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Segment Anything: Demo

* https://segment-anything.com/

Segment Anything o
Research by Meta Al

Segment Anything Model
(SAM): a new Al model from

Meta Al that can "cut out"
any object, in any image,
with a single click

= | Try the demo



https://segment-anything.com/

Segment Anything Project

- Segment Anything (SA) project: Segmentation0|A{ fou
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(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 task, 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.



Task: Promptable Segmentation Task

oo

- Promptable segmentation: “prompt”’7t 0= I, “validet mask”E M| &

« Input (Prompt): segmentE 722 = U= HE
« pos/neg points, a rough box or mask, free-form text =

« Output (Valid mask): promptE &5l & = U= segment 5 StLt

. QO 7hEHS F12I7| B Tt or ThS AR B O HE

.
valid mask
2 B2 YT

Pre-training®lM 4l 5 SILIE
abstH HEto 2 X F of &

~ N
® ® cat with
L black ears
segmentation prompt image
. Figure 3: Each column shows 3 valid masks generated by
(a) Task: promptable segmentation SAM from a single ambiguous point prompt (green circle).

4



Task: Promptable Segmentation Task

- Multi-task segmentation systems: Fixed set of tasksZt =3 7t

« l.e., training, test tasks7t = <.

* E.g., joint semantic, instance, and panoptic segmentation

oo

« Segment anything: Inference time®|| A 2& CtZ taskskt & 7t

« Object detectorZ bounding box= promptZ =M instance segmentationO| 7} s,

AA Y 7tX| promptE HXA HolsIUS.

valid mask

® cat with
® black ears

segmentation prompt

image

(a) Task: promptable segmentation



Model. Segment Anything Model

5 =7

—

« SAMO| £|7| ¢

. 1) support flexible prompts, 2) amortized real-time, 3) ambiguity-aware.

« SAM: Powerful image encoder + Prompt encoder + Lightweight mask decoder
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Figure 4: Segment Anything Model (SAM) overview. A heavyweight image encoder outputs an image embedding that can
then be efficiently queried by a variety of input prompts to produce object masks at amortized real-time speed. For ambiguous
prompts corresponding to more than one object, SAM can output multiple valid masks and associated confidence scores.



Model. Segment Anything Model

* Image encoder: MAE pre-trained Vision Transformer (ViT)

- Image encoder= O|O|X|Of CH3HA| oF Tt S 1FA[7{ M amortized real-time= & O &,
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Figure 4: Segment Anything Model (SAM) overview. A heavyweight image encoder outputs an image embedding that can
then be efficiently queried by a variety of input prompts to produce object masks at amortized real-time speed. For ambiguous
prompts corresponding to more than one object, SAM can output multiple valid masks and associated confidence scores.



Model. Segment Anything Model

« Prompt encoder: Sparse (points, boxes, text) encoder and dense (masks) encoder.

« Sparse encoder: positional encoding + learned embeddings for each prompt type

« Text2| A pre-trained CLIP text encoder.

 Dense encoder: convolutions
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Figure 4: Segment Anything Model (SAM) overview. A heavyweight image encoder outputs an image embedding that can
then be efficiently queried by a variety of input prompts to produce object masks at amortized real-time speed. For ambiguous
prompts corresponding to more than one object, SAM can output multiple valid masks and associated confidence scores.



Model. Segment Anything Model

Mask decoder: Modification of a Transformer decoder block + dynamic mask prediction head

Dense prompts= image embedding®l| C{Si X| 1 sparse prompts= “TwoWayTransformer”’& &1t

« TwoWayAttentionBlock: SA (sparse prompt) + CA (prompt-to-image) + CA (image-to-prompt)

X BZHM L2 E condition2 22 image embedding=2 A2 2

- mask decoder —
image . { { }
encoder ! ! !

conv prompt encoder

, score

, score

, score

image T T T 1
embedding mask  points  box text

valid masks
Figure 4: Segment Anything Model (SAM) overview. A heavyweight image encoder outputs an image embedding that can
then be efficiently queried by a variety of input prompts to produce object masks at amortized real-time speed. For ambiguous
prompts corresponding to more than one object, SAM can output multiple valid masks and associated confidence scores.

https://github.com/facebookresearch/segment-anything/blob/main/segment_anything/modeling/mask_decoder.py#L16
https://github.com/facebookresearch/segment-anything/blob/main/segment_anything/modeling/transformer.py#L16



https://github.com/facebookresearch/segment-anything/blob/main/segment_anything/modeling/mask_decoder.py#L16
https://github.com/facebookresearch/segment-anything/blob/main/segment_anything/modeling/transformer.py#L16

Model. Segment Anything Model

« Mask decoder: Modification of a Transformer decoder block + dynamic mask prediction head
1) M4 El image embedding= upsampling

« 2) Ambiguity S Z = ?I5Hf & M| 7tX| 232 7| #/Tt dynamic mask prediction head.

* Single prediction head= O| = X = Ofl OfOf%t segmentES Z &%t

init
self.output_hypernetworks _mlps = nn.Modulelist(
[
MLP(transformer_dim, transformer_dim, transformer_dim // 8, 3)
. ) for i in range(self.num_mask_tokens)
self.output upscaling = nn.Sequential(
nn.ConvTranspose2d(transformer_dim, transformer_dim // 4, kernel_size=2, stride=2), ) ]

LayerNorm2d(transformer_dim // 4),
activation(), forward

nn.ConvTranspose2d(transformer dim // 4, transformer dim // 8, kernel size=2, stride=2), hyper_in list: List[torch.Tensor] = []

activation(), for i in range(self.num mask_tokens):

) hyper in list.append(self.output hypernetworks mlps[i](mask tokens out[:, i,
hyper_in = torch.stack(hyper_in_list, dim=1)
b, ¢, h, w = upscaled embedding.shape

masks = (hyper_in @ upscaled embedding.view(b, c, h * w)).view(b, -1, h, w)

Upsampling layer (Transposed Conv + LN + Activation) Hypernetwork MLP (self.num_mask_tokens = 3)

https://github.com/facebookresearch/segment-anything/blob/main/segment_anything/modeling/mask_decoder.py#L16
https://github.com/facebookresearch/segment-anything/blob/main/segment_anything/modeling/transformer.py#L16

:1))
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Model. Segment Anything Model

« Resolving ambiguity: Predict multiple output masks for a single prompt.
420 “whole”, “part’, “subpart” M| 7t X| & S & 2|= Z7 20t 3742| headE E

o= Al = 7t &2 lossTt backward.

W EELTR:

e OFATSH
N — =

71 confident?t samples =257 93l scoreE <

e Test-timeOf Al =

CrOLD.
= AAO-

- GT= A loU.
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Figure 4: Segment Anything Model (SAM) overview. A heavyweight image encoder outputs an image embedding that can
then be efficiently queried by a variety of input prompts to produce object masks at amortized real-time speed. For ambiguous
prompts corresponding to more than one object, SAM can output multiple valid masks and associated confidence scores.
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Model: Text-guided Segmentation

. Text-image pairs datasetS segmentation mask 22 73517 O{ & 7| {20, CLIPS & 8%

« Text@l ImageZt2| embedding space’ /2| € X[ttt Y2{%l CLIPO|Z| {Z0f, CLIP Image
encoderS O|256}0] 5 2 inference|A] textE CLIP text encoder®fl S3FA|FHA F
- CLIPL| st & L= 0|0 &= Z0]7| UfF0f, O] £E=2 Eeto| T

valid mask

e N

o cat with
® black ears

segmentation prompt image

(a) Task: promptable segmentation
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Segment Anything Data Engine

HAl= Cit 2 O|o|E{ Aol 2t
 Segmentation= crawlings &9l &2 + 913.
- Cit2 HIOJH M= 27| 23l data engine= 755t 2.

« 1) Assisted-manual stage

- Foundation modelS &t&6H7| 2|8

« 2) Semi-automatic stage

 3) Fully automatic stage



Data Engine: Assisted-manual stage

= -

=
F0] labeling= &gt

« “Stuff’, “things” 7t2|X| %1 XS 27 labeling.
« Maskd 30%= A2[EF HESHYZ (quality control).

| . '
)
3
;- R
b -
y
.

Sofiiuk et al. "Reviving iterative training with mask guidance for interactive segmentation.”

SAMZ &tk common public segmentation datasets2 £ 2hH&.
- SAM<Z 0|2| image embedding= & O+ 0{ A browser-based interactive segmentation tool £ AtE

labeling 28 O A] (RITM)

ICIP. 2022.

Ll annotation YH-EMT foreground / background object points& annotatorsZt 23

[=1;
[ Y

Point-interactive segmentation model 2 0| 2t

e
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Data Engine: Assisted-manual stage

- Retraining strategy: CIO|E{7} 20 [}2tA M 22 annotated masksTH2E SAM

ko = CIA| 25,
« Masks”} A0|HAM MAELE VIiT-BO||A] VIT-HE HI £,
- E et I|StSSIAS.

- Neser

= labeling =71 et A £ ZSEHOZ 34X0|A 14XMX| SUS
COCO mask labeling 2 C} 6.5l W2, bounding box labeling2.Ct 2H{ Tt =

 We collected 4.3M masks from 120k images in this stage

=l
=



Data Engine: Semi-automatic stage

« Assisted-manual stage 2 Ct masks2| diversityS &0|7| £IsH H|2+=!.
.

« SAMO]| pre-trained object detectorE &3l 2= A= El objectE segmentationstl annotator0f A|
O =71 objectsZt HEX| 2= o2 TIW.

« Retraining strategy AF2 (53))

 We collected an additional 5.9M masks in 180k images (10.2M total).
+ O|OJX|E 440 72822 =S,

- Labelingdt”|0| O challengingdt”| D=0 CHA| mask & 342 ZAE.



Data Engine: Fully automatic stage

.l_
e

« Fully automaticStA 1&gt A .

oz oo

= d
« 32x 32regular grid2 B F0{ Al O[O|X| L{Of| U= 2= maskE &OHE 0.

« O|X| ambiguity-aware modelE 2t& 2.

. Confident and stable masksE& $£=Z&& 71l
« Confident: =2 score®2| mask@t =&
 Stable: 0.5-d, 0.5 + dZ ZIZ thresholding = [Mf H|==ot Z1HE L= maskZh =&,

« NMSE &3l duplicate XA

« 22 maskE TOtLE 7| B A multiple zoomed-in image cropsE segmentation.
- X|ZHOZ 11M O|O|X| 0 A 1.1B high-quality masksE =3I S.



Segment Anything Dataset

Images: 3300 x 4950 pixels on average

- 22 2HZE B2 80| 1500 pixels@! O|0|X| 2 downsampling &.

SA-1B only includes automatically generated masks.
- HZ[E|E FHE E2 M WY E Mool FZSTHSHY| IfZ0] 1.1B S semi-automatic masksS C} i 11
fully automatic stageOf| A €2 1B= XS &

Mask quality:
« We computed loU between each pair and found that 94% of pairs have greater than 90% loU.

« For comparison, prior work estimates inter-annotator consistency at 85-91% loU.

11x more images and 400x more masks than the second largest, Open Images.



Segment Anything Dataset

 Statistics
SA-1B LVIS vl COCO ADE20K Open Images
=R '
Figure 5: Image-size normalized mask center distributions.
SA-1B LVIS vl COCO ADE20K Open Images
e | 1M images e ().120M images e ().123M images e ().028M images = |M images

1129M (1.1B) masks 1.5M masks 0.9M masks 0.7M masks 2.7M masks
f0] 2 215
< bR s 100 <
E [T 8 E0
ua 40 ,//)/\:‘\2:..::’:-\2:::«::_._ _________ _.\\‘\\\ 8 5 8 5
*E P -3 ~I3~o ) SN <o = 10 =

— \ S3Ixs. 0 TTe—all RS 3 L

8 0Le" bbbttt ittt e . = 2 0
s <10 11-50  51-100  101-200  >200 & 0.00 0.25 0.50 0.75 £ 00 0.2 0.4 0.6 0.8
A Number of masks per image Relative segmentation mask size Concavity

Figure 6: Dataset mask properties. The legend references the number of images and masks in each dataset. Note, that SA-1B
has 11 x more images and 400 x more masks than the largest existing segmentation dataset Open Images [60].
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Segment Anything Dataset

<50 masks

50-100 masks

100-200 masks
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Dataset
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Segment Anything
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Responsible Al

SA-1B % images

# countries | #imgs #masks | SA-1B COCO 0.l
Africa 54| 300k 28M | 28% 3.0% 1.7%
Asia & Oceania 70| 39M 423M | 362% 11.4% 14.3%
Europe 47| 54M 540M | 498% 342% 36.2%
Latin America & Carib. 42| 380k 36M | 35% 3.1% 5.0%
North America 41 830k 80M | 7.7% 483% 42.8%
high income countries 81| 5.8M 598M | 54.0% 89.1% 87.5%
middle income countries 108 | 4.9M  499M | 45.0% 10.5% 12.0%
low income countries 28| 100k 94M | 09% 04% 0.5%

Table 1: Comparison of geographic and income representa-
tion. SA-1B has higher representation in Europe and Asia &
Oceania as well as middle income countries. Images from
Africa, Latin America & Caribbean, as well as low income
countries, are underrepresented in all datasets.

Per country
image count

B > 100k

e <100k
< 10k

Bl <1k

[\ B (o) o]
=] =] (] =]
[=] (=] (=] [=]
=~ <3 =~ =~

=]

Number of images per country

mloU at mloU at
I point 3 points 1 point 3 points
perceived gender presentation perceived skin tone

feminine 54.4+17 9044006
masculine 55.7+1.7 90.1-£0.6
perceived age group

529422 91.0+£09
51.5+14 91.1+05
522419 91.4+07
older 62.9+67 926413 51.5+27 91.7+1.0
middle 545+13 902405 524+42 925+14
young 542422 91.2407 6 56.7+63 912424

O T S U B S

Table 2: SAM’s performance segmenting people across per-
ceived gender presentation, age group, and skin tone. 95%
confidence intervals are shown. Within each grouping, all
confidence intervals overlap except older vs. middle.

Bl Asia & Oceania
[ Africa
I Europe
I North America
[ ]

Latin America & Caribbean

Figure 7: Estimated geographic distribution of SA-1B images. Most of the world’s countries have more than 1000 images in
SA-1B, and the three countries with the most images are from different parts of the world.
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Experiments: Zero-shot Transfer

~ ADE20K [117] scapes DOORS [80] DRAM [24] EgoHOS [113] GTEA [34, 63]
S A e A

NDD20 [100

TrashCan [52

Figure 8: Samples from the 23 diverse segmentation datasets used to evaluate SAM’s zero-shot transfer capabilities.
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Experiments: Zero-shot Transfer

PPDLS [74] +46.9 29 . L "
BBBCO38v1 [12] +44.7 = . a . . « Ground Truth
DOORS [30] T 4 11 Z : s . SAM
TimberSeg [38] +28.9 %7 [ 3 )
NDD20 [100] 211 g ] H s SAM - single output
LVIS [44] . +18.5 i ] & « RITM
STREETS [91] I +17:3 > s i
ZeroWaste-f [6] 491 < .
iShape [111] e +8:8 LVIS VISOR DRAM IBD NDD20 OVIS iShape
ADE20K [1 17] _ +708 Datasets
OVIS [81 7 . )
Hypersim %Sﬁ% 4601 (b) Mask quality ratings by human annotators
NDISPark [22, 23] -+2.7
VISOR [28, 27] W+
Plittersdorf [46] B+15 = SAM (oracle) .. .....----2 @ SAM (oracle) 4
EgoHOS [113] 1+0.8 5] / Iy o 7 e
IBD [17] -0.3I| g875|¢ /,/' et &75 ,{ T T e
WoodScape [112] 0.6 = T = g
Citysca[}))es [25] 2.0H 2 .":,1 ‘,—" SAM 2 e L P
PIDRay [104] -5.8 I S s —--+-- RITM S *
DRAM [24] -6.5 I = - - . = AR
TrashCan [52] -15.0 I 2 o *+ SimpleClick 2 o
GTEA [34, 63] [ -21.4 I e -+ FocalClick = o
-20 0 +20 +40 1 23 5 9 1 2 3 5 9
IoU delta at 1 center point Number of points Number of points
(a) SAM vs. RITM [92] on 23 datasets (c) Center points (default) (d) Random points

Figure 9: Point to mask evaluation on 23 datasets. (a) Mean IoU of SAM and the strongest single point segmenter, RITM [92].
Due to ambiguity, a single mask may not match ground truth; circles show “oracle” results of the most relevant of SAM’s 3
predictions. (b) Per-dataset comparison of mask quality ratings by annotators from 1 (worst) to 10 (best). All methods use
the ground truth mask center as the prompt. (c, d) mloU with varying number of points. SAM significantly outperforms prior
interactive segmenters with 1 point and is on par with more points. Low absolute mloU at 1 point is the result of ambiguity.
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