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Detect, segment and track every example of
any object category in an image or video,
using text or examples

(%) Segment an object from a click
(%) Track segmented objects in videos
() Refine prediction with follow up clicks

() Detectand seg matchingi
from text

() Refine detection with visual examples
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Segment and track any object in any image or
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Detect, segment and track every example of Segment and track any object in any image or Segment any object in any image witn as ntue
any object category in an image or video, video using click, box or mask prompts as a single click
using text or examples
(©) Segment an object from a click () Segment an object from a click
© Segment an object froma click (©) Track segmented objects in videos (@) Refine prediction with follow up clicks

() Track segmented objects in videos
() Refine prediction with follow up clicks

() Detectand
from text

(@) Refine prediction with follow up clicks

g matching i

() Refine detection with visual examples
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- Introduction

What is segmentation?
% Image segmentation

¢ O] OIS T EHIR Lt Task

Classification Object detection Segmentation
(B (F1&) (89)

Dog, Cat, Dog, Cat

‘. Data Mining .
& ®® Quality Analytics  https://share.google/O0CiX1a7yr9Hqlgld
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- Introduction

What is segmentation?

< Image segmentation2| &
«  Semantic segmentation: & Tt 2 %EHQDP Tz
«  Instance segmentation: ZiX|E JfEHECE T &

«  Panoptic segmentation: ZiX| + HiZ TKE 2F 2

Image Semantic segmentation Instance segmentation Panoptic segmentation

Dog, Cat, Grass, Sky Dog1, Catl1, Dog?2, Cat2 Dog1, Cat1, Dog2, Cat2, Grass , Sky

\. Data Mining _
& ®® Quality Analytics  https://share.google/O0CiX1a7yr9Hqlgld




B Introduction

What is segmentation?

< Image segmentation2| &

Semantic segmentation: &’dl CH9| 2 SfAD T2
Instance segmentation: ZH M| E 7|{EXC 2 L2

Panoptic segmentation: 244 + Hi & THE 2+ 2

Instance segmentation Panoptic segmentation

B R e e R e e e e e e e

Dog, Cat, Grass, Sky Dog1, Cat1, Dog?2, Cat2

a1
11313111311

\. Data Mining _
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SAM1

< SAM1: Segment Anything (ICCV 2023)
«  MetaO|M 7St segmentation foundation model
- Oi+= HO|HZE g& — Lot O|0[X[0f| H& 7t

- SHEOHK] 42 O|0|X|0| M= SEf (generalization)

Segment Anything O\ Meta

Alexander Kirillov:2*  Eric Mintun?  Nikhila Ravi'2 Hanzi Mao® Chloe Rolland® Laura Gustafson®

Tete Xiao® Spencer Whitehead Alexander C. Berg Wan-Yen Lo Piotr Dollar® Ross Girshick?

! project lead 2jDint first author sequal contribution *directional lead

Meta Al Research, FAIR

valid mask valid mask annotate
1 I -

lightweight mask decoder model data
T ; train .—J
maodel
_/L_ Lnage Segment Anything 1B (SA-1B):
encoder
e * 1+ hillion masks
. * |:| cat with z!jncodler a “. million images
. black ears T = privacy respecting
. f * licensed images ek o
segmentation prompt image prompt image
(a) Task: promptable segmentation (b) Model: Segment Anything Model (SAM) (c) Data: data engine (top) & dataset (bottom)

Figure 1: We aim to build a foundation model for segmentation by introducing three interconnected components: a prompt-
able segmentation fask, a segmentation model (SAM) that powers data annotation and enables zero-shot transfer to a range
of tasks via prompt engineering, and a data engine for collecting SA-1B, our dataset of over 1 billion masks.

k DC'TO’_ Mining ~ [1] A Kirillov, E. Mintun, N. Ravi, H. Mao, C. Rolland, L. Gustafson, T. Xiao, S. Whitehead, A. C. Berg, W.-Y. Lo, P. Dollar, and R. Girshick, “Segment Anything,” in Proc. [EEE/CVF Int. Conf. Comput. Vis. (ICCV), Oct.
A Y Quality Analytics 2023, pp. 4015-4026.
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SAM1

+» Foundation model

* How is this possible?: Data Engine
- 9f1,1002 F2| 0|0|X[2f 11 7H mask

Segment Anything(SA-1B)

Data: data engine & dataset
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SAM1
< Foundation model O'I EEHI 11 Q|-I7H Q-I mask% EI_I-% 91%7”'7

* How is this possible?: Data Engine
©f 1,1002F 2| 0|0X|2f 11 7H mask

Segment Anything(SA-1B)

Data: data engine & dataset
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SAM1
CH
% Foundation model O-I 71' 11 O-I7H OI maSkE '— E N\ = 77|-7
«  How is this possible?: Data Engine — AI-Enl' + E% '6'=:I|%l'| 7||E|_|- Data Engine

- 91,1002+ F2| 0]0]X|2F 112 7 mask
- SHALE O|O]X|: 2lO|M A 7|EE =k

- mask A4 BEO| MY + URTH AR HF (9% AHS M)

Segment Anything(SA-1B)

|—> Model _l
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SAM1

< Promptable segmentation

- AREXl 2= (point, box, mask)

- Hote AH X7 - diE B segmentation

?
Model
o cat with
e O black
ears
point box  mask image

Task: promptable segmentation
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SAM1

< Promptable segmentation

- AREXl 2= (point, box, mask)

- Hote AH X7 - diE B segmentation

point image

Task: promptable segmentation
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SAM1

“* SAM1: Key components

+ Data: Large-scale dataset (data engine)
»  Task: Promptable segmentation

*  Model: Encoder—decoder architecture

Valid mask

?

Mask Decoder

Segment Anything(SA-1B)

Model !
A
- cat\'th image
® W Encoder
e O black Prompt
q ears Encoder
t t
Prompt Image
Data: data engine & dataset Task: promptable segmentation Model: Segment Anything Model

Data Mining
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SAM1

“* SAM1: Key components
» Data: Large-scale dataset (data engine)
»  Task: Promptable segmentation

*  Model: Encoder—decoder architecture

Valid mask
?
Mask Decoder
?

Image
Prompt Encoder
Encoder
Prompt Image

Model: Segment Anything Model
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SAM?2

% SAM2: Segment Anything in Images and Videos(ICLR 2025)
 Image — video 2%}
K2 AL = ; 00 MetCl

. = 85I segmentation

° SAM 1 E E|‘ 6 HH HH |-% Published as a conference paper at ICLR 2025

SAM 2: SEGMENT ANYTHING IN IMAGES AND VIDEOS

Nikhila Ravi™®  Valentin Gabeur” Yuan-Ting Hu® Ronghang Hu® Chaitanya Ryali’
Tengyu Ma®  Haitham Khedr® Roman Riidle’  Chloe Rolland  Laura Gustafson
Eric Mintun  Junting Pan Kalyan Vasudev Alwala Nicolas Carion Chao-Yuan Wu
Ross Girshick Piotr Dollir’  Christoph Feichtenhofer™*
Meta FAIR, https://github.com/facebookresearch/sam2
LA A LA R A R A RRERNEZSSEZSEHNZERZELRERERSESESELENESRELSESSESESESRNE}RR )

ABSTRACT

—

« ‘We present Segment Anything Model 2 (SAM 2), a foundation model towards
solving promptable visual ion in images and videos. We build a data
engine, which improves model and data via user interaction, to collect the largest
video segmentation dataset to date. Our model is a simple transformer architecture
with ing memory for real-time video p ing. SAM 2 trained on our data
provides strong performance across a wide range of tasks. In video segmentation,
we observe better accuracy, using 3x fewer i ions than prior hes. In

image segmentation, our model is more accurate and 6x faster than the Segment
Anylhmg Model (SAM) We believe that our data, model. and insights will serve
asa for video ion and related perception tasks. We

00NN RENRARRRRRORRRRRRORONPRRAGROIRRRORRRYS are releasing our main model, the dataset, an interactive demo and code.

1 INTRODUCTION

prompt video frame
» annotate ——
image ( ) 3
model | | model data
encoder e — J
. > train
—— | pompt  memory  memory
todet B encoder  attention bank SA-V Dataset
' < ] + 642.6 K masklets
q + 355 M masks
[ fonek + 509K videos
+ 196.0 hours.
object segmentation throughout the video valid object mask on each frame

(a) Task: promptable visual segmentation  (b) Model: Segment Anything Model 2 (¢) Data: data engine and dataset

Figure 1: We introduce the Segment Anything Model 2 (SAM 2). towards solving the promptable
visual segmentation task (a) with our foundation model (b), trained on our large-scale SA-V dataset
collected through our data engine (c). SAM 2 is capable of interactively segmenting regions through
prompts (clicks, boxes, or masks) on one or multiple video frames by utilizing a streaming memory
that stores previous prompts and predictions.

Data Miﬂing [2] N. Ravi, V. Gabeur, Y.-T. Hu, R. Hu, C. Ryali, T. Ma, H. Khedr, R. Radle, C. Rolland, L. Gustafson, E. Mintun, J. Pan, K. V. Alwala, N. Carion, C.-Y. Wu, R.
.‘\. Quality Analytics Girshick, P. Dollar, and C. Feichtenhofer, “SAM 2: Segment Anything in Images and Videos,” in Proc. Int. Conf. Learn. Represent. (ICLR), 2025.
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SAM2

< SAM2: Key components
»  Data: O|0|X| + H|E| 2 CIO[E{ A (oF 52E7H2| H|E| 2.2t 642H7H 2| masklet)

SA-V Dataset

Masklet

Data: data engine & dataset : A2l mask

Data Mining
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SAM2

< SAM2: Key components

¢« Task: ZEIZE 7| K =X

—_— ——

Task: promptable segmentation
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SAM2

* SAM2: Key components O-I = 71' VICIEO = Segmentatlon 17 |-7

Model

A
r \

Task: promptable segmentation
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SAM2

02| videoE segmentation€77}?
= O|F =2f|YUo| HEE 7|Yoln &8

< SAM2: Key components

Model: Memory attention + memory bank

Valid object mask on
each frame

Mask Decoder N

A ? v
Memory . Memory
attention Bank

?
Image
Encoder
Prompt
Encoder
f '
Prompt Video frame
Task: promptable segmentation Model: Segment Anything Model 2

Data Mining
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SAM?2
O 2| videoE segmentationZ7I}?
= 0| =g|Qle| HE 7|%otn &8

< SAM2: Key components

*  Model: Memory attention + memory bank

Valid object mask on
each frame

Mask Decoder N

4
A v
FIFO T+Z&: =& =of| g JEt Memory| . Memory
SX|5ta 2=l HE XA < attention Bank
?
Image
Encoder
Prompt
Encoder
f ¢
Prompt Video frame

Model: Segment Anything Model 2
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SAM2

< SAM2: Key components

O 27| videoE segmentation&7}?

— OII-I .u.E_-"OIOl I-IEE 7|0-I"'|.J_ §E.g.

*  Model: Memory attention + memory bank

$ixy 2 olo] S3T} o|F T ol
HEZ H|IBN SU5 ANE &

@Self-attention: O TQ=0| A2 2HHO0| UZ27}?

Valid object mask on
each frame

Mask Decoder
A t 1

@) Cross-attention: }7{ M= S} H| 1l

Data Mining
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Why SAM3?

< Limitation of SAM1 & SAM2

.« Y5t segmentation S5 but -r|7C| SEE, 22 3)0 2/E
- "RAEhE) S HOtoFSt=X= 2
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SAM3

< SAM 3: Segment Anything with Concepts (ICLR 2026)
- HIAE 0|0|X| exemplar 7|2t 7HE 3 (0F0[", HE O AJALED

- YHEMOM B ZHEO sl Eols 2= A B = PCS

D= neko| ZHE o
/ sl =tSl= ZHH| segmentation

Promptable

Concept

Segmentation

Data Minin [3] N. Carion, L. Gustafson, Y.-T. Hu, S. Debnath, R. Hu, D. Suris, C. Ryali, K. V. Alwala, H. Khedr, A. Huang, J. Lei, T. Ma, B. Guo, A. Kalla, M. Marks, J. Greer, M. Wang, P. Sun, R. Radle, T. Afouras, E. Mavroudi, K. Xu,
ﬁ Quality A 8| H T.-H. Wy, Y. Zhou, L. Momeni, R. Hazra, S. Ding, S. Vaze, F. Porcher, F. Li, S. Li, A. Kamath, H. K. Cheng, P. Dollar, N. Ravi, K. Saenko, P. Zhang, and C. Feichtenhofer, “SAM 3: Segment Anything with Concepts,” in 28
e uality Anatytics Proc. Int. Conf. Learn. Represent. (ICLR), 2026.
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SAM3

% SAM 3: Segment Anything with Concepts (ICLR 2026)
. EIAE, 0|0|X| exemplar 7|2 7HE 22 (0| B O AJARR)

. B HHOIM BfE 0 St BE K B = pCs

Image
Exemplar

SAM 3 SAM 2 SAM1

SAM 3
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< Promptable Concept Segmentation0| 0|2 #| 7} &2
«  &7|(find) - 2&5}7|(segment) — FX{5}7|(track)
- Detector: 7' 7] 24 9I%] B

- Tracker: A|ZF SO A 21| X| & =5

u M n TeXt
a penguin — - > Detector
peng Encoder t 1
or
Image . Memory
Encoder attention

Frame t
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< Promptable Concept Segmentation0| 2| 7572
7| (find)

Data Mining
Quality Analytics

Detector: 7H'8 7|8F ZHA| 2| X] EHAH

Detector

»
Input image Pre-defined Object Predicted Post-prcessed
anchors detetor bboxes bboxes

[7IE Object detector?| detection 1}’d]

s

@ [

Input image DETR Predicted
bboxes

[DETRQ| detection 1]




< Promptable Concept Segmentation0| 2| 7572

@ Ap410] EHESH= 2AX| 7} o Eh ZHA| 1K

.- JHLE 7|HE ZHA| 21K| EFAH semantic mask detector queries
- Detector: 7“ = 7' |_|' _Ix-" Tlxl [= R |
. presence
Semantic
Seg Head toklen
@3l 71'd 0| EXY5t=%|
" e Text . Detector Decoder
a penguin Encoi Y Detector Pixel Decoder
or
detector hidden states
g Multimodal Decoder
e T ___—— Heads
. Exemplar
| mage Encoder
. ¢ Encoder
visual box text
Frame t features features mask boxes scores

tput
p(query,; matches NP) = p(query, matches NP | NP appears in image) - p(NP appears in image). outhy

Data Mining
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«  A7|(find)
- Detector: 7H'E 7|4 ZHH| $|X] EHAY

“a penguin” Text
Encoder 1
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Image
rany .- ¢ Encoder
e -
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< Promptable Concept Segmentation0| 2| 7572

ZFX5}7|(track)

- Tracker: A|ZH Z0j|M Z4A| X| & =X

Image
Memory Memory
B R/ Encoder attention Tracker — Z ! g i
&1 feature < AHHEE T > : A
Frame t N E—
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< SAM3 = OB st5ER?
. Jlse TR sl 1x

- (@ Concept O[S — @ Object Localization — 3) Segmentation — @ Tracking (Video)

Text

“penguin” — o r— Detector
Image
Memory Memory
—_—
Encoder attention Tracker Bank

Data Mining
o.:.o Quality Analytics



B Appendix

SAM3
<+ SAM3= {24 st5EN?

I158 EAROR gt 1X

- @ Concept 9|3lj(Perception encoder pre-training) — @ Object Localization — (3) Segmentation — @) Tracking (Video)

“penguin”
“yvoung plant” Text
y g P Encoder
“white flowers” O||E_'I Olulxlf
PE  JPH2E . “penguin”O|FLH (concept O|3H)
AT, -
- ORI
Image
Encoder

Data Mining
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Il Appendix

SAM3 Perception Encoder: The best visual embeddings are
not at the output of the network

* Percepti der(NeurlPS 2025) B oo s 1
L0 t Daniel Bolya'™ Po-Yao Huang'~ F S Jang Hyun Cl Andre:
* ercep Ion enco er eur \l;ul()llll]«lnt :"1‘1311 \\c;\ lll“’l'l;_’l\“U“ilil ‘lilnlllctl_lllli“ Jull\l::\h.u‘lllliix‘ia:‘.gamn Illidll:ntnn;l
Rasheed”" Junke Wang*! Marco Monteiro' Hu Xu' Shiyu Dong' Nikhila Ravi
|_ HI-__‘_ .. Daniel Li' Piotr Dollar' Christoph Feichtenhofer
«  MetaOflA 2025'H0]| L3t large-scale vision encoder models (SOTA) i PUT Ausin SMIZUAL “Fuan Urveniy

- C{++= O|O|X|/H|C|2 H|O|EE 22 BFO} contrastive vision-language learning2 =

« .= downstream taskOfl CH®} strong, general embedding 248 7t

State-of-the-Art
Language Encoder

fracaseaeas | oo \ il R ¥ ,
! Classify :: Retrieve E & [ OCR Q&A ' [ Captioning [ Video Q&A ! t Grounding '
Large-Scale 1 Images :: Images ' pE +3 ] E ] E ) ! ]
Contrastive Pretraining | # :: m ) Language ! T : ! T i | T i 4 @ ]
1 " 1 I 1
§2 i :: | §3 ! Text 2 Text X Text i Box !
i Classldx :: Image ! ﬁ S ) S N QR d
PE 5 L PN . J State-of-the-Art

COrE‘ :{ Classify ‘: ‘f Retrieve \: Spatial Encoder ‘f 7777777777 § |r 7777777777 i f 7777777777 3 :‘7777'7 77777 |
' Videos ! s Videas ] §5 | Detect [ { Segment ] s Track ] ! Egtém?;e )
! ' | ! Alignment pE i i X i 5 I
Co# L EB e > [ e e
1 ' S H ] 1 1 1

| N atial w ' ! !
i Classldx ! Video J} P 1 Box i { Mask i | Masklet E | Depth Map i

__________ Y e 0! ! ]

____________________________________________

Figure 1 Perception Encoder (PE) is a family of large-scale vision encoder models with state-of-the-art performance
on a large variety of vision tasks. By using a robust contrastive pretraining recipe and finetuning on synthetically
aligned videos, PE not only outperforms all existing models on classification and retrieval (§2), but it also internally
produces strong, general features that scale for downstream tasks (§3). PE unlocks the ability for large-scale contrastive
pretraining to transfer to downstream tasks with alignment tuning to capitalize on those general features (84, §5).

\. Data Mining
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SAM3

+ SAM3= O 27| a2k
. JlsgTNeR gt 7E

- @ Concept 0|8l — @ Concept-based Object Localization & Segmentation— (3) Refinement & Interaction— @ Tracking (Video)

$£1X] 0{C|? —» segmentation
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Encoder
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Image
Encoder
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SAM3

- (D Concept O[5H — @ Tracking (tracker training with a frozen backbone)

Text
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Image Memory

Memory
—
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< SAM3= O EA| Crefet 7H'E C|O|E & 571
« 12974 o|O|X| + 1.7 742 H|C|2 20t 7H7He| g 74'E + eFHst OpAS
. 7|= #iX|oj3 EC} 50H| O] A} BE2 7t
« Data engine (Z 4TH))

~—Media Pool——, Al Al ——Mask 82—
oIS BA(7H'E
cflo|Ef RI/ATE FALRCHS) 4 A
. . penguin
Ontooqy ~Final annotations— —2HHX mask—— \_ | )
% oA Al & 917k
OpA3 78 <«fail- H=
penguin penguin
\_ J \_ )

\. Data Mining https://share.google/qiG3Egumwl|EkbdbzK
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< SAM3= O Z7| Crdet 7l|'E HIO|E{ S S5
- Data engine 1TH| - 217t AF
- 8 O|D[X|-NP A5 8- (Captioner+Parser)
- SAM2 + Open-vocabulary detector2 27| OpA3 44
- QZt A5 S S HIOIH EHE (Accept / Reject) = (B1) 4302t 4 O|O|X|-NP == (3 T|O|E{ 2 27| SAM3 <H5)

:— penguins — m

\. Data Mining https://share.google/qiG3Egumwl|EkbdbzK
A Y Quality Analytics




<% SAM3= {27 Ctet 78 GIO|E & 5712

- Data engine 1TH| - 217t AF

- & O|O0|X|-NP Xt& 444 (Captioner+Parser)

- SAM2 + Open-vocabulary detector= 27| OpAF 47
- I A4S S S HIOIH EE T (Accept / Reject) = (1) 4302+ 4 O|D|X[-NP 22 (ofid H[O|E{ 2 27| SAM3 ot

Media Pool

-——

\. Data Mining https://share.google/qiG3Egumwl|EkbdbzK
A Y Quality Analytics
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< SAM3= O{E7| kel 7H'E CIO|E & 7512
- Data engine 1TH| - 217t AF
- 2 O|0|X|-NP At-5 8- (Captioner+Parser)

- SAM2 + Open-vocabulary detector= 27| OpAF 47

. Q17 HES S B0|E TE (Accept / Reject) = (AT 4302 4 O[O X|-NP & (S HO|E| 2 27| SAM3 SH)

[—Eﬂol EW)T
430t 74
[ Image-NP &
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< SAM3= OfEA| CieFel 7H'd HIO|E & =12
- Data engine 2TH| - 21ZH+ Al 2T (HH}FS)
- 1S40 =F&!st H|O|E{ 2 Umama3.2 7|8t Al ZE X} SH& = mask quality / coverage E7t (Z12H4])
- SAM3 + Al verifier 2H5 71 (62| YEIO|E) (A1) 122M O|O|X|-INP & =7t
- QIZHES: OfHR AHO|ADNz|

“a computer monitor”2}=
label®]] CHsH
OfA3 E T™7} SHA| "

ClofE{(1)
4302+ 7 H=
Image-NP & =
(B)Flag label
—Ei|0]E (2) (C)Reject
+122%¢ (D) Accept |<-- [-FE)
Image-NP 4 (D) Accept
(E)Whole image
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<% SAM3= {27 Ctet 78 GIO|E & 5712

- Data engine 2THA| - Q17H+ Al AT (HHX}S)

- AIESE}
- "2 A segmentation OtAFE BI1ot= T2t FAXYLICE O|0|X|QF AHOf Fol&l 20| =0{X| 1, StLte| DtA3 7} Ml S & LTt
Of OrA30| FEHE HIIsHof gLt
[1%H 4]
OrA= 7} 2P0t =] X5, 24ME &2 B0 o ZA = HESICHH “(D)Accept” 2 E7FSHA| 2
RHHOE LA CHe| Fete = H QKT Ko et B2 B HeS{OoF LTt
2% 4]
ORASZFERAES H A0, 2f 40| I BAEQ Hels| YX|SHH 2 E7BA R 2
xto| B= Z=Q3t 20| ZHg|0{Of SH|C} “a computer monitor”2t= 2H&0]| CHsH
7% RAE IO 2"
ctof Bzt §E(21F, T, dX K|k 5)0f si=5HH (B) Flag label”2 E7ISHA| L.
[4H 4]
2t O|0fX| HHE 2|0[dt= B2 (o E4, 2+, B S) — (E)"Whole image” 2 E75HA| 2
[5%H T14]
2101l SHSSHA| 2P (O)"Reject” 2 B S| L. (D) Accept <
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< SAM3:= O{EA| Cffet 7i'd HIO|E & #5872
« Dataengine 3TH4| - Cf 0{2{2 71 + O B2 =M= =
- 157§ Hio|E{Ale 2 EH|QI 2HEk+ 0 -HO| = | O|EfAll)
- Alt-text2} Wikidata 7|8t BAFL(NP) S, 22407t & ontology 2H-&

- MV verfierPHE OrA3 EE HAD — zero-shot 715 / EV(FEN 2K 4F) verifier — =H|QIE Q17 A5 EHR

- @ -z

a o alt = "2 ALTIE QI8 52 42 W

[Alt-text] [Ontology]
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< SAM3= {8 et 7l'" Hlo|H & 527k
- Data engine 4TH| - H|C|2 = =&
- H|C|Q =gj|Q ME& — 7| 0|0|X]| annotation pipeline &
- SAMBE Z-&3% A7 DfA3 F=X(masklet) 444d
- (Z1h 525271 2] videos 467 7H masklets

- S YECH A, wE S4Y 5) T2 = Ho[H 73
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- Experiments

SAM3
= cll = I. (0}, | I. I. XF S I.
< Q1. SAM3= 7|E RE2SErC} gofLt = 2SR
=3 —

— C}Fet o|O| x| 7[gke| x| 2 S EHX| Z UMM CHEEL| 7|1E A2 ELCH FojUAHL A-E A= ds

- cgF: 2K EX o F + 28 HEe

- AP Z4M|E L0t HESHA BXIS=X]|

- AP, S5 |O|EMIOf Zote[X| B2 M2 || ZN|Lt Ci|o[Efof| CHsH HOtLt & 2t-FZ5t=X|

- pmF;: positive mask (B ZHA| SG)0f| CHSHA{ T Al &HSH= F1

- mloU : Semantic segmentation Zf 2{0i| Al T4l £t|o| B HSEE LIEt = X &

Instance Segmentation Box Detection Semantic Segmentation
LVIS SA-Co VIS COCO S5A-Co ADE-847 PC-39 Cityscapes
Model cgF'y AP Gold Silver Bronze Bio cgF; AP AP AP, Gold Silver Bronze Bio mloU mlolU mlolU
cgFy cegFy cgF; pmF, cgby cgF; cgF; pmF,;

Human = = T2.8 = = = = = = = T4.0 = = = = = =
OWLv2 20.1 — 17.3 7.6 3.9 064 199 352 38.2 424 169 7.1 4.1 0.95 - — —
OWLv2* 24.6 11.5 11.7 0.04 46.1 23.9 24.5 11.0 12.0 0.08 - — —
gDino-T 14.7 — 3.3 2.7 7.0 034 151 20.5 45.7 353 34 2.5 7.6 0.35 - — —
LLMDet-L.  35.1 36.3 6.5 7.1 12.5 0.15 393 42.0 19.8 6.8 6.7 14.0 0.17 - I —
APE-D* - 16.4 7.3 124 0.00 - - 173 7.7 143 o0.00 92" 585" 44.2
DINO-X - 385" 21.3° - - - - 524" 5601 - 225° - - - - - -
Gemini 2.5 134 — 13.0 8.3 7.3 10.7 16.1 - — - 144 9.4 8.2 12.4 - I —
SAM 3 37.2 48.5 54.1 49.6 42.6 55.4 406 53.6 56.4 55.7 55.7 50.0 471 56.3 13.8 60.8 65.2
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Experiments
SAM3

- x ol = F =
< Q1. SAM3E= 7|E RS HC} Aot & XS5
— CIFSH o|O|X| 7|dto| ZHA| 2 U EHX| ZHA0|A| CHER22| 7|& A|ARIEC FoLtAL AW = ds
o2 7H4
50% t > 22 T4(TP) +1
ya B2 245 T
cgF1 = K7} EXYEH=Ttx K|S & &0 28 WET AP = > =3} mloU=
CIX=IP/ES
ARZ Q= A
Instance Segmentation Box Detection Semantic Segmentation
LVIS SA-Co VIS Coco SA-Co ADE-847 PC-59 Cityscapes
Model 0{2{2 ti|o|& SAM37} 2HE H|0|E{(SA-CO) 0242 Cllo|Eq 7|2 Hlo|H SAM37} 2HE Ej|O|E{(SA-CO) T glo]Ey Hustooje{ X233 ojo|E
Gold Silver Bronze Bio Gold Silver Bronze Bio
cgF1 AP cgF1 cgF1 cgF1 Fl1score cgF1 AP AP AP® cgF1 cgF1 cgF1 Fl1score mioU mioU mioU
Apzho| =1 — — 72.8 — - — — — = = 74.0 = = = = = =
B owLv2 20.1 — 17.3 7.6 3.9 064 199 352 382 424 169 7.1 1.1 0.95 — — —
OWLv2*Z7}ets) 24.6 11.5 11.7 0.04 46.1 239 24.5 11.0 12.0 0.08 — — —
HAE J|4F gDINO-TZES)  14.7 — 3.3 27 7.0 034 151 205 457 353 34 2.5 7.6 0.35 — — —
Detection LLMDet-L(LLM+detection) 35.1 36.3 6.5 7.1 125 0.15 39.3 42.0 198 6.8 6.7 14.0 0.17 — — —
APE-D*(1AS/seg7ts) — 16.4 7.3 124 0.00 —~ —~ 17.3 7.7 14.3  0.00 9.2 rsst 4401
L DINo-X(@AY) — 385" 21.3% - - —~ — 524" 5607 - 22.5% - - - — - —
ZEIZE  — Gemini25(HEIZE M) 13.4 — 13.0 &3 7.3 10.7 16.1 — — — 14.4 94 82 124 — - —
Seﬂﬁi;'t,ﬁn — SAM3 372 485 541 496 426 554 406 536 564 557 557 500 471 56.3 13.8 60.8
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- Experiments

SAM3

<+ Q1. SAM3<= 7|& RS HC HofLt & 252

b =
PO ER] ZHol| M CHREE2] 7|E A AMECE FOLEALE WS

| = ey —_ | -
— CIFst o|O| x| 7|8to| 24K 2 4 Q= ds
mloU=
Semantic Segmentation
K= M3 xpa e
GlolE HlolE G| 0| E{-
Model
mloU miloU miloU
Afo| = — — —
B owWLv2 — - —
OWLV2+(E712t2) - a B
sas sy | gDINO-T(ZE - - -
Detection LLMDet-L(LLM+detection) — - —
APE-D*(145 /seg7}s) 9.21 5857  a44.21
_ DINO-X(Z45) — — -
HEIRE Gemini25(ZE|ZZ LLM) — — —

HAE 7|4

Segmentaion —  2AM3 13.8 60.8
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Experiments
SAM3

<+ Q1. SAM3<= 7|& RS HC HofLt & 252

b =
— CiFet o[ofx| 7|%ke| 24N 22 3 BX| XM CHRE22| 7|1FE A2 B L F|o{LEAHLE FEE

Ol= ML=
O ™1 M- OO
%S 7
50% t —=» 5= 7H=E(TP) +1
) . ya B2 HE T
cgF1 = K7 EXBHET L x SIAIE B AT 22 METL APz ——— z8}
or2 7=
=g T
ERERIEE

Instance Segmentation

0242 H|o|E SAM37} 2HE H|0|E{(SA-CO)

Model cgF1 AP Gold Silver Bronze Bio
cgF1 cgF1 cgF1 F1score

Aoz - - 728 - - -

] oWly2 201 - 173 7.6 39 064

OWLv2i 7ot 24.6 11.5 117 0.04

BAE 7|ut ONO-TEES) 147  — 33 27 7.0 034
Detection | |IMDetLilM+detecto) 35.1  36.3 6.5 7.1 125 0.15

APE-D{ @45 5eq7ts)  — 164 7.3 124 0.00

L omnoxads) - 3850 21.3° - - —

HEIZE  — Gemini25EIZEUM) 134 -  13.0 83 7.3 10.7

Seomention —  SAM3 372 485 541 496 426 55.4
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Experiments
SAM3

<+ Q1. SAM3<= 7|& RS HC HofLt & 252

O | =
— CH3H O|O|X| 7|4to] Z4H| £ B TX| SAOIN CHEEO| 7|E AARECHHOLIALL Z s A5

1TSS
50% t > SH2 (P 41 ———
ya B2 UE HA|
AP = ———— > =3}
oS 74
N ERTEA]
Box Detection
0|22 H|o|E] 7|2 g|o|E SAM37} 2HE Cj|O|E{(SA-CO)
Model Gold Silver Bronze Bio
cgFl AP AP APo  gF1  cgFl  cgF1  Flscore
Aol = — — - - 740 - - -
B OWLV2 199 352 382 424 16.9 7.1 4.1 (0.95
OWLV2*EE715Hs) 46.1 23.9 24.5 11.0 12.0 0.08
HIAE 7)Y gDINO-T(B &2} 15.1 20,6 4h.T 35.3 3.4 2.5 7.6 0.35
Detection LLMDet-L(LLM+detection) 39.3  42.0 19.8 6.8 6.7 14.0 0.17
APE-D*(11’85/seg7ts) - — 17.3 _ T.T 14.3  0.00
L DINOX@AE) — 524" 5607 - 22.5% - - -
HEIRE Gemini25(ZE|ZZ LLM) 16.1 — — — 14.4 9.4 8.2 124
S:Jéﬁi;:fn — SAM3 40.6 536 956.4 557 557 500 471 563
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- Experiments

SAM3
<% Q2. SAM3= MZ2 H|O|E{0f| M = & EF5 e

— Zero-shot / Few-shotO| M= Z$t ds
ODinW13: 13712] object detection H|O|E{ M-S 2 0}&2 benchmark
RF-100VL: 100712| CHFSF object detection Ci|O|E{ Al &S

gH|E H|o[E A0l Ho|E
ODIinW13 RF-100VL
Model AP{] AP 10 AP[] AP 10
- J
107H2| Cijo|E{Xlie =
Gemini2.5-Pro  33.7 — 11 .ﬁw fine tuning ¥ 45
HIAE 7| gDino-T 49.7 — 15.7 33.7
detection 2 gDinol.5-Pro 08.7 67.9 - —
SAM 3 610 71.8 15.2 36.5
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B Application

SAM3

< SAM3 agent
¢ MLLM + SAM3 Zgt 1=

-

"MZHLLM) + ASH(SAMB3)"
- X}¢i0o] 2" — segmentation mask

/’ _________
[
|
| (0N}
|
: &5
|
|
hel emjo|x|7} A , MUM
2712] HIH|0|X| 7} HZI o s
04 HEE7} Hop ]R’g ! MK
| ”9-|J.I.
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- Application

SAM3

% SAM3 agent
« 9 SAM3 agent’} 22E7R?

> SAM3E 2 HIAET} QIS A0 B SX1E
of

> ZFAHO|ALLH| X HHO0| LEHE|™ O]

o
[

= SAM3 agent= S| Z!

“green car”
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- Application

SAM3

< SAM3 agent
«  OJ|A]: “The stronger mario”
«  SAM3 agent= O|E O|8liStl A=l ("Mario” — )

«  Z[CH 60H7I}X] trial-and-errorE BHEOHH S840t 2| E MM o = o 4

“Mario” |Al =1 SAM3 » Mask X

[\ S ——
O 4 “The stronger mario”]
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- Application
SAM3
< SAM3 agent
«  OJ|A]: “The stronger mario”
«  SAM3 agent= O|E O[dliStL A& ("Mario” — “pixel character”)

«  Z[CH 60H7I}X] trial-and-errorE BHEOHH S840t 2| E MM o = o 4

“Mario” |Al =1 SAM3 Mask X

“Pixel character” |[A51 SAM3 ;

+ & =

Aviae
Awesome Yoy

MLLM
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- Application
SAM3
< SAM3 agent
«  OJ|A]: “The stronger mario”
«  SAM3 agent= O|E O[5t A &lE (“Mario” — “pixel character”)

«  Z|TH 60'H7HA| trial-and-errorS EH=otH =&ot 2| S UH 22 52

“Pixel character” [Al 51

Final mask
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- Conclusion

SAM3

< Summary
«  PCS task@t SA-Co benchmarkE MEA| M|t
«  7|&E SAM2E =PH510 concept 7|4t segmentationS THEIHA & 7| E2| segmentation 4SS X

A} Al annotator?| FEH S Zglet 1ER- 15 E HIO|F ATIS A=,

Segment Anything

A playground for interactive niedia
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