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[4 Segmentation Output

Text Instruction

Can you segment the food that tastes spicy and hot?

& Inputimage

iAhR 232

Text Output

ASSITANT: It is [SEG].
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Text Instruction 72 egmemtloﬂ Output

What can indicate the country where this picture is taken. Please output segmentation mask
and explain why.

3 Inputimage

Text Output

ASSITANT: Sure, [SEG]. In the image, the presence of a flag with a red and white pattern can
indicate that the picture is taken in a country with a flag that has those colors. One possibility
is that the flag represents Switzerland, as it is known for having a red and white flag.
However, without more context or information about the location, it is not possible to
confirm the exact country where the picture was taken.
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Joseph, K. J., et al. “Towards open world object detection.” CVPR 2021.

Jivang Zheng, et al. “Towards open-set object detection and discovery.” CVPR 2022.
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BT EIE By
XEESWEX A FHILEFRBIREN (Open World Object Detection, OWOD) {£55;
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Problem Difficulty |Miller et al. [ICRA 18]
A ) | Miller et al. [ICRA™9]
| Dhamija et al. [WACV™20]
Detection --- ®eH
ﬁ)ﬁ . Shmelkov et al., [ICCV'17 Ours: Open-world iScheireret al. [TPAMI'14]
Chen etal. [IJICNN'19] _ % Detection | Benda | etal. [CVPR'16]
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Incremental Learning

Joseph, K. J., et al. “Towards open world object detection.” CVPR 2021.
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[] Detections 1} Ground-truth boxes O Prototypes

Joseph, K. J., et al. “Towards open world object detectlon CVPR 2021.
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Joseph, K. J., et al.

FRUE RGN BIEDE
RIESHERR 5 —RINBESS

EAMEST, (Task t) MEFE RIS
ERBERHESIARS
FIT.H, NERZEESHRE
HKEFMACH, T.Z2EESES
B9 BIEHEAMARAN o

| Task 1 Task 2 Task 3 Task 4

Semantic split VOC Duld{}u_r_ Accessories, Sports, El_n:clmnic* ]nt_im}r_
Classes Appliance, Truck Food  Kitchen, Fumniture

# training images | 16551 45520 39402 40260

# test images 4952 1914 1642 1738

# train instances 47223 113741 114452 138996

# test instances 14976 4966 4826 6039

Table 1: The table shows task composition in the proposed Open
World evaluation protocol. The semantics of each task and the
number of images and instances (objects) across splits are shown.

“Towards open world object detection.” CVPR 2021.
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REEMFMRIN R EIFEREBE .

BEBERT, WIRAZE/N, EAZHRMNRERMNEINXEN, BEARETRE,
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PEL_FH

Wildemess Impact (W 1) = -1
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Joseph, K. J., et al. “Towards open world object detection.” CVPR 2021.
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Faster-RCNN based baseline,

Task IDs (—) | Task 1 | Task 2 | Task 3 | Task 4

| WI |A-OSE| mAP(1) | A-OSE| mAP (1) | WI |A-OSE| mAP (1) | mAP (1)

Current Previously Current ' Previously Cumrent Previously Cumrent

‘ ) ‘ ) ‘ known ) ‘ ) known known Bnth‘ () . ) known known known known Baih
Oracle 0.02004| 7080 | 57.76 0.0066| 6717 | 5499 3031 42.65/0.0038| 4237 | 40.23  21.51 30.87| 3252 19.27 3171
Faster-RCNN |0.06991 | 13396 | 56.16 0.0371| 12291 | 4.076 2574 1491|0.0213| 9174 | 696  13.481 9.138| 2.04  13.68 495
Faster RCNN| Not applicable as incremental |, 13951 15407 [ 5100 2384 3747(0.0279) 9622 | 3560 1153 27.64| 2053 1278 2534
+ Finetuning |component is not present in Task 1 .
ORE 0.02193| 8234 | 56.34 0.0154| 7772 | 5237 2558 38.98(0.0081 6634 | 37.77 1241 29.32| 30.01 1344 26.66

Joseph, K. J., et al. “Towards open world object detection.” CVPR 2021.
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Zhiheng Wu, Yue Lu, et al. “UC-OWOD: Unknown-Classified Open World Object Detection.” ECCV 2022
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Zhiheng Wu, Yue Lu, et al. “UC-OWOD: Unknown-Classified Open World Object Detection.” ECCV 2022
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Zhiheng Wu, Yue Lu, et al. “UC-OWOD: Unknown-Classified Open World Object Detection.” ECCV 2022
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Faster-RCNN

Task 1 Oracle Faster-RCNN o n ORE  Ours Ours+UCR
+Finetuning
UC-mAP (1) 0 0 - 0.0133 0.1344 -
WI 1) - 0.0188 - 0.0155 0.0136 -
A-OSE ()) - 13300 - 10672 9294 -
UC-Recall (1) - 0 - 0.7772 2.3915 .
Task 2 Oracle Faster-RCNN Fastler-R.CPIN ORE  Ours Ours+UCR
+Finetuning
UC-mAP (1) 15.50 0 0 0.0065 0.0862 0.1694
WI (1) 0.0022 0.0069 0.0140 0.0153 0.0116 0.0117
A-OSE  ({) 6050 4582 7169 10376 5602 5602
UC-Recall (1) 40.45 0 0 0.0371 2.6926 3.4431

Faster-RCNN

Task 3 Oracle Faster-RCNN ) 1 ORE Ours Ours+UCR
+Finetuning
UC-mAP (1) 10.61 0 0 0.0070 0.0249 0.0744
WI (1) 0.0042 0.0241 0.0099 0.0086 0.0073 0.0073
A-OSE (J,) 4857 4841 9181 Th44 3801 3801
)

UC-Recall (1) 28.54 0 0 0.8833 4.8077 8.7303

Zhiheng Wu, Yue Lu, et al. “UC-OWOD: Unknown-Classified Open World Object Detection.” ECCV 2022
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A.G., S.N,, et al. “OW-DETR: Open-world Detection Transformer.” CVPR 2022
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A.G., S.N,, et al. “OW-DETR: Open-world Detection Transformer.” CVPR 2022
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| Stack Multi-Scale Features|
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A.G., S.N,, et al. “OW-DETR: Open-world Detection Transformer.” CVPR 2022
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A.G., S.N,, et al. “OW-DETR: Open-world Detection Transformer.” CVPR 2022
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A.G., S.N,, et al. “OW-DETR: Open-world Detection Transformer.” CVPR 2022
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X2 HZEFHER mMAPE A TEMTEIR. X TR ENEFIER B R EATENTEIR.
S5O0REJTZELR T R AKF MR, OW-DETRAEZHEEES LIRS T U-
Recall3 i, BT EaRAIAR KIS MEE /]

Task IDs (—) | Task 1 | Task 2 | Task 3 | Task 4
U-Recall mAP (1) U-Recall mAP (T) U-Recall mAP (T) mAP (T)
Current Previously Current Previously Current Previously Current
M known M known  known Pl M known  known o known  known S
Faster-RCNN [32] - 56.4 - 3.7 26.7 152 - 23 152 @ 0.8 145 4.2
e Not applicable in Task 1 : 510 250 380| - 382 136 300| 297 13.0 256
+ Finetuning
DDETR [38] - 60.3 - 4.5 31,3 119 - 3.3 225 85 2:5 6.4 6.0
DDET.‘R . Not applicable in Task 1 - 54.5 344 448 - 40.0 178 333 325 200 294
+ Finetuning
ORE — EBUI [15] 49 56.0 29 2.7 260 394 39 38.2 127 29.7 29.6 124 253
Ours: OW-DETR 1.5 59.2 6.2 53.6 335 429 L ) 38.3 158 30.8 314 17.1 27%

A.G., S.N,, et al. “OW-DETR: Open-world Detection Transformer.” CVPR 2022
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Grounded Language-Image Pre-training

GLIPRE!, BFEIXREK. BERMMEXFEENNRRIE.
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sea turquoise

Li L H, et al. “Grounded language-image pre-training.” CVPR 2022.
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Grounded Language-Image Pre-training
¥&DetectionfIGrounding%t—ie 3k :

> MXRBESERBA, BRBERMESPIREEIEZENXAEREAEBA

> BireliEREaT L IBEg A BRDIES LR PR B IR HElogitsTiE kA

Groundingi&E &Y
> XAZFREEBESHES, XNFERIGHEENESRAMMEERZRNIMAFTNTIBEIMEEXEE

Prompt
Pers Bi : #d
; e ;:": Hair Enr Word
Person. Bicycle ... : pIRLTHR =
_w Tet |1 pO—y EERT _’ BERT | _, = Features
:  Encoder Layer A Layer A u;m F:_EE ngg
|n u A woman holds a B ]
p wearing protective goggles Pl%l‘ P,
t ' 1"y 01 'Fg P B Py ﬂl'PM |
Fusion Fusio
Oy By 1
i i ETEr 3 Alignment

i [ ol ; ord-Region P P

2 b 1| Alignment Score | %"

e DyHead JyHead [ ’
_FO Module Aodule
. . Dy - P v Oy P
Deep Fusion s i W
Region Features | | I | | Localication

" Loss

Li L H, et al. “Grounded language-image pre-training.” CVPR 2022.
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Grounded Language-Image Pre-training
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Li L H, et al. “Grounded language-image pre-training.” CVPR 2022.
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Grounded Language-Image Pre-training
"K—5m" NEREIER:
> KREXEMNIENFEENMI4E B FaE
» GLIPETLAEBAZMES L, NFERABETIMATLER
> HFETESHNERTAN, TTMURBISETESHRTRA, MARBREMEE, RNFREE
BSYWAE, BREFRAMEBINMAAE

70 -
- COCO LVIS MiniVal

Row Pre-Training Data 201 7val AP, AP, AP, AP

60 =
| VG wio COCO 26.9 49 104 232 16.1
2 + GoldG 29.2 78 140 245 185
3 Openlmages 209 128 121 178 149 50 -
4 +GoldG 33.6 152 169 245 204
5 0365 44.9 13.5 12.8 222 178 |
6 +GoldG 46.7 17.7 19.5 310 249 ®
7 0365.GoldG.CapdM | 463 | 208 214 310 260
8 FourODs | 463 | 150 22.5 328 268 LA BF 2

T T T T T i 4 !
o1 3 5 10 All

Li L H, et al. “Grounded language-image pre-training.” CVPR 2022.
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GLIPv2: Unifying Localization and VL
Understanding

GLIPVZEEHE%:PELLE%(WJ&I] BirteiN, s
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Generated
Caption: a
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caption¥#i—> grounding ¥4

Haotian Zhang, et al. “GLIPv2: Unifying Localization and Vision-Language Understanding.” NeurlPS 2022.
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Haotian Zhang, et al. “GLIPv2: Unifying Localization and Vision-Language Understanding.” NeurlPS 2022.
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GLIPv2: Unifying Localization and VL
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Yang J, Li C, et al. Unified contrastive learning in image-text-label space, CVPR 2022.
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Yang J, Li C, et al. Unified contrastive learning in image-text-label space, CVPR 2022.



FIR-ZNIREIREX

N ESRE KRG BRAED, BLERTRENTREES, SEHITHNIRIE

CLIP+
CLIP Mask R-CNN Mask R-CNN

YR HR= 400M 100K 100K

YIERETR 3072 GPUX 16 GPUX 32 GPUX
AR IR v/ X v/
BRI aEH X v v/

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, et al. “Learning Transferable Visual Models From Natural Language Supervision.” ICML 2021.
Kaiming He, Georgia Gkioxari, Piotr Dollar, Ross Girshick. “ Mask R-CNN.” ICCV 2017.



FIR-ZNIREIREX

ZREH

O EtoE
[ (A S 3=g
/ / ?ﬂ!ﬁiﬁ%‘ﬁﬁ\d > 7/ Tﬁ?&%ﬁﬁ\

MRFRIFE Y

SHEm

— I




FIR-ZNIREREX

M AN ESEEEN ISR

%, AT FRESER% i
|
|
|

B :

> R EHIRTS |

> ATRHHAR e :
> SRR IR ]

Yiwu Zhong, Jianwei Yang, Pengchuan Zhang, Chunyuan Li, et al. “RegionCLIP: Region-based Language-Image Pretraining.” CVPR
2022.



FRIR-FIRZREX - B atRiE-RegionCLIP

Image classification (ImageNet)
Region classification (LVIS)

CLIPTEIR B! B B4 EY
R, BERER
BEIRRR|REE

4+ Accuracy (%)
59.6 —

19.1

Image Region

RegionCLIP: FAE® ) Image-text
> matchin
BB R B A AT S cup)

“A boy is flying a kite.”

—

=
“A photo of one cruise.”

4 Y ISR EE | AR B,
e XigiRsIsES]

Region-text

“A bad photo of a bike” | ~ Mmatching
(Ours)

“A photo of a boy.”

Yiwu Zhong, et al. “Exploiting Unlabeled Data with Vision and Language Models for Object Detection.” CVPR 2022.
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Adrian Bulat, et al. “FS-DETR: Few-Shot DEtection TRansformer with prompting and without re-training.” ICCV 2023.
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3




EE |

A >
FBEAL %
WA &n
LAION-5B
P — Conceptual Captions >

Flickr30k m

‘.:; _P AS C AL 2 | Visual Genome %*B_‘EEZZR
2015 BARERE
RS BEN AR EEEN R il

TRYERIT AT 18R, R BRERES

FUREMIEBRB A : M20155F8
Flickr30kZ2021FEHKICLIPEUREE,
HEIRSMEM 30T EEI T 400MZ
B, BETI1HZE, EEAHRN
LAION-5B#iEEEZGSBHEER-X
ARG EIE o

RIXENBKER: @I ERAME
{EHETIZG, REREFIFES
IEXANR, EEELERR . FRE
HESHAEEERISHMEMENE

AT HEE IR AR,
FERREMUTER-XASHIERG B
¥ IRBIREL .



XNESEE BN ENAEEND e B FEH TS, WaEFBUREES

KIESER (LLMs) gEDBIBIR: #EBES, in context learning

Pathways Language Model (PaLM): Scaling to 540 Billion Parameters for Breakthrough Performance; Sharan .et al.
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DRI EERE, TillZ4EEEE R LA SRR FEARLEH] ERoc: HEN
X, Wikipedia #1 Books iXF MNEUREN CrirmoRCraw clhicia 151 e T
T2, c4 15.0% 1.06 783 GB
AEFRE LLaMA Wl Z&EIEN S Github 4.5% 0.64 328 GB
Mo, HPREET CommonCrawl Wikipedia 4.5% 2.45 83 GB
Books EARAE1FHNEEE Books 4.5% 223 85 GB
XN FABRNEE, (EFEEAHTT ARNM ArXiv 2.5% 1.06 92 GB
RIE, BN, FREEMES RIS E, StackExchange 2.0% 1.03 78 GB
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LLaMA BIMLEETF Transformer 22, FEF A THRERINSZMHBOH, XEXHEARER (40
PaLM) HEBEITNAH., UTE5FREBEMNEEXH, UIENBESE 7 XTI R

Pre-normalization [3 GPT3 H/G 4] SwiGLU BERE [Z PaLM N XK]:
NTRBIINEREY, LLaMA &8 LLaMA {EF SwiGLU &5E R EE
Transformer FERNBAFTIT—K&, ™ ReLU LAIREH&EE
AeXmt#ET3—k, LLaMA EH7T SWiGLU 2201 9F = B A BUBGE R AL,
RMSNorm 3—1LeR &L . BEE T SWISH f1 GLU FfHE YA .

SWIiGLU EEZZ A TR FATransformer /o
B FFN(feed-forward network) ERJSL
Rotary Embeddings [ GPTNeo /& W,

A]:

LLaMa RBEHAZAINEXN U ERG, M
=ERA T e ERIS (RoPE) , AJLUR
FHEBIRIIMEME



LLaMASCIRZ5

EZBNHARNEM L, (FEZET zero-shot fl few-shot, HESHE20MNEELIRETER: FEE
LLaMa SEMEMER #HT TR, 83 GPT-3. Gopher. Chinchilla #1 PaLM, PARFFIER OPT #&
8 GPT-J ¥ GPT-Neo,

BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA MATH +majiek GSMB8Kk +majiek
GPT-3 175B  60.5 81.0 S 78.9 70.2 68.8 51.4 57.6 8B 1.5 - 4.1 -
Gopher ~ 280B 793 818 506 792 70.1 : y ; PaLM  62B 4.4 _ 33.0 i
Chinchilla 70B 837 818 513  80.8 74.9 - ; ; ] ]
Pal.M 62B 848 80.5 . 79.7 77.0 75.2 52.5 50.4 540B 8.8 56.5
PaLM-cont 62B 839 81.4 . 80.6 77.0 = - - 8B 14.1 254 16.2 284
PalLM 540B 88.0 82.3 - 83.4 81.1 76.6 53.0 53.4 Minerva 62B 27.6 43 .4 524 68.5
7B 765 798 489  76.1 70.1 728 476 572 540B 33.6 503 68.5 785
LLaMA 13B 78.1 80.1 504 792 73.0 748 527 564
a 3B 83.1 823 504 828 76.0 80.0 578 586 7B 29 69 11.0 18.1
65B 853 828 523 842 77.0 789 560 602 13B 39 88 178 293
LLaMA

33B 7.1 15.2 6 3.1
65B 10.6 20.5 509 69.7

Table 3: Zero-shot performance on Common Sense Reasoning tasks.
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Vision-and-Language Vision-to-Language
Representation Learning | Generative Learning

Q-Former |
Encoder Querying Transformer| | |

t t
Text

Image

— i W
Write a romantic message
that goss along this photo.

Love is like a sunset, it's
hard to ses it coming but

Queries i when it does it's so beautiful.
Bootstrapping Pre-trained Bootstrapping Pre-trained
Image Models R Large Language Models (LLMs) |

Al ME-ESTIGERMERRER, ATFEATAREE, AKRESE, mEXRNnEixad)l
2R, RBHRFLHENUR-ESREENGEBPERSHNITEANNETTRA

AT BERXANE, BLIP-2 I2H T —1MREHRM Querying Transformer, EE—HARFEIHNE
£ Query FIENFENN L HB [ PIREISE, FRAURRIEIERINARmIDEEZ BHHFER

Junnan Li et al. "BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models." ICML 2023.
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Matching { Image-Text l Text Generation
Input Image 4 Contrastive |« 4
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Feed Forward t Leaiiny J Feed Forward
for every

other block

L F?
¢ :
M o

_' Cross Attention

Attention Masking

= i |

. «+— bidirectional :
1 +— mutlimodal causal :E Self Attention
x N \ - e gpis et | s x N
Learned
Queries [D O--00 ] Input Text La cat wearing sunglasses ]

Q-FormerfillZridiZEE N NHMNER: EE—ME

> 25V AFHEXHNUEEE: B2 Q-Former EEINFESHNEGREBSE, EF
QueriestFAE R HEBBIFEFERBER-XAX T4, MMES Queries TLAZEI B 40{T
FiFEASNAIERNBERER

> B R G I EAT AR S REXNARERRMS LLM, BNHFRAEXNMTER

Junnan Li et al. "BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models." ICML 2023.
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EE-EN Output Text [ a cat wearing sunglasses ]

Bootstrapping from a 4 o

Decoder-based > Image
Large Language Model e Encoder
(e.g. OPT)

—e

= A

Connected

EgEm) (088

Learned Queries

Q-Former ‘ [ Fully ’ = LLM Decoder

I

EE-BN Suffix Text[ wearing sunglasses ]
Bootstrapping from an S 'y
Encoder-Decoder-based - Image . Fully -
Large Language Model o Encoder ‘ Q-Former 1| connected | [ L e
(e.g. FlanT5) | A )
ED-EE \*[D O-m0)(acat)
Input Image Learned Queries Prefix Text

Q-FormerfllZridiZEE D NTMER: EE_ME
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Junnan Li et al. "BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models." ICML 2023.
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Explain the advantages of
this product.

The audi e-tron quattro concept is a
plug-in hybrid electric sports car
that has a range of 310 miles and
can accelerate from 0 to 60 mph in
just 4 seconds.

-

&)

Tell me something about
the history of this place.

8

The great wall of china was built in
221 bc by emperor gin shihuang to
protect the emperor's capital from
invaders from the north.

Write down the facts that you
know about this flower.

It is a genus of flowering plants in the
orchid family, orchidaceae. It is
native to eastern asia and south east
asia. It is a perennial flowering plant
that grows up to a height of 1 m.

-

-

&
&)

Is this photo unusual?

Yes, it's a house that looks like it's
upside down.

How could someone get
out of the house?

8

It has a slide on the side of the
house.

_/

&)

3

.

What are shown in the photo? g
A man and a chicken.

What does the man feel
and why?

8

He is scared of the chicken
because it is flying at him.

J

=

What are the ingredients |
need to make this?

Pepperoni, mozzarella cheese, pizza
sauce, olive oil, salt, pepper, basil.

What is the first step?

Place the pizza dough on a baking
sheet, brush with olive oil, sprinkle
with salt, pepper, and basil.

J

Junnan Li et al. "BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models." ICML 2023.



KOSMOS-2f8{ 7T ZIREKNIESRENENMED . ENENTUANK-ESESREESE,
FAERNANRE, BEAF B EREHEGPIOBIREXE, MASHE A FHARI AN XE
51, REFUERES=EMERNERXE

> BN LS I AMENUEEFR
> IBELposition tokenfmiBELLMVEFER

Grounding
[a campfire](<loc,> <loc,q7>)

T

Kosmos-2: Multimodal Large Language Model

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

Referring

Zhiliang Peng et al. "Kosmos-2: Grounding Multimodal Large Language Models to the World.” , arXiv:2306.14824



KOSMOS-2

B EERNSIEGETRE

Sentence dependency relations

| |

adogina Identify , Expand
field of flowers noun chunks noun chunks \
adog --- » adog in a field of flowers o Keep “a dog in a field of flowers”
a field -+ afield of flowers substrip s > Drop “afield of flowers”
flowers - ==+ flowers ng Drop “flowers”
Detection & ‘ /
Post-process o Compose
s a dog: | ; C a dog in a field of
 [290,371,605,750] ! flowers:
a field: . [290,371,605,750]

[0,264,919,921]

Step-1: Creating noun Step-2: Producing referring
chunk - bounding box pairs expression - bounding box pairs

> FIFESpaCyiRalalFHl&ZiE, SERF—RBAZIGLIPH, SEILELER

> ATHRIERZENERY, FASpaCyEMENEENNZ21EHTY B, MRFEHEHMEF
888 F, BERZtext-box pair

> HHEIEE

Zhiliang Peng et al. "Kosmos-2: Grounding Multimodal Large Language Models to the World.” , arXiv:2306.14824



NMNEFERSIA

<s> <image> Image Embedding </image> <grounding> <p> It </p><box><locs4><1locge3></box>
seats next to <p> a campfire </p><box><locs><locigp7></box> </s>

> {# H <box></box>iXFhpI%FEktokeniR Bllbounding box

> B—RKERL 2 ApxplEF, BB FXYNE— 1 special token, FIEEE
BFENREEFEIEEAXMMET, fltl<locdd>, BBA—1boxBZE LR AR
A T AL AR Moken, SEANGEHEEtokenFELD T LFE101E

> NF—PRZEHERZS T boxBIER, FEHA</delim>{EADRR

Zhiliang Peng et al. "Kosmos-2: Grounding Multimodal Large Language Models to the World.” , arXiv:2306.14824



RS =E
FEE—: ZEkosmos-1HMNAZE, FRSESERERTERTIIZ

ER=: SR, $URERT

Liavad idvision-language instruction dataset
Language-only instruction datasets

GRITE#E, #H#AInstruct tuningl9454
GRITE#E, FAE TEAZERREcaptioningfEss

e "What is <p> it </p><box><loc;><locy></box>? It is {expression}."

* "What is <p> this </p><box><loc;><loc2></box>? This is {expression}."

e "Describe <p> this object </p><box><loc;><loc2></box>. This object is {expression}."
e "<p> It </p><box><loc;><locz></box> is {expression}."

e "<p> This </p><box><loc;><loce></box> is {expression}."

 "<p> The object </p><box><loc;><locy></box> is {expression}."

Zhiliang Peng et al. "Kosmos-2: Grounding Multimodal Large Language Models to the World.” , arXiv:2306.14824
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Question: How many cows are Question: What does the
here? Answer: sign say? Answer:
_ ; ; The sign says "Welcome to
present in the image. Carnaby Street.”
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Zhiliang Peng et al. "Kosmos-2: Grounding Multimodal Large Language Models to the World.” , arXiv:2306.14824



Input Prompt

Completion

Zhiliang Peng et al.

Question: What is the biggest

Clechon: Yy |s_th|s S Question: What is it? Answer: difference betwen bottle-1 and
unusual? Answer:
bottle-27 Answer:

This animal is unique because it is a
turtle. Turtles are known for their slow
and steady pace, whereas rabbits are
known to be agile and quick. It is not
common for a turtle to be faster than a
rabbit, especially in terms of speed.

a buoy attached to The biggest difference between
the boat. bottle-1 and bottle-2 is the label.

ZRSIBAERR DT

"Kosmos-2: Grounding Multimodal Large Language Models to the World.” , arXiv:2306.14824



A snowman sits next to a campfire in
the snow. He is wearing a hat, scarf,
and mittens. There are

nearby, likely containing a hot meal
for the snowman. The scene is
serene and peaceful, with the
snowman looking at the fire with a
warm smile.

Input Prompt
Completion

Describe this image in detail:

-

EVEGgF=

Zhiliang Peng et al. "Kosmos-2: Grounding Multimodal Large Language Models to the World.” , arXiv:2306.14824
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VisionLLM

Language-Guided Desired Output:
Random Quer
L] Query Image Token [l%’ |%| LF T {Cfl} {FJTIL‘* {pT3‘>
E -Gui 5
Backbone 7 . Language Gm_ded Open End:-?-d Task
Image Tokenizer Decoder with LLM
f:text> a |%| l'l'I <text>
o~

Vision-language example: "Describe the .f'mage <image> in details." Language Instructions <text>

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

Hhil: REERZBANNBEMESR (VFMs) TR, BENMMBAREFREXER
B1ESS, MLALBLLMsB A ESBES

RET—MEFLLMANME R OMESESR, ZERBIRBEGAAIMNE, FRATF
OMESETUERESESRBEXMEERMNIESESHEHITNTS, AMUBTESESRE
T H—rI

Zhiliang Peng et al. "VisionLLM: Large Language Model is also an Open-Ended Decoder for Vision-Centric Tasks.” , arXiv:2305.11175



VisionLLM

Language-Guided Desired Output:
Random Quer
L] Query Image Token [l%l |%| LF T {CTI} {FJTIL‘* {pT3>
E -Gui 5
Backbone 7 . Language Gm_ded Open Ende.:d Task
Image Tokenizer Decoder with LLM
e BB
<text> <text>
o o~
Vision-language example: "Describe the image <image> in details." Language Instructions <text>

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

ENELRAERN

1. i—RIESRESER, AURESREHE—ERED

2. 1855 SHNE R, REAENESRET™YEGHETHRD, EREGYEFITAS
3. LLMS| SHABESf#E=s, RIEFEDINURERMIESHELISFI TN AL

\
/.

Zhiliang Peng et al. "VisionLLM: Large Language Model is also an Open-Ended Decoder for Vision-Centric Tasks.” , arXiv:2305.11175



VisionLLM

"

"The image is <image>. Please generate a caption for the image:

"The image is <image>. Please generate an answer for the image according to the question: <question>"

SN TAESS

An example of language instruction for the instance segmentation task is as follows: “Segment all the
objects of category set <class> within the <range> of the image and generate a list of the format
(c, x1, vI, x2, v2, ..., x8, y8). Here, ¢ represents the index of the class label starting from 0, and (x1,
vl, x2, v2, ..., x8, ¥8) correspond to the offsets of boundary points of the object relative to the center

point. The image is: <image>".

Zhiliang Peng et al. "VisionLLM: Large Language Model is also an Open-Ended Decoder for Vision-Centric Tasks.” , arXiv:2305.11175



VisionLLM

Language-Guided Desired Output:
[ Random Query. N Image Tpken [[Ti I%] I%]]\T c:ch:r» {DTI} -=:pT3>
E -Gui i
Barkhone v Language GLu_ded \. Open Ends.:d Task
Image Tokenizer Decoder with LLM
f:.text:- E% ﬁ l'l'l <text>
o

Vision-language example: "Describe Tﬁ'eﬁm'g'e’dmagevﬂh'demﬁr"—haﬂguage Instructions <text>

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

iB5 5| SNER/RIRICR

Z REBGBIFIES XARRIGEIL Cross-Attnfl S, A—HITZIBQuerySRSIEXER
ERMRERIAERE, S2—ZF5%EH 9Image Token

Zhiliang Peng et al. "VisionLLM: Large Language Model is also an Open-Ended Decoder for Vision-Centric Tasks.” , arXiv:2305.11175



VisionLLM

Language-Guided Desired Output:
Random Quer
L] Query | Image Token [[Ti |%] ?}\ T {Crl} {DTIL‘* {pTB‘;-
R
Backbone v Language Gm_ded Open Ende.:d Task
Image Tokenizer Decoder with LLM
AN
<text> <text>
o o~
Vision-language example: "Describe the image <image> in details." Language Instructions <text>

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

LLM35| SR BES D8

EHRHEZS: Alpaca
o MiET —H{iBtoken: <p-512>F; MIiE T 1B N TXKHISEtoken<c1>3F;
$G iR R AR IU/EAQuery ( Output-Format-as-Query )

Zhiliang Peng et al. "VisionLLM: Large Language Model is also an Open-Ended Decoder for Vision-Centric Tasks.” , arXiv:2305.11175



Human: “Identify the objects
in <image> that belong to
{"What is the child eating?’:
<c0=>, ‘red gamepad': <c1>}
and draw a bounding box
around each one. The output
should be a list of tuples in ke

the format (€, x1, v1, x2, y2), where c is the class label and
x1, v1, x2, yv2 are the coordinates of the top-left and
bottom-right corners of the bounding box. The coordinates
should be within the range 1024."

VisionLLM: "The bounding boxes are [(<c0>, 226.4, 229.8,
363.1, 347.4), (<c1>, 441.1, 183.5, 538.6, 269.9)]."

(a) Object Detection with Customized Class Set (e.g.,
question, reasoning text, open-vocabulary descrip-
tion)

Human: "For each object in
<image> that is a member
of {'motorbike’: <c0>},
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
the range 1024. The output format should be (¢, x1, y1,
x2, y2, ..., x16, y16)."

VisionLLM: "The detected polygons are [(<c0>, 135.3,
95.7,123.4, 53.4, 84.9, 57.6, 66.8, 60.5, 60.1, 72.3,
34.2, 714, .., 124.9, 119.3)]."

(b) Object Location with Editable Output Format

Zhiliang Peng et al. "VisionLLM: Large Language Model is also an Open-Ended Decoder for Vision-Centric Tasks.” , arXiv:2305.11175



Human: "With the objects
in the <image>, if you feel

VisionLLM: "The image hot, what will you do?"

features a white dog laying
down on a foldable outdoor

VisionLLM: "First, You can

cooling pad, ' also try turning off the

which is placed on top of a wooden table. The dog has computer and other

its head in the middle of the cooling pad, and a fan is electrical appliances in the

positioned behind it, blowing air onto the pad. The room to reduce the heat generated by their operation.
table is outdoors, in a grassy area, and there are two As an alternative, you can use the desk fan provided in
chairs placed around it, one on each side. The scene the image to create a cooling effect in the room. You
appears to be set in a sunny weather, with a bright and can plug in the fan and adjust its settings to ensure it
sunny sky, which contributes to the overall outdoor blows air in a direction that reaches the room’s
atmosphere." occupants effectively."”

(¢) Image Description with Controllable Text Length ~ (d) Visual Question Answer with Complex Reasoning

Zhiliang Peng et al. "VisionLLM: Large Language Model is also an Open-Ended Decoder for Vision-Centric Tasks.” , arXiv:2305.11175
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VoxPoser

Open the top drawer, and
watch out for that vase!

v &

Large Visual . =
Language Language (/1 . el
Model Model “Sort trash to blue tray” “Take out bread from toaster” “Take out a napkin”
(¥ | W |
Code
<> ;

-
“Measure weight of apple”

3D Value Map

—

high high -
“Press down moisturizer pump”  “Set table for pasta” “Turn on lamp”

cost reward “Hang towel on rack”

VoxPoseriRZR 7 KIEETEH=8 A SUHHI N A :

> KiESRE (LLMs) ENSARERNNA, RMAESEETLURIEES B HAE AR,
T BESHIENAAYR,

> ARESEE (VM) fRHTHABSHENKRENREN, BESAMESEENREEENL
RISDHMEHE

Wenlong Huang et al. "VoxPoser: Composable 3D Value Maps for Robotic Manipulation with Language Models.” CoRL 2023




VoxPoser

= def affordance_map():
. [ ] msize = (100,100,100)
Visual a - np.zeros(msize)
handles = detect('handle")
-+ Language wrs k = lambda x: x.pos[2]
handles. sort(key=k)
MOdQI top_handle = handles[-1]
X,¥,Z = top_handle.pos
map[x,y,z] = 1
return smooth(map)
def constraint_map():
= msize = (100,100,100)
] map = np.zeros(msize)

Open the top drawer. Large vases = detect('vase')

vase = vases[@]
Please also watch - Language - Xyz = vase.occupancy_grid

| =]
out for that vase! Model mggizzgmuth(mp)

N J
(a) 3D Value Map Composition

View #1

Constraint Maps (b) Motion Planning

BEnE

1. £l ELRERENRGB-DMNMEAREBESIESHBERT, RBEESKEE (LLMs) £HAE,
2. EFAHNTE: ABSMEESKEE (VLMs) #1728, PAER—RFI3Da{TiEER LRt E
3. MR : XEASHMNMEMEBESIIILIREMEE, BTSSR ARERHT

Wenlong Huang et al. "VoxPoser: Composable 3D Value Maps for Robotic Manipulation with Language Models.” CoRL 2023



SLIREER

> VoxPoserBFEHRINER S, B&E
BRI ITEMEERIEES, L
HAEXIMITFIE, RMWHLLE
SRR ERENEENR R,

> VoxPoserfER MR (H13TUE
%) R Fbaseline, R XE
ERES EEUEHE, mMBEXRD
5 L REERMUBNAIIER, &EF
Wit R T RILREF

> RSP EU TIEESERUEE
R SERRAS BT 2RI R

LLM + Prim. [74] VoxPoser

Task Static Dist. Static  Dist.
Move & Avoid 0/10 0/10 9/10  8/10
Set Up Table 7/10 0/10 9/10  7/10
Close Drawer 0/10 0/10 10/10  7/10
Open Bottle  5/10 0/10 7/10  5/10
Sweep Trash  0/10 0/10 9/10  8/10
Total 240% 14.0% 88.0% 70.0%

Train/Test Category MP [50] Prim. [74] MP (Ours)

U-Net Language Models

SISA  ObjectInt. 21.0% 41.0% 64.0%
SISA Composition 53.8%  43.8% 77.5%
SIUA  ObjectInt. 3.0%  46.0% 60.0%
SIUA Composition 3.8% 25.0% 58.8%
UIUA  ObjectInt. 0.0% 17.5% 65.0%
UIUA Composition 0.0% 25.0% 76.7%

-

4

;_f‘: 4y R/ﬂ!

“push close the top drawer”

ﬁ'! —

) ‘t=1 “‘

“turn on the lamp”

NP

“take out the bread from the toaster and put it flat on the wooden plate”

Wenlong Huang et al. "VoxPoser: Composable 3D Value Maps for Robotic Manipulation with Language Models.” CoRL 2023



(anf) It TAER e

BEIHANG UNIVERSITY

WIHAR, BHNREIE

EtEZMmMEMXKE
X {8
liusi@buaa.edu.cn



