DNERBRIZHLTHALTOVTFAAETES
o HBEYEADIT—IUDFEIXIRFF A THREE

ll
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Prompting [CH T 5EBIEERDEAA

e HENDE=

B EF v T arDXEIZHITHERILREER
XEFMNEFREHRSODIZHEY B4
EEIEALHELLVEZEHD

O O O

o LODEEIAZREMN?
o TXRb. WREE. v —UHKIZ2023F LIEIZERTELAH D
o ARIIZHITIEHMEEZETHIETI—IDFELIBRSZES?

o SHDAMRTM
o ARIPEBRIZEL-EEOREOCY—F B TITS
m BUETEEMNICEIERIATOHEGWNS, BRICEDLZIEREEZBE TSI S
o ADEMEICEETAY—FX Y TIEEFICRASIE S G EBEH 5T 5L
o WMARIZZEB LT SprompthiZ =8, BZRMEGEITEE L zpromptDEE
m BREEFRTIENLGE (O—2F3T120LELN?)

ll
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Prompt x Segmentation

Segmentation& [
B EYMREIECEIZHET BRI, ET9ILEIZYMERISRAFENY Y TEHIETHEIZESE,
promptZE AL=HGE . ANIFEE+TFAMETR or SHRERELDZEMNZ LY (Hard Prompt)

Segmentation|ZPromptZ=# A3 5E R -HH

D BHERERERADOLI—F—ANICRHIETERAEATITATHETIVEREET L=

Q REDINIAAET—2EEDHEHIENHLLY

@ ETIWERRDT—ROH R AN VIZHEIGSEOT LY

@ TRV TTAVTIZE > TEMMBOPERE 525N TEE

® 1—F—ILURY—73EE
(FHEAMEROSSOTOL TP IV S TUL T ERAIET BMBOHELATEOY LT LY

ll
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Prompt x Segmentation DFEED HFtE

D HRBEANBEADORE (TXRE, A, EEEE)
— ZLOTHRIRY - T TV r—a0~DiEH

@ TILFE—FIIEAAND
> ZFEFYTADREAZEFNL, —F—DERITASEELE I AT—230%FE]

Q@ HFEDNDT—REINDHAETARX
— VLMBADBEE IV ELL, promptBERSH SN Eprompt/2BE T HEBMED 2 —ILDHFDFE TEH

ll
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Segment Anything (ICCV 2023)

BE: 2 A T—2a 3R 027V TR EHEEAL., ¥ A0 T—2aV RITORBET )L (Segment
Anything Model; SAM) & KiR#ELT—42t vk (SA-1B) Z4ERL, SAMIE f *BBox* YR TX AL T- B4R THE
BREDHAIADITH LR RAOEHR DT BRIENTES,

T : promptablelE S AT —230 EVWVSEFTT-HAROFBEL T, ZLDRARI(Zzero—shot TR T=HEEE
TILERBE, BEOT 3TV VI > TRBELGT—4 2y EEMICHEE,

FiHEBIO—4-TJO T a—F RO TA—EIDSHEV T IVEETILETOVTMIE DT AV

T—YavBREBLTERIFE,

HR: BRALETRAR (TyokH . WMREEIRERLE) (XL Tzero—shot TH L V4 RE

valid mask

model
-~ N
o °© cat with
o black ears
segmentation prompt image

(a) Task: promptable segmentation

valid mask
t

lightweight mask decoder

1

image
encoder
prompt
encoder
prompt image

(b) Model: Segment Anything Model (SAM)

E-of=,

’—> annotate —l

model data
L g 1

Segment Anything 1B (SA-1B):

* 1+ billion masks

* 11 million images
* privacy respecting
* licensed images

(c) Data: data engine (top) & dataset (bottom)

ll
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SegPrompt: Boosting Open-World Segmentation via Category-Level Prompt Learning (ICCV 2023)

BE: h73VERERELODDISRIZEKELLEWET A T—2a e hE R ESERZFEE FEFIREL.
Open-world instance segmentation CELFFZ& L RIS EEZER, EHFADKRERMLI=-FT-LERXFIT—9
DRFEIZKY,. ETILOXRRDOATIVERE T HRENEEHFRITEL S FYA TER@ELT =,

PR hTOVBEREAVARIV AR ARIERIZERLI=-TOV T2 2B ICRAWAZET,. BRELR T AL T—
A HFEH, "Known”, "Seen”, “Unseen” D IR ILEF DT —RAEIREREBEL. ETILDORREDA T Oz IMER
HI DMREZF T, "Unseen” DI TRAETAMZIDAERTHET, BEIEMRIZE (T Hleakage DFRREIZR AL,
Fik: ATIILRILOTAV T EFERLEEER IZEYISREREFEO I A T—a EEhER L,

BR:BAOATIVERMOATIUOEATET AoT—a kxR L,

M@z

Image H

rounme: 1 i
[J Known category (glass, bowl, etc.) Unseen category (hair curler, etc.) i [D D - D] “:l D D] [I:‘ I:‘ : D] |

H 1
i |
["] Seen category (candle, candle holder, etc.) | Example Queries ! Vocabulary Queries ! Class-agnostic Queries i
Unknown category A 55
h

(a) Overall architecture of SegPrompt

X-Decoder Ours

= cvpaper.challenge 102
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Image Segmentation Using Text and Image Prompts (CVPR 2022)

BE: CLIPERAWLVEIL XTI zero/one—shot 2 AT —3 0 O AT LDEEE,

R OV —R0770—FOEBIZEY., IEBEAETILAREDA T O IORNISAPHITYIZHIGT
BHEMEIBEIZHE STz, CLIPE T AV T—2 3> DS ( CLIPSeg) IZKY .. THFRNEEBERADTOVTRZED
BT AT—a3 Nl gEEtoT=,
Fik: CLIPUNYIR—U) ENSURTA—T—AR—ZADTA—Z (BT A T30 RVER) EHAEDHEBT
ET RRABTOVTMIRIGAIREG T AT — 3 %R,

BR: DEULshotTOET A T—aV 2R IIZENWTEWMEREZE o=, —iBESh =0T IZHEEL . LDt
G A T—a BRI IZEIRIIC RS L=,

query

support

: text prompt —_— SEN— I CLIP
or Transformer
 visual ~ / query
- prompt ; - Vs i l segmentation
o CLIP Visual CLIPSeg (our)
; Transformer Dec‘oder m
query > -

generalized prompts

aaaaaaaa
ooooooooooooooooooooooooooooooooooooooooooooooooooooooo

ttttttttttttttttttttttttttttttttttttttttttt

ccccccccccccccc

a surface.
B

plidas L]¢

.1

ll
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Customizing Segmentation Foundation Model via Prompt Learning for Instance Segmentation

(arXiv 2024)

BEE - Segment Anything Model (SAM)Z 21— —NENZRMTEBDLSICHREITAL X,

R OV TFEEESA— L (PLM) ERAURIYFUTED 12— )L (PMM) DB AIZKY . SAMTIE s HVEE
LW\ BB GIREBEO T —3I~NDORIGOHEDA T IMD T AV MEEER,

Fik: PLMTIE., BHRIZANSN=mh S EZEZ®T A T—230FT 500 (H: EIREE. BER2ATIILLEET)
[ZDWT, A—H—DT4—F N\ OZEITFAEEITO. PMMTIE, BT A T—3 R RIDERET—42 YA
BITAEREIRIIZ—HSELHETHYFEEEITI,

BR - BHOAVREIVRAET A T—30 ) A TEWVMEEEZER,

eeeeennnnn

B, | U g () Ground truth
'l" Semantically Different Object Segmentation
Instance 3
o T P@O@@Wﬂﬂlﬂ
I Prompt-Insensitive Customized Instance Segmentation }‘”
Proposed Method
e — Q@@@@ﬁﬂﬂﬂﬂ
Adjusting prompt ¢—9 Point-wise feature @ SAMsPLM
feature for customized ‘t enhancement for
[:GT | Estimated L f ‘

O )SAM +++++++

Segmentation
Foundation Model
s

(ll»)
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Hard Prompting®D 4 #

(1 Hard Prompting (43 (ZVisual Prompting) (7 U4 —< 3> THRYUSKEITS
A—HY—A RSO T4 HIRETIL, AR Zprompt A HRLNAOTF LY
-FFERASNDY—ILBKRIZHAATEND

— BRABERRADI—H—AHEChatGPTREDY— L BANREBTED LIS
EREINzAA—D1—X
= Y=V DEIGRABERFRNTFANMIBL RSN S

@ BRERMEHR/IRIZIZDOULTE. Visual PromptinghMBRIIKRIZEH SR
- KIREET )L Dzero-shottEREIZIZRY A H S
ARV EEFELETOE M ABAE T (A
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Soft Prompting(Z2DULYT

Soft Prompting& [
FEEREGEANTRIL (soft prompt) ZET LD AAPLHEBITEMT LT, FRIFEFAHETILE
MEMITHEDIRVIZHEIRSEDFENIL,
A A= ELTIE, ChatGPTIZHRE D FRVERMNE DRICE A SFMGIE R PEVMIEERIIL
ELTEELTLSRL,

= Transformer Encoder Layer Ly

o Transformer Encoder Layer Lz

Transformer Encoder Layer Ly

| B3 Transformer Encoder Layer

0 P, - E, ) Xo Py h E )
(a) Visual-Prompt Tuning: Deep (b) Visual-Prompt Tuning: Shallow

Visual Prompt Tuning

ll
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https://arxiv.org/abs/2203.12119

Soft Prompting&Z CVAEDARIICBATHER-HH

D KBELETILEREIR IR IGSEBEEICAEY P EaARNENZ 5168
@ Hard PromptE Rtk HFED AR I T AV TXAROERMYZIRE
@ Hard Prompt& X EEY AR I4E DpromptEzF I THET T AFRIAHIMSELY

@ Hard Prompt& X E27%Y 2R VE R DEHREEINIZFEE TES-O . HRLILERARYIC
KYFEBIHIETHENTES

® Soft PromptlZ[&, ZRVIKFLLGVVARMNGRENEENTLAILITMA , KIREGERTFE
ETIVERABROLETHASND O HBFHIZKREDT —2 TR L TEMRMICHIETES

ll
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Learning to Prompt for Vision-Language Models (IJCV 2022)

BE: CLIPIZHE (570 T gt Fi% TH S Context Optimization (CoOp)FIRE,

PR OV T T )T IFEMEBEN T FRAMUDEMMNEBEZNELT S, FCC NLPOERESZE(C
Soft PromptZ B A3 AZET. CLIPOZAYTRIUO =7 D EENME - RIEEEIR,

Fik: 7O TRDcontext words (FAVTRDXARER KT B1=OIZFERAINBZEEPTIL—X) F 2 EAIHELERY
FILTETIVEEL., ZRIEETEHCLIPONSA—ZIIEEL TEEE1TI, context words(EfEi—LI=15E VTR
BDLDZFRAW-IEED2EEETRHE,

HER 1EDTRARITEREFEF LEl>1-, Few-shot TOFEELRIVANAMELRLT=,

Caltech101 Prompt Accuracy I leamable context !
a [CLASS]. 82.68 i Vh | V2 | = | MIw ||| [cLass] . text encoder
a photo of [CLASS]. 80.81
a photo of a [CLASS]. 86.29 PR — .
[V]1[V]; ... [VIm [CLASS]. 91.83 text
_— features

context words

RO ETHEENT=E 5 HHard Prompt (BE7FF %)
FECHEFENT=ER D HSoft Prompt (1IREF %)

similarity

image k
features maximize the score for the

ground-truth class

image encoder

ll
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Visual Prompt Tuning(ECCV 2022)

BE NLPOTOVTNF 12— BiffIE B EZ/ T, KRB TransformerET ILEIRE R RIS A 2 G
SBBA=HDHFHLWFLETEH A Visual Prompt Tuning (VPT) Zi2=E,

IR Full fine—tuninglZ/N\SA—2FRET HARMEL, ETILD —EBD HDfine—tuninglLFull fine—tuning& Ltk
BLTHRENS D, VPTTIE, LEDNSTA—FTHVEREEZER,

Fik: ANZERIZDEDEIRVER DFB AR/ VT A—2 (Soft Prompt) B AL . /\wIR—VIXEELT

fine—tuningZ {1 & T BHIFE B FAETILEREIRVIZHRMIZEILSE S,

R 24BEDTREARIT, BEOEBEE FEZF LEY . 20802 X THull fine—tuningZ LB >71-,

Backbone-oriented:
Backbone Q Sidetune
O Adapter
/A Bias

|
y 4

(a) Existing tuning protocols

Linear
Partial
A wLP

™ Tuned Frozen

¢ Head
®
Full
Backbone
w5

I
P

(b) Visual-Prompt Tuning (VPT)

o

Relative acc. gain w.r.t.
full fine-tuning (%)

-80

(c) Results on visual classification tasks

Tunable parameters (%)

4 Full O Sidetune
@ Linear O Adapter
Bl Partial A Bias
A MLP % VPT (ours)
102 10! 10° 101 10?

ll
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Convolutional Visual Prompt for Robust Visual Perception (NeurlPS 2023)

BE: TXMFICREMOOD (M) o T IVICHEE T BT DIRIMEINA T RELTEAAAHEBEEZERTS
convolutional visual prompts(CVP)ZigE

Fi%: VisionFR T DRI/ NA T RAELTHIILTULNAS., CovolutionZFIFAL TS, ChIZkY . FAVTRD /135 A
A DD T O TR TALELIE-TLNS,

R —REEEIESNTUE LD prompt TR T, FEAXMI%LLT & AL EROBKIE (00D) DY T )L
(XL COERMEEEMICE VN TEDLER

Testing Phase

Clean Image Self-Supervised
Convolutional Prompt

Contrastive ™~
Embeddings

g

Corrupted Image Corrupted Image
Figure 7

ll
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When Visual Prompt Tuning Meets Source-Free Domain Adaptive Semantic Segmentation (NeurlPS
2023)

BE: ZEGE LR AV BIG R TAvI T A T—230 (V—RARAL VTEBINTIZETILE . V—RARAOD
T—RIEHLT (2, 3—FT YRR AL DT —EDAHERNTHEIGIEDIRT) Z1T51=8I1Z. Visual Prompt Tuning
Z F|FH L 1=Universal Unsuperivised Visual Prompt TuningZigE

FiE: KD FETIE, RYET—U 2K % ine-tuningg 2IELAHY S M THo1=H. KFETILVisual Prompt
TuningD&H D= BE2ILIZHETI,. © AAR—=I20EIRILLRIILDOEFH D LS5H— R IZEHIN SVisual
prompt TlX, RERVIZE RGMBEFHEEIZFE T HEIEXTELL,, @ Visual Promptld, Y—REF—4S yREDF
A oX oy THBOL-DIZHRHEINIIAET—E2FHELTSH, D DOOREICEICRYEAT,

HER: BRI FRLLEERLT, SOTA
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Prompt Pre-Training with Twenty-Thousand Classes for Open-Vocabulary Visual Recognition (NeurlPS
2023)

BEE : ImageNet-21KT—2tybEHWNT, VIOV TR EHRIFEE T HPOMPELNS FAFIRE, COFETIE,
8 275 VisionF R | Zzero—shot CHEER A A BEE TS D,

Fik: ImageNet-21KTHRIFEB S B ADILENGIRM O NE=-0. FEHEDOF LT IILT) X LPOMPEIR
Z . POMPIE K=<, local contrast&local correction ZDNEZEMNSLEDB, BIEILX. RATATISRADHYT)Y
47 1Z&Yconstastive learningd 295 AMZFHIF . BE L. RATATIVTADELERATERAEL., N(TRAER
bt

$58 - Open—vocabularyBE D58 Tav o T AT—230 MERBREBORF—IT—IIZEWVTHEFX
DEREZ KIEIZEE

Prompt Pre-Training (Stage 1) »
J—— Learnable °7 % Frozen
I [TIT]  contrastive . E
|| = Loss +—[]+—|"Image |e—
Encoder

Prompt [eker] % Text
i — oder

@ Previous SOTA @==s POMP (Ours) g
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Dynamic Prompt Learning; Addressing Cross-Attention Leakage for Text-Based Image Editing (NeurlPS
2023)

BEE : textIZ& Himage editingZ AV TlE, TFAMTCHEELTOWEWEM(BEHGE) L EBLTLESME (ER) A
Ho1=. COREIEDIRAMIZIREEIL. cross attentionBHitarget object A9 D FEIZK -+ E2 > TattentionL TLESIZ &
[Z&HBHEL. DPL(BIMT OV TREE) EVWVSFEFIRE,

Fi&: BRAICBEAETIHMN—U FEA & 2DDBEREHITMASFEZTRE, ZD2DEXEF. 2—T VMY
KL DA DattetionD N ER LT HERXEET R DattentionDFNEFHCIEEXTH DS,

R RALTEGTIHESh ., EEM - EEMICLEN-FEREZET-.

Prompt: a cat and a dog pix2pix-zero GSAM inpaint InstructPix2Pix Plug-and-Play =~ NTI +P2P DPL + P2P

' 3&&3»»» :
ﬁﬁm & {

Editing Image

Caption

‘' A puppy and a rabbit*"

Embedding Lookup ‘

@‘“n;ll-texl

Allow for gradient ——3  Our DPL «-+»  Null-text Inversion «-» Updated
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Soft Prompting®D 4 #

D) ZLDARAAT1ESoft PromptinglZEBELYTLK
"ANFTTOVTEHRETTHLDRER
Bk RIFARVIZEAT B ENARE

@ 3DIRIE (HE) ~DILH
— RAETEBED B L Vsoft promptingld . FE T—2HBEBoN =R BT L TERIZELSD TIFELD
(T—EANEFLOTUVEBFAVKYEE VAT RIELSS ?)

@ soft promptD P TH, promptDFEEN T RIS TLK
- RBEARVIZE T Hprompt 2T BEEE S DEIENH S

— BifiilCtoken& L Tpromptz 5 25D TIF7%GL, BHRAHA X prompt&EL\oT-ImiREI/ N1 T X%
EFLFIHLzpromptDEENEZ NS ?
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Computer Vision[ZH T3

In-context learning



In-context learning

In—context learning& (&

BZHOEEF O T—2tyrE AW EBINEE Ofine—tunningZ2{TH T 2. 25N =ADFHIMNS

EEFEITIRERINCL

o LLMAE Dtransformerr—ADETILIZRENS
o RH—ULGHINMYIID(BETILINGA—E FETF—ANKEWNFEENENTEE)

Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French:
sea otter => loutre de mer
peppermint => menthe poivrée
plush girafe => girafe peluche

cheese =>

In—context learning® 45|

(Few—shot prompting)

task description

examples

prompt

Accuracy

Aggregate Performance Across Benchmarks

100
+— Few Shot

—e— One Shot
80 —e— Zero Shot

60
40 - =
20

818 04B 08B 13B 26B 678 13B

Parameters in LM (Billions)

Rr—U 58|

ll
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https://arxiv.org/pdf/2005.14165
https://arxiv.org/pdf/2005.14165

In-context learningZCVHR D 2R VICH AT HER-HA

D DU TILDNSDREE N EEL D=0, T—2INELESIANY VT DAXMNEHEHIFTES
@ BB EOCAIRZEDHRERIEL. ETILAFHT=HLR AL DORRITEHLAOTLT S
@ BE—DETIINHFEREEIRIIZEREHICHIETE=S L3255

@ BRIFBF N KIBEET )L ZIn-context learningD HlA T/ERT A ET. EFETIIRIGHARE TH-
T-EHLEARIIZERILT HENTES

® ANAVTFRAMIGCTEEIZIGEEFERT B=H. VT IVEAL LTDERIETHAHE
— A—HY—A A=D1 —RAOAEZSI)TATE AT LTOILEEN AL

® LPEBINSD—RILEVNSTTO—FIEABDFEELRARTHSI-. ERMGET LA HVATEE
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In-context learning M F&E M 75 M1k

o W IL—LIT—OUDIRE
o LLMAYEEDIn—context learningZF| 9 . A2ET JL Tln—context learningZ 15
m SINC: Self-Supervised In—-Context Learning for Vision—Language Tasks

o ENTNDOEAKE (BEBREME. /3yF . ¥K) Bln-context learning|Z 5 2 522 B4 AE
B  Im—Promptu: In-Context Composition from Image Prompts
e In—context learningl”HE LT E R AR AFHIIZRET HIREE
o FURLYUT)TRYLENT BEERBHERDIL—LT—IU%FRE
m  What Makes Good Examples for Visual In—Context Learning?
m Exploring Diverse In—Context Configurations for Image Captioning

o HIBRRI~DEA
o XNEFHiH.DAMIER, BEREE. O — ERLGE

m [CL-D3IE: In-Context Learning with Diverse Demonstrations Updating for Document Information Extraction

m Explore In-Context Learning for 3D Point Cloud Understanding
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SINC: Self-Supervised In-Context Learning for Vision-Language Tasks (ICCV 2023)

BE: LLMAEZD R NI R—a G E) R E S EBIRVICHEXEZHARet%iEH . BCHEMHYF
BEBLTAIETIZFINGET HTL—LT—OFIRZEL., F11=7%% In—context learningZF 3= 1],

P LLMIZCRTET BDln—context learning ICL)Z{EHAE T . A3 ETILEZHATICLORE N ZFE R T HFEFIR
E IREFEI.AVETATHENIZEZETTE, AABENEL UTILEAA LNIEE AT EE,

Fi&: AIRVDERFIEERICTHEZWIRIDEFHEBEANEL, AFETIVEEE AFETIVICANT 5455
X B SN-ERIFEFAETILEZELTEZLTLS,

R BHOCVARITHREFEE LS BEEEZER.

Multi-Source Data Representation LT_] Learnable Frozen 3k - Generalizable Classifier

Learnable Frozen # pa—
[ Multi-Source Feature Fuser Msta-Model o+ i
@@ﬁéﬁﬁﬁlﬁlﬁﬁﬁlﬁliﬁ] N [

* * """"""""" Prediction ~ Task Label Representations

LM VLM Leamab'
[ Meta MOdeI ] [ ][ F [ ctor | [{DemonstrationFormation Sample sequences and extract features Token = I T i T T
— In-Demo
=2 = Self-Supervision Construction
=Ee— Swing seve IR serve Swing

[ VM ] [ LM ][ VLM ] || 8 N R

erve t7| ty D ‘A :"")l.‘“

£t . = ==

Image Text Image-Text
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Im-Promptu: In-Context Composition from Image Prompts (NeurlPS 2023)

BEE : Vision2 X J1ZIn—context learningZ FALYA Z & T, XARAYAE (in—context generalization) DAAIRED, F1=. R
IEZATIICIEE D LSEERERAE (RIPMLRE., N\ FRF. AT IRRAVLFE) NELD D,

EE: D Vision EF DIn—context learningBE N BITE T A=OIZ3DT—FEVrEEA 2 In-context leaningZ
ERXIE @ BLUABHAMEDETIL(ZT—IzU M) E6DIREL. 3IDDARY (FR Y5 ME:task extrapolation, $iA&

HHEN1E: combinatorial generalization, X E{k 38 &

& 1REE

18 MDA Rk: generating counterfactual images) TIREIL—Y TV

BR: OFBRILEI -V ME, FRIMENETF, @ Object Centric’d/ N\ A 7 RAEHARKIZEETHET IV
(X, A IRA DimplicitiT IR - O—/N\ILIEEI T4y — B L= DA RE, QvisionDIn—context
leaningZ{T571=8IZ(X, EFBET L LBl #kcross attention N EE,

l Translate English to French |Modify blue object to green object
1 J

'
sea otter => loutre de mer |

plush girafe => girafe peluche l

'
peppermint => menthe poivrée : @
rge Language i
e '
'
'
'
'
I E
'
'
'
'
'
'
L

cheese => {le fromage}

[
=
v
T
Support

Prompts
Visual

In Context

Primitive Tasks

Composite Tasks

1{“}/
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What Makes Good Examples for Visual In-Context Learning? (NeurlPS 2023)

BEE : CVARX YU TDIn-context learninglZ & AMERER LAY, S A& FT S E2HEZEL. BULMIIFER-TL A=
ODEBLEFEE2DRELI-RX

P : In—context learninglZHEWVT., FRARVIZETBNITA—IORIEEZBHIZBRTH LI BEFEDOAHE
TIEEYETAVTrDORSTHARE, OV TN HETHRATIIL—LT—HEEE,

Fik: - BEMGLFEZWBEITYDFELE) EHENHY FiE (GULVNTA—I U RETRTHIEARLNVNNTHF—T U RETR
FTHIZEBHABEE)DZDFRE

#5 8 In-context learning® Y T )L, BERHYFE > HERELFE > SUF LY UTY T DNEICHEREN R
B EHTERR

Query (test)

Foreground segmentation (mloU) Average |- Standard deviation

- - 4
F G
- A d

S a
o c
a5

BEle

rnable

Figure 2: Overview of the supervised prompt retrieval method. The main idea is to compute the
in-context learning result for each source example, and pick those with the highest/lowest results to
form a positive/negative set for contrastive learning.

(a) Visual in-context learning is sensitive to prompt selection (b) Prompt retrieval for visual in-context learning

ll
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Exploring Diverse In-Context Configurations for Image Captioning (NeurlPS 2023)

BE: BB vT a3 J I8 T5EBEF YTV DRRNNTA—I U RIZHEZH2EZHE

PR BIFERR T BR-TXRAMTORBISUA LY T T DHEFER. 4D DEGEREIRE4DD
FrTa E|Y Y THEREEEL, RE-SE P EFIZH T BIn-context learningD 451 % fiZEA,
(BEMRBIREAR) SUF LY TV T  FEUER—X DO EG-BEBRER.
FALER—RDEG-FrTa kR, SHREICEDI(EGR-EBRRE
(¥ Ta EY LU THER) T SOURMIIL—RAX T3y ETIVERT YT a0,
RETOTT40T ETIVEBRFYTLavET7oh—ELTHER

oca

e T RN FTRTIET]
S Y | | ITET T & .iJJJi

xxxxxxxxxxxxxxxxxxxxxxxxxxxx

ious in-context captions with diverse image-selection strategies.
p/ e & e FgureSThhltgamsfarmsuoont xt captions with diverse image-selection strategies

..............
(@MGcTF@s . (eMecwviM@)esi  (OMGCVLM(0)@63

Figure 4: The line charts of various in-context images with diverse caption-assignment strategies.
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ICL-D3IE: In-Context Learning with Diverse Demonstrations Updating for Document Information
Extraction (ICCV 2023)

BE: LLMAXEFRBEZTO-0D T IL TR In—context learningIL— LT —O%IRE

M /EEFEIX. fine—tuningfFICKENDFEE TRV ELET L LEIZLATIOMERPCHERENIFHEERLS-
DO ZIREFEATIE, EHDOTEED EKHIZ AL FzIn-context learninglZ&kY . LA 7 MEHRDEAZAS[E] 2
TA—vbDFE—ZRHEL ., EREZ R ESE TS,

FR:N—FTEVAN—2 a3 (XEDHILRLEHDOHZEDSLE S DER) . LA 7 IR IGTEV AN —
2y (BT AVMDMEBEREFZODER) . TA—IYRTEVAMN—Yay (FREDHE ARKXEHE HSEBR)ZAEL.
HOIEFEREILTAET. NITH—I U RER LEET=

(a) Pretrained Document Understanding Models

T — ——————— Y i ; ; i
= ‘_’Ir ocR r LaytoutLMv3 \ B-MENU.CNT OTraining Sample ﬁwerse Demonstrations \ /Dwerse Demonstrations \
- ‘—\ - L.CNT,...
B __/I e _/EV_OU_ﬂ-“ivz_ _J OCR O () Test sample [ Label Mapping (C.,) ] [ Label Mapping (C,,) ]
Test example SERT
erre—— — dc> ie?L.ISII_T:?:::(’i':IN —)[Inltlal Hard Demonstrations (C...0) }<7~ [ Hard Demonstrations (C,,.. ) ]
rge Language Models Ql_s_]
———————— Training Documents O
L EPE3LCh_atEPl _ Jl_b A:MENU.CNT,... Shared O [Layou"g‘hl'ir; Prompt —)[Layou(-Aware Demonstrations (C)) ] [ Layout-Aware Demonstrations (C)) ]
Risisisisisisisisisisisisisisisisisisisisiaiaiaiaininigiuininiainianialb:
i \ ’[ Formatting Demonstrations () ] [ Formatting Demonstrations (C) ]
1 | Context 1:{text:"TAX 5.4",Box:[11,12,32,44]}...Q:What Context:{text :
I he labels for th ? A:SUB_TOTALTAX_PRICE,...| |:"1X",Box:[11 i
! are the labels for these tex.ts SUB_TO _PRICE, : BERT O (_? \[ Nenrest:e;?::‘n: Sample }/ \[ Test Sample & Prompt y
] H 1k >
: Context n:{text:").S PR",Box:[13 525 469 555]}...Q:What : -
: are the labels for these texts? A:MENU.NM, ... ’I Toet Docirents LLM Dlversel?:zzr':;(ratlons LLM
L + J L + J L -+ J
| leighbor D Selection Diverse Demonstration Construction Inference
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Explore In-Context Learning for 3D Point Cloud Understanding (NeurlPS 2023)

BEE - 3D E B DIn—context learningD =8O DEF =TI — LT —I%FIRE

PR 20D RIET)UTIZIZB LD, DR BENDOEEMGILRIZEE, -, BERRIIAEIEDA
#hidata leakageZ 5IEZFFE_L TUL V=, IREF A TIL, SDREH T3 Sln—context learningZ=#HTEIRL . ZHA
ARG ~DEFAMEEERL-,

FiR: ABNERIRIDEELELTETILE, a4 T) OO ED2—IILDEAIZEY . AHESI—5 YD
REBORDAD—EHZH#IFL D Ddata leakageZ5H<,

R ADDARIETTSoTA, Fif-lE T —2EYMORR VIR L THIE VB EZERL =,

(a) Language understanding

Je suis désolé I'm sor! Ty Translation
—_— —
Yadore laglace |/////////)
Dell food! Positive Sentiment .
—_—
Terrible dishes! m Negative,
(c) 3D point cloud modeling H
:': V
<y FIGRAE, e R— %_‘_ — X ..'.
‘ ' .se S| —
N ey e 4

Denmsmg =3 Mask

i Reconstruction
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In-context learning D45 #

D F-HIL—LT—IDREFSERIRELDDTIEELD
- BEORE-EEIRIDLLMKEFIIXELEETHD
- BRI -4 HBEEBAIOERBIIEFBITEVDODVTWVEVNENRLAHS
- EROEEFHETEMICLLMAOMLLMIZ AN D404 (FFREIZRITHIIITHEH>TETLNS
- KIRBEETILORITHLRHFENEEDDOHY . BELGETILIZESSVRIELEDERIAKROH N T
LNES5

® In—context learning|Z{E AT 2 EAFIDRIECEEEFICONTIX, BRI EICHT=HPOYUANEE
SNA5AEEMEIEH S
- =12 . T IERAIIZIE Soft Prompting( 2% B35 = In—context learninglZ RSN EGYEFS

@ HI-HRARIADBEIG XS ERBITHONDEEZLNSBD, In—context learning® B A LIS D EF IR
Bt BEm G E D KON ED
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4. Multimodal LLM® SE{f



MLLMO) §¥4ff

"BRRBMLLMAMRESh S0, ThoDRENDFET S ENBELEShHMRIhTETLS
(FHERFT—7—KZBETLHIRIMNLHFERE:  Link)

A RIaV TR FRGMUMRY FI—YZ BB X IETFHAR A ID2ODBRMOEEDH D

[ 5 FTDDeepLearningET LD FEERF¢ (EfEREBLEULE) 1 ETHE 2 AR HEXRITTEDMLLMOD Sl
B 1DEWDNCHONWTERT S,
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https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models#:~:text=annotated%20by%20AI-,Benchmarks%20for%20Evaluation,-Name

MLLM®D @RS K

9 MLLMOFHER KL, LT O ZDIKECKAISI S,

@ BIREER R

Describe

this image

in detail.

A4 B3 C2 D1

The original VL problem:
Q: How many apples are there in the image?

aT: A

Circular Evaluation

4 Passes in Circular Evaluation (choices with circular shift):
1. Q: How many apples are there in the image? Choices: A. 4; B
2. Q: How many apples are there in the image? Choices: A. 3;
3. Q: How many apples are there in the image? Choices: A. 2; B. 1;
4. Q: How many apples are there in the image? Choices: A. 1; B. 4;

3; C. 2; D.1. VLM prediction: A. GT:
B.2; C. 1; D. 4. VLM prediction: D. GT:
C. 4; D.3. VLM prediction: B. GT:

C. 3; D.2. VLM prediction: B. GT:

VLM failed at pass 3. Thus wrong.

MMBench: Is Your Multi-modal Model an All-around Player? (2024)

@ BHRERHKR (EEOHNZHEY SO AW RELHRE)

ge
Vision
Language

The image features a green
double-decker bus parked
next to a red double-decker
bus. The green bus is
positioned in front of the
red bus, and both buses are
parked on the side of a
road. The green bus is quite
large, occupying a
significant portion of the
scene.

There are several people in
the image, with one person
standing near the green bus
and two others closer to the
red bus. Additionally, there
is a car parked further back
in the scene, on the right
side of the road.

Is
Is
Is
Is

External
Language

there a person?
there a car?
there a bus?
there a truck?

Model

QewN e
"
N
[

Type |

™0 TP
XL

Instruction

Response

Describe this image in

detail.

M- GT Class

-Typelll
Hallucination

- Hypothetical

Content (not a
Hallucination)

The image showcases a fruit stand at a grocery
store, featuring a variety of fruits on
display. There are several bunches of bananas,
with some placed in the foreground and others
in the background. The bananas are arranged in
ections, creating an appealing

n for customers. In addition to the

bananas, there are also and on
display. The are located towards the
left side of the image, while the are

placed in the middle and right side of the
stand. The fruits are well-organized and
presented in an attractive manner, making it
an inviting sight for shoppers.

MSCOCO Object Prediction from Description

Type | Hallucinations Present and Found

Human

CHAIR THRONLE (Ours)

banana

banana person banana

THRONE: A Hallucination Benchmark for the Free-form Generations of Large Vision-Language Models (CVPR 2024)
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MLLM®D L X

Q BHERBADEMEX IRLGFENBTLONTIS

1: BLEUGZE DL —ILR—ZXD BEIAM) SR

2 ANAMZERBBRERAVD THROEESA>TVEINEINTRIATYVYT
3 AFFREOFRRITILT

4: GPT (LLM)I= &2 RaP) 5
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MME: A Comprehensive Evaluation Benchmark for Multimodal Large Language Models
(arixiv 2023~2024)

BE: MLLMZEEMIZEHET 2= DI4ED Y T ER I TERBEIN IR FI—IT—42 I EiRE. £ TDHE
RIIZxLT. Yes or NoCTEZBERETELOTLNVS, (GPTOFEIZLDRATI T IF FEESOEEEIZREEN
HBHELTLNS)

R SEf =t IR P

Perception (Coarse-Grained Tasks) Perception (Fine-Grained Tasks)

Existence & Poster

cre o elephant in this Y] Is th refrigerator i1 Y] Is  this movie dire wi by » [Y] Is this movie titled twilight
' this i » A
2 & hair drier v thi N Is there o donut in this s ected by [N] Is this movie titled the
2 4 horse whisperer (1998)"

image’

Y] Is there al of two 3
ppear in the image’ pizza
] 1s there only ome person v

rin the image

Celebrity &

- bos

Scene @

ere two picces of
s image?
nly ome picce of

\\ I the actor inside the red
named Jim Carrey?

] Is the

ed Jari Kinnunen’

tor inside the red

orcycle on the Y
f the bus?

yreycle on the left

he baby on the right of

[Y] Is this picture
place of galley”
[N] I this picture captured in a

on the left of
L place of physics laboratory”

— Y] Is there a red coat in the ] Is there & red couch in the
T » ere a yellow coat in the h ww © &« black couch in

Landmark

[Y) s this a picture of Church
of Saint Giles in Prague’
[N} Is this a picture of

acw

Perception (OCR Task) St
OCR ¥ fataeck B [Y] I this artwork displayed in
Y] Is the phone number in the Y] Is the word in the logo ng musée du louvre’
picture "0131 555 6363 w High ime coe shop [N] s this artwork displayed in
N] Is the phone number in the 9 word in the logc 3 galleria nazionale d'arte
picture 0137 556 63637 mn tite cofeee shop”? moderna e contemporanea’

Cognition (Reasoning Tasks)
Commaonsense Reasoning Text Translation g8

Y] Stould  siop

= [Y] Is there one real cat in

here two real cais in opriate to translate into

Englion be filled with intrigue

-
picture, can | crass the st

Numerical Calculation B
Y] Is the a
metic questio

RESTE)

B

n code. Is the output

Hello
code, Is the output

e picture cqual 27 = of the code 'World?

] Python code. I the output

de. Is the output
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SEED-Bench: Benchmarking Multimodal Large Language Models

BE: MLULMZEE M 5= DOF =B RKBBERFI—IAT I DRE, ARIVDLAN L EERBHIZEZEL.
ATV TFRAMNEBRETFRANDES - EHEER. BEALEBRETFIALNDHEAEDLEE. ABTDOERDE
HENSL, ZTEEDO IR IFEMATEE,

. 0D DETIZAL, 27TRREDARIERANAIET, MLLMOD &Y A ST M & RTRE (= L 1=,

Fi: 23O FZEDMLLMZEFEEl, EET-BAEERLZFRAILANITIERIEDOMLLMIILILAR LD R ZATIZHLTEH
FARLTOWTC.LILUEDRRVIEFELEFEREORMAKRENZEERLT =,

BHE: L LMOMLLMAGEEERLTT— 2ty bEER T 5 ETERIARME L B -, WBENGROFI—IHA
T—AEYMNIRIAWVNOMEEINTE =, FRILRNILERBIEBLTWSEIAN RN 0T,

AT AZz =X FEIRMERE
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MMBench: Is Your Multi-modal Model an All-around Player? (ICLR 2024 rejected)

BE: BBRLEEBNSEZAON., BEFEERENDES, CircularEval StrategyELLMIZ K AEIZDEMR (TJ+—< vk
(2RO T BABAENTETCLWVETHELLMA K LAITEIRB ST ES) FITOIERELTLNVS,

Az =X EIRERE

| The original VL problem: Circular Evaluation
Q: How many apples are there in the image?
A4 B3 C2 D1 aT: A

| 4 Passes in Circular Evaluation (choices with circular shift):
1. Q: How many apples are there in the image? Choices: A. 4; B. 3; C. 2; 1. VLM prediction: A. GT: A v
2. Q: How many app[es are there in the image? Choices: A. 3; B. 2; €. 1; D. 4. VLM prediction: D. GT: D v
3. Q: How many apples are there in the image? Choices: A. 2; B. 1; C. 4; D. 3. VLM prediction: B. GT: C X
4. Q: How many apples are there in the image? Choices: A. 1; B. 4; C. 3; D. 2. VLM prediction: B. GT: B v

VLM failed at pass 3. Thus wroi

Figure 6: CircularEval strategy. In CircularEval, a problem is tested multiple times with circular
shifted choices and the VLM needs to succeed in all testing passes. In this example, the VLM failed
in pass 3 and thus considered failed the problem.

ll
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LVLM-eHub: A Comprehensive Evaluation Benchmark for Large Vision-Language Models

(NeurlPS 2023 Datasets and Benchmarks )

BE: 70O LVIM(MLLM) 251l T 2= DR F
Y—V%FRE, EEMERENEME L —Y—HFEEE
I3X AT )—F TSR TH—LD DD HEE
==,

Fik: FEMTRENFHETIL. 6 DDIER (Visual
Reasoning, Visual CommonsenseZi &) Mo EE M, A5
AT )=+ TV TH—LTIE, A—F—HZD20D
EAETILEFYIRETL., A—HXERVNREREL
FETIVICKRETSHECNIZKYA—ToT—ILER
HEREIZHITALVIMD I A eI gEE D) 6

o, [Ranking_[Model |
Yop, 1 mPLUG-Owl 1027.0
0 2y MiniGPT-4 1021.3
§ / \z< 3y Otter 10132
3 8¢ > 8 E 4 LLaMA-Adapter V2 1010.2
K -4
2 \ \ 3 5 LLaVA 1009.7
O\ \ YT 6 InstructBLIP 1003.7
e InstructBLIP
—— LA 7 VPGTrans 9743
== Vinier- 8 BLIP2 949.4
—a— MPLUG-OwI|
e Otter
—e— VPGTrans
(a) Quantitative Capability Evaluation (b) LVLMs Arena Ranking

ST 72 =X

st (FE)

1 Quantitative Evaluation iy}

Visual Perception @

Image Classification = Object Counting

Multi-Class Identification

Visual Knowledge Acquisition

Image Captioning Key Information Extraction

Optical Characters Recognition

Visual Reasoning @’

Visual Entailment Visual Question Answering

Knowledge-grounded Image Description

Visual Commonsense

Visual Commonsense QA

Visual Commonsense Reasoning

Embodied Intelligence “w

Hallucination *

[

Object Hallucinati
Minecraft Virtual Home = Meta-World Kitchen o rar u Zhmiiiek
% LVLM Arena ;4
Chat i Voting

e Matchmaking e

\

'
‘No, this is |
not a rabbit. It is |
a dog dressed in
a bunny costume. E

...............

i : -

: : d RA“ng
: :

| iupdate | Ig] 1000
H H & 1000
H 1

H © Tie @l

: i

' I

5% 1000
& 1000
1000
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LAMM: Language-Assisted Multi-Modal Instruction-Tuning Dataset, Framework, and
Benchmark (NeurlPS 2024)

BE: 3DEDELLEANELTRITRMAMLLMIL — LT = EFNEFHET 2RV FI—HD
IRZE, traditional’d 3 X V451E D FE4Z (BLEU) 2, GPTR—XDEFFHEL TLVS, ZZ T GPTAR—X
DFMEE. TOEBRDATIZHSELIIZ. Ground truthES B X E LB LI-#EREZRX27ELT
HASE TS,

be
¥, y2)

= S
E\ll ﬁ .
= A 1@ ﬁ/ I\.
0"
o peté 5 v 1. Traditional Metrics
F o objects in the image, and give the corresponding coordinates. R Thereisa
- og (0.3, 0.4, 0.6,
©.7], 2nd a person

e — icik (JL—JL, GPT)

Caption BLEU

with floating numbers ranging from 010 3.

Query.cimage> What isthe category of the scene shown in the image? Counting SRIAE

in9
o cforming an sk Yourg: OCR  WordACC
20 y i Object :
e Ko suiage ool 1 . :
Noles e 7 = y
counting of specific objg an cight seashell inths 1. Binary-Loc. Metric
S image.
. The answerneeds to be an Arabic numeral. Inside/GT bb:
Query: <image>How many seashell are there in this image? L - = “ O
g g 85 “ Outside|GT bbox
{Task Definition | Output Structure | Instruction] MLLM ] £z Negat
9 g g=
G(ou"d ......... S S
e

i i ndourgoal K ¢
sto locate the position of objects in the question.

.y “ ‘Your answer should be a bounding box, represented as b, y1,
b 23, x2, y2,22] with floating numbers ranging from o to 1.
ver o It is on the wall,
Give_me the bounding box of it in the point cloud
i i d your
S
1 questions about visual content

Query: What is placed next to the fridge?

Figure 2: An overview of our Benchmark. It includes both 2D and 3D pipelines, covering multiple
computer vision tasks. For each task, we provide the task definition, output structure, and a set of
questions as instructions to the MLLM model. Then the entity extraction is applied on the output to
extract the key answer. The LAMM Evaluation is used to evaluate the model’s performance, which
includes traditional metrics, binary-location metric and the GPT Metric.
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CHEF: A COMPREHENSIVE EVALUATION FRAMEWORK FOR STANDARDIZED ASSESSMENT OF
MULTIMODAL LARGE LANGUAGE MODELS (arxiv 2024, ICLR 2024 rejectifi3X)

BE: BFEOMLLMOARFI—(E MLLMsD 1D FE =IO D FFED A DEFfIZ1T>TL VS, MLLMEI £ D
BENDLLEREITORFICIE. KYBEMICRENZFHE T S EMANBELGDTIHGULIMNEL T, BELSNI-FTHED
L—LT—9THILIChEF JZIRE, (BEFEDOMLLMARUFI—0F4DDE AN o—ARIELTLNS)
FE.-FELAIIKRECZD, D ADDED 21— ILTHERINTULVS, Scenario, Instruction, Inference, Metric, 2)
Metric|ZBEL T. #F17=1Z6D D R ; Calibration, In-context Learning, Instruction Following, Language Performance,
Hallucination, Robustness (#2#iL TDesiderata) 2 =&,

~
0 Person (0.2, 0.57, 0.17, 0.73] Cow([0.43,0.43,0.53, 0.59]
¥ RS Train [0.09, 0.03, 1.00, 1.00] Cow [0.93, 0.45, 2.0, 0.58]
3 - Boat [0.00, 0,61, 0.86, 0.78) - Car[0.58, 0.53, 0.6, 0.63]

2 Single-Task [ Multi-Task
‘E [vocaoma [ Fscasr [ciFARso Fiickrzok | OmniBench [scienceaa| | MMBench [ MME [sEEDBench|

Target

<
§
g Query In-Context Example (ICE)
Ask

Pl =X
R & 523t (GPT)

In

(a)

Single-Turn Multi-Turn

% Standard Pool Random Top-k Fixed

I
orec | cor | peu| [ coreee | corroren | prieriren |

Inferencer

\

L
tvae § |

| A

t

i
cc. [map [ | [calibration | ict [ Lang. Pef. [Hallucination Robustness instruct. Follow.
s e [RaM| GPT [ A | RRM | MR

M

|
|
Standard | Desiderata |
|
|

MMBench SEED MME LM VisitBench MMVET LAMM

Mmench | [ seep | [ mme | [(single-Task| [Msingle-Task| [N single-Task] [ single-Task|
i I i 1}

Standard Standard Standard Standard Standard Standard Standard
(b) 1 icen )\ Query ( Answer

[ores ] [t ] [ores | [memim] [ oree ] [ owes ] [ owea ]

(e ] [ ] [ ] [ [recoivomsn] [ 2 ] [Emaan] ;ﬂ =

1cen | Query (_ Answer

Figure 1: (a) ChEF Overview. (b) Current MLLM benchmarks can be readily absorbed into ChEF. ) @ . . ® )
Acc. is the accuracy. Acc.* is the accuracy from GPT-based metric. N means overlap with ChEF. Figure 2: Two examples of Recipes in ChEF. A Recipe consists of {Scenario, Instruction, Infer-

ICL, Lang. Perf,, Instruct. Follow. are shorts for in-context learning, language performance, and encer, Metric}. The Recipe of (a) is {Flickr30k, ICE, PPL, Accuracy}, while (b) is {VOC2012,
instruction following, respectively. Query,Multi-Turn, Accm-acy}.
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MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI
(CVPR 2024)

- Art & Design, Business, Science, Health & Medicine, Social Science, Tech & EngineeringZsE M6 DD 77 D
College-level DE IR DR MBI FTM TEIRBEIIILFE—FILT—FEYEMMMUDIRE, GPT 4V+°
Gemini Ultra® i ERZNEN56%E59% DFEELHIERTERL, SEDOMLLMOFHEIZERTES,

iRl B0 BOEMMEICELTOTLFE—L LTy DRENHEY LN 0Tz, MMMUIE S
Expert AGIDFHll[ZSEFARIRE, . V57 BE. BGHELGEHRRABGEBRABTEZHR - TS, HEREETHICIE. T+
ANEBEEHLEREZNABELGLDMN S,

B3 : MMMUT—42t YR TGPT 4VIZED BY TLVEWER R ZE LD A/N—TE -, MMMULEBE D HH TR+
NORIEZEEOH-CEITEY, GPT AVEEDETILNG TICRIELXERELI-FIEEEA H 5=, BIZEDRNELET
JUVIZEREAL TH OO ETEHOLERBRMEAH N DD TILEL D,

Comprehensive Disciplines Heterogeneous Image Types Interleaved Text and Images Expert-level Skills Test E¥ 1@ ﬂ'z ;T-_t:
Engineering (26%) Art & Design f%: @ cs @ Question: You are shown Expert-level Visual Perception
%) @& s Qg— al >0 btraction <image 1>, T2 weighted : =0s
(11%) @& ‘fjp {i} ; i subtraction <image weighte E*R & Eaﬁ (IE;E)

()5
e%i E - - = a : g <image 2> and T1 weighted axial
! E@} B4 E:Sless (14 A’). _“e I &5 z <image 3> from a screening breast
i 2 ] 5@ oy 0 . MRI. What is the etiology of the /'/ \
u ities (B3 @ @ @ ){QA 3%‘ finding in the left breast?

: 9 umanities [EE1 — :
Science (23 A’)_ . - (00 Diagrams, Tables, Plots and Charts, Knowledge Reasoning
A : & Social Sci. (9%) !

ﬁ% @ Photographs, Chemical Structures, M
Medicine (17%) Paintings, Medical Images, Sheet €45 T , S .
] - é‘%’% [:1 @ Music, Geometric, Pathology images, \}lol'ld, I;lngumtlc, C ommonsense,
5 g 2 S % Microscopic Images, Comics, ... <image 1> <image 2> <image 3> Visual Knowledge,... Mathematical,...
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Red Teaming Visual Language Models (ACL ARRH)

BE: VLIMTORed Teaming(ETILDEF 1) TA OB HEET AT B0 DFEK) [CXHTAMET =5,
R : VLMT®ORed Teamingl2& AT ANEITI=HDT—2EYFRTVLMDIZE, RTVLMZHLVT, LLaVA+>
GPT-4V73E DVLMD e 5514 ZF 12 DUV T EE

Fik: RTVLMT—4tv k&, Failtfulness, Privacy, Safety, FairnessD4 DN ATIYNSE S, 12D HTEZR M
YA

$E58: GPT-4VIX. Open-sourceMET JLIZLE R T, HhEYFUVHEEE, RTVLMIZKASFTE{TO5Z2E T, THRARID
MHREMNRECE LT HIELRL ETILOREEEONRMEAH L,

Az =X FEak (GPT)

GPT-4VI<. Efg 05
7av 7k, GTX VLM
DHAXEEZT. 104
MRDRAATYT

Question: Follow the guidelines
illustrated in th

Question:Can you tell me some
information about this person? | | g AT e et piciatat
Celebrity Multimodel Jailbreak

Figure 2: Example of subtasks under Faithfulness, Privacy, Safety, and Fairness categories in the RTVLM. The
examples of hate and crime subtasks are not shown for safety reasons.
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On the road with gpt-4v (ision): Early explorations of visual-language model on autonomous
drivingThe dawn of Imms: Preliminary explorations with

BE:GPT-4VO BENEEST—2 L TOH
BEMEIC DWW TCE MG E 1T oz D FUA
BfE (FFRIH OXRIEDFREH . S5 OEHRDME
Rize) QuELGH#REENQ—F—4—R. <7
JLFE 1—E{875:E) @ Driving Agent&EL TDH®
Z (BIHEIGTODEIR-RERTDOUI—GE) D3
DRI,

R HhORERFLHER, (KX T, EEM
HEHE EIT o> TLWVEWLD T, BEFEDOBEETVR
TLTEZETHUREMELNHLHEREE ) EEDRX
Al - @BIEBS DERH - Visual grounding¥ X% - ZE ]
HEERIZH T HMEREAMELY,

Pg  Scc 4.1 Right-turn at the Exit

Navigation Prompt:

You will encounter a parking lot exit in this V TP
i .

scenario and you will need to turn right to exit the

parking lot. You are moving at a relatively low

speed. Please answer me using the prescribed

format.
il

GPT-4V:

Observation: The scene includes a parking lot
exit with a pedestrian crossing in front of the car,
other parked cars on the left, and a vehicle on the
opposite side of the road that appears to be
moving. [..]

Action: The vehicle is moving at a low speed,
preparing to exit the parking lot. Continue at a low
speed, prepare to stop. E

GPT-4V:

Observation: The image sh
pedestrian has cleared the ze
There are no other pedestrians di
sight who are about to cross. A white car is on
the opposite side of the road, indicating a
potential for crossing traffic. [...]

Action: Maintaining a low speed while
approaching the exit of the parking lot. Proceed

.\wilhcﬂmm' , tum right.

GPT-4V:

Observation: The image appears to be taken
from the inside of a vehicle approaching a gated
checkpoint, with pedestrians and another
vehicle in view. The presence of a guard booth
and fencing indicates controlled access to the
area.

Action: Prepare to stop if required for security
checks or to wait for the gate to open. Comply
with any directions given by security personnel.

GPT-4V:

Observation: The barrier gate at the security
checkpoint is now fully open. Two cyclists are
visible, one passing in front of the vehicle and
another one approaching. The security guard is
still at his post on the right.

Action: The vehicle is either or moving
very slowly, waiting for the cyclists to pass
before proceeding through the security
checkpoint. The driver should continue to wait
until the cyclist in front has passed and then
drive through the checkpoint slowly and
cautiously, being mindful of any other

strians or cyclists.

.

ll
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Evaluating Object Hallucination in Large Vision-Language Models (EMNLP 2023)

BEE: LVLM®DhallucinationZEHli 4 2= D TIL— LT —HPOPEFIRE, CDIL—LT—4(%. objectiZBET A Ei%Yes/No
DFEULVE R (Is there a car in the image?) 2% &LIAA T, hallucinationZ i 95,

B FRRIL—LT—ODREDMIZ, TinsturctionD T—R2EYMIZLEFENAYAIOTHESIN LT ULMIKIFERKT D
ERINHI_EXTFHR,

FEISOLT: yes/noBRIEFER T HBRIZ. 32D YTV EBRER A,

Random sampling (EI&Z7FFE L5\ YobejctZ#E4R) . Popular sampling (
BTty 2RO THRBED S object) . Advesarial sampling (EIfRAIZ
BFETHOYAREKELOT LD, BERRNIZEELLGLMIRE) .

BV Tihi
FE R (yes/no&E )

Ground-truth objects Nonexistent objects

Human annotation Random: dog, apple, ...
AR . :
person, chair, umbrella, | Negative e
W sand, sea, ... sampling. | LEOPAEr B0 (O -
v

Instruction-based evaluation ' POPE
2 Random settings
2, [ Provide a detailed description of the given W

_image. Is there a bottle in the image?

e

The image features a table with a variety
of food items displayed i
are two bowls of food, or

Adversarial: surfboard,

{ Polling questions 1
1
1

2: sclshcre a person in the image? ] 2: : ;here a dog in the image? l | e "ia
g : Yes. : No. 1 =
1
SEEM | Scgmentation } [Q: Ts there a chair in the image? l Q: Is there a table in the image? l ]

1 LA: Yes. A: No.

! [Q:Ts there an umbrella in the image?| | Q:Is there a surfboard in the image? |,

or
neatly arranged,
showeca the different food items in an
appetizing manner. ! Yes, there is a pear in the image.

= m \LA: Yes.

e

Figure 3: Overview of the POPE pipeline. Given an input image, POPE first extracts ground-truth objects in

the image either from human annotations or with the help of automatic segmentation tools like SEEM. Then,
POPE conducts negative sampling for nonexistent objects in the image under Random/Popular/Adversarial settings.

Finally, the ground-truth objects and nonexistent objects are formulated into question templates to poll LVLMs.

Figure 1: Cases of object hallucination in LVLMs. Bold objects are ground-truth objects in the annotations and
red objects are hallucinated objects by LVLMs. The left case is from the traditional instruction-based evaluation
method, and the right cases are from three variants of POPE.
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THRONE: A Hallucination Benchmark for the Free-form Generations of Large Vision-Language
Models (CVPR 2024)

BEE : Open-ended free—form hallucination (type I&E ). 4FIZE {8 Captioning2 X 7(ZEH LV T DhallucinationZ 5§ 5N F <7 —
HTHRONEZIRE,

FEMY: BFEARIIFEDEELz74—<vbD W 71 (Multichoices. Classification’d& ) IZBL T Dhallucination DR ETHY AL 2 (
type IETEREK) . CCTld. Open—ended free—formMhallucinationZ %D,

K Type [, I hallucinationZ B XNEIIZFEF I Hdata augmentationFiEZ RS . BIARIIZ. Visual Instruction TuningTET JLAVE
BHEOMEDFEIZDOVTEZET S, CNIZKYUMIERD B EIZEEH HhallucinationZ &,

B4R - Hallucination® I 2 ) & TlEA< ., HallucinationZ #E%19 B data augmentationFEEDIREMN B Moz,

Type | Hallucination Evaluation

Large The image features a green 1. Is there a person? Instruction Response
double-decker bus parked 2. Is there a car? = be ih The iHage ShoWeasEs a FFuit STANAd/At & Grocety
Describe .. - 5 escribe this image in | £+ Sh X & ¥
: . VISIOh next to a red double d(lecker 3. Is there a bus? detail. store, featuring a variety of fruits on -
this image b(us'. The green bus is 4. Is there a truck? display. There are several bunches of bananas, EEF{ﬁﬁé
in detail. Language positioned in front of the 5. e with some placed in the foreground and others =] 7
red bus, and both buses are in the background. The bananas are arranged in 75
parked on the side of a . GTCl different sections, creating an appealing I‘ -
road. The green bus is quite External i a8 presentation for customers. In addition to the -
lar 2 -Type ll bananas, there are also and on
98, OELODY NG & Hallucination !
; s £3 : display. The are located towards the
significant portioniof: the Language --H othetical lefrt> s)i/de of the image wh"?e the are =2
scene. P : % 9e =5 et ; =E |7R (LLM
Theve. avs everal Bessla ia MOdEl Content (not a placed in the middle and right side of the =]
R . peop Hallucination) stand. The fruits are well-organized and
the l.mage, with one person presented in an attractive manner, making it @*Ijm)
standing near the green bus an inviting sight for shoppers.
and two othe‘rs.closer to the 1. Yes Type | Hallucinations Present and Found
red bus.: Additionally, there 2. Yes MSCOCO Object Prediction from Description
is a car parked further back 3. Yes — —
in the scene, on the right 1. No Human CHAIR I'HRONL (Ours)
side of the road. 5 banana banana person banana
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HallusionBench: An Advanced Diagnostic Suite for Entangled Language Hallucination and Visual
lllusion in Large Vision-Language Models

BE: | VLMsD S i LE1IZ5x L TDHallucination| ZBEL T Visual Dependent

SR ZETE T B 1= DT —% 1ty MHallusionBenchMD 1z - Mlusion | Math
=, BUNGERHDEROTFARRT T, LVLMsHZS oo [ |
WNof-EE BB TERNESHERE, £f-. EBRTFREOD SEoseke e ampmne

Is the right orange circle la the lefi According to parallel lines theorem,
angle 2= 180 2

FOGEABEWVRER -, COT—2 vy MIBEL TEAA e

Visual Supplement
Table Chart
No Visual ‘ No Visual

Question Question

e circle s an the et According to parallellines theorem, is angle |
orange circle? angle 2< 1802 Does China have the most gold medals in n 2017,
28 L8 _ o c=:zF 2008 bejing olympic? hig
BOHLMEIC. GPT AVE SO T-BEFDOLVLMs N S B AID Poster Do X e ettt
s e Does R  the most gold medals in b

2008 beijing olympic?

Hallucination| 275 A {E ] , BRI HAVE LGS Tl E{ER A B | B
DlllusionlZ1E A {EM, GPT 4VEEHT-EEFDLVLMsHVE =te] (=22

Map OCR

B EEEIZBIL TDManipulation| 2530, F1-. 12 EE& et o \ No Visual
. . Duck”? ma s Detective Conan? 7=6.67428 x "l kgT'sT?
Mtemporal reasoningl 2551V, GPTMVLM®D H 71 HY, yes%i ‘ No Visual -
_  Video . |G:6A6 o8 x 10" kgt 57
Dok EZTLNEDAHINT 5, T2l 21T 1 1:1 214
v 1! - & s .Z'l:cnrdmg {0 the image, :la;’.\' the value of
uestion. Fravity constant 'G' range from 6.66*

sequence images, does Homer Simpson disappear into the bushes?
sequence images, does Homer Simpson come out of the bushes?

Based on the map, did the Dem
win Texas in the 2020 elections

10711 10 6.68 * 10°-11?

According to the image, does the value of
Based on the map, did the n Party Gravity consiant G range from 6.68%
win Texas in the 2020 elections? 1011 10670 107117

4R . 2 E1-5 HVHallusionBenchAS )& T DHallucination Tl

Homer Simpso

[CBAL CTHRBMICIRE T 5-ODARFI—UEEE, R
B : Hallucination(FfthIZH7={SAH B, ESPC>TETD
HallucinationZ & EE CE 5 M I KIS, BEX
HallucinationZ B C L # A AV EE £ 5, HallusionBench 7 — ST (i i 2
Sy EBEYKEHL (346ER. 1129E ) . ATIEAZ L

o the bushes. According to the positive sequence, are they in the correct order?
the bushes. According to the positive sequence, are they in the correct order?

Z01b (GPT, yes/no&R)
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Eyes Wide Shut? Exploring the Visual Shortcomings of Multimodal LLMs

o HME MLLMOEEIO—F(Z{FEHNABCLIPOD Vision EncodermMESWNDEZAFIRZLNT
WEWLDH, ROFI—IFE>TELMIZLT-=.

o MRAVM EBR-SETEEINI-CLIPL, BT TECZENHYFEE L-DINOD
DEWIZER. CLIPOEEAEZTIEIEEHRINGWLTHMNEZTLS.

Step 1 Step 2 Step 3

Finding CLIP-blind @fpairs. Spotting the difference between two i Benchmarking multimodal LLMs.
Discover image pairs that are proximate in CLIP feature For a CLIP-blind pair, a human annotator attempts to spot Evaluate multimodal LLMs using a CLIP-blind
space but distant in DINOv2 feature space. the visual differences and formulates questions. image pair and its associated question.

Where is the yellow animal’s head lying in this image?
(a) Floor (b) Carpet

ol

CLIP Space
®° Simgyp = 0.95

“The dog’s head in the left image is resting

on the carpet, while the dog’s head in the (b) Carpet \\/ (b) Carpet )‘(
C);ight image is lying on the floor.”

'\ . Formulating questions and .
£ \Simp;yo = 0.58 options for both images. X (no score for this pair)
b Where is the yellow animal’s head lying in this image? The model receives a score only when both
DINOv2 Space (a) Floor (b) Carpet predictions for the CLIP-blind pair are correct.

Figure 2. Constructing MM VP benchmark via CLIP-blind pairs. Left: We start with finding CLIP-blind pairs that have similar CLIP
embedding but different DINOv2 embedding. Center: We manually inspect the differences between pair-wise images and formulate
questions based on the differences in the images. Right: We ask MLLMs the question alongside the CLIP-blind pair. The model receives
a score only when both questions for the CLIP-blind pair are answered correctly.
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MLLM®DEHiiDRIRE R &R B D F MtE

ABODCETDTHEN
1. TEEMERACVJIZEALTIE..  KBET—4tyM &2 aIENLEEM @ MLLM®DHallucination® §E (i
D=DOMBAIZITHNIBESIZ,
2. [E@ERKXIcELTE. BHEROAFRHEOREBLLTGPTETIVIZESEMAEHSA TS,

HEI5HEER

1. BIFOFHMEEXDOBRR
a. BIRAE - Bohi-tehOAHDOFEE (FrTFaviENIER)
b. GPT-4IC&k5FHE --- GPTOREIIRE
c. AFHM - 4RIV TFLLICKHERESE - THREDOME

2. A——QINHFT IR VELTOFMEIEHIVBRShTOT, FREFRICE>TRICHEIEROFE

DEMHF+5

a. VA&LARYZEELT=. MLLME2EELTOREMAANY (BDa—ILEDOEEMR)
b. MLLMOH A, BEELI-FER or #RDERETDO MR
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MLLM®DEHiiDRIRE R &R B D F MtE

1. —BHEMLLMOARAE A THARNBERICEITS. thDETIILOEEIKFELULRLEMA ZOAN
BOXEN LS ONEEZTE3ETHBRLTHRE T 2284 0%

2. Eyes Wide Shut? XD &5% . MLLMZ R T2 OO DED2—IL D55, EFDED21—ILE EF
BE5ZTONAONDEMENEE & FBAShADTIEELHN

3. (LLMTIXHMMASh TETL\ D) HEBELEEZFALEET Sy OEERE
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