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' SAM Mask
*  Head _

SAM .
SAM SAM Mask AM Hybrid Mask
. Feature _ . S - Feature
Encoder = Mixer Head : Encoder ~ "FE ° - Dog
. L Causal Label
- Mask : - -
LM A brown corgi
Visual Prompt : Visual Prompt _ ﬂ - = funning on
(a) SAM L the gr-ass.
L.."l. Trainable szen] (b) SCA Caption
tl:dr

1. Despite the absence of semantic labels in the training data, SAM implies high-level semantics
sufficient for captioning.

2. SCA (b) is a lightweight augmentation of SAM (a) with the ability to generate regional captions.
3. On top of SAM architecture, we add a fixed pre-trained language mode, and a optimizable
lightweight hybrid feature mixture whose training is cheap and scalable.
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[ Task: Image/Dense Caption
[0 Model: SAM / Language Modeling
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Preliminary

[ Task: Image/Dense Caption

Whole Image Image Regions label densit»y
Classification Detection
Single
Label Cat Cat
Skateboard
Captioning Dense Captioning
Sequence 1 | Orange spotted cat
A cat Skateboard with
riding a fed wheels
label skateboard S
complexuty Brown hardwood

\/

DenseCap: Fully Convolutional Localization Networks for Dense Captioning

flooring
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[ Task: Image/Dense Caption

[0 Model: Image encoder + Causal Language Model

: i . task(1 task(1)@ J.....comemmseeeeees brown a
3Im\?Vge.H Conv features: Region features: . Classihame: frisbee ki1 task( ).A" W
- fén\f' \:‘? ULBPS- BxCxXxY Region Codes: WCaption: a red frishee a brown dog red
X W' x g BxD = e Foreground red dog playing fr
- ; Enl::;er Object playing on #is
. | . LSTM — ractor on L grass #bee
a - - [ @G @
Recognition i -
-- —— ] i @ g _ 7
P S, N _el\nv_olk___- __________ '. % (1) Dense Captioning
T Localization Layer ""Toe----o 0 T AE G s E =
/ Region Proposals: S g § (2) Object Detection
S 4ka xH Best Proposals: BxXxYx2 4 &
Bx4 ) ~ > 2
— . ® ((2)
Grid L] .
Sampllng — . Generalar . : task(2)@ tdsl;(Z). dog fr
: o VRS =2 S fr og EOS #is
| ] l Class name: dog object features His ® b
Rigl""‘;‘fz":‘es Caption: brown dog playing " Hbee
Conv fealtures: Region features: #bee EOS
CxW x H \ Bilinear Sampler B % 12 %7 % 7 on grass ) .

] The Evaluation metrics are hard.

B localization + description

DenseCap: Fully Convolutional Localization Networks for Dense Captioning
GRIT: AGenerative Region-to-text Transformer for Object Understanding
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[0 Model: SAM

valid mask valid mask I—r annotate _l

lightweight mask decoder model data
-
T T— train <—|
model
_L imaﬁe Segment Anything 1B (SA-1B):
encoder
g — m—— * 1+ billion masks
. °® cat with encoder ‘ . l_mi]li(m irnages R
. black ears * privacy respecting
T i T * licensed images
segmentation prompt image prompt unage
(a) Task: promptable segmentation (b) Model: Segment Anything Model (SAM) (c) Data: data engine (top) & dataset (bottom)

Segment Anything
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[0 SAM’s Model

image |
—
encoder ‘

' image

image

embedding image x2 .
i X ot product
embedding image to token attn. 2x per mask
(256x64x64) conv. (® masks
mlp trans.
output
token —
D : . token to image attn. per mask
mask decoder g L. ml
\“j ’ output tokens token IoU P
T T t + to 1mage | output
e 3 prompt tokens self attn. attn. oken | mlp —- IoU
/ \ =) scores
/conv '\ prompt encoder —— (N1 X256) mask decoder
T 1 T f » B . | . score
mask  points box text ——

e

valid masks

[d Learn about Model and Training Recipe

Segment Anything
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[0 SAM’s Mask Decoder

1mage: - X2 / dot product
embedding image to token attn. 7% per mask
56x64x64) o)
(2: conv. (o) masks
mlp trans.
\I output
token :
token to image attn. per mask lif .1
output tokens token loU D
+ to 1mage | output
prompt tokens self attn. attn. oken 1 mlp —*gégig
(NIDKE|HK256) mask decoder
1. The Feature Mixer 2. Mask Decoding Head

] Feature Mixer: DETR

Segment Anything
End-to-End Object Detection with Transformers
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backbone i:r encoder }

[0 SAM’s Mask Decoder
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1. The Feature Mixer 2. Box Decoding Head

] Feature Mixer: DETR

Segment Anything
End-to-End Object Detection with Transformers
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1 Language Modeling:
B Modeling the dist. of language (Markov Chain)

Text output

Text input

Language

| ----------------- > Model

................. >

]

Numeric representation of
text useful for other systems

https://docs.cohere.com/docs/introduction-to-large-language-models
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1 Language Modeling:

B Autoregressive + Transformer Decoder

Output

Input

al

http://jalammar.github.io/illustrated-gpt2/

recite the first law
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[J Language Modeling:

B Causal Language Model: a special form of masked modeling (Bert)

Self-Attention Masked Self-Attention
A

‘!L ﬁl
-" h ] -
- L™ ‘_- L1
=
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http://jalammar.github.io/illustrated-gpt2/
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' SAM Mask
*  Head _

SAM .
SAM SAM Mask AM Hybrid Mask
. Feature _ . S - Feature
Encoder = Mixer Head : Encoder ~ "FE ° - Dog
. L Causal Label
- Mask : - -
LM A brown corgi
Visual Prompt : Visual Prompt _ ﬂ - = funning on
(a) SAM L the gr-ass.
L.."l. Trainable szen] (b) SCA Caption
tl:dr

1. Despite the absence of semantic labels in the training data, SAM implies high-level semantics
sufficient for captioning.

2. SCA (b) is a lightweight augmentation of SAM (a) with the ability to generate regional captions.
3. On top of SAM architecture, we add a fixed pre-trained language mode, and a optimizable
lightweight hybrid feature mixture whose training is cheap and scalable.
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Motivation

[0 SAM as a data engine:

I—) annotate ﬁ

model data

Segment Anything 1B (SA-1B):

* 1+ billion masks
* 11 million images

* privacy respecting |
* licensed images

u :

B Though there is an absence of semantic labels, can SAM still implies
high-level semantics sufficient for captioning?

Assisted-manual stage. In the first stage, resembling clas-
sic interactive segmentation, a team of professional annota-
tors labeled masks by clicking foreground / background ob-
ject points using a browser-based interactive segmentation
tool powered by SAM. Masks could be refined using pixel-
precise “brush™ and “eraser” tools. Our model-assisted an-
notation runs in real-time directly inside a browser (using
precomputed 1image embeddings) enabling a truly interac-
tive experience. We did not impose semantic constraints for
labeling objects, and annotators freely labeled both “stuff”
and “things” [1]. We suggested annotators label objects
they could name or describe, but did not collect these names
or descriptions. Annotators were asked to label objects in
order of prominence and were encouraged to proceed to the
next image once a mask took over 30 seconds to annotate.

Segment Anything

18
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SAM Mask
*  Head

SAM

SAM Feature SAM Mask : SAM Hybrid Mask
Encoder = pixer = Head ™ Encoder ~ Feature - Dog
- : Mixer Causal Label
i LM A brown corgi
Visual Prompt Visual Prompt A - running on
(a) SAM 2 7 the gr.ass.
& Trainable Frozen | (b) SCA Caption
Vision [/] Token [1] Token
Encoder [  Trainable Frozen ]
Cross Attn Cross Attn
) Z Mask
[M] Token T Decoder
UJ o~
[Q] Token
SAM ﬁ Text
[] Token Feature = Feature §
. (7] 3 =
Mixer Mixer o 2 Toxt Label
5 £ 5 Decoder A brown corgi
e [p] Token < < = running on
3 3 ﬂ the grass.
Caption

Visual Prompt Hybrid Feature Mixer [T] Token
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Method

[J Implementation details

B Direct Train on VG for 200K steps

B 100K Pretrain O365/COCO +
100K Finetune on VG

B 64 V100 GPUs to pre-train

32 V100 GPUs to finetune
Data Epoch*
Batch Size* 8
# Reg / Img 16
Steps 200000
# Img 77398
# Reg 3684063
Img Epoch* 20.67
Reg Epoch* 6.95
GPU Type V100-16GB
# GPUs 8

Model Details
a) 1024x1024
Long side: 1024
Input Short side: padding
b) Large Scale Jitter
¢) Horizontal Flip
Loss a) Cross Entropy Loss

Text Decoder

# Query Tokens
# Mixer Layers
# Task Tokens
Opt. Module

# Opt. Params

b) Label Smooth (0.1)
a) GPT2-large

b) Open LLAMA 3B v2
8

12

6

Text Feat. Mixer

194 M

21
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] Dataset
dataset type total samples total regions  total sents total tokens total words
COCO[11] Region recognition 117,266 860,001 860,001 1,275,513 942,822
V3Det [18] Region recognition 183,348 1,357,351 1,357,351 3,984,388 2,126,318
Objects365 [15] Region recognition 1,742,289 25,407,598 25,407,598 49,264,696 32,341,116
Visual Genome [10] Region captioning 77,398 3,684,063 3,684,063 21,392,494 19,740,221
RefCOCOg [21] Referring Expression 24,698 48,599 92,671 834,305 785,259

1 Metrics
B Reference-based metrics: Cider-D, METEOR, ROUGE, BLEU, ...

B Noun / Verb IOU
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Results

] Dataset: Visual Genome

Visual Genome is a dataset, a knowledge
base, an ongoing effort to connect
structured image concepts to language.

108,077 Images

5.4 Million Region Descriptions

1.7 Million Visual Question Answers

3.8 Million Object Instances

2.8 Million Attributes

2.3 Million Relationships

Everything Mapped to Wordnet Synsets

Read our paper.

Visual Genome: Connecting Language and Vision Using Crowdsourced Dense Image
Annotations

23
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] Dataset: Visual Genome

Fig. 14: (a) An example image from the dataset with
its region descriptions. We only display localizations for
6 of the 42 descriptions to avoid clutter; all 50 descrip-
tions do have corresponding bounding boxes. (b) All 42
region bounding boxes visualized on the image.

b

Girl feeding elephant
Man taking picture
Huts on a hillside
‘> A man taking a picture.
Flip flops on the ground
Hillside with water below
Elephants interacting with people
Young girl in glasses with backpack
Elephant that could carry people
—» An elephant trunk taking two bananas.
— A bush next to a river.
People walching elephants eating
A woman wearing glasses.
A bag
Glasses on the hair.
—— The elephant with a seat on top
A woman with a purple dress.
A pair of pink flip flops.
A handle of bananas.

' Tree near the water
A blue short.

A wioman‘feeding an elepﬁahl
A woman wearing a white shirt and shorts
A man taking a picture

(a)

A man wearing an orange shirt

An elephant taking food from a woman
A woman wearing a brown shirt

A woman wearing purple clothes

A man wearing blue flip flops

Man taking a photo of the elephants
Blue flip flop sandals

The girl's white and black handbag
The girl is feeding the elephant

The nearby river

A woman wearing a brown t shirt
Elephant's trunk grabbing the food

The lady wearing a purple outfit

A young Asian woman wearing glasses
Elephants trunk being touched by a hand
A man taking a picture holding a camera
Elephant with carrier on it's back
Woman with sunglasses on her head
A body of water

Small buildings surrounded by trees
Woman wearing a purple dress

Two people near elephants

A man wearing a hat

A woman wearing glasses

Leaves on the ground
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[0 Comparison w/ Baselines

Table 1. Comparison with baselines. “C”: CIDEr-D [83], “M”: METEOR [5], “S”: SPICE [2], “B”: BLEU [61], “R”: ROUGE [49].
“(F)”: Fuzzy. For all metrics, the higher the better. The best, the second best, the third best scores are marked as red , orange , yellow .

respectively. *: The captioners used in [86]. : We pre-train the model for 100K steps, then finetune it on VG for 100K steps. 1: When nc
pertaining is applied, we train the model on VG for 200K steps. Thus they have similar training costs.

Method C M S B@l B@2 B@3 B@4 R Noun Verb Noun(F) Verb (F)
SAM+BLIP-base 438 96 126 16.8 7.8 39 2.1 198 214 3.0 49.6 8.2
SAM+BLIP-large* 253 110 127 14.1 6.5 3.2 1.6 185 273 4.3 56.2 12.4
SAM+GIT-base 655 101 17.1 236 11.7 7.1 48 21.8 227 1.4 49.8 3.0
SAM+GIT-base-coco 674 112 175 244 126 7.5 49 231 256 2.5 52.7 5.2
SAM+GIT-base-textcaps 456 11.6 150 184 8.9 4.7 27 21.8 26.1 3.5 54.2 7.4
SAM+GIT-large* 68.8 105 178 242 123 7.4 50 224 245 1.8 51.6 3.7
SAM+GIT-large-coco 71.8 122 188 246 129 7.7 49 244 289 34 55.8 6.7
SAM+GIT-large-textcaps 592 126 175 209 105 6.0 36 236 294 3.7 56.5 7.2
SAM+BLIP2-OPT-2.7B-coco 304 113 120 144 7.1 3.6 1.9 193 26.7 4.7 55.0 12.1
SAM+BLIP2-OPT-2.7B* 59.7 11.7 16.7 19.6 9.8 53 3.0 227 266 45 53.7 9.7
SAM+BLIP2-OPT-6.7B-coco 304 122 13.1 147 7.3 3.8 20 199 297 4.7 57.8 11.7
SAM+BLIP2-OPT-6.7B 56.6 11.7 162 19.0 9.5 5.0 28 223  26.7 4.4 53.9 10.1
GRIiT 1422 172 305 360 221 152 112 345 395 43 63.3 7.2
SCA (GPT2-large, VG)* 1488 174 312 380 239 166 121 355 415 4.8 65.0 7.6
SCA (LLAMA-3B, VG)} 1498 174 313 380 239 167 122 355 412 45 64.6 7.1

SCA (GPT2-large, Pretrain+VG)' 1498 17.5 314 382 241 168 122 357 417 438 65.1 1.5

25
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u Comparlson w/ Baselmes
:*.-.-.;.’:5»,' ¥ P 2
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white letter on black sticker

there is a sign that says this thing there is on the floor
the word the is written on the sign

sign in a subway station

a sign in the mirror

a sign on the wall

a sign in the mirror

a sign on the mirror says the thirst

the letter a on a red shirt

there is a woman sitting at a table with a laptop computer
a woman sitting on a bed with a laptop

woman wearing a orange shirt

a red shirt on a woman

the shirt is red in color

a red shirt on a woman

red short sleeve shirt

(1) SAM+Captioner {GIT-large, BLIP-large, BLIP2-OPT-2.7B}, (2) GRIT [89], (3) SCA {GPT2-
large+VG, LLAMA-3B+VG, GPT2- large+Pretrain+VG}, and (4) the ground truth.
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[0 Comparison w/ Baselines

- -

o >

- g -, T T LS
a woman holding a tennis racket green leaves on the tree
several people are walking on a tennis court with rackets skiers standing on a ski slope with trees in the background
a group of people on a tennis court a group of people standing in front of a mountain
a green soccer field snow covered pine trees
tennis court is green snow on the ground
a green tennis court Snow on the ground.
tennis court is green snow on the ground
a green and white tennis court skii slope seen in the background

(1) SAM+Captioner {GIT-large, BLIP-large, BLIP2-OPT-2.7B}, (2) GRIT [89], (3) SCA {GPT2-
large+VG, LLAMA-3B+VG, GPT2- large+Pretrain+VG}, and (4) the ground truth.
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[0 Comparison w/ Baselines and Large Multimodal Model (LMM)

Table 3. Comparison with referring Vision Large Language Mod-
els (VLLMs). “M”: Meteror, “C”: CIDEr-D. 1: The scores are
from the papers. i: We reproduced the result with “GPT4Rol-
7B-delta-V(0” from https://github.com/ jshilong/
GPT4RoI. The best, the second best, the third best scores are
marked as red , orange , yellow , respectively.

Method M C

ASM [19] (Zero-shot)! 126 442
ASM (Finetuned)' 18.0 145.1
GPT4Rol [23] (7B)} 174 145.2
GPT4Rol (13B)T 17.6 146.8
GPT4Rol (7B)* 164 1223
SCA (GPT2-large, VG) 174 1488
SCA (LLAMA-3B, VG) 174 1498

SCA (GPT2-large, Pretrain+VG) 17.5 149.8

Table 5. The zero-shot performance on the Referring Expression Generation (REG) task. “M”: Meteror, “C”: CIDEr-D. *: “k” means th
number of examples in the prompt. {: The scores are from the papers.

RefCOCOg RefCOCO+ RefCOCO

Method val testA testB testA testB

M C M C M C M C M C
separate train/test
Visdif [21]F 14.5 - 14.2 - 13.5 - 18.5 - 24.7 -
SLR [22]f 159 66.2 | 213 520 215 735|296 775 340 1320
zero-shot
Kosmos-2 [13]T 122 603 | - - - - - - - -
Kosmos-2 (k=2)*1 13.8 62.2 - - - - - - - -
Kosmos-2 (k=4)*1 141 62.2 - - - - - - - -
ASM [19]1 13.6 419 | - - - - - - - -
GRIiT [20] 152 71.6 - - - - - - - -
SCA (GPT2-large, Pretrain+VG) | 154 71.9 | 21.7 292 204 572|204 270 202 664
SCA (GPT2-large, VG) 153 705 | 21.7 302 20.1 56.6 | 20.5 27.7 20.1 66.7
SCA (LLAMA-3B, VG) 156 74.0 | 22.0 30.0 20.2 56.1 | 207 27.3 203 653
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D A b I d t i1ons. Table 2. The ablation of pretraining with weak supervision. *: The
model is trained solely on VG [36] for 100K steps. {: The model
Table 2. Comparison of using different image encoders. “C™: is first pre-trained for 100K, and then it is fine-tuned for 100K. The
CIDEr-D, “M”: Meteror. training setting for ablations is different from that of Tab. 1.
Image Encoder C M Pretrain C M S
vit_large_patch14 clip_336.openai 673 10.2 No Pretrain® 1279 158 277

vit_large_patch14 clip_224.datacompxl 590 93
eva02_large_patch14 clip_336.merged2b 539 8.8
vit_large_patch14 regd_dinov2.lvd142m 764 11.2

COCO [50] (img. 117K, cls. 80)" 130.2 16.0 28.0
V3Det [85] (img. 183K, cls. 13K)T 1304 16.0 28.0

Add optimization of sam feature mixer
v%t_large_patchl4_ch:p_336.openai 66.7 10.1 Table 4. The effect of different number of layers in the feature
vit large_patch14._clip_224.datacompxI 60.3 9.5 mixer. Note that this is the only trainable module in our models.

eva02_large patch14 clip_336.merged2b 54.2 8.8
vit_large patch14 reg4 dinov2.lvd142m  76.1 11.1

vit_large_patch16_224 mae 502 9.4 #of Layers #ofParams C M S
i 2 33M 1088 136 24.6
SAM-ViT-base 1302 16.0 4 6.5M 109.8 140 25.6
SAM-ViT-large 129.6 159 8 12.8 M 127.0 153 27.8
SAM-ViT-huge 1309 16.0 12 19.1 M 1277 153 279
24 38.0M 124.5 15.0 27.3

All exp. were conducted with 8 V100 GPUs.
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Table 3. The ablation of training settings of the feature mixer ar

D A b I a t l o n S : the text decoder. “M.”: Feature mixer, “T.D.”: Text decoder.

Table 5. The ablation of feature mixer design.

M.LR TD. T.D. LR C M S
5e-6 135.6 163 28.5

Method C M S le-6 1348 162 285
ROI Align [26] 452 94 116 le4 OF12 5.4 1345 162 285
ROI Align + MLP [52] 825 121 193 large 5 135.6 164 288
SAM Query [35] 130.6 159 284 0.0 136.0 16.5 28.9
Text Query w/o SAM Tokens 136.6 164 29.2 5e-6 129.1 157 275
Text Query w/ SAM Tokens 1374 165 29.3 GPT2 le-6 131.4 159 28.0
Se-5 large 5e-7 131.2 16.0 28.0

Table 7. The ablation of using data augmentation. “LM”: Lan- 3667 g%’sl igi gg;
guage model, “Aug.”: Augmentation. 5;3_ g 13 4' 1 6. ) 8. 4
le-6 1347 16.3 28.7

LM Aug. C M S le-4  GPT2 5e-7 1345 162 287
No LSJ 137.6 16.5 29.3 le-7 133.2 16.1 28.6

GPT2-large LSJ(1.0,2.0) 140.2 16.7 29.9 0.0 1323 159 289
LSJ(0.1,2.0) 140.8 16.7 299 5e-6 1313 160 280

No LSJ 137.7 164 29.2 le-6 131.1 160 28.1

LLAMA-3B LSJ(1.0,2.0)0 142.1 16.7 30.0 5e-5 GPT2 5e-7 130.6 159 28.1
LS)(0.1,2.0) 142.6 16.8 30.1 le-7 1304 159 282

0.0 126.3 154 279

All exp. were conducted with 8 V100 GPUs.
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CIELT Conclusion, and What’s Next? ”

N i-VisionGroup

SAM Mask e
SAM . Head
SAM SAM Mask Hybrid Mask
. Feature _ SAM Feat
Encoder Mixer Head Encoder ~ :/? e - Dog
| s Causal Label
LM A brown corgi
Visual Prompt : Visual Prompt A - running on
(a) SAM : 7 the gr.ass.
& Trainable Frozen (b) SCA Caption

tl;dr

1. Despite the absence of semantic labels in the training data, SAM implies high-level semantics
sufficient for captioning.

2. SCA (b) is a lightweight augmentation of SAM (a) with the ability to generate regional captions.
3. On top of SAM architecture, we add a fixed pre-trained language mode, and a optimizable
lightweight hybrid feature mixture whose training is cheap and scalable.



ILEEE Conclusion, and What’s Next?

_ i-VisionGroup

What’s Next?

[J Solve Limitations:
B wrong attribute prediction,
B distinguishing similar visual concepts,

B and alignment with mask predictions.

0 We hope this work serves as a stepping stone towards scaling regional
captioning data

[0 and exploring emerging abilities in vision from low-level data or pre-
trains.
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Comparison

Segment and Caption Anything R TeIilale Rl iRz P

. i TASM 1201 (Zero-shot)Y 126 4472
Xiaoke Huang', Jianfeng Wang?, Yansong : igﬁ{%—ﬂéﬁzﬁm) i;-g 1??1
Tang?', Zheng Zhang?, Han Huz?, | -|: f SA I\/l o t ’ '
Jiwen Lu', Lijuan Wang?, Zicheng Liu3 re g I O n a e a t u re S O gﬁiﬁgi{ﬁ};}m i;:é iigjﬁ
Tsinghua University, 2Microsoft, 3AMD <S t A t h . GPT4Rol (7B)} 164 122.3
SCA (GPT2-large, VG) 174 14838
Introduction e g m e n n y I n g SCA (LLAMA-3B, VG) 174 149.8

SCA (GPT2-large, Pretrain+VG) 17.5 149.8

Model) can be used for Pre-train or mot

Pretrain C M S

SAM . . "
SAM Feature = SAM Mask 4 e S M.
Encoder ~ ' pr = Head g Fe g lONal ca p 1ONIN g . No Pretrain 1279 158 277

COCO [54] (img. 117K, cls. 80) 1302 160 28.0
V3Det [94] (img. 183K, cls. 13K)" 1304 160 28.0
0365 [81] (img. 1M, cls. 365)" 1345 163 287

Anything Mode

Busi. \

[ o]~}

Visual Prompt
(a) SAM

erd -l Thus we proposed a

SAM Mask

g o lightweight query-based

- running on
the grass.

Visual Prompt &

feature mixer to connect

Method SAM with Causal

/] Token ] Token
Vision u n

B -=2Ss _sbve Language Model. Training Recipe

Mask 4
Decoder Y M.LR TD. T.D.LR
Se-6

le-6
le-4 Sr;;z Se-7
le-7
0.0
Se-6
le-6
5e-3 5e-7
le-7
of
- Se-6
o ] le-6
. - Se-7
1 - le-7

N :
L AMD¢T P R BT

s y le-6

Microsoft Project Page & Code  [O; o o7 5 128

0.0

[M] Token

(@) Token
Mask

SAM H Text -
Feature Feature . o8
Mixer ¢ Mixer ® T Text Label

5 T Decoder
L] L

3 Ik &

Hybrid Feature Mixer [7] Token Caption
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